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ABSTRACT

Many machine learning and signal processing problems are fundamentally nonconvex. One way to solve them is
to transform them into convex optimization problems (a.k.a. convex relaxation), which constitutes a major part of my
research. Although the convex relaxation approach is elegant in some ways that it can give information-theoretical
sample convexity and minimax denoising rate, but this approach is not efficient in dealing with high-dimensional
problems. Therefore, as my second major part of the research, I will directly focus on the fundamentally nonconvex
formulations of these nonconvex problems, with a particular interest in understanding the nonconvex optimization
landscapes of their fundamental formulations. Then in the third part of my research, I will develop optimization
algorithms with provable guarantees that can efficiently navigate these nonconvex landscapes and achieve the global
optimality. Finally, in the final part, I will apply the alternating minimization algorithms to general tensor recovery
problems and clustering problems.

Part 1: Convex Optimization. In this part, we apply convex relaxations to several popular nonconvex problems
in signal processing and machine learning (e.g. line spectral estimation problem and tensor decomposition problem)
and prove that the solving the new convex relaxation problems can return the globally optimal solutions of their
original nonconvex formulations.

Part 2: Nonconvex Optimization. In this part, we focus on the fundamentally nonconvex optimization land-
scapes for several low-rank matrix optimization problems with general objective functions, which covers a massive
number of popular problems in signal processing and machine learning. In particular, we develop mild conditions for
these general low-rank matrix optimization problems to have a benign landscape: all second-order stationary points
are global optimal solutions and all saddle points are strict saddles (i.e. Hessian matrix has a negative eigenvalue).

Part 3: Algorithms. In this part, we will develop optimization algorithms with provable second-order optimal
convergence for general nonconvex and non-Lipschitz problems. Further, in this part, we also solve an open problem
for the second-order convergence of alternating minimization algorithms that have been widely used in practice to
solve large-scale nonconvex problems due to their simple implementation, fast convergence, and superb empirical
performance. Then the second-order convergence guarantees, along with the knowledge (see Part 2) that a massive
number of nonconvex optimization problems have been shown to have a benign landscape (all second-order stationary
points are global minima), ensure that the proposed algorithms can find global minima for a class of nonconvex
problems.

Part 4: Applications. In this part, we apply the alternating minimization algorithms to several popular applica-
tions in signal processing and machine learning, e.g., the low-rank tensor recovery problem and the spherical Principal

Component Analysis (PCA).
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CHAPTER 1
INTRODUCTION

This work focuses on using convex and nonconvex optimization methods to model and solve problems in machine
learning and signal processing. When we formulate the problem as a convex problem, the statistical performance (cf.
2) can be well analyzed using a suit of powerful convex analysis tools, which have accumulated from several decades
of research. For example, a well-designed convex optimization method can achieve information-theoretically optimal
sampling complexity, have minimax denoising rate and satisfy tight oracle inequalities. In spite of their optimal sta-
tistical performance, the convex optimization methods cannot be scaled to solve the practical problems that originally
motivate their development even with specialized first-order algorithms. Further, there are many machine learning and
signal processing problems that are fundamentally nonconvex and too expensive/difficult to be convexified. There-
fore, as a second part of this work, we focus on the fundamentally nonconvex formulations of some popular machine
learning and signal processing problems. In this part, we are particularly interested in understanding the nonconvex
optimization landscapes of their fundamental formulations. Then based on this landscape knowledge of these non-
convex optimization problems, in the third part of this work, we focus on developing optimization algorithms with
with provable guarantees that can efficiently navigate these nonconvex landscapes and achieve the global optimality.
Finally, we some popular applications in signal processing and machine learning are analyzed using the developed

optimization algorithms.

Part 1: Convex Optimization

Chapter 2 This chapter investigates the parameter estimation performance of super-resolution line spectral estima-
tion using atomic norm minimization. The focus is on analyzing the algorithm’s accuracy of inferring the
frequencies and complex magnitudes from noisy observations. When the Signal-to-Noise Ratio is reason-
ably high and the true frequencies are well separated, we prove that the obtained error bound by the atomic

norm estimator matches the Cramér-Rao lower bound up to a logarithmic factor.

Chapter 3 This chapter develops theories and computational methods for guaranteed overcomplete, non-orthogonal
tensor decomposition using convex optimization. We view tensor decomposition as a problem of measure
estimation from moments. We develop a theory for guaranteed decomposition for those tensor factors uni-
formly distributed on the unit spheres, implying exact decomposition for tensors with random factors. The
optimal value of this optimization defines the tensor nuclear norm that can be used to regularize tensor

inverse problems, including tensor completion, decisioning, and robust tensor principal component analysis.



Part 2: Nonconvex Optimization

Chapter 4 This chapter considers two popular minimization problems: (i) the minimization of a general convex
function f(X) with the domain being positive semi-definite matrices; (i) the minimization of a general
convex function f(X) regularized by the matrix nuclear norm || X||. with the domain being general matrices.
To develop faster and more scalable algorithms, we follow the proposal of Burer and Monteiro to factor the
low-rank variable X = UU" (for semi-definite matrices) or X = UV (for general matrices) and also
replace the nuclear norm ||X||, with (][U[|% + ||[V||%)/2. In spite of the non-convexity of the resulting
factored formulations, we prove that each critical point either corresponds to the global optimum of the

original convex problems or is a strict saddle where the Hessian matrix has a strictly negative eigenvalue.

Chapter 5 This chapter considers the minimization of a general objective function f(X) over the set of rectangular
n X m matrices that have rank at most r. To reduce the computational burden, we factorize the variable X into
a product of two smaller matrices and optimize over these two matrices instead of X. We analyze the global
geometry for a general and yet well-conditioned objective function f(X) whose restricted strong convexity
and restricted strong smoothness constants are comparable. In particular, we show that the reformulated

objective function has no spurious local minima and obeys the strict saddle property.

Chapter 6 In this chapter we characterize the global optimization geometry of the nonconvex factored problem and
show that the corresponding objective function satisfies the robust strict saddle property as long as the
original objective function f satisfies restricted strong convexity and smoothness properties, ensuring global
convergence of many local search algorithms (such as noisy gradient descent) in polynomial time for solving

the factored problem.

Chapter 7 A variety of unconstrained nonconvex optimization problems have been shown to have benign geometric
landscapes that satisfy the strict saddle property and have no spurious local minima. We present a general
result relating the geometry of an unconstrained centralized problem to its equality-constrained distributed
extension. It follows that many global consensus problems inherit the benign geometry of their original

centralized counterpart.

Chapter 8 We study the convergence of a variant of distributed gradient descent (DGD) on a distributed low-rank
matrix approximation problem wherein some optimization variables are used for consensus (as in classical
DGD) and some optimization variables appear only locally at a single node in the network. Using algo-
rithmic connections to gradient descent and geometric connections to the well-behaved landscape of the
centralized low-rank matrix approximation problem, we identify sufficient conditions where the new DGD

is guaranteed to converge with exact consensus to a global minimizer of the original centralized problem.



For the distributed low-rank matrix approximation problem, these guarantees are stronger—in terms of con-

sensus and optimality—than what appear in the literature for classical DGD and more general problems.

Part 3: Algorithms

Chapter 9 This chapter studies the second-order convergence for both standard alternating minimization and proxi-
mal alternating minimization. We show that under mild assumptions on the (nonconvex) objective function,
both algorithms avoid strict saddles almost surely from random initialization. Together with known first-
order convergence results, this implies both algorithms converge to a second-order stationary point. This
solves an open problem for the second-order convergence of alternating minimization algorithms that have
been widely used in practice to solve large-scale nonconvex problems due to their simple implementation,

fast convergence, and superb empirical performance.

Chapter 10 A crucial and pervasive assumption needed by many modern optimization methods is the global Lipschitz
gradient condition. However, many machine learning problems do not admit a globally Lipschitz gradient.
In this chapter, we develop and establish second-order convergence guarantees of several Bregman-based

methods to deal with general nonconvex objective functions with non-Lipschitz gradients.

Part 4: Applications

Chapter 11 This chapter studies the problem of retrieving a low-rank tensor under a general linear observation model,
including both tensor sensing and tensor completion models. Inspired by the superiority of the matrix
nuclear norm in low-rank matrix recovery, we will focus on using tensor nuclear norm to regularize the
inverse problem of tensor recovery. Unlike the traditional ways of using approximating values of the tensor
nuclear norm due to the NP-hardness of computing the tensor nuclear norm, we use the Burer-Monteiro
optimization form of the tensor nuclear norm, and we show this form is tight for any randomly generated
tensors. Furthermore, we provide an alternating minimization algorithm to solve the tensor nuclear norm

regularized problem, as well as the rigorous mathematical analysis of its global convergence.

Chapter 12 Principal Component Analysis (PCA) is one of the most important methods to handle high dimensional
data. However, most of the studies on PCA aim to minimize the loss after projection, which usually measure
the Euclidean distance, though in some fields, angle distance is known to be more important and critical
for analysis. In this chapter, we propose a method by adding constraints on factors to unify the Euclidean
distance and angle distance. However, due to the nonconvexity of the objective and constraints, the optimized
solution is not easy to obtain. We propose an alternating linearized minimization method to solve it with

provable convergence rate and guarantee.
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CHAPTER 2
APPROXIMATE SUPPORT RECOVERY OF ATOMIC LINE SPECTRAL ESTIMATION: A TALE OF
RESOLUTION AND PRECISION

This work! investigates the parameter estimation performance of super-resolution line spectral estimation using
atomic norm minimization. The focus is on analyzing the algorithm’s accuracy of inferring the frequencies and com-
plex magnitudes from noisy observations. When the Signal-to-Noise Ratio is reasonably high and the true frequencies
are separated by O(%), the atomic norm estimator is shown to localize the correct number of frequencies, each within
a neighborhood of size O( \/WO’) of one of the true frequencies. Here n is half the number of temporal samples
and o2 is the Gaussian noise variance. The analysis is based on a primal-dual witness construction procedure. The
obtained error bound matches the Cramér-Rao lower bound up to a logarithmic factor. The relationship between reso-
lution (separation of frequencies) and precision or accuracy of the estimator is highlighted. Our analysis also reveals

that the atomic norm minimization can be viewed as a convex way to solve a ¢;-norm regularized, nonlinear and

nonconvex least-squares problem to global optimality.
2.1 Introduction

Line spectral estimation, which aims at approximately inferring the frequency and coefficient parameters from a
superposition of complex sinusoids embedded in white noise, is one of the fundamental problems in statistical signal
processing. When the temporal and frequency domains are exchanged, this classical problem was reinterpreted as the
problem of mathematical super-resolution recently [13—15]. This line of work promotes the use of a convex sparse
regularizer to solve inverse problems involving spectrally sparse signals, distinguishing them from classical methods
based on root finding and singular value decompositions (e.g., Prony’s method, MUSIC, ESPIRIT, Matrix Pencil,
etc.). The convex regularizer, a particular instance of the general atomic norms, has been shown to achieve optimal
performance in signal completion [16], denoising [17], and outlier removal [18, 19]. For these signal processing
tasks, either one can recover the spectral signal exactly (and hence extract the true frequencies precisely), or the error
metric is defined using the signal instead of the frequency parameters. The most relevant question of the accuracy of
noisy frequency estimation has been elusive. This work investigates the parameter estimation performance of super-

resolution line spectral estimation using atomic norm minimization. More precisely, given noisy observations

y(t) =2*(t) + w(t),t =—n,...,n 2.1

of a spectrally sparse signal

I'This is a joint work with Gongguo Tang [2].



=

x*(t) = Z c; exp(i2r fyt),t =—n,...,n (2.2)
=1

with unknown frequencies T* = {f} }le and complex amplitudes {c;}if:l, we will derive conditions under which
the atomic norm formulation will return the correct number of frequencies, and establish bounds on the frequency and
coefficient estimation errors. An informal version of our main result is given in the following theorem, while a formal

statement is presented in Theorem 2.2.1.

Theorem 2.1.1 (Informal). Suppose we observe 2n + 1 noisy consecutive samples y(t) = x*(t) + w(t) of the sig-
nal (2.2) with w(t) being i.i.d. complex Gaussian variables of mean zero and variance o°. If the unknown frequencies
are well-separated, the Signal-to-Noise Ratio (SNR) is large, and the dynamic range of the coefficients is small, then

with probability at least 1 — %, solving an atomic norm regularized least-squares problem with a large enough reg-

ularization parameter will return exactly k estimated frequencies { fngb}le and coefficients {c%lOb}lgzl that, when

properly ordered, satisfy

Viogn

* glob  rx _
1?52% |CZ||fé ff | O( n3/2 0)7 (23)
logn
glob  « _ g
max, |y c;l =0/ . o). 24)

We would like to first point out that this frequency estimator { fflOb} given by the atomic norm regularized least-
squares is asymptotically unbiased. The ¢; norm minimization (atomic norm minimization is an extension of it) is
usually considered biased because it pushes down the solution using the ¢; norm. In the context of atomic norm
minimization, the estimator for the coefficient vector is indeed biased for the same reason. However, the frequency
estimator, which is of more interest, might still be unbiased since it is not pushed down by the atomic norm formulation.

Indeed, our result shows that the frequency estimator is at least asymptotically unbiased.

1
n2’

Corollary 2.1.1. Under the same setup as in Theorem 2.1.1, with probability at least 1 — the frequency estimator

obtained by the atomic norm regularized minimization is asymptotic unbiased.

Proof. To see this, we note that for any 1,

E[fE0) — fr < B{| 5" — f]) = / FE () — f7 ()] dw + / FE () — fr(w)] dw
Q Qe
Vdiogn 2

Y ° 5 -
c* . n3/2 ) n2

min

<0(



Here (2 is the high-probability sample space where our main result (2.3) holds, 2 is its complement space, and ¢}, ; , is
defined as the smallest magnitude of {c;} The second inequality follows from Eq. (2.3), fQ dw <1, fQC dw < #,
and the fact that any frequency is defined in T = [0, 1]. Therefore, the frequency estimator is at least asymptotically

unbiased. O

By the asymptotic unbiasedness of our atomic frequency estimator and considering that the Cramér-Rao bound
(CRB) [20] can be viewed as the best squared error bound for any unbiased frequency estimators, we now compare
our main result (2.3) (after taking the square) with the CRB, as well as the two most famous classical line spectral

estimation methods, i.e., the MUSIC and Maximum Likelihood Estimation (MLE), in Table 2.1. We conclude that

Table 2.1: Comparison with the classical line spectral estimation methods.

Method Squared-Error Bound
CRB [20] 0% 7)
02 min 04
MUSIC [20] O(5:5—3 + 78—71)
i p
MLE [20] O3 + 70a7)
. min 02 min
This work (2.3) O(Z2%3)

min

the squared error bound of the atomic frequency estimator matches the CRB up to a logarithmic factor. We also note
that the MUSIC and the MLE only have asymptotic mean squared error in the sense that the number of snapshots T’
has to be infinitely large [20]. We emphasize that our results are non-asymptotic, which hold for finite-length, single-
snapshot signals (i.e., " = 1), while classical methods such as MUSIC and MLE are not efficient (i.e., approaching

CRB) even with an infinite number of snapshots, as long as the signal length n is finite.
2.2 Signal Model and Atomic Norm Regularization

This work considers the spectral estimation problem: given noisy temporal samples, how well can we estimate
the locations and determine the magnitudes of spectral lines? The signal of interest 2*(t) as expressed in (2.2) is
composed of only a small number of spectral spikes located in a normalized interval T = [0, 1]. We abuse notation
and call T* = {f;}5_, the support of x*. The number of frequencies, k, is referred to as the model order. The goal is
to approximately localize these parameters from a small number 2n + 1 of equispaced noisy samples given in (2.1).
For technical simplicity, we assume n = 2M is an even number. The noise components w(t) are i.i.d. centrally
symmetric complex Gaussian variables with variance 2. To simplify notation, we stack the temporal samples into

vectors and write the observation model as

y=x"+w, 2.5)



To estimate the frequency vector £* := [ff, ..., f#]7 and the complex coefficient vector ¢* := [c}, ..., c;]T, we

assume k is small and treat x* as a sparse combination of atoms a(f) := [e?27(=™)f . 2™ /1T parameterized by

frequency f € T, that is,

x* =Y ca(f}). (2.6)

=1
To exploit the structure of x* encoded in the set of atoms A := {a(f), f € T}, we follow [16,21] and define the

associated atomic norm as

[|%||4 = inf {Z leel :x = coa(fe),Vfr € T e € c} : Q2.7
4 4

The dual norm of the atomic norm, which is useful both algorithmically and theoretically, is defined for any vector z
as ||z||*y = sup;cr |a(f)" 2|, where ' denotes the Hermitian (conjugate transpose) operation. To solve atomic norm
minimizations numerically, the authors of [17,22] (see also [13]) first proposed to reformulate the atomic norm (2.7)
as an equivalent semidefinite program. Other numerical schemes are studied in [23-26].

Given the noisy observation model (2.5), it is natural to denoise x* by solving the atomic norm regularized mini-

mization program [17,22]:

o1
x8lob — argmin §||y — X||% + A% 4. (2.8)

For technical reasons, we used a weighted /5 norm, ||z||z := v'zH Zz, to measure data fidelity. Here Z = diag( %}O) €
REMADXAMAD) with gy, (0),£ = —2M, ... ,2M defined in [16] as the discrete convolution of two triangular func-
tions. We remark that, in practice, both a standard ¢> norm || - |2 and a weighted ¢3 norm || - ||z achieve similarly
satisfying performance. In this work, we use || - ||z with Z = diag(%y)) mainly for the purpose of introducing the
Jackson kernel K (fo — f1) := a(f1)Za(f>) so that we can exploit the beautiful decaying properties of the Jackson
kernel (see Section A.3 for more details). When we exchange the frequency and temporal domains, this weighting
scheme trusts low-frequency samples more than high-frequency ones, even though the noise levels are the same. The
second term is a regularization term that penalizes solutions with large atomic norms, which typically correspond
to spectrally dense signals. The regularization parameter \, whose value will be given later, controls the trade-off
between data fidelity and sparsity.

Once x8'°P was solved, we can extract estimates of the frequencies either from the primal optimal solution x&'°P
or from the corresponding dual optimal solution. Our goal is to characterize conditions such that i) we obtain exactly k

estimated frequencies; ii) there is a natural correspondence between the estimated frequencies and the true frequencies,

whose distances can be explicitly controlled; iii) the distances between the corresponding coefficients can also be



explicitly bounded.
To formally present the main theorem, we need to define a few more quantities. It is known that there is a resolution
limit of the atomic norm approach in resolving the atoms, or the frequency parameter f*, even from the noiseless
data [27]. Therefore, to recover the support of the line spectral signal x*, we need to impose certain separation
condition on the distances of the true frequencies. For this purpose, we define A(T') = mingy, ¢ v, [fe— fmls
where | - | is understood as the wrap-around distance in T. For example, |0.1 — 0.9 = 0.2 under this distance. We also
o

define 1) the dynamic range of the coefficients B* := —p2x, where cj;

. max
min

*
min

and ¢ denote the maximal and minimal

modules of {c}f}?:l; 2) the normalized noise level v := o4/ loi : 3) the Noise-to-Signal Ratio v := o /cf,;,, and 4)

the regularization parameter A = 0.646 X, for some positive constant X * to be determined later. Now we are ready

to present our main result.

Theorem 2.2.1. Suppose we observe 2n + 1 noisy consecutive samples y, = x; + wp of the signal (2.2) or (2.6) with

wy being i.i.d. complex Gaussian valuables of mean zero and variance 0. We assume n > 130 and

A(T*) > 2.5009/n, (2.9)
X*B*y <107% and B*/X* <107%. (2.10)

Then with probability at least 1 — -5, the optimal solution of (2.8) has a decomposition x8'°P = 25:1 c%bba( fzgl(’b)

involving exactly k atoms, whose frequencies and coefficients, when properly ordered, satisfy

max |cX|| £8P — £¥| < 0.4(X* 4 35.2 2.11
1S?§k|ce||fe frl < ( )v0/m, (2.11)
max |c2°° — | < (X* + 35.2). 2.12
1§é}u§]€|c£ | <( 35.2)70 (2.12)

Several remarks on the conditions follow. Because of the weighting scheme we use in (2.8), our choice of \ differs
from the standard one in [22] by a factor 1/n and ensures that the weighted dual atomic norm of the noise, | Zw||%,
is less than A with high probability. For technical reasons, our separation condition (2.9) is stronger compared with
the previous works [13, 14, 17,28-31]>. The conditions (2.10) wrap several requirements on the problem parameters
for the conclusions to hold: the dynamic range of the coefficients B*, the Noise-to-Signal Ratio ~y, and the normalized
noise g should all be small while the regularization parameter A should be large enough as measured by X™*.

It is worth noting that (2.10) implicitly imposes a strong assumption on the Noise-to-Signal Ratio

Note that our separation condition is a bit larger when comparing to these recent works in super-resolution, while there are two other things to
be considered. One thing is that most of these works require strong assumptions on the noise in their models (e.g., the noise is bounded), while
our work removes such assumptions and hence can deal with the more general Gaussian noise. To make this possible, we have to develop a
new proof strategy involving the two-step construction process of the dual certificate. Another thing is that although some prior works achieve
small resolution limit (even comparable to the Relay diffraction limit [31]), they study a different problem. For example, [31] considers the signal
denoising problem, that is, stable recovery of the whole signal x rather than the parameter estimation (i.e., the source location recovery). While
the focus of our work is the accuracy of parameter estimation in Gaussian noise, which might be more significant for practical applications such as
Radar and single-molecule microscopy, where precisely locating each target/point source is extremely important. Since the parameter estimation
problem is much harder than the denoising problem, we have to relax a bit the separation condition for ease of analysis.

10
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implying a sufficiently large n (but still finite). For high-level ideas, there might be two reasons to account for this
phenomenon. One is that the problem of line spectral estimation is known to be sensitive to noise. Another is inherently
from our proof regime, which makes the constants in Eq. (2.10) a bit conservative. More precisely, the ultimate
objective is to show the boundedness and interpolation property of the target polynomial (see Proposition 2.4.1 for
more details). Our method is using an “existing" dual polynomial in [13] satisfying this property and showing the
distance between these two polynomials is sufficiently small. So, we require the noise level to be small, since we will
see in Lemma 2.4.2 that the noise level will influence this distance.

One more remark is that the quantity 35.27 in our results is related to the expected dual atomic norm of the
weighted Gaussian noise E||Zw||* . By noting the definition A = 0.646.X*~y,, we can rewrite the error bounds (2.11)

and (2.12) in a more concise way:

* glob  px _ *

mas (6178 ~ £ = O (A + B[ Zwl2) /. 13)
glob  x _ *

11;1?§>(k|c£ ;| =0 N+E|Zw]|) . (2.14)

Eq. (2.13) and (2.14) imply that the error bounds are determined jointly by the regularization parameter A and the ex-
pected dual atomic norm of the weighted Gaussian noise [E||Zw ||*;. Since the regularization parameter ) has the same
order as E||Zw/|| 4, the estimated frequencies and coefficients are guaranteed to have errors of orders O (E||Zw||* /n)
and O (E||Zwl||*), respectively. Remarkably, using atomic dual norm strategy allows us to deal with the Gaussian
noise, while most prior works [14,28-30] in approximate support recovery have to build their theoretical foundations
on the bounded-noise assumption, which dramatically narrow down the applications.

Now we summarize the above comparisons of our result with those state-of-the-art modern support recovery meth-
ods in the Table 2.2.

Finally, our proof for Theorem 2.2.1 also reveals the connection between the atomic norm minimization (2.8) and

the following ¢;-norm regularized, nonlinear and nonconvex least-squares program:

1
minimize - || A (f)e — y[Z + Allel, (2.15)
,C

where f := [f1,..., fx]?, c:=[c1,...,ck]T, and A(f) := [a(f1),...,a(fr)]. The program (2.15) is highly noncon-
vex, with numerous local minima and saddle points, so solving it to global optimality is very difficult. Our analysis
shows that, under the conditions of Theorem 2.2.1, the convex program (2.8) shares the same global optimum as the
nonconvex program (2.15), implying that the atomic norm minimization provides a new convex way to solve the non-

convex program to global optimality. We summarize the result in the following corollary, with the formal proof listed
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Table 2.2: Comparison with other modern line spectral estimation/super-resolution methods. The Positive Measure
column refers to whether the result requires the ground-truth measure to be positive. RRC is short for Rayleigh
Regularity condition [31, Definition 1.1], which generalizes the standard separation condition to clustered support.
NDSC stands for the non-degenerate source condition [29, Definition 5]. In the Support Recovery column, None
indicates that the work considers signal recovery instead of support recovery; Existence means that the work shows the
existence of at least one recovered parameter around each ground-true parameter, but fails to theoretically eliminate
the possibility of spurious recovered parameters; Unigueness shows that around each true parameter there is one and
only one recovered parameter.

Bounded Positive Support Support
Paper Noise Measure Condition SNR Recovery
[13, Theorem 1.5] Yes No A > % Finite None
[14, Theorem 1.2] No No A > % Finite None
[31, Theorem 1] No Yes RRC Finite None
[28, Theorem 1.2] Yes No A > % Finite Exist
[17, Theorem 2] No No A > % Finite Exist
[29, Theorem 2] Yes No NDSC Infinite Unique
[30, Theorem 2] Yes Yes NDSC Infinite Unique
Theorem 2.2.1 No No A > 25009 Finite Unique

in Appendix A.10.

Corollary 2.2.1. Under the same setup as in Theorem 2.2.1, with probability at least 1 — % the frequencies and coef-
ficients estimated by the atomic norm regularized minimization (2.8) constitute a global optimum of the (1-regularized

nonlinear least-squares program (2.15).
2.3 Prior Art and Inspirations

Classical line spectral estimation techniques can be broadly classified into two camps: non-parametric and para-
metric methods. Non-parametric methods are mainly based on Fourier analysis [32,33]. Such approaches have low
computational complexities and no need for signal models. These methods have limited frequency resolution due to
spectral leakage. Parametric methods, however, can achieve high resolution for parameter estimation. For example,
Prony’s method based on polynomial root-finding [34, 35] can resolve arbitrarily close frequencies in the noiseless
setting. Yet this method is highly sensitive to noise and would fail even in the small noise regime. As stable ver-
sions of Prony’s method, the subspace methods recast the noise-sensitive polynomial root-finding problem into more
robust matrix eigenvalue problems. For instance, the matrix pencil method [36] arranges the observations into a ma-
trix pencil whose generalized eigenvalues and eigenvectors contain information about the frequencies; the MUSIC
algorithm [37] and the ESPRIT method [38] decompose the autocorrelation matrix into noise-subspace and signal
subspace using eigenvalue decomposition and extract frequency estimates from the signal subspace. Both algorithms
were shown to achieve CRB asymptotically [20,39] when the signal length 2n + 1 and the number of snapshots ap-
proach infinite. However, these classical methods are not efficient (i.e., approaching the CRB) even with an infinite

number of snapshots, as long as the signal length is finite. Also, all classical parametric methods require knowledge
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of the model order.

Modern convex optimization based methods formulate line spectral estimation as a linear inverse problem and
exploit signal sparsity using /1 -type regularizations. Such methods are modular, robust, and do not require knowledge
of model orders. To apply the ¢; regularization techniques, the continuous frequency domain is divided into a grid
of discrete frequencies. When the true frequencies fall onto the discrete Fourier grid, work in compressive sensing
guarantees optimal recovery performance [40—42]. When the frequencies do not fall onto the Fourier grid, however,
the performance of ¢; minimization degrades significantly due to basis mismatch [43]. The basis mismatch issue can
be mitigated by employing finer grids [44,45], which unfortunately often leads to numerical instability.

Atomic norm regularization avoids basis mismatch by enforcing sparsity directly in the continuous frequency do-
main. Given a set of atoms, possibly indexed by continuous parameters, one constructs an atomic norm in a principled
way as a generalization of the ¢;-norm to promote signals with parsimonious representations. Using the notion of
descent cones, the authors of [46] argued that the atomic norm is the best possible convex proxy for recovering sparse
models. For the special line spectral estimation problem, where the atomic norm is induced by the set of parameter-
ized complex exponentials, atomic regularizations have been shown to achieve optimal performance for several signal
processing tasks. For instance, atomic norm minimization recovers a spectrally sparse signal from a minimal number
of random signal samples [16], identifies and removes a maximal number of outliers [18, 19], and performs denoising
with an error approaching the minimax rate [17]. When multiple measurement vectors are available, a method of ex-
ploiting the joint sparsity pattern of different signals to further improve estimation accuracy is proposed in [47—49]. All
these works draw inspirations from the dual polynomial construction strategy developed in the pioneer work [13]. This
work adds to this line of work by showing that the atomic framework produces optimal noisy frequency estimators.

Several closely related works also studied conditions for approximate support recovery from noisy observations.
The work [28] developed error bounds on spectral support recovery for bounded noise. In [17], the authors derived
suboptimal bounds for the Gaussian noise model. In [50], the authors extended this line of research to general mea-
surement schemes beyond Fourier samples using the Beurling-LASSO (B-LASSO) program. The B-LASSO program,
which minimizes a least-squares term plus the measure total variation norm, is mathematically equivalent to the atomic
norm formulation. All these works [17,28,50] cannot guarantee the recovery of exactly one frequency in each neigh-
borhood of the true frequencies. In this regard, the work by Duval and Peyré [29] showed that as long as the SNR
is large enough and the sources are well-separated and satisfy a non-degenerate source condition, then total variation
norm regularization can recover the correct number of the Diracs with both the coefficient error and the frequency
error scale as the {5 norm of the noise. Compared with their work, our result uses the (weighted) dual atomic norm
of the noise in place of the ¢5 norm, which differ by order of y/n, allowing our bound to match the CRB up to a
logarithmic factor. In addition, their work relies on a non-degenerate source condition [29, Definition 5] that is not

proven to hold in the spectral super-resolution setting. In this sense, the present work is the first to rigorously establish
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that in a high SNR regime this approach yields the right number of frequencies. Further our proof technique based on
the primal-dual witness construction is also very different from that employed in [29] based on a perturbation analysis
of the dual certificate in the noise-free case. In particular, our analysis reveals the connection between the convex
approach and a natural nonlinear least-squares method for spectral estimation. More recently, [30] studies the support
recovery for positive measures. For a comparison, there are several major differences worth remarking here: 1) in [30]
more emphasis is put on the asymptotic analysis, while the presented work instead deals with non-asymptotic settings
with finite signal length; 2) [30] requires the underlying noise to have finite /5 norm, which severely restricts the scope
of noises satisfying such a property, excluding the well-known and most common Gaussian noise, while the presented
results allow the underlying noise to be Gaussian; 3) in addition to requiring a sufficiently large signal-to-noise ra-
tio, the main result in [30] also relies on a non-degenerate source condition that is not proven to hold in the spectral

super-resolution setting.
2.4 Proof by Primal-Dual Witness Construction

Duality plays an important role in understanding atomic norm regularized line spectral estimation. Standard La-

grangian analysis shows that the dual problem of (2.8) has the following form:

o 1 1
" = argmax S[lyllz — 5y - Aallz
q
subject to ||Zq||’ < 1. (2.16)
The complex trigonometric polynomial Q(f) := a(f)” Zq corresponding to a dual feasible solution q is called a

dual polynomial. The dual polynomial associated with the unique dual optimal solution Q&'°P(f) := a(f)" Zg8'"
certifies the optimality of the unique primal optimal solution x2'°", and vice versa. The uniqueness of primal and dual
optimal solutions is a consequence of the strong convexity of the objective functions of (2.8) and (2.16), respectively.
In particular, the primal-dual optimal solutions are related by q#'°® = (y — x8°>)/\. We summarize these in the

following proposition, with the proof given in Appendix A.9:

Proposition 2.4.1. Let the decomposition X = 25:1 ¢oa(fy) with distinet frequencies T = {f;} C T and nonzero
coefficients {¢,} and set Q = (y — X)/\. Suppose the corresponding dual polynomial Q(f) = a(f)" Zq satisfies the

following Bounded Interpolation Property (BIP):

Q(fe) = sign(é),£ =1,..., k (Interpolation);
|Q(f)| < 1,Yf ¢ T (Boundedness);

then X and q are the unique primal-dual optimal solutions to (2.8) and (2.16), that is, X = x2'°® and § = q8'°". Here

the operation sign(c) := c/|c| for a nonzero complex number and applies entry-wise to a vector.
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Proposition 2.4.1 gives a way to extract the frequencies from the dual optimal solution — one can simply identify
the frequencies where the dual polynomial corresponding to the dual optimal solution achieves magnitude 1. The
uniqueness of the dual solution for (2.8) makes the construction of a dual certificate much harder compared with
the line spectral signal completion problem [16] and demixing problem [18, 19]. For the latter two problems, while
the primal optimal solution is unique, the dual optimal solutions are non-unique. One usually chooses one dual
solution that is easier to analyze (e.g., the one with minimal energy). For the support recovery problem, we need to
simultaneously construct the primal and dual solutions, which witness the optimality of each other. In the compressive
sensing literature, this construction process is called the primal-dual witness construction [51]. In sparse recovery
problems, a candidate primal solution is relatively easy to find, since when the noise is relatively small, the support of
the recovered signal would not change. So one only needs to solve a LASSO problem restricted to the true support
to determine the candidate coefficients, as was done in [51]. For the optimization (2.8), due to the continuous nature
of the atoms, even a bit of noise would drive the support away from the true one. So to construct a candidate primal
solution (hence a candidate dual solution), we need to simultaneously seek for the candidate support { fg} and the

candidate coefficients {¢;}.
2.4.1 Proof Outline

We use the ¢;-regularized, nonlinear and nonconvex program (2.15), which we copy below, to find plausible

candidates for { f;} and {&,}:

1
minimize || A(f)e - ylz + Alel,
,C

where f = [f1,..., fx]T, ¢ = [e1,...,ci]T and A(f) = [a(f1),...,a(fr)]. Note that we have effectively fixed
the number of estimated frequencies k in Proposition 2.4.1 to be k. But unlike in compressive sensing we cannot fix
f = f* to solve for c only as was done in [51]. The program (2.15) is highly nonconvex, with numerous local minima,
local maxima, and saddle points. So solving it to global optimality is hard even in theory. We are primarily interested
in its local minimum ({f;}, {¢,}) in a neighborhood of the true frequencies and coefficients (£*, c*). To find this local
minimum, we will run gradient descent to (2.15) using (f*, c*) as initialization. We will argue that under conditions
presented in Theorem 2.2.1, each fg and ¢, stay close to f; and ¢ as given in (2.11) and (2.12), respectively. The
major tool we use is the contraction mapping theorem. As shown in Corollary 2.2.1, the local minimum found in this
manner is actually a global optimum of (2.15).

The rest of arguments consist of showing that X = Z?Zl ¢ea(fy) with {f;} and {é,} constructed as described
above satisfies the Bounded Interpolation Property of Proposition 2.4.1. The Interpolation property is automatically
satisfied due to the construction process and the main challenge is to show the Boundedness property |Q(f)| < 1,Vf ¢

T'. The harder part is showing the Boundedness property. For ease of interpretation we first collect the definitions of
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the most important variables that will be used throughout the proof, and then introduce the main logic and the two-step

construction process of the proof.

Table 2.3: Notations.

Symbol Definition
(f*, c?) The local minima of minimizeg ¢ 1||A(f)c — x*||3, + Al|c||1 that is closest to (£*, c*)
(f,¢) The local minima of minimizeg ¢ 1||A(f)c — y|| + Allc||: that is closest to (£, ¢*)
x* The primal solution defined by the local minima (f*, ¢*) via x* := Zif:l cra(f)

X The primal solution defined by the local minima (f, &) via % := Zif:l ¢ealfo)

q The dual solution corresponding to the primal solution x*, that is, q* := (x* — x*)/\
q The dual solution corresponding to the primal solution X, that is, q := (y — X)/A

q q = )1\11% q*, satisfying the Boundedness and Interpolation property for (f*, c*)

Main Logic: Firstly, identifying that Q*(f) := a(f)" Zq* satisfies the Boundedness property with some similar
arguments used in [13]. Secondly, establishing that ¢ and g* are sufficiently close (so are Q( f) = a(f)"Z¢q and
Q*(f) = a(f)"Zq*). Therefore Q(f) also satisfies the Boundedness property. It turns out that directly showing the
closeness of ¢ and q* is difficult. That is why we introduce the intermediate dual variable g* and use the two-step

construction process, i.e., first showing q* is close to g* and then showing q* is close to q.

Two-step Construction Process: We will first find a local minimum (£*, ¢*) of ||A(f)c — x*||% + Allc||; around
(f*, c*), where one should note we replaced the noisy signal y in (2.15) by the noise-free signal x*. We will then
run gradient descent to (2.15) using (f*,c?) as initialization. The intermediate quantities (f*,c*) will serve as a
bridge between (£*,c*) and (f,&) to make the proof easier. The key is noting that Q(f) = a(f)¥Zq is close to
QN f) = a(f)"Zq", where ¢* = (x*—x*)/Nand x* = Zif:l cra(f), and QA (f) isclose to Q*(f) = a(f)" Zq*.
Here q* = limy_,q q” is a dual certificate used to certify the atomic decomposition of x*. The former claim can be
showed using the closeness of (f*, c*) and (f' ,€). The later claim, however, must take advantage of the fact that

q* =limy_oq* = f%xA |x=0 and apply the triangle inequality to

Q- @)= [ a0z (mx - ax)a
Ao dt dt ’
where $x% = limy_,0 $x* := &x*. The closeness of (f*,c*) and (f*,c*) ensures that the derivatives in the

integrand are also close. Finally, we exploit the properties of @*(f) which are similar to those established in [13] to

complete the proof.
2.4.2 A Formal Proof: Applying the Contraction Mapping Theorem

, a bounded

Theorem 2.4.1 (Contraction Mapping Theorem). Given a Banach space B equipped with a norm || -

closed set N C Band amap © : N — B, if ©(N') C N (the non-escaping property) and there exists p € (0,1) such
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that |©(v) — ©(w)|| < p||lv — w|| for each v,w € N (the contraction property), then there exists a unique v* € N

such that ©(v*) = v*.

This classical result helps to find a candidate solution for the construction of a valid dual certificate. To see this
we first choose the bounded closed set A to be a small region around the target joint frequency-coefficient vector
0* := (f*,u*, v*) (where u* and v* denote respectively the real and imaginary parts of c*). Let the fixed point map
© be the gradient map of (2.15). The key is to determine the size of A/ in which the non-escaping and the contraction
properties of the fixed point map © hold. Then, the contraction mapping theorem implies that iteratively performing
the gradient map © from any initial point in A" would produce a candidate solution that still lies in N (by the non-
escaping property) and hence is close to 8* (since A is small). Finally relating the fixed point equation to the BIP
property shows that such a candidate solution generates a valid dual certificate.

In order to apply the contraction mapping theorem to our problem, we choose the norm in Theorem 2.4.1 to be a
weighted £, norm || - || % given by [|(f,u, V)| = ||(Sf,u,V)||e With S := /[K”(0)| diag(|c*|) and K (-) is the
Jackson kernel (refer to Appendix A.1 for an introduction). This weighted /., norm is used as a metric function to
define the neighborhood N around 8. The choice of the weighting matrix S ensures that the larger a coefficient ¢}
is, the smaller the neighborhood in the direction of the frequency f;. In addition, since /| K" (0)| is of order O(n),
the frequency neighborhood is smaller than the coefficient neighborhood by the same order. Next, we choose the fixed

point map © to be a weighted gradient map of (2.15)

1
0(0) =60 - WV (2A(f)c—y%+)\||c||1> ; (2.17)

where the gradient V is taken with respect to the parameter 8 = (f, u, v) and the weighting matrix

W* = I, . (2.18)

Scaling the gradient vector by W* ensures that the Jacobian matrix of the second term in (2.17) is close to the identity

matrix, which makes it easier to show the contraction property of ©.
2.4.2.1 Two-step Construction Process

As discussed in Section 2.4.1, we divide the construction process into two steps. We first analyze the fixed point
map ©* obtained by replacing the noisy observation vector y in (2.17) by the noise-free signal x*. We determine a
region around 8*, say N'*, such that both the contraction and non-escaping properties of ©* are satisfied in A™*. Then
by the contraction mapping theorem, iterating the gradient map ©* in A/* initialized by 8* generates a unique fixed

point 8 := (f*, u*, v*). These results are summarized in the following lemma:
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Lemma 2.4.1 (The First Fixed Point Map). Let the first fixed point map be the weighted gradient map of the nonconvex

program (2.15) with the noisy signal y replaced by the noise-free signal X*:

1
00) =0 - W*V <2||A(f)c —x*|L + /\|c||1> , (2.19)

where the gradient V is taken with respect to the parameter 8 = (f,u,v). Let the regularization parameter \ vary
in [0,0.646X*yo]. Define a neighborhood N* := {6 : (|0 — 0*|| & < X*v0/V2}. Suppose that the separation
condition (2.9) and the SNR condition (2.10) hold. Then the map ©* has a unique fixed point 0* € N* satisfying
or (9)‘) = 0*. Furthermore, according to the implicit function theorem, 0" isa continuously differentiable function

of A whose derivative is given by

d )

—0* = —(V2GN0")) ' ==VG(07). 2.20
S0 = (VG OY) ! VGO 2.20)
Finally, when X turns to zero, the fixed point 0 converges to 0%, i.e., limy_ 0> = 0, and therefore lim_, x* = x*.
Proof of Lemma 2.4.1. See Appendix A.4. O

We now turn to the gradient map © in (2.17) defined in a region N/ around 6. Similar to the first step, we show
the contraction and non-escaping properties of © in A/, which imply that iterating the gradient map © initialized by

6 produces a unique fixed point 8 := (£, 0, V).

Lemma 2.4.2 (The Second Fixed Point Map). Let the second fixed point map be the weighted gradient map of the

nonconvex program (2.15):

1
0(6) =6 - W*V <2||A(f)c—y||22 +)\||c||1) 221)

and the region N = {0 0 -6 s < 35.270/\/5}. Set the regularization parameter X as 0.646 X *vq in (2.21).
Suppose that the separation condition (2.9) and the SNR condition (2.10) hold. Then with probability at least 1 — #

©(0) has a unique fixed point 0 living in N,

Proof of Lemma 2.4.2. See Appendix A.5. O

The radius of the second contraction region A/ is determined by a high probability bound on the dual atomic norm
of the Gaussian noise and ensures that A/* is a non-escaping set for ©(8). So far, we have identified the neighborhoods
where the two fixed points 6> and 6 live in, which is the key to show the validity of the dual certificates later. Figure 2.1

illustrates the main results of Lemma 2.4.1 and Lemma 2.4.2.
Road Map. Define two pre-certificates using the two fixed points as q* := (x* —x*)/Aand q = (y —%)/\

with the corresponding pre-dual polynomials denoted by Q*(f) and Q(f). Here x* = 25:1 cra(f}) and x =
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Figure 2.1: Use the true parameter vector 8 as an initialization and run the first weighted gradient map (2.19) to
obtain the first fixed point 6" € N*. Run the second weighted gradient map (2.21) initialized by 0> to get the second
fixed point 6 € N*. The closeness of @ and 6* is determined by the sizes of the two neighborhoods N* and N,
whose precise forms are given in Lemmas 2.4.1 and 2.4.2, respectively.

212:1 éa(fy). Let @* = limy_,0 q*. The remaining steps are to:

1. Show that g* is a valid dual certificate that certifies the atomic decomposition of x*, i.e., Q*(f) = a(f)" Zq*

satisfies Q*(f;) = sign(c}), ¢ =1,..., kand |Q*(f)| < 1L,Vf & T™*;
2. Use Lemma 2.4.1 to bound the pointwise distance between Q*(f) and Q*(f);
3. Use Lemma 2.4.2 to bound the pointwise distance between Q*(f) and Q(f).
2.4.2.2 Showing g* is a Dual Certificate

To show that g* is a dual certificate, it is sufficient to show that Q*(f) satisfies the Bounded Interpolation Property
of Proposition 2.4.1. The Interpolation property is automatically satisfied due to the construction process, and we
will show the Boundedness property using the arguments of [13]. In particular, fix an arbitrary point f§ € 7™ as the
reference point, and let f*; be the first frequency in 7 that lies on the left of fj while f; be the first frequency in
T that lies on the right. Here “left” and “right” are directions on the complex circle T. We remark that the analysis
depends only on the relative locations of {f;}. Hence, to simplify the arguments, we assume that the reference
point fj is at O by shifting the frequencies if necessary. Then we divide the region between f§ = 0 and f7/2
into three parts: Near Region N := [0,0.24/n], Middle Region M := [0.24/n,0.75/n] and Far Region F :=
[0.75/n, f{/2]. Also their symmetric counterparts are defined as —A := [—0.24/n,0], =M := [-0.75/n, —0.24/n],
and —F := [f*,/2,—0.75/n]. We first show that the dual polynomial has strictly negative curvature |Q*(f)|” < 0
in N =[0,0.24/n] and |Q*(f)| < 1in M UF = [0.24/n, f7/2], implying |Q*(f)| < 1 in N UM U F\{f}}
by exploiting |Q*(f3)| = 1 and |Q*(f})|” = 0. Then using the same symmetric arguments as in [13], we claim that

1Q*(f)] < Lin (—=N)U(=M)U(—=F)\{f;}. Combining these two results with the fact that the reference point f is
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chosen arbitrarily from T (and shifted to 0), we establish that the Boundedness property of Q*(f) holds in the entire
T\T™*.

Lemma 2.4.3 (q* is a dual certificate). The dual polynomial Q*(f) satisfies both the Interpolation and Boundedness

properties with respect to the coefficients {c} } and the frequencies { f;'}. In addition, Q*(f) satisfies first

Q%(f) > 0.887594,  Q%"(f) < —2.24483n2,
|Q,( )| £0.0183836, |Q*}(f)| <0.113197n2,
|Q*'(f)] <0.821039n, |Q*"(f)| < 3.40320n,

and

Qr(HQRN" +1Q*(f)P +1QI(HIQ7(F)"| < ~1.316313n < 0

for f € N, implying |Q*(f)|” < 0in N, and second,

1Q*(f)] < 0.927615, f € M,
|Q*(f)| <0.734123, f € F.

Here the subscripts R and I denote respectively the real and imaginary parts of Q*(f). Thus q* is a valid dual

certificate to certify the atomic decomposition X* = Z§:1 cya(fy) such that | x*|| 4 = 25:1 lcs ]
Proof of Lemma 2.4.3. See Appendix A.6. O

Next lemma, with the proof given in Appendix A.7, exploits the closeness of 8* and 6> shown in Lemma 2.4.1 to

bound the pointwise distance between Q*(f) and Q*(f).

Lemma 2.4.4 (Q*(f) is close to Q*(f)). Under the settings of Lemma 2.4.1, let Q*(f) and Q*(f) be the dual
polynomials corresponding to 0 and 0, respectively. Then the distances between QN f) and Q*(f) and their

various derivatives are uniformly bounded:

|Q*(f) - Q)\(f” < 287343)(*.3*")/7 f c _/\/" |Q*(f) _ QA(f)‘ < 393557X*B*’y, f c M,
|Q*,(f) /( )| < 44. 4648TLX*B*’)/’ f GN |Q*(f) _ Q)\(f)‘ < 661596X*B*’y, f c ./.'.7
Q™" (f) — A”( £)] < 140.808n2X*B*y, f € N

In the following, we will control the pointwise distance between Q*(f) and Q(f) by taking advantage of the

closeness of * and 6 given by Lemma 2.4.2. The key is to observe that

oo - oxh) w o x-x
qa-q' = 3 =3+

implying
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04() - Q) < OLE RUPEEE 8 02

This separates the distance between Q*(f) and Q(f) into two parts: one is |a(f)” Zw /)| determined by the dual
atomic norm of the Gaussian noise w, which is upperbounded in Appendix A.2; the other is |a(f)? Z(x* — x)/)|
that can be upperbounded by the dual atomic norm of x* — %X. We summarize the final result in Lemma 2.4.5, where

the proof is given in Appendix A.8.

Lemma 2.4.5 (Q(f) is close to Q*(f)). Under the settings of Lemma 2.4.2, let Q and Q> be the dual polynomials
corresponding to 0 and 6*, respectively. Then the pointwise distances between Q*(f) and Q( f) and their derivatives

are bounded.:

1Q(f) — Q(f)| < 82.59758* /X*, f € N, Q(f) — QMf)| < 114.323B*/X*, f € M,
1Q(f) — QN (f)] <180.283nB*/X*, fe N,  |Q(f) — QM [)| < 162.903B*/X*, f € F,
1Q(F)” — QN'(f)| < 758.404n2B*/X*, f € N.

Proof of Theorem 2.2.1

By combining Lemmas 2.4.3, 2.4.4, and 2.4.5, we are now ready to prove Theorem 2.2.1.

Basically, we will show that 6 constructed from the two-step gradient descent procedure and 8'°P := (fglob yglob yslob)
are the same point. Then the error bounds follow from the closeness of 0 and 6. First, we show that the signal
x = Z]Z:l ¢ra(fy) and § = (y — %)/ constructed from the second fixed point @ form primal and dual optimal
solutions of (2.8). It suffices to show that the dual polynomial Q( f) = a(f)* Zq satisfies the Bounded Interpolation

Property of Proposition 2.4.1.

1) Showing the Interpolation property.
The Interpolation property has the following equivalences:

Q(fe) =sign(ce), 0 =1,....k <= a(fo)"Z(y — %) = Asign(¢y), 0 =1,....k
— a(fo)?Z(y — A(f)e) = Asign(é), £ =1,...,k

: )
— AD)HZ(y — A(f)e) = A& /|¢). (2.23)

From Lemma 2.4.2,  is the fixed point solution of the map ©(0) = 8 — W*VG(), i.e., O(8) = 6, implying

VG(0) = 0 due to the invertibility of W*. Invoking the explicit expression for VG(0) developed in Appendix A.3,

we get
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R{(A'(f) diag(e)) " Z(A(f)e — )}] H
(2.24)

VG(9) = R{A@) Z(A(D)e —y) + Ae./lel} 0| .
HAB)"Z(A(F)e —y) + Ae./[e]} 0

Then the Interpolation property (2.23) follows from the last two row blocks of (2.24).

2) Showing the Boundedness property.

Following the same arguments preceding Lemma 2.4.3, it is sufficient to show |Q(f)| < 1in N'U M U F\{fo}.
First, since fo might be located in —A or AV, we bound |Q(f)| for f € (—N) U N. The second-order Taylor

expansion of |Q(f)| at f = f, states

QUNI = 1Q(fo) + (f — fo)\Q(fo)I +35 (f fo)?1Q()"
=1+ (f = f)lQUfo)l' + 5 (f fo)?|Q(€)|" for some & € (—=N) UN, (2.25)

where for the second line we used a consequence of the interpolation property. We argue that

Ofo)l = QR(J?O)QR(J?O)A/ + Q1(fo)Qr(fo)' _ R{éo}QR(fo)/:i- ]E{éO}QI(fO)I o
1Q(fo)l |0]|Q(fo)]

The last equality is a consequence of the first row block of (2.24) since R{éo }Qr(fo) +1{é¢0} Q1 (fo) = R{el a(fo)" Z(y—

A(f)&)}. Therefore, it suffices to show that |Q(f)|’ has strictly negative derivative in the symmetric Near Region

f € (=N) UN. By the symmetric arguments, it suffices to show this in /. Since

(Qr(N)Qr(f) +Q1(H)Qr(f)) n Qr(HQr(S)" +1QU) >+ 1Qr(NIIQ1(S)|

QA== BIGE Q(F)]

)

we only need to show that

Qr(NQr(N)" + QU +1Q1(NNIQ:(f)" <0,

which can be obtained by applying Lemma 2.4.3, Lemma 2.4.4, Lemma 2.4.5 and the triangle inequality to control

these three terms Qr(f)Qr(f)", |Q(f)|? and |Q;(f)||Q1(f)" |, respectively.

More precisely, the first term can be bounded by

Qr(HQr(S”
<Qr(NQRN" +1Qr(f) = QRNNQr()" — QR()"| + |QR(NQr()" = QR(N"| + 1Qr(f) = QR(NQR("|
<(0.887594)(—2.24483n%) + (28.7343X* B*~y + 82.5975B* / X *)(140.808n> X * B*~y + 758.404n* B* / X *)

+ (1)(140.808n2 X * B*y + 758.404n>B* / X*) 4 (28.7343X* B*~ + 82.59758* / X*)3.40320n>
< —1.64194n2, (2.26)
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where we have used the SNR condition (2.10): X*B*y < 1073, B*/X* < 10~* in the last line. We now bound the

second term

QU PP =1Q(f) — Q' (NI +1Q (/I +21Q* (AR — Q*'(f)]
<(44.4648nX* B*v + 180.283n.B* / X*)? 4 (0.821039n)? + 2(0.821039n)(44.4648n X * B*~ + 180.283nB* / X *)
<0.780629n2. (2.27)

Finally, the third term can be bounded by

Qi(NNQr(f)"]

<(1QF (NI +1Q() — QAHNIQT"(HI+1Q(H" — ()
<(0.0183836 + (28.7343X* B*y + 82.5975B* / X*))0.113197n> + (140.808n> X * B*~ + 758.404n> B* / X *)
<0.222917n2. (2.28)

From (2.26), (2.27) and (2.28), we have

Qr(A)QrRH)" +1QUF) >+ 1Qr(HQr(f)] < (—1.64194 + 0.780629 + 0.222917)n? < 0,

implying that |Q(f)|” < 0in A. This completes showing |Q(f)|” < 0in (—A") UN and

Q(f)| <1, for fe (—N)UN{fol}. (2.29)

Next, we bound |Q(f)| in Middle Region

QNI <IQ* (N +1Q*(f) — QM| + Q) — Q (/)]
<0.927615 + (39.3557X*B*y + 114.3233*/X*)
<0.978403 < 1, for f € M. (2.30)

Finally, we arrive at an upper bound of |Q(f)| in Far Region:

QNI <IQ (NI +1Q*(f) — QNN +1Q(F) — QM)
<0.734123 + (66.1596 X * B*~y + 162.903B* / X*)
<0.81658 < 1, for f € F. (2.31)

From (2.29), (2.30) and (2.31), we obtain that Q( f) satisfies the BIP property and hence q is a valid dual certificate
that certifies the optimality of X = 25:1 éea( fg) The uniqueness of the decomposition as also certified by q implies
that {fo}5_, = {f£°"}_, and {&}5_, = {Z°P}5_ |, ie., @ and %"°" are the same point.

As the final step, using Lemma 2.4.1, Lemma 2.4.2 and the triangle inequality, we have

16 — 6" < 16 — 0™ + 6™ — 6”[|x < (X* +35.2)70/V2.
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Then the desired results follow from the definition of the norm || - || & and the fact that \/|K"”(0)| > 3.289n2 for
n > 130 by (A.2) and hence 1/,/2[K"(0)] < 1/1/2(3.289) /n < 0.3899/n < 0.4/n. O

2.5 Numerical Experiments

We present numerical results to support our theoretical findings. In particular, we first examine the phase transition

curve of the rate of success in Figure 2.2. In preparing Figure 2.2, k complex coefficients c7, . .., ¢, were generated
uniformly from the unit complex circle such that ¢} ; = c} .. = 1 hence B* = 1. We also generated k£ normalized

frequencies f7, ..., f# uniformly chosen from [0, 1] such that every pair of frequencies are separated by at least 2.5 /n.
Then the signal x* was formed according to (2.6). We created our observation y by adding Gaussian noise of mean
zero and variance o2 to the target signal x*. Let A\ = 2 (recall that A\ = 0.646X*, in Theorem 2.2.1 and hence
x = 0.646X*). We varied x and the Noise-to-Signal Ratio . For each fixed (z, ) pair, 20 instances of the spectral
line signals were generated. We then solved (2.8) for each instance and extracted the frequencies and coefficients. We
declared success for an instance if i) the recovered frequency vector is within y/2n £, distance of the true frequency
vector f*, and ii) the recovered coefficient vector is within 2 ¢, distance of the true frequency vector c*. The rate of

success for each algorithm is the proportion of successful instances.

Success rate

Figure 2.2: Rate of success for line spectral estimation by solving the atomic norm regularized program (2.8).

From Figure 2.2, we observe that solving (2.8) is unable to identify the sinusoidal parameters if < 1 and the
performance of the method is unstable when x is around 1. When z is set to be slightly larger than 1, however,
we almost always succeed in finding good estimates of the sinusoidal parameters as long as zy < ¢ for some small
constant c. This matches the findings in Theorem 2.2.1. Figure 2.2 also shows the constants in Theorem 2.2.1 are a bit

conservative.
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We also run simulations to compare the mean-squared error for our frequency estimate with those for MUSIC
and the MLE, as well as the CRB. The simulation results are listed in Figure 2.3. We emphasize that the MLE is
initialized using the true frequencies and coefficients, which are not available in practice. We focus on the case of two
unknown frequencies and examine the effect of separation. We observe that the atomic norm minimization method
always outperforms MUSIC, with increased performance gap when the frequencies become closer. While the MLE

performs the best, its initialization is not practical.
2.6 Conclusions

This work considers the problem of approximately estimating the frequencies and coefficients of a superposition
of complex sinusoids in white noise. By using a primal-dual witness construction, we have established theoretical
performance guarantees for atomic norm minimization algorithm in line spectral parameter estimation. The obtained
error bounds match the Cramér-Rao lower bound up to a logarithmic factor. The relationship between resolution
(separation of frequencies) and precision or accuracy of the estimator is highlighted. Our analysis also reveals that the
atomic norm minimization can be viewed as a convex way to solve a ¢1-norm regularized, nonlinear and nonconvex

least-squares problem to global optimality.
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Figure 2.3: Performance comparison: Atomic norm minimization (2.8) (labeled as “Atom"), MUSIC, MLE initialized
by the true parameters, and the CRB.

26



CHAPTER 3
A SUPER-RESOLUTION FRAMEWORK FOR TENSOR DECOMPOSITION

This work considers a super-resolution framework for overcomplete tensor decomposition. Specifically, we view
tensor decomposition as a super-resolution problem of recovering a sum of Dirac measures on the sphere and solve it
by minimizing a continuous analog of the #; norm on the space of measures. The optimal value of this optimization
defines the tensor nuclear norm. Similar to the separation condition in the super-resolution problem, by explicitly
constructing a dual certificate, we develop incoherence conditions of the tensor factors so that they form the unique
optimal solution of the continuous analog of /; norm minimization. Remarkably, the derived incoherence conditions
are satisfied with high probability by random tensor factors uniformly distributed on the sphere, implying global

identifiability of random tensor factors.
3.1 Introduction

Tensors provide natural representations for massive multi-mode datasets encountered in many applications includ-
ing image and video processing [52], collaborative filtering [53], array signal processing [54], convolutional networks
design [55,56] and psychometrics [57]. Tensor methods also form the backbone of many machine learning, signal pro-
cessing, and statistical algorithms, including independent component analysis (ICA) [58, 59], latent graphical model
learning [60], dictionary learning [61], and Gaussian mixture estimation [62]. The utility of tensors in such diverse
applications is mainly due to the ability to identify overcomplete, non-orthogonal factors from tensor data as already
suggested by Kruskal’s theorem [63]. This is known as tensor decomposition, which describes the problem of decom-
posing a tensor into a linear combination of a small number of rank-1 tensors. The identifiability of tensor factors is
in sharp contrast to the inherent ambiguous nature of matrix decompositions without additional assumptions such as
orthogonality and non-negativity.

In addition to its practical applicability, tensor decomposition is also of fundamental theoretical interest in solving
linear inverse problems involving low-rank tensors. For one thing, theoretical results for tensor decomposition inform
what types of rank-1 tensor combinations are identifiable given full observations. For another, a dual polynomial is
constructed to certify a particular decomposition, which is useful in investigating the regularization power of the tensor
nuclear norm for tensor inverse problems, including tensor completion, tensor denoising, and robust tensor principal
component analysis. We expect that the dual certificate constructed in this work will play a role in these tensor
inverse problems similar to that of the subdifferential characterization of matrix nuclear norm in matrix completion

and low-rank matrix recovery [64,65].

27



3.1.1 The Tensor Decomposition Inverse Problem

In this work, we focus on third-order nonsymmetric tensors that can be decomposed into a linear combination of
unit-norm, rank-1 tensors of the form u ® v ® w, with the (3, j, k)th entry being w;v;wy. More precisely, consider the

following decomposition of a third-order nonsymmetric tensor

,
_ * ok * *
T=> Nuev,aw. 3.0)
p=1
Here the factors {(uy, vy, wy)}, 1 C R™ x R" x R" might be overcomplete (that is, r is potentially greater
than the individual tensor dimensions n1, ne and ng), non-orthogonal and live on the real unit spheres. Without loss
of generality, we assume that the coefficients A} are positive as their signs can be absorbed into the factors. Tensor
decomposition is the inverse problem of retrieving its rank-1 tensor factors {(uy, vy, wy)};_; from the tensor data
T in (3.1). After retrieving the tensor factors, finding the coefficients {)\; };:1 is simply a linear regression problem.

Since the theory on complex and real tensors are very different, we emphasize that this work focuses on tensors with

real entries and decompositions with real factors.
3.1.2 Our Approach

Tensor decomposition, as a generalization of the matrix singular value decomposition, is extremely challenging.
First, tensor problems themselves are inherently difficult — in fact, most tensor problems are NP hard [66]. Second, we
lack proper theories for basic tensor concepts and operations such as singular values, vectors, and singular value de-
compositions. To address these challenging issues, we view tensor decomposition as a problem of measure estimation
from moments.

First of all, observe that retrieving the decomposition from the observed tensor entries in 7 is equivalent to recov-

ering a weighted sum of Dirac measures

Z)\* u-—u;,v—vyw—w) (3.2)

p?

defined on the product of unit spheres K := S"1 =1 x §72~1 x §"3~1 from its third-order moments

Tz/u@v@wdu*.
K

In most practical scenarios, we are interested in the case where 7 is much smaller than the product ninsens (but can be
significantly larger than individual dimensions n1, no, and n3). Therefore, the decomposition (3.1) is sparse.
Several advantages offered by this point of view are as follows. First, it provides a natural way to extend the /4

minimization in finding sparse representations for finite dictionaries [67] to tensor decomposition. By viewing the set

28



of rank-1 tensors A = {u®@vew : (u,v,w) € K} as a dictionary with an infinite number of atoms, this formulation
allows us to find a sparse representation of 7~ by minimizing the ¢; norm of the representation coefficients with respect

to the dictionary 4. More precisely, we recover p* from the tensor 7~ by solving the following optimization problem

minimize p(K) subject to T = / u@vewdy (3.3)
neM(K) K

where M(K) is the set of (nonnegative) Borel measures on K, and p(K) is the total measure/mass of the set K
measured by the Borel measure 1 € M(K). Second, the optimal value of the total mass minimization defines precisely
the tensor nuclear norm [68, Proposition 3.1], which is a special case of atomic norms [21, Eq. (2)] corresponding to
the atomic set A. The tensor nuclear norm is useful in many tensor inverse problems, such as, tensor completion [52],

robust tensor principal component analysis [69], and stable tensor recovery [70].
3.1.3 Main Results

The main theoretical problem investigated in this work is under what assumptions on the tensor factors { (uy, v, wy)},_1,
the total mass minimization (3.3) returns the tensor decomposition (3.1). Three assumptions, namely, incoherence,
bounded spectral norm, and Gram isometry, will be introduced in this work and our main result will be built upon
them. For ease of exposition, in what follows, these assumptions and the main result of this work will be presented for

square tensors with ny = no = nz = n.

Assumption I: Incoherence. The tensor factors are incoherent, i.e., the incoherence A defined below satisfies

— I (IOgn)
A::rgj;cm;ﬂ.x{\(up,uqﬂ,|<vp,vq>|,|<w >|}— \/ﬁ ) (3.4)

where 7(-) is a polynomial function of its argument®.

Assumption II: Bounded spectral norm. The spectral norms of U := {u{ u:], V = {VT v:}
W = [w{ w;‘} are well-controlled:
r
ma{[ UL VL W < 1+ 0/ 65)

for some constant ¢ > 0.

Assumption III: Gram isometry. The Hadamard product (denoted as ®) of the Gram matrices of U and V satisfies

an isometric condition:

I(UTU) @ (VTV) ~1|| < r(logn)

-5

(3.6)

3Hence 7(log n) is a polylogarithmic function of n, which is o(n¢) for every exponent € > 0.
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where k(-) is a polynomial. Similar bounds hold for U, W, and V, W (without loss of generality with the same
polynomial x(-)).

With these assumptions, we are ready to address our theoretical problem of this work in the following theorem:

Theorem 3.1.1. Suppose the tensor T € R"*"*™ admits a decomposition (3.1) with the factors {(uy, vy, wy)},_;

satisfying Assumptions I, II, Il and

nl7/16

r< (.7)
32¢2,/157(logn)

with the polynomial 7(-) given in (3.4) and the constant c in (3.5). Then for sufficiently large n, the true factors

{(u;7 Vo, W;)};:1 can be uniquely recovered by (3.3) up to the sign ambiguity.

We note that Assumptions I, II and TIT hold with high probability if the tensor factors {(uj, vy, wy)},_; are

generated independently according to uniform distributions on the unit spheres [71, Lemmas 25, 31].

Corollary 3.1.1. If the tensor factors {(u;g7 Vi, W;)};:l are generated independently according to uniform distribu-
tions on the unit spheres, and if r satisfies (3.7), then for sufficiently large n, solving optimization (3.3) is guaranteed

to recover p* with high probability.

We close this section with some comments on Theorem 3.1.1 and Corollary 3.1.1.

Remark 3.1.1. Tensor decomposition using total mass minimization is an atomic decomposition problem [21, Section
2.2], which studies the conditions under which a decomposition in terms of atoms in an atomic set A achieves the
corresponding atomic norm. For example, the singular value decomposition is an atomic decomposition for the set
of unit-norm, rank-1 matrices. As shown in [27], for a large class of atomic sets, only decompositions composed of
sufficiently different atoms are valid atomic decompositions. In particular, a necessary condition for tensor atomic

decomposition is that the incoherence A defined in (3.4) is less than cos(%) [72, Theorem 2]. However, our sufficient

5
incoherence condition (3.4) is still significantly stronger than this necessary condition.

Remark 3.1.2. The tensor decomposition with the smallest number of rank-1 tensors is called a Canonical Polyadic
(CP) decomposition and the corresponding number of rank-1 tensors is the CP-rank of the tensor, or simply the rank
of the tensor. The number of factors r recovered by the optimization (3.3) may be different from the CP rank, which
is called the nuclear rank of the tensor [68, Eq. (4.3)], and the according tensor decomposition is a nuclear rank

decomposition.

Remark 3.1.3. Since r could be as large as O(n'"/16/\/7(logn)) > n (i.e., the number of factors v could be far

more than the dimension n), total mass minimization is guaranteed to recover overcomplete tensor decompositions.

Remark 3.1.4. Assumptions I-III are reasonable since they are satisfied with high probability for tensor factors uni-

formly lying on the unit spheres [71, Lemmas 25, 31]. Moreover, it is well-known that the incoherence for an overcom-
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plete matrix U = [u; u - -+ u,] € R"*" with n < 7 is bounded below: maxy.q |(up, ug)| > |/ 5= [73, Chapter

1.3] and the upper bound in Assumption I is clearly larger than this lower bound for properly defined polynomial 7(-).
Remark 3.1.5. The sign ambiguity is inherent in the problem formulation. In particular, we can replace the factor
(uy, vy, wy) with (apuy, by vy, ¢, wr) without changing the decomposition (3.1), provided that [a, | = [b,| = [c,| = 1
and a,byc, = 1 (there are four such (a,, by, cp) for each p). However, this transformation gives rise to different

measure representations p* of the decomposition (there are 4" of them). Therefore, the optimal solutions to (3.3) can

only be unique up to this form of ambiguity.

Remark 3.1.6. It is worth commenting on the relationship between Theorem 3.1.1 and the classical Kruskal’s unique-
ness theorem for tensor decompositions. The Kruskal rank of matrix U of size n X r is defined as the maximal number
ku such that any ky columns of U are linearly independent. Kruskal’s theorem states that if  in the expansion (3.1)

satisfies

r < -(ku+kv+kw)—1,

N | =

then 7~ has a unique rank-r decomposition (up to permutation and sign ambiguities). Since the inequalities ky < n,
kv < n,and kw < n are achievable for generic matrices U, V and W in R™"*", Kruskal’s theorem ensures an unique
3

decomposition involving up to r = 3n — 1 rank-1 (generic) factors. Note that our result holds for 7 up to the order

n'7/16 which can be significantly larger than %n for large n. Recently, the Kruskal rank 7 is improved to order O(n?)

in [74, Corollary 6.2]. Our result on 7 still cannot match this bound. One might wonder whether Theorem 3.1.1 is
trivial given the uniqueness of the decomposition. The caveat here is that the uniqueness holds when the decomposition
involves exactly r terms, while the tensor nuclear norm, i.e., the optimal value of (3.3), can potentially be achieved by
decompositions involving more than r, even an infinite number of terms. In fact, the formulation takes into account

decompositions with continuous supports. Theorem 3.1.1 excludes such possibility under the given conditions.

Remark 3.1.77. Corollary 3.1.1 will also be justified by numerical experiments in Section 3.5. In the experiments, we
randomly sampled vectors on the unit spheres to generate the true factors of the tensor and then applied our proposed

approach to decompose it. We will see that in this case, we can exactly recover the factors even for r > n.
3.1.4 Prior Art and Inspirations

Despite the advantages provided by tensor methods in many applications, their widespread adoption has been slow
due to inherent computational intractability. Although the decomposition (3.1) is a multi-mode generalization of the
singular value decomposition for matrices, extracting the decomposition from a given tensor is a nontrivial problem
that is still under active investigation (cf. [75,76]). Indeed, even determining the rank of a third-order tensor is an NP-

hard problem [66]. A common strategy used to compute a tensor decomposition is to apply an alternating minimization
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scheme. Although efficient, this approach has the drawback of not providing global convergence guarantees [75].
Recently, an approach combining alternating minimization with power iteration has gained popularity due to its ability
to guarantee the tensor decomposition results under certain assumptions [71,77].

Tensor decomposition is a special case of atomic decomposition which is to determine when a decomposition with
respect to some given atomic set A achieves the atomic norm. For finite atomic sets, it is now well-known that if
the atoms satisfy certain conditions such as the restricted isometry property, then a sparse decomposition achieves the
atomic norm [78]. For the set of rank-1, unit-norm matrices, the atomic norm (the matrix nuclear norm), is achieved
by orthogonal decompositions [65]. When the atoms are complex sinusoids parameterized by the frequency, Candes
and Fernandez-Granda showed that atomic decomposition is solved by atoms with well-separated frequencies [13].
Similar separation conditions also show up when the atoms are translations of a known waveform [79, 80], spherical
harmonics [81], and radar signals parameterized by translations and modulations [82]. Tang and Shah in [72] em-
ployed the same atomic norm idea but focused on symmetric tensors. In addition, the result of [72] does not apply to
overcomplete decompositions. Under a set of conditions, including the incoherence condition ensuring the separation
of tensor factors, this work characterizes a class of nonsymmetric and overcomplete tensor decompositions that achieve
the tensor nuclear norm ||77|...

Another closely related line of work is matrix completion and tensor completion. Low-rank matrix completion and
recovery based on the idea of nuclear norm minimization has received a great deal of attention in recent years [64, 65,
83]. A direct generalization of this approach to tensors would have been using tensor nuclear norm to perform low-
rank tensor completion and recovery. However, this approach was not pursued due to the NP-hardness of computing
the tensor nuclear norm [66] and the lack of analysis tools for tensor problems. The mainstream tensor completion
approaches are based on various forms of matricization and application of matrix completion to the flattened tensor [52,
84,85]. Alternating minimization can also be applied to tensor completion and recovery with performance guarantees
established in recent work [86]. Most matricization and alternating minimization approaches do not yield optimal
bounds on the number of measurements needed for tensor completion. One exception is [87], which used a special
class of separable sampling schemes.

In contrast, we expect that the atomic norm, when specialized to tensors, will achieve the information theoretical
limit for tensor completion as it does for compressive sensing, matrix completion [83], and line spectral estimation
with missing data [16]. Given a set of atoms, the atomic norm is an abstraction of ¢;-type regularization that favors
simple models. Using the notion of descent cones, Chandrasekaran et al. in [21] argued that the atomic norm is the
best possible convex proxy for recovering simple models. Particularly, atomic norms are shown in many problems be-
yond compressive sensing and matrix completion to be able to recover simple models from minimal number of linear
measurements. For example, when specialized to the atomic set formed by complex exponentials, the atomic norm

can recover signals having sparse representations in the continuous frequency domain with the number of measure-

32



ments approaching the information theoretic limit without noise [16], as well as achieving near minimax denoising
performance [17]. Continuous frequency estimation using the atomic norm is also an instance of measure estimation

from (trigonometric) moments.

The rest of the chapter is organized as follows. In Section 3.2, we connect tensor decomposition to atomic decom-
position, apply duality theory to derive a sufficient condition for exact decomposition, and describe extensions of the
framework to tensor inverse problems. Section 3.3 presents computational methods to solve the tensor decomposition.
We then proceed to develop a proof of Theorem 3.1.1 in Section 3.4. In Section 3.5, we validate our theory using

numerical experiments. Additional proofs are given in the appendix.

3.2 Tensor Decomposition, Atomic Norms, and Duality

3.2.1 Tensor Decomposition as an Atomic Decomposition

In this work, we view tensor decomposition in the frameworks of both atomic norms and measure estimation. The
unit sphere of R” is denoted by S"~!, and the direct product of three unit spheres S"~! x S~ x §"~! by K. The
tensor atomic set is denoted by A = {u ® v ® w : (u, v, w) € K} parameterized by the set K, where u ® v ® w is
a rank-1 tensor with the (4, j, k)th entry being u,v;wy. For any tensor T, its atomic norm with respect to A is defined

by [21, Eq. (2)]

1T ||la=inf{t: T €tconv(A)}

= inf { DN T =) M, @ v, @wy, Ay > 0, (1, vy, Wy) € K}, (3.8)

p p
where conv(.A) is the convex hull of the atomic set .4, and a scalar multiplying a set scales every element in the set.
Therefore, the tensor atomic norm is the minimal /; norm of its expansion coefficients among all valid expansions in
terms of unit-norm, rank-1 tensors. The atomic norm || 7 || 4 defined in (3.8) is also called the tensor nuclear norm and
denoted by ||T ||« in [68, Eq. (2.7)]. We will use these two names and notations interchangeably in the following. The
way of defining the tensor nuclear norm is precisely the same as that of defining the matrix nuclear norm.

We argue that the two lines in the definition (3.8) are consistent and are also equivalent to (3.3) as follows. Since
conv(A) ={T : T = [puedvewdupue MK),nK) < 1}, the first line in the definition (3.8) implies that
|| 77]|.4 is equal to the optimal value of (3.3). Compared with the measure optimization (3.3), the feasible region of the
minimization defining the atomic norm in the second line of (3.8) is restricted to discrete measures. However, these
two optimizations share the same optimal value as a consequence of Carathéodory’s convex hull theorem, which states
that if a point x € R4 lies in the convex hull of a set, then x can be written as a convex combination of at most d + 1
points of that set [88, Theorem 2.3]. Since T~ € || T ||.4 conv(A) = conv(||T||.4.A), T can be expressed as a convex

combination of at most n® + 1 points of the set ||77|| 4.4, implying that the optimal value is achieved by a discrete
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measure with support size at most n® + 1. This argument establishes that the two lines in (3.8) as well as the measure
optimization (3.3) are equivalent. Therefore, the atomic norm framework and the measure optimization framework are
two different formulations of the same problem, with the former setting the stage in the finite dimensional space and
the latter in the infinite-dimensional space of measures.

Given an abstract atomic set, the problem of atomic decomposition seeks the conditions under which a decompo-
sition in terms of the given atoms achieves the atomic norm. In this sense, the tensor decomposition considered in this

work is an atomic decomposition problem.
3.2.2 Duality

Duality plays an important role in analyzing atomic tensor decomposition. We again approach duality from both
perspectives of atomic norms and measure estimation.

First, we find the dual problem of the optimization problem (3.3). Given Q,7T € R"*"*" we define the tensor
inner product (Q,7T) := Zl ik QijxTi 1. Standard Lagrangian analysis shows that the dual problem of (3.3) is the
following semi-infinite program, which has an infinite number of constraints:

maximize (Q,T)

QeRanXn
subjectto (Q,u@vew) <1,V(u,v,w) eK (3.9)

The polynomial ¢(u,v,w) := (Q,u@ Vv w) =), ik Qijrusvjwy corresponding to a dual feasible solution Q
of (3.9) is called a dual polynomial. The dual polynomial associated with an optimal dual solution can be used to

certify the optimality of a particular decomposition, as demonstrated by the following proposition.

Proposition 3.2.1. Suppose the set of rank-1 tensors {u; @ vy @ w7, given in (3.1) is linearly independent. If

there exists a dual solution Q@ € R"*™*™ to (3.9) such that the corresponding dual polynomial q : K — R

g(u,v,w) = (Q,uevew) (3.10)

satisfies the following Boundedness and Interpolation Property (BIP):

q(uy, vy, wy) =1 forp € [r] (Interpolation) (3.11a)
g(u,v,w) <1 inK\ S* (Boundedness) (3.11b)

where [r] :={1,...,r} and
§* = {(apug, byvy, opwy) slay| = [byp| = legl = apbpe, = 1,p € [r]}, (3.12)

then p* given in (3.2) is the unique optimal solution to (3.3) up to sign ambiguity.
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Proof. In view of (3.9), any Q that satisfies the BIP in (3.11) is a dual feasible solution. We also have

<QvT>=<QvZA;u;®v;®w;>=ZA;<Q,u;®v;®w ZA (u), v, W) = i (K)
p=1 p=1

establishing a zero-duality gap of the primal-dual feasible solution (u*, Q). As a consequence, p* is a primal optimal
solution to (3.3) and Q is a dual optimal solution to (3.9).

For uniqueness, suppose /i is another primal optimal solution to (3.3). If (K \ S*) > 0, then

w0 =@ =(e [uevewdi) = 3 puvewitnvin+ [ gtuviwd

(u,v,w)eS* K\S*

<i(S%) +/u<\5* 1di
—i(K)

contradicting the optimality of i. So all optimal solutions are supported on S*. To remove the sign ambiguity, we can
assume an optimal solution is supported on {uy ® vy @ wy}7_;. Since {u; ® v; @ wy}7_; is linearly independent
by assumption, the coefficients A7 can be uniquely determined from solving the linear system of equations encoded in

T = Zp 1 Apuy @ v ® wp. This proves the uniqueness (up to sign ambiguity). O

3.2.3 Dual Certificate and Subdifferential

The dual optimal solution Q satisfying the BIP is called a dual certificate, which is used frequently as the starting
point to derive several atomic decomposition and super-resolution results [13, 16,72, 81]. In Section 3.4, we will
explicitly construct a dual certificate to prove Theorem 3.1.1. In this subsection, we will relate the dual certificate
with the subdifferential of the tensor nuclear norm.

First, the dual norm of the tensor nuclear norm, i.e., the tensor spectral norm, of a tensor Q is given by

Q]l:= sup (Q,T)= sup (Q,uRVRw).

TTN<1 (u,v,w)eK

The equality is due to the fact that the atomic set A are the extreme points of the unit nuclear norm ball {7 : || T ||. <

1}. In light of the spectral norm definition, we rewrite the dual problem (3.9) as

ga}glmlze (Q,T) subjectto |Q] <1 (3.13)
e nxnxXn

which is precisely the definition of the dual norm of the tensor spectral norm, i.e., the tensor nuclear norm.

The subdifferential (the set of subgradients) of the tensor nuclear norm is defined by [73, Definition B.20]

A |«(T) ={Q eR"™™ ™ |R|l« 2 || T+ + (R—T,Q),forall R € R"*"*"} (3.14)
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which has an equivalent representation [89, Section 1]

- [I(T) ={QeR™™ ™ |T|. =(2,T), Il <1}. (3.15)

For 7 having an atomic decomposition given in (3.1), it can be established that the defining properties of subdif-

ferential (3.15) are equivalent to

(Quy®vy@wr) =1, forp € [r] (3.16a)
(Q,uevew) <1, for(u,v,w) e K (3.16b)

We recognize that the BIP in (3.11) is a strengthened version of the subdifferential conditions (3.16). Therefore,
a dual certificate, i.e., any Q satisfying the BIP, is an element of the subdifferential || - ||.(7"). The BIP in fact
means that Q is an interior point of 9| - || (7). Our proof strategy for Theorem 3.1.1 is to construct such an interior
point in Section 3.4. This is in contrast to the matrix case, for which we have an explicit characterization of the
entire subdifferential of the nuclear norm using the singular value decomposition (more explicit than the one given
in (3.15)). More specifically, suppose X = UXV T is the (compact) singular value decomposition of X € R™*"
with U € R™*" 'V € R™*" and ¥ being an r X r diagonal matrix. Then the subdifferential of the matrix nuclear

norm at X is given by [65, Eq. (2.9)]

A [«(X) ={UVT + W:UTW =0,WV =0, |W|| < 1}.

It is challenging to obtain such a characterization for tensors unless the tensor admits an orthogonal rank-1 decompo-

sition.
3.2.4 Extension: Regularization Using Tensor Nuclear Norm

Independent from practical considerations, we investigate tensor decomposition for theoretical reasons. Similar to
regularizing matrix inverse problems using the matrix nuclear norm, the tensor nuclear norm can be used to regularize
tensor inverse problems. Suppose we observe an unknown low-rank tensor 7 through the linear measurement model
y = B(T™), we would like to recover the tensor 7™ from the observation y. For instance, when B samples the
individual entries of 7%, we are looking at a tensor completion problem. We propose recovering 7~ by solving

minimize |7 ||« subject to y = B(T) (3.17)
Te]RanXn

which favors a low-rank solution. To establish recoverability, we can construct a dual certificate Q of the form B*(\),
whose corresponding dual polynomial satisfies the BIP. Here B* is the adjoint operator of B. When the operator B

is random, the concentration of measure guarantees that we can construct a dual certificate B*(A) that is close to
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the one constructed in the full data case. This fact can then be exploited to verify the BIP of B*(\) and to establish
exact recovery. When the atoms are complex exponentials parameterized by continuous frequencies, this strategy
is adopted to establish the compressed sensing off the grid result (the completion problem) [16] building upon the
dual polynomial constructed for the super-resolution problem (the full data case) [13]. It shows that the number of
random linear measurements required for exact recovery approaches the information theoretical limit. In addition to
exact recovery from noise-free measurements, the dual certificate for the full data case can also be utilized to derive
near-minimax denoising performance [17, 22], approximate support recovery [1, 2, 28], and robust recovery from
observations corrupted by outliers [19,90]. We expect that the dual polynomial constructed for tensor decomposition
will play a similar role for tensor inverse problems, enabling the development of tensor results parallel to their matrix
counterparts such as matrix completion, denoising, and robust principal component analysis. We leave these as our

future work.
3.3 Computational Methods

Our main theorem shows that when the tensor factors {(wj, v, wr)}7_; satisfy Assumptions I, II, III, we can
recover the tensor decomposition of 7 up to the order of n'7/16 by solving the convex, infinite-dimensional optimiza-
tion (3.3). However, as a measure optimization problem, optimization problem (3.3) is not directly solvable on a

computer. In this section, we propose two computational methods, which are respectively based on:
1. The Burer-Monteiro factorization approach [6, 8,91-93];
2. The Lasserre hierarchy [94,95].

3.3.1 The Burer-Monteiro Factorization Approach

When dealing with convex programs involved with a large matrix variable X, Burer and Monteiro in [91] proposed
factoring the variable X into the product of two smaller rectangular matrices X = UV T and then treating them as the
new optimization variables. As a typical example, Recht et al. in [65] used this approach to get that the matrix nuclear
norm for any X € R™ *"2 equals the optimum value of the following optimization

minimize

1
o inimize > (lU|1% + || V||%) subject to X = UV

with 7 > rank(X). Similarly, when applying this idea to the tensor nuclear norm, we have the following result.

Proposition 3.3.1. Suppose the decomposition that achieves the tensor nuclear norm ||T ||« involves r terms and

7 > 1, then || T ||« is equal to the optimal value of the following optimization:
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mlnnnlze Z (laplI3 + lIvplI3 + l[wpll3)

{up,vp,wp} = 1p

subject to T = Zup®vp®wp (3.18)

p=1
Proof. Suppose the tensor nuclear norm is achieved by the decomposition T~ = Z;:1 Ayuy @ vy @wy. Then we note
that {)\;1/ 3 uy, /\;1/ 3v;, )\;1/ 3w; r_, forms a feasible solution to (3.18) when 7 = r. When 7 > r, we can zero-pad

o 7
the remaining factors {uy, v,, w}

p=r+1- The objective function value at this feasible solution is E(Zp:1 3\,) =

7| - This shows that ||7||. is greater than the optimal value of (3.18).
To show the other direction, suppose an optimal solution of (3.18) is {u,, v,,, Wy, }7_;. Define A, := |lu, |||V, [l2[| W |2,

for p € [7]. Then,

Vv W
A ® L —2L
Z ”|\up||2

PAPA£O [Vpllz w2’

Finally, by definition of the tensor nuclear/atomic norm (3.8), we have

IThe< D A= Z/\p = leupll [Vpll2llwpll2 < Z [llupll3 + voll3 + lws 3],

P:Ap#0

which is the optimal value of (3.18). Therefore, the optimal value of (3.18) is equal to || 7|« O

Proposition 3.3.1 implies that when an upper bound on 7 is known, we can solve the nonlinear (and non-convex)
program (3.18) to compute the tensor nuclear norm (and obtain the corresponding decomposition). Numerical simu-
lations suggest that the nonlinear program (3.18), when solved using the ADMM approach [96], has superior perfor-
mance. Although in theory only local optima can be obtained for the nonlinear programming formulation (3.18), in
practice for tensors with random factors, our experiments show that the decomposition can almost always be recovered
by the ADMM implementation of (3.18).

Remark 3.3.1. Proposition 3.3.1 can be generalized to compute the nuclear norm of an arbitrary-sized tensor, including
the matrix — a 2nd-order tensor. Basically, for a general dth-order tensor T~ = 22:1 uz(;l) ®-® uéd), the nuclear

norm |7 ||« is given by the optimum value of the following program

7

1
iz 33 (ISP + @ g + - + g3
{up ', }p 1p—1
subject to T = Z ugl) ® u](f) R ® u](gd) (3.19)
p=1
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3.3.2 The Lasserre Hierarchy

As a special moment problem, the optimization problem (3.3) can be approximated increasingly tightly by the
semidefinite programs in the Lasserre relaxation hierarchy [94, 95]. The Lasserre hierarchy proposes that instead
of optimizing problem (3.3) with respect to the measure p, we can equivalently optimize the (infinite-dimensional)

moment sequence corresponding to fi:

m = [mg] = /K €2 u(de).

Here the combined variable £ = [u” v w']T € R3", the multi-integer index = (a1, . . ., a3, ), and the monomial

£ = 71657 - - €53, To get a finite-dimensional relaxation with a relaxation order of d, we truncate the infinite-
dimensional moment sequence m to a finite-dimensional vector my, that includes moments up to order 2d, i.e., to
3n

retain moments mq with || = > .7, a; < 2d. Three sets of linear matrix inequalities should be satisfied for a vector

my to be the 2dth-order truncation of a moment sequence on K:

e First, since the moment matrix here is related with some positive measure (, i.e.,

1 11"
&1 &1
Mjq(mag) ;:/ . ) du,
K| : :
4.1 15,

it is positive semidefinite. The notation suggests Mg (myg) is a (linear) function of the truncated moment

vector mog.

e Second, since the tensor entries are third order moments of the measure, elements of ms4 corresponding to these

moments are known when d > 2, giving rise to the second set of linear equations.
e Third, the fact that y is supported on K leads to the last set of linear constraints.

Combined with the fact that the objective function 1(K) = [i. 1dp = my4(1), the final relaxation is a semidefinite
program. We refer the reader to [95, Section 7] and [72, Section 5.2] for more discussions. Apparently, increasing the
relaxation order d yields tighter approximations to the original optimization (3.3). Tang and Shah in [72] showed that
for symmetric tensor decomposition, in the undercomplete case and under a soft-orthogonality condition, the smallest
semidefinite program in the relaxation hierarchy is tight. Remarkably, Nie in [95] provided detailed convergence
analysis of using the Lasserre hierarchy for computing tensor nuclear norms of both symmetric and nonsymmetric

tensors over both real and complex fields.
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3.4 Proof of Theorem 3.1.1

The proof of Theorem 3.1.1 relies on the construction of a dual polynomial that satisfies the Boundedness and In-
terpolation Property (3.11). The constructed dual polynomial is also essential to the development of tensor completion

and denoising using the atomic norm approach.
3.4.1 Outline of the Proof

First of all, we apply the minimum-energy strategy to construct a candidate dual polynomial q. To show the
constructed dual polynomial satisfies the BIP (3.11), we partition K into the far region (analyzed by Lemma 3.4.4)
and the near region. For ease of analyzing the near region, we use an angular parameterization to convert it to the
angular near region, which is covered by the vertex region (analyzed by Lemma 3.4.6) and band region (analyzed by
Lemma 3.4.7). The proof of Theorem 3.1.1 is completed by combining the far and near regions. We summarize this

in Figure 3.1.

Far-Region
Control by
Lemma 4
Divide K into Vertex-Region
Far and Near Control by
Regions Lemma 6
Near-Region
Control by
Angular
Transform
Band-Region
Control by
Lemma 7

Figure 3.1: An outline of the proof of Theorem 3.1.1.

3.4.2 Minimal-Energy Construction of Pre-certificate

Since the BIP in (3.11) (especially the Boundedness property (3.11b)) is hard to enforce directly, we start from a

candidate dual certificate or pre-certificate Q in the subdifferntial set 9|7 ||. defined by (3.16):

(Quy®vy@wy) =1, forp € [r]
(Q,uevew) <1, for(u,v,w) e K

which essentially characterizes the optimal solution set of following optimization
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maximize (Q, U v @ w) (3.20)
(u,v,w)eK

Then applying the Karush-Kuhn-Tucker (KKT) conditions to the constrained optimization (3.20), we can further relax

the subdifferential conditions (3.16) to a set of linear constraints.
Lemma 3.4.1. The following conditions are necessary for (3.16):
Y Qusnvp(i)wi(k) = up(i), Vi € [n],Vp € [1];
ik
> Quap(i)wi(k) = v;(j), Vi € [n],¥p € [r];
ik
> Qi (i)vy(j) = wy(k), Vi € [n],Vp € [r]
,J

or in tensor notation

QXoVy X3Wy = uy, Vp € [r];
Qxuyxzw, = vy, Vp € [r]; (3.21)
QX upxovy = wi Vp € [r]

where { X} are the k-mode tensor-vector product [76] whose definitions are apparent from context.

The proof of Lemma 3.4.1 is given in Appendix B.1.

Apparently, the subdifferntial conditions (3.16) is necessary for the BIP (3.11), but generally not sufficient, by
comparing the second line of (3.16) and the Boundedness Property (3.11b). Indeed, as we argued before, any Q
satisfying the BIP is an interior point of the subdifferential 0| - ||..(7"). To satisfy the Boundedness Property (3.11b),

we further minimize the energy ||Q||% = >, " ij & in the hope that this will push ¢(u, v, w) towards zero such that
Q is an interior point of 9| - ||.(7"). Thus, we propose solving the following minimum-energy problem to obtain a

pre-certificate:

1
miQOize §||Q||§ subject to (3.21) (3.22)

Lemma 3.4.2 (Explicit form of the pre-certificate). The solution of the least-norm problem ( 3.22) has the form
(normal equation)

Q=) (a}@v;@w,+uy @B, W) +u;® v, a7 (3.23)
p=1

with the unknown coefficients {a;, ﬁ;,'y;}gzl being chosen such that Q in (3.23) satisfies (3.21). So we get an

explicit form of a pre-certificate
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qg(u,v,w) =(Q,u®vew)

= > lag w){vy,v)(wp, w) + {up, u)(B5, v){(w), w) + (up, u) (v}, v) (75, w)]. (3.24)

The proof of Lemma 3.4.2 is given in Appendix B.2.
To obtain some intuition of what these dual-polynomial coefficients {a;, ,8;, 'y;};:l would look like, let us as-
sume {uy}7 4, {vy}7_1, {w}},_; are almost orthogonal and plug the explicit form of Q (3.23) into the first equation

in (3.21)

oo +wy (B, vy) +up (v, W) . (3.25)

Then multiplying u;T on both sides gives

(o, up) + (B, vy) + (75, wy) = 1. (3.26)

Finally combining (3.25) and (3.26) together with the symmetry property of (3.23), we get these coefficients { o, ﬂ;, Vi p=1
are located approximately at {uy/3,v7/3, wr/ 3};:1. The accurate description of this phenomenon is given by the

following lemma with the proof listed in Appendix B.3.

Lemma 3.4.3 (Control the dual polynomial coefficients). Under Assumptions Il and III together withr = o(n?/k(logn)?),

the following estimates are valid for sufficiently large n:

! i
‘A ~ 35U < 2n(logn) (n n Cﬁ) ’
. Vi
HB - gV < 2x(logn) (n + Cnlﬁ) :
: Vi
‘ € gW < 2x(logn) (n + Cnlf’)
where
A: [ai(a 7a:] 7U: [u{7 7-u::l’
B= [ﬁ;, ,5:] ,V = [vi... ,V:];
C = [7’1(7 ,'7:] ,W = [Wf’ ,W:]
and the norm || - || is the matrix spectral norm.

3.4.3 Far Region

For a parameter 6 € (0, 1), the far region is defined by
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F(9) := ﬂ{(u,v,w) eK: |{u, u?,)\ <dor |<v,v;>| <dor |<w,w;>| <6}, (3.27)

p=1

which consists of points (u, v, w) in K that are far away (in the angular sense) from

S* = {(£u}, £vi,£wh) ip=1,...,7} (3.28)

in at least one coordinate of (u, v, w). For n = 3 and r = 2, the far region projected onto the unit sphere {u : ||ul|s =

1} is shown in Figure 3.2.

Figure 3.2: Projection of the far region in the u coordinate. The blue band represents the region {u : [(u,uy)| < ¢}
that is far away from uj, while the green region {u : |(u,u3)| < d} is the far-region associated with u}. The far
region is their intersection ﬂfj:l{u : [{u, uy)| < 4}, consisting of the two black diamonds.

Far-Region Bound. Instead of bounding the dual polynomial ¢ directly, we will bound its absolute value |¢q|. To

obtain some intuition of how to bound it, we rewrite the explicit form (3.24) as follows

q(u,v,w)

- 1 * 1 * * * * * 1 *
= Z {(a; — gu;, u) (v, v)(wy, w) + (uy, u)(8; — gvp,v> (Wi, w) + (upy, u) (v, v)(v) — gwp,w) (3.29)
p=1

+ ) (up,up(vi, vi(wh, w). (3.30)
p=1

The main idea is first using the closeness of {a;, 3,5 },—; and {uy/3,v5 /3, wr/3}7_; to bound (3.29) and then
using angular-distance between F(0) and (uy, vy, wy), Vp to bound (3.30).

The accurate argument is made by the following lemma with the proof given in Appendix B.4.
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Lemma 3.4.4 (Far-region bound). Under Assumptions I, II, I1l, if r < n'-?> and r < 55— for 6 € (0, 5], then for

sufficiently large n, we have |q(u,v,w)| < 1in F(9).
3.4.4 Near Region

For the union of the far and near regions to cover the entire region K, we define the near region as

N@) =K\ F() = [ J{u,v,w) € K: [(wh, )] 2 3, |[(v3,v)| = 8, [(wh, w)| = 6} (3.31)
p=1

using De Morgan’s Law. One can also treat the whole near region as a union of all individual ones

N(©) = [JNo(0)

p=1

with each individual near region defined by

Np(8) == {(u,v,w) € K: [(uy, u)| > 9, [(v}, V)| >4, [{w,, w)| >} (3.32)

which is composed of all the points that is closed to at least one point in S* in all coordinate of (u, v, w). For n = 3,

r = 2, we plot the near region N7 (6) projected onto the sphere {u : ||ul|z = 1} in Figure 3.3.

Figure 3.3: The two yellow spherical caps form the near region A7 (8) around the point (u}, v}, w}) projected onto
the u coordinates. N>(4), which is not shown here, consists of another two spherical caps. The union of A (4), N2(9)
and the far region F(d) shown in Figure 3.2 will cover the entire sphere {u : ||u|| = 1}.

In order to show the dual polynomial satisfying the BIP in the entire near region A/ (§), we use the “Divide-and-
conquer"” idea to bound the dual polynomial in each individual near region \V,, () for p € [r]. The main technique used

to control each individual near region is applying angular parameterization to each individual near region.
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3.4.5 Angular Parameterization

Angular Parametrization of Near Region. As the domain K is essentially a direct product of spheres, we re-
parameterize each individual near region V,,(9) in the angular sense. Without loss of generality, let us consider p = 1.

Pick (x,y,z) € Ksuchthatx L uj,y L vi,z L w7 and consider the parameterized points

(u(61),v(02),w(03)) € K

with

u(fy) = uj cos(f1) + xsin(6;),
v(f2) = vj cos(f2) + ysin(ba), (3.33)
w(f3) = wi cos(f3) + zsin(fs).

When 6 ranges from 0 to 7, u(6;) traces out a 2D semi-circle that starts at u}, passes through x, and finally reaches

—uj; while for a fixed 6; € [0, 7], the set |J {u(0;)} parameterizes all the points on S"~! having an angle of

xluj
61 with uy. The same properties hold for v(62) and w(f3). This parametrization projected onto the u coordinate is

shown in Figure 3.4.

=-Uu

*
1

Figure 3.4: Parameterization of points on the unit sphere for u.
In fact, using this angular parametrization, the individual near region A7 (d) in (3.32) can be expressed as

N(8) = U {(u(61),v(02),w(6s)) : | cos(6;)] > 6,6; € [0,7],i =1,2,3}. (3.34)

(x,y,z):xLuf,ylv} zlw}

Proposition 3.4.1 (Angular near region). Forany 6 € (0, 1), the near region N1(0) is contained in the following set

N1(5) C U {(11(91),V(02),W(03)) : (91,92,03) S N(é)} (335)

(x,y,z):xLluf,yLv],zlw}
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with the angular near region N(0) defined by

N(b) := {(01,92,93) L0, [og - 5] U [g +o, w] i= 1,2,3} . (3.36)

Proof. Since the function | cos(0)| is symmetric at 7 on the interval [0, 7] and is decreasing on [0, 7/2], we know
that {0 : |cos(0)| > 6} N[0, 7] = [0,arccos(d)] U [ — arccos(d), 7]. Note that arccos(d) = § — arcsin(d) and

d < arcsin(d), so we get {6 : | cos(0)| > 6} N[0, 7] C [0, 5 —0]U[F +6, w]. The inclusion (3.35) follows from (3.34)

immediately. O

The angular near region N(0) contains total eight cubes with side length 7 — 0, located at the eight corners of the
cube [0, 7] x [0, 7] x [0,7]. Moreover, one can see that the smaller the parameter 0 is, the larger the angular near
region N(¢) will be. In particular, when 0 approaches to zero, the angular near region N(J) becomes the whole cube

N(0) = [0, 7] x [0, 7] x [0, 7]. The angular near region N(9) is plotted in Figure 3.5.

(m, m,m)

(0, m, )

(0,0, m),

(m,m,0)

(0,0,0) (m,0,0)

Figure 3.5: The eight gray cubes of side-length /2 — § at the corners form the angular near region N(J).

Angular Parametrization of Dual Polynomial. Evaluating the dual polynomial ¢(u, v, w) at (u(6;),v(62), w(6s3))

in (3.33), we get the angular dual polynomial F'(6;,602,65) := q(u(61),v(62), w(63)) as

F(61,02,05) = (u{, v, wj)cos(6;) cos(fz) cos(63)
+ q(uj, vy, z) cos(6q) cos(f2) sin(f3)
+ g(uj,y,w7) cos(6;) sin(f2) cos(63)
+ q(x, vy, wi)sin(61) cos(f2) cos(f3)
+ q(uj,y, z) cos(;) sin(fs) sin(63)
+ q(x,v7,z)sin(61) cos(62) sin(fs)
+ q(x,y,w7) sin(01) sin(6s) cos(63)
+ q(x,y,2)sin(f;) sin(fs) sin(63).
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Among these 8 terms, the first term is cos(6; ) cos(f2) cos(f3) since g(uy, v, wy) = 1. The next three terms involving

one sine function are zero as, for example,

.
q(ui,vi,z) = Qxjujxovixsz = wixzz=w] z=0,

where we have used () xuj x2v] = wi and the third equality of (3.21). Hence, we get a more concise form of F":

F (01,04, 05) = cos(01) cos(f2) cos(03) + g(ul,y, z) cos(f1) sin(hs) sin(f3)
+ q(x,v7,z)sin(61) cos(b2) sin(f3)
+ q(x,y, w7) sin(6;) sin(62) cos(63)
+ q(x,y,2)sin(f; ) sin(z) sin(6s).

(3.37)

By further bounding the other quantities ¢(u},y,z), ¢(x,v*,z), q(x,y,w7) and ¢(x,y,z), we get the following

lemma to uniformly upper-bound F'(6;, 62, 03) with the proof given in Appendix B.5.

Lemma 3.4.5 (Uniform upper bound of F). Under Assumptions I, I, IlI, if r < n*2>=1-57 with r. € (0, %), then

for sufficiently large n, we have

|F'(01,02,05)] < |cos(f1)cos(2) cos(f3)| + | sin(fq) sin(f2) sin(bs)| + gT(log n)yn~"c. (3.38)
3.4.6 Near-Region Bound

Angular Boundedness and Interpolation Property. By Proposition 3.4.1, a sufficient condition for the BIP (3.11) to
hold in the individual near region N7 (4), is the following Angular Boundedness and Interpolation Property (Angular-

BIP):

F(01,02,05) = 1in S* (Angular Interpolation) (3.39a)
F(01,02,05) < 1inN(§) \ S* (Angular Bounedness) (3.39b)

with S* := {(0,0,0), (0,7, ), (7, 0,7), (w,7,0)} such that u(f;) ® v(f2) ® w(fs) = uf ® vi ® wj for any
(61,02,03) € S*.

Similar as before, the Angular Interpolation property (3.39a) is a consequence of the construction process. In the
rest of the chapter, we will focus on showing the Angular Boundedness property (3.39b). Specifically, we will control
the angular dual polynomial F' in both the vertex region and band region and then show their union covers the angular

near region N(J).

Vertex Region. The vertex region, denoted by N, (,), is defined as the union of the eight small cubes all with side
length 6, in 8 corners of the cube [0, 7|3, We plot the vertex region N, (8, ) in Figure 3.6. Comparing with the definition

of the angular near region N(-), the vertex region is also an angular near region but with a different parameter:
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—68,). (3.40)

Without loss of generality, we can always assume the vertex region N,,(4,,) is included in the angular near region N(§);

otherwise, we only need to show the Angular-BIP holds in N, (d,,). This assumption together with (3.40) implies

6y < T _5. (3.41)

Note that 7/2 — ¢ is the side length of the corner-cubes in N(4).

Vertex-Region Bound. To control the angular dual polynomial F in the vertex region N,,(d, ), we further classify the

eight small cubes in N, (d,) into two groups depending on if their vertices are in S* or not.

(m, T, M)

0,7, 1) .

0,0,m) A

(0,0,0) (m,0,0)

Figure 3.6: The eight colored cubes of size d, x 0, X §, form the vertex region N,,(d,): the red ones are corresponding
to the vertexes in S* while the blue ones are corresponding to other vertexes in the cube. Note that these colored
corner-cubes are possibly much smaller than those gray ones in Figure 3.5, whose side length is 7/2 — .

Lemma 3.4.6 (Vertex-region bound). Under Assumptions I, II, I1I, if r < n'-?°, then for any &; € (— \/53_1 , ‘/53_1 ),

we have
F(0y +&,00+ 86,05+ &) <1 (3.42)
for (01,02,05) € {(0,0,0), (0,7, ), (7,0,7), (m,7,0)} and

F(01 +&1,02 +&,03+&) <0 (3.43)
for (01,02,03) € {(m, 7, ), (7,0,0),(0,7,0), (0,0, 7)}. Here, equality in (3.42) holds only if &, = & = &3 = 0.

The proof of Lemma 3.4.6 is in Appendix B.6.
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Remark 3.4.1. Lemma 3.4.6 proves the Angular-BIP (3.39) holds in the vertex region N, (,) with 6, = ‘/53_1 :

F(91,92,93) =1inS*
F(91,62,03) < 1lin Nv(&,) \S*

Band Region. The band region is introduced to cover the remaining region N(d) \ N, (4, ). Invoking the definitions

of the angular near region (3.36) and the vertex region (3.40):

N(6) {91,02,93 [o,g—a]u[gw,ﬂ]}
Ny (0y) = {(61,02,03) : 0; € [0,6,] U [7 — &y, 7]}
we have
N(8) \ N, (8,) = {(01, 02,05) : 0; € (5v, g - 5) U (g o — 5)} A N(3), (3.44)

which is nonempty since d,, < m/2—4 by the assumption (3.41). We plot the remaining region N(6)\ N, (d,,) projected

onto the (61, 63)-coordinates in Figure 3.7.

0 8, 05m—6805m+68 m—08, T
01

Figure 3.7: The remaining region N(§) \ N, (d,) projected onto the (61, 62)-coordinates.
To let the band region cover N(d) \ N,,(d,,), we define it as

Ny (65) ::{(91,92,93) (5b, 5b) U (g +5,,,7r—5b) = 1,2,3}. (3.45)

We plot the band region N;(d;) projected onto the (1, 62 )-coordinates in Figure 3.8.

Remark 3.4.2. From (3.44) and (3.45), we have N, () covers N(§) \ N, (8, ) if 6, < min{d,, }, or equivalently,
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0§, 057 —68,05m+68, T—06, T
01

Figure 3.8: The band region Ny () projected onto the (61, 02)-coordinates. Clearly, when 0, < min{d,, ¢}, the band
region Nj(dp) covers the remaining region N(J) \ N, (d,), as plotted in Figure 3.7.

N(8) € Ny(6,) UN,(6,), if & < min{6,,s}. (3.46)

Band-Region Bound. We start with the uniform upper-bound in Lemma 3.4.5:

4
|F'(61,02,05)] <|cos(61) cos(b2) cos(f3)] + | sin(6;) sin(fz) sin(bs)| + §T(log n)n~"c

1 1 4

Sg(l cos(01)[° + [ cos(2)[° + | cos(83)[*) + g(l sin(61)[* + [ sin(62)[* + | sin(63)|) + gT(logn)n‘”
1 2 4

g§(| cos(8;)|> + | sin(8;) %) + 3+ gr(log n)n~", Vi € {1,2,3} (3.47)

where the first inequality follows from (3.38) in Lemma 3.4.5 (under Assumptions I-III and r» < n!-25=1:57 with
re € (0, %)), the second inequality follows from the inequality of arithmetic and geometric means, and the last one is

a consequence of | sin(6)[® + | cos(0)|> < 1. So, |F(61, 02,03)| < 1in Ny(d) if

| cos(0;)® + | sin(0;)|> < 1 — 4r(logn)n =" (3.48)
for some i € {1,2,3}. The final result is summarized in the following lemma, with the proof listed in Appendix B.7.

Lemma 3.4.7 (Band-region bound). Under Assumptions 1, II, IlI, if r < n'-25=15" with r, € (0, %), then for

sufficiently large n, we have |F (01, 03,05)| < 1inNy(dp) for §p = 1/ Wn_o"r’”.

Combine the Vertex and Band Regions. Finally the Angular-BIP (3.39) follows from Lemma 3.4.6 and Lemma 3.4.7

if the union of the vertex region N, (J,) and the band region N (;) covers the angular near region N(J):
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N(d) C Ny (dy) UNp(p)-

From (3.46), this happens when

(Sb < min{é, (Sv},

which is equivalent to

8 < 6, (3.49)

since

/807 (1 2-1
o = 7807(3% ) —o.r. < 7\f3 = 6y.

Then by Proposition 3.4.1, ¢ satisfies the BIP in A/ (). Similar results apply to all individual near region N, (),

for p € [r]. Therefore we claim the BIP holds in the whole near region N'(9) = [J;,_; Np(9).

Lemma 3.4.8 (Near-region bound). Under Assumptions I, I, Ill, if v < n'25=157 with r. € (0, %), then for

sufficiently large n, the dual polynomial q satisfies the BIP in N'(6) for any § > 6y,
3.4.7 Combine the Far and Near Regions

Combining Lemma 3.4.4 (for far region) and Lemma 3.4.8 (for near region), we conclude that the BIP holds in the

whole domain K if Assumptions I, II, III are satisfied and

n 1
< ——ford € [, — .
r_24602 or G[b’QzJ’ (3.50)
1
r < nt?7LSe forr, € (0, 6) ) (3.51)
Then letting § = d;, (to maximize r) and r, = %, the requirements on 7 ( (3.50) and (3.51)) are reduced to the desired

bound (3.7):
nl7/16

r < .
32¢24/157(log n)

The proof of Theorem 3.1.1 is completed.

3.5 Numerical Experiments

In this section, some numerical results are presented to test the performance of the proposed computational meth-

ods. In the first experiment, we examine the phase transition curves of the rate of success for three algorithms:
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i) ADMM implementation of (3.18) with “Good Initialization" (ADMM-G), ii) ADMM with random initialization
(ADMM-R) and iii) the Lasserre hierarchy relaxation of order d = 2 (SOS-2). ADMM with “Good Initialization"
uses the output of the power method developed in [71] as initialization.

* W*)}T

The phase transition curves are plotted in Figure 3.9. In preparing this figure, the r tensor factors {(u;*)7 Vo Wy b=t

* w* was normalized to have a unit norm.

were generated following i.i.d. Gaussian distribution, and then each uy, vy, wp

We set the coefficients Ay = (1 —1—5}2,) /2, where g, is chosen from the standard normal distribution, to ensure a minimal

coefficient of at least 1/2. With the generated ground-truth factors {(uy, vy, wy)};_; and coefficients {\,},_;, we

PP
generated the tensor 7 = Z;=1 AUy @ vy @ wr.

To test our theory, we varied the dimension n and factor-number r. For each fixed (r, n) pair, 20 instances of such
tensor were generated. We then ran the three algorithms for each instance and declared success if i) the recovered
truncated moment vector is within 103 distance of the true moment vector for the the Lasserre hierarchy relaxation
method, and ii) the recovered tensor factors are within 103 distance to the true tensor factors. We used the moment
vector criteria for the Lasserre hierarchy method because one cannot identify more than n tensor factors for the d = 2
relaxation. Also, considering the high computational complexity of the Lasserre hierarchy method when n is large,
we only set n range from 2 to 8. The rate of success for each algorithm is the percentage of successful instances.

From Figure 3.9, we observe that the Lasserre hierarchy relaxation with d = 2 is unable to identify more than n

factors. The ADMM method works for » much larger than n. In addition, random initialization does not degrade the

performance compared with “Good Initialization".
3.6 Conclusion

By explicitly constructing a dual certificate, we derive conditions for a tensor decomposition to achieve the tensor
nuclear norm. This implies that the infinite dimensional measure optimization, which defines the tensor nuclear norm,
is able to recover the decomposition under an incoherent condition and two other mild conditions. Computational
methods based on low-rank factorization and the Lasserre hierarchy relaxation are used to solve the measure optimiza-
tion. Numerical experiments show that the nonlinear programming approach has superior performance. Future work

will analyze the observed good performance of the nonlinear programming formulation.
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Figure 3.9: Rate of success for tensor decomposition using ADMM-G, ADMM-R and SOS-2.
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CHAPTER 4
THE NONCONVEX GEOMETRY OF LOW-RANK MATRIX OPTIMIZATION

This work* considers two popular minimization problems: (i) the minimization of a general convex function
f(X) with the domain being positive semi-definite matrices; (ii) the minimization of a general convex function f(X)
regularized by the matrix nuclear norm || X||. with the domain being general matrices. Despite their optimal statistical
performance in the literature, these two optimization problems have a high computational complexity even when
solved using tailored fast convex solvers. To develop faster and more scalable algorithms, we follow the proposal
of Burer and Monteiro to factor the low-rank variable X = UU (for semi-definite matrices) or X = UV (for
general matrices) and also replace the nuclear norm ||X||, with (||U]|% + || V||%)/2. In spite of the non-convexity of
the resulting factored formulations, we prove that each critical point either corresponds to the global optimum of the
original convex problems or is a strict saddle where the Hessian matrix has a strictly negative eigenvalue. Such a nice
geometric structure of the factored formulations allows many local search algorithms to find a global optimizer even

with random initializations.
4.1 Introduction

Nonconvex reformulations of convex optimization problems have received a surge of renewed interest for effi-
ciency and scalability reasons [4,97-112]. Compared with the convex formulations, the non-convex ones typically
involve many fewer variables, allowing them to scale to scenarios with millions of variables. Besides, simple algo-
rithms [97,113,114] applied to the non-convex formulations have surprisingly good performance in practice. However,
a complete understanding of this phenomenon, particularly the geometrical structures of these non-convex optimiza-
tion problems, is still an active research area. Unlike the simple geometry of convex optimization problems where local
minimizers are also global ones, the landscapes of general non-convex functions can become extremely complicated.
Fortunately, for a range of convex optimization problems, particularly for matrix completion and sensing problems,
the corresponding non-convex reformulations have nice geometric structures that allow local-search algorithms to
converge to global optimality [93,97,100,101,104,113,114] .

We extend this line of investigation by working with a general convex function f(X) and considering the following

two popular optimization problems:

For symmetric case: n;gném}ze f(X) subject to X =0 (Po)
CRnxn

For nonsymmetric case: minimize f(X) + A|X||. where A > 0 (P1)
XGR’!LXTYL

4This is a joint work with Zhihui Zhu and Gongguo Tang [6].
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For these two problems, even fast first-order methods, such as the projected gradient descent algorithm [115], require
performing an expensive eigenvalue decomposition or singular value decomposition in each iteration. These expen-
sive operations form the major computational bottleneck and prevent them from scaling to scenarios with millions
of variables, a typical situation in a diverse range of applications, including quantum state tomography [116], user

preferences prediction [117], and pairwise distances estimation in sensor localization [118].
4.1.1 Our Approach: Burer-Monteiro Style Parameterization

As we have seen, the extremely large dimension of the optimization variable X and the accordingly expensive
eigenvalue or singular value decompositions on X form the major computational bottleneck of the convex optimization
algorithms. An immediate question might be “Is there a way to directly reduce the dimension of the optimization
variable X and meanwhile avoid performing the expensive eigenvalue or singular value decompositions?"

This question can be answered when the original optimization problems (Pg)- (P;) admit a low-rank solution X*
with rank(X*) = r* < min{n, m}. Then we can follow the proposal of Burer and Monteiro [119] to parameterize
the low-rank variable as X = UUT for (Py) or X = UV for (P;), where U € R**" and V € R™*" with
r > r*. Moreover, since || X||, = minimizex_yv (|[U||% + ||[V||%)/2, we obtain the following non-convex re-

parameterizations of (Pg)- (P1):

For symmetric case: Irtljin]%mize g(U) = f(UUT) (Fo)
e nxr
A
F tri : inimi U, V)= UV +Z(|U|% + || V]| F
or nonsymmetric case Ueﬂrﬁgl}}l’r&lézﬂ%emwg( , V) = f( )+ 5 (101 + V%) (F1)

Since r < {p, ¢}, the resulting factored problems (Fp)- (F1) involve many fewer variables. Moreover, because the
positive semi-definite constraint is removed from (7o) and the nuclear norm || X||.. in (P;) is replaced by (||U||% +
[ V]|%)/2, there is no need to perform an eigenvalue (or a singular value) decomposition in solving the factored
problems.

The past two years have seen renewed interest in the Burer-Monteiro factorization for solving low-rank matrix
optimization problems [100-104, 120]. With technical innovations in analyzing the non-convex landscape of the
factored objective function, several recent works have shown that with an exact parameterization (i.e., 7 = r*) the
resulting factored reformulation has no spurious local minima or degenerate saddle points [93, 100, 101, 104]. An
important implication is that local-search algorithms such as gradient descent and its variants can converge to the
global optima with even random initialization [97, 113, 114].

We generalize this line of work by assuming a general objective function f(X) in (Py)- (P1), not necessarily
coming from a matrix inverse problem. This generality allows us to view the resulting factored problems (Fy)- (F1)

as a way to solve the original convex optimization problems to the global optimum, rather than a new modeling
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method. This perspective, also taken by Burer and Monteiro in their original work [119], frees us from rederiving
the statistical performances of the resulting factored optimization problems. Instead, the statistical performances of
the resulting factored optimization problems inherit from that of the original convex optimization problems, whose
statistical performance can be analyzed using a suite of powerful convex analysis techniques, which have accumu-
lated from several decades of research. For example, the original convex optimization problems (Pp)- (P1) have
information-theoretically optimal sampling complexity [121], achieve minimax denoising rate [122] and satisfy tight
oracle inequalities [123]. Therefore, the statistical performances of the factored optimization problems (Fy)- (F1)
share the same theoretical bounds as those of the original convex optimization problems (Py)- (P1), as long as we can
show that the two problems are equivalent.

In spite of their optimal statistical performance [121-124], the original convex optimization problems cannot be
scaled to solve the practical problems that originally motivate their development even with specialized first-order
algorithms. This was realized since the advent of this field where the low-rank factorization method was proposed as
an alternative to convex solvers [119]. When coupled with stochastic gradient descent, low-rank factorization leads to
state-of-the-art performance in practical matrix recovery problems [93,100-102,104]. Therefore, our general analysis
technique also sheds light on the connection between the geometries of the original convex programs and their non-
convex reformulations.

Although the Burer-Monteiro parameterization tremendously reduces the number of optimization variables from
n? to nr (or nm to (n + m)r) when r is very small, the intrinsic bi-linearity makes the factored objective functions
non-convex and introduces additional critical points that are not global optima of the factored optimization problems.
One of our main purposes is to show that these additional critical points will not introduce spurious local minima.
More precisely, we want to figure out what properties of the convex function f are required for the factored objective

functions g to have no spurious local minima.
4.1.2 Enlightening Examples

To gain some intuition about the properties of f such that the factored objective function g has no spurious local
minima (which is one of the main goals considered in this work), let us consider the following two examples: Weighted

principal component analysis (weighted PCA) and the matrix sensing problem.
4.1.2.1 Weighted PCA
Consider the symmetric weighted PCA problem in which the lifted objective function is
FX) = 5IW o (X - X2,

where © is the Hadamard product, X* is the global optimum we want to recover and W is the known weighting

matrix (which is assumed to have no zero entries for simplicity). After applying the Burer-Monteiro parameterization
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to f(X), we obtain the factored objective function

]' *
9(U) = [W o (UUT = XY

To investigate the conditions under which the bi-linearity ¢(U) = UU " will (not) introduce additional local minima

to the factored optimization problems, consider a simple (but enlightening) two-dimensional example where W =

Vvi+a 1 L
for some a > 0, X* = ,and U = for unknowns x, y. Then the factored objective
1 vi+a 1 1 Y
function becomes
1+a 2 1+4a 2
9(U) = — (2 —1)"+ (v* —1)" + (zy — 1) (4.1)

In this particular setting, we will see that the value of a in the weighting matrix is the deciding factor for the occurrence

of spurious local minima.

Claim 4.1.1. The factored objective function g(U) in (4.1) has no spurious local minima when a € [0, 2); while for

a > 2, spurious local minima will appear.

Proof. First of all, we compute the gradient V¢(U) and Hessian V2g(U):

(a+1) (m2—1§x+y(xy—1)},

Ve(U) =2 [(a—i— 1) (y* 1

V2g(U) = 2 [y2 +

Now we collect all the critical points by solving Vg(U) = 0 and list the Hessian of g at these points as follows

y+az(ry—1)

(322 = 1) (a+1)
20y — 1

20y — 1
22+ (3y* —1) (a+ 1)] '

5

a+1 1
@ U1 = (070), Vzg(Ul) = —2 3
1 a+1
2a+3 1
@ Uy = (1,1), V?g(Us) = 2 ;
1 2a 4+ 3
da+25-6 256
a a a+2 a+2
® Us = (/35 —\/ ats)> V79(Us) = . . ;
atz 6 4a + at2 6
Va2—4+ta /5 a+ 3m ) BT a’—4 _ 2(a+2)
ou = ) v, = o -
a\/va —dte —Hat2) a—3Va2—4+2— 24
SNote that if U is a critical point, so is —U, since Vg(—U) = —Vg(U). Hence we only list one part of these critical points.
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Note that the critical point U, exists only for a > 2. By checking the signs of the two eigenvalues (denoted by
A1 and \9) of these Hessians, we can further classify these critical points as a local minimum, a local maximum, or a

saddle point®:

@ A = —2(a+2),\y = —2a. So, Uj is a local maximum for ¢ > 0 and a strict saddle for a = 0 (see

Definition 4.1.3).

@ A =4(a+1) >0,y =4(a+2) > 0. So, Us is a local minimum (also a global minimum as g(Uz) = 0).

Moo ey | <0, a€]0,2) a saddle point, a€[0,2)
® A = oDt ;A2 =4a > 0. So, Ug is
>0, a>2 a spurious local minimum, a > 2
@ From the determinant, we have \; - Ao = —w < 0fora > 2. So, Uy is a saddle point for a > 2.

O

In this example, the value of a controls the dynamic range of the weights as max ij /min W; 5 = 1+a. Therefore,
Claim 4.1.1 can be interpreted as a relationship between the spurious local minima and the dynamic range: if the
dynamic range max ij /min WZQJ is smaller than 3, there will be no spurious local minima; while if the dynamic

range is larger than 3, spurious local minima will appear. We also plot the landscapes of the factored objective

function g(U) in (4.1) with different dynamic ranges in Figure 4.1.

u*  U*

(a) Small dynamic range (b) Large dynamic range

Figure 4.1: Factored function landscapes corresponding to different dynamic ranges of the weights W: (a) a small

dynamic range with max ij /min ij = 1 and (b) a large dynamic range with max ij /min ij > 3.

As we have seen, the dynamic range of the weighting matrix serves as a determinant factor for the appearance of

the spurious local minima for g(U) in (4.1). To extend the above observations to general objective functions, we now

©This classification of the critical points using the Hessian information is known as the second derivative test, which says a critical point is a local
maximum if the Hessian is negative definite, a local minimum is the Hessian is positive definite, and a saddle point if the Hessian matrix has both
positive and negative eigenvalues.
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interpret this condition (on the dynamic range of the weighting matrix) by relating it with the condition number of the

Hessian matrix V2 f(X). This can be seen from the following directional-curvature form for f(X)
[V2f(X)|(D,D) = |W © D|%,
where [V2f(X)](D, D) is the directional curvature of f(X) along the matrix D of the same dimension as X, de-

fined by 3=, ;4 %DU Dy, This implies that the condition number Aoy (V2 f(X))/Amin (V2 f(X)) is upper-

bounded by this dynamic range:

Amax(V2f (X)) _ max W
Amin(V2£(X)) ~ min W

HEH\WU\Q D% < [V f(X)|(D,D) < H}L?X\Wu\z DlE = (4.2)

Therefore, we conjecture that the condition number of the general convex function f(X) would be a deciding factor of
the behavior of the landscape of the factored objective function and a large condition number is very likely to introduce

spurious local minima to the factored problem.
4.1.2.2 Matrix Sensing

The above conjecture can be further verified by the matrix sensing problem where the goal is to recover the low
rank PSD matrix X* € R™*™ from the linear measurement y = A(X*) with A : R"*" — R™ being a linear
measurement operator. Consider the factored objective function g(U) = f(UU ") with U € R™*". In [104,125], the
authors showed that the non-convex parametrization UU T will not introduce spurious local minima to the factored
objective function, provided the linear measurement operator A satisfies the following restricted isometry property

(RIP).
Definition 4.1.1 (Restricted isometry property). A linear operator A : R"*™ — R™ satisfies the r-RIP with constant
or if

(1-6,)IDl% < [AMD)|3 < (1 +6,) DIl 4.3)

holds for all n x n matrices D with rank(D) < r.

Note that the required condition (4.3) essentially says that the condition number of Hessian matrix V2 f(X) should
be small at least in the directions of the low-rank matrices D, since the directional curvature form of f(X) is computed

as [V2f(X)](D, D) = [ A(D)| %

Inspiration. From these two examples, we see that as long as the Hessian matrix of the original convex function f(X)
has a small (restricted) condition number, the resulting factored objective function has a landscape such that all local
minima correspond to the globally optimal solution. Therefore, we believe that such a restricted well-conditionedness

property might be the key factor bring us a benign factored landscape, i.e.,
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a||D||% < [V2f(X)](D, D) < 3||D||% with some small 3/a,

which says that the landscape of f(X) in the lifted space is bowl-shaped, at least in the directions of low-rank matrices.
4.1.3 Our Results

Before presenting the main results, we list a few necessary definitions.

Definition 4.1.2 (Critical points). For a continuous function f : R™ — R, we say x € R"™ is a critical point of

Sunction f, if the gradient vanishes, i.e., V f(x) = 0.

Definition 4.1.3 (Strict saddles; or ridable saddles [97]). For a twice differentiable function f, a critical point X is

a strict saddle if the Hessian matrix V? f (x) has at least one strictly negative eigenvalue.

Definition 4.1.4 (Strict saddle property [100]). A twice differentiable function satisfies strict saddle property if each

critical point either corresponds to the local minima or is a strict saddle.

Heuristically, the strict saddle property describes a geometric structure of the landscape: if a critical point is not
a local minimum, then it is a strict saddle, which implies that the Hessian matrix at this point has a strictly negative
eigenvalue. Hence, we can continue to decrease the function value at this point along the negative-curvature direction.
This nice geometric structure ensures that many local-search algorithms, such as noisy gradient descent [114], vanilla
gradient descent with random initialization [113] and the trust region method [97], can escape from all the saddle points

along the directions associated with the Hessian’s negative eigenvalues, and hence converge to a local minimum.

Theorem 4.1.1 (Local convergence for strict saddle property [97,113,114,126,1271). The strict saddle property”

allows many local-search algorithms to escape all the saddle points and converge to a local minimum.

Our primary interest is to understand how the original convex landscapes are transformed by the factored parame-
terization X = UUT or X = UVT, particularly how the original global optimum is mapped to the factored space,
how other types of critical points are introduced, and what are their properties. To answer these questions and conclude

from the previous two examples, we require that the function f(X) in (Pg)- (Py) be restricted well-conditioned®:

"To be precise, Lee et al. [127] showed that for any function that has a Lipschitz continuous gradient and obeys the strict saddle property, first-
order methods with a random initialization almost always escape all the saddle points and converge to a local minimum. The Lipschitz-gradient
assumption is commonly adopted for analyzing the convergence of local-search algorithms, and we will discuss this issue after Theorem 4.3.1.
To obtain explicit convergence rate, other properties (like the gradient at the points that are away from the critical points is not small) about the
objective functions may be required [97, 114, 126, 128]. In this work, similar to [100], we mostly focus on the properties of the critical points, and
we omit the details about the convergence rate. However, we should note that, by utilizing the similar approach in [93], it is possible to extend the
strict saddle property so that we can obtain explicit convergence rate for certain algorithms [97, 114, 126] when applied for solving the factored
low-rank problems.

8Note that the constant 1.5 for the dynamic range g in (C) is not optimized and it is possible to slightly relax this constraint with more sophisticated
analysis. However, the example of the weighted PCA in (4.1) implies that the room for improving this constant is rather limited. In particular,
Claim 4.1.1 and (4.2) indicate that when g > 3, the spurious local minima will occur for the weighted PCA in (4.1). Thus, as a sufficient condition
for any general objective function to have no spurious local minima, a universal bound on the condition number should be at least no larger than 3,
ie., g < 3. Also aside from the lack of spurious local minima, as stated in Theorem 4.1.2, the strict saddle property is the other one that needs to
be guaranteed.
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a||D||% < [V2f(X)](D, D) < 3||D||% with 8/a < 1.5 whenever rank(X) < 2r and rank(D) < 4r.  (C)

We show that as long as the function f(X) in the original convex programs satisfies the restricted well-conditioned
assumption (C), each critical point of the factored programs either corresponds to the low-rank globally optimal solu-
tion of the original convex programs or is a strict saddle point where the Hessian matrix V2g has a strictly negative
eigenvalue. This nice geometric structure coupled with the powerful algorithmic tools provided in Theorem 4.1.1 thus

allows simple iterative algorithms to solve the factored programs to a global optimum.

Theorem 4.1.2 (Informal statement of our results). Suppose the objective function f(X) satisfies the restricted
well-conditioned assumption (C). Assume X* is an optimal solution of (Py) or (P1) with rank(X*) = r*. Set r > r*
Sor the factored variables U and V. Then any critical point U (or (U, V) of the factored objective function g in (Fo)-
(F1) either corresponds to the global optimum X* such that X* = UU for (Py) (or X* = UV for (Py)) oris a

strict saddle point (which includes a local maximum) of g.

First note that our result covers both over-parameterization where » > r* and exact parameterization where r =
r*, while most existing results in low-rank matrix optimization problems [100, 101, 104] mainly consider the exact-
parameterization case, i.e., 7 = r*, due to the hardness of fulfilling the gap between the metric in the factored space
and the one in the lifted space for the over-parameterization case. The geometric property established in the theorem
ensures that many iterative algorithms [97, 113, 114] converge to a square-root factor (or a factorization) of X*, even
with random initialization. Therefore, we can recover the rank-r* global minimizer X* of (Pg)- (P1) by running
local-search algorithms on the factored function g(U) (or g(U, V)) if we know an upper bound on the rank r*. For
problems with additional linear constraints, such as those studied in [119], one can combine the original objective
function with a least-squares term that penalizes the deviation from the linear constraints. As long as the penalization
parameter is large enough, the solution is equivalent to that of the constrained minimization problems and hence is

also covered by our result.
4.1.4 Stylized Applications

Our main result only relies on the restricted well-conditionedness of f(X). Therefore, in addition to low-rank
matrix recovery problems [93, 100—102, 104], it is also applicable to many other low-rank matrix optimization prob-
lems with non-quadratic objective functions, including 1-bit matrix recovery, robust PCA [101], and low-rank matrix
recovery with non-Gaussian noise [129]. For ease of exposition, we list the following stylized applications regarding
the PSD matrices. But we note that the results listed below also hold for the cases where X are general nonsymmetric

matrices.
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4.14.1 Weighted PCA

We already know that in the two-dimensional case, the landscape for the factored weighted PCA problem is closely
related with the dynamic range of the weighting matrix. Now we exploit Theorem 4.1.2 to derive the result for the
high-dimensional case. Consider the symmetric weighted PCA problem where the goal is to recover the ground-truth
X* from a pointwisely-weighted observation Y = W @ X*. Here W € R"*" is the known weighting matrix and
the desired solution X* > 0 is of rank r*. A natural approach is to minimize the following squared ¢ loss:

1
e . - UUT _ X* 2 . 4.4
minimize - [[W © ( N7 4.4

Unlike the low-rank approximation problem where W is the all-ones matrix, in general there is no analytic solutions
for the weighted PCA problem (4.4) [130] and directly solving this traditional ¢5 loss (4.4) is known to be NP-

hard [131]. We now apply Theorem 4.1.2 to the weighted PCA problem and show the objective function in (4.4)

has nice geometric structures. Towards that end, define f(X) = 1[|[W ® (X — X*)||% and compute its directional

curvature as
[V?f(X)](D,D) = |[W @ D%

Since 3/« is a restricted condition number (conditioning on directions of low-rank matrices), which must be no larger

than the standard condition number Ayay (V2 f(X))/Amin (V2 £(X)). Thus, together with (4.2), we have

Amax (V2F(X)) _ max W7

< < .
T Amin(V2f(X)) — min W5

i
(0%

Now we apply Theorem 4.1.2 to characterize the geometry of the factored problem of (4.4).

2
max W < 1.5. Then the objective

; 2
min Wij

Corollary 4.1.1. Suppose the weighting matrix W has a small dynamic range

Sfunction of (4.4) with v > r* satisfies the strict saddle property and has no spurious local minima.
4.1.4.2 Matrix Sensing

We now consider the matrix sensing problem which is presented before in Section 4.1.2. To apply Theorem 4.1.2,

we first compare the RIP (4.3) with our restricted well-conditionedness (C), which is copied below

a||D||% < [V2f(X)](D, D) < B||D||% with 8/a < 1.5 whenever rank(X) < 2r and rank(D) < 4r-

Clearly, the restricted well-conditionedness (C) would hold if the linear measurement operator A satisfies the 4r-RIP
with a constant J,- such that

1+ 647"
1- 547‘

1
<15 <= 04 € {075]
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Now we can apply Theorem 4.1.2 to characterize the geometry of the following matrix sensing problem after the
factored parameterization:
1
inimize —[ly — A(UU")|3. 4.5

minimize 2 ly — A( Iz 4.5)
Corollary 4.1.2. Suppose the linear map A satisfies the 4r-RIP (4.3) with 04, € [0,1/5]. Then the objective function
of (4.5) with r > r* satisfies the strict saddle property and has no spurious local minima.
4.1.4.3 1-bit Matrix Completion

1-bit matrix completion, as its name indicates, is the inverse problem of completing a low-rank matrix from a set

of 1-bit quantized measurements

Yi; = bit(X};) for (i,5) € Q.
Here, X* € R™*" is the low-rank PSD matrix of rank r*, € is a subset of the indices [n] x [n], and bit(-) is the 1-bit
quantifier which outputs O or 1 in a probabilistic manner:

bit (z) 1, with probability o(z),
it(z) =
0, with probability 1 — o(x).

e

One typical choice for () is the sigmoid function o(x) = To recover X*, the authors of [132] propose to

1+e®
minimizing the negative log-likelihood function
mipimize f(X):=— Z [Yij log(o(Xij;)) + (1 —Y35)log(1 — o(X5)) (4.6)

(i,9)€Q
and show that if || X*|[. < env/r*, max;; |X};| < ¢ for some small constant ¢, and € follows certain random binomial
model, solving the minimization of the negative log-likelihood function with some nuclear-norm constraint would be
very likely to produce a satisfying approximation to X* [132, Theorem 1].

However, when X* is extremely high-dimensional (which is the typical case in practice), it is not efficient to deal

with the nuclear norm constraint and hence we propose to minimize the factored formulation of (4.6)

minimize g(U) := — > [Yz‘j log(a((UUT);)) + (1 = V) log(1 — o((UUT))) |- (4.7)
(i,)€EQ

In order to utilize Theorem 4.1.2 to understand the landscape of the factored objective function (4.7), we then check

the following directional Hessian quadratic from of f(X)

[V2f(X)|(D,D) = Y o'(X;;)D3.

(ij)eQ
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For simplicity, consider the case where 2 = [n] x [n], i.e., observe full quantized measurements. This will not increase

the acquisition cost too much, since each measurement is of 1 bit. Under this assumption, we have

s iy 2 2 < Iy 2 §<
wino’(X;,) DI} < [V*/(0)(D D) < maxo’(X)IDIF = < TS

max O'/(Xij)
Lemma 4.1.1. Let Q = [n] x [n]. Assume ||X||oc := max|X; ;| is bounded by 1.3169. Then the negative log-
likelihood function (4.6) f(X) satisfies the restricted well-conditioned property.

Proof. First of all, we claim o(z) is an even, positive function and decreasing when =z > 0. This is because the

e’ (e”—1)

sigmoid function o (z) is odd, ¢’ (z) = o(z)(1 —o(z)) > 0by o(z) € (0,1), and 6" (x) = — ety <0 forx > 0.
Therefore, for any |Xz-j| < 1.3169, we have E?;(Z’/(())?;)) = miﬁli)'((iz(s(l%g) < 1.49995 < 1.5. O

We now use Theorem 4.1.2 to characterize the landscape of the factored formulation (4.7) in the set By := {U €

R™ " : [UUT||o < 1.3169.}

Corollary 4.1.3. Set r > r* in (4.7). Then the objective function (4.7) satisfies the strict saddle property and has no

spurious local minima in By .

We remark that such a constraint on || X|| is also required in the seminal work [132], while by using the Burer-

Monteiro parameterization, our result removes the time-consuming nuclear norm constraint.
4.1.4.4 Robust PCA

For the symmetric variant of robust PCA, the observed matrix Y = X*+S with S being sparse and X* being PSD.

Traditionally, we recover X* by minimizing ||Y — X||; = ). . |Yi; — X,;| subject to a PSD constraint. However, this

i |
formulation does not directly fit into our framework due to the non-smoothness of the /; norm. An alternative approach
is to minimize ), hq(Yi; — X;), where hq(.) is chosen to be a convex smooth approximation to the absolute value

function. A possible choice is hq(z) = alog((exp(z/a) + exp(—x/a))/2), which is shown to be strictly convex and

smooth in [99, Lemma A.1].
4.1.4.5 Low-rank Matrix Recovery with Non-Gaussian Noise

Consider the PCA problem where the underlying noise is non-Gaussian:

Y = X* +Z,

i.e., the noise matrix Z € R™*™ may not follow the Gaussian distributions. Here, X* € R"*™ is a PSD matrix of
rank 7*. It is known that when the noise is from normal distribution, the according maximum likelihood estimator
(MLE) is given by the minimizer of a squared loss function minimizex»o ||'Y — X||%. However, in practice, the

noise is often from other distributions [133], such as Poisson, Bernoulli, Laplacian, and Cauchy, just to name a few.
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In these cases, the resulting MLE, obtained by minimizing the negative log-likelihood function, is not the square loss
one. Such a noise-adaptive estimator is more effective than square-loss minimization. To have a strongly convex and
smooth objective function, the noise distribution should be log-strongly-concave, e.g., the Subbotin densities [129,
Example 2.13], the Weibull density fg(z) = BxP1 exp(—a:f@) for 5 > 2 [129, Example 2.14], and the Chernoff’s
density [134, Conjecture 3.1]. Once the restricted well-conditioned assumption (C) is satisfied, we can then apply
Theorem 4.1.2 to characterize the landscape of the factored formulation. Similar results apply to matrix sensing and

weighted PCA when the underlying noise is non-Gaussian.

4.1.5 Prior Arts and Inspirations

Prior Arts in Non-convex Optimization Problems. The past few years have seen a surge of interest in non-convex
reformulations of convex optimization problems for efficiency and scalability reasons. However, fully understanding
this phenomenon, mainly the landscapes of these non-convex reformulations could be hard. Even certifying the local
optimality of a point might be an NP-hard problem [135]. The existence of spurious local minima that are not global
optima is a common issue [136, 137]. Also, degenerate saddle points or those surrounded by plateaus of small cur-
vature could also prevent local-search algorithms from converging quickly to local optima [138]. Fortunately, for a
range of convex optimization problems, particularly those involving low-rank matrices, the corresponding non-convex
reformulations have nice geometric structures that allow local-search algorithms to converge to global optimality. Ex-
amples include low-rank matrix factorization, completion and sensing [93, 100, 101, 104], tensor decomposition and
completion [114, 139], dictionary learning [99], phase retrieval [98], and many more. Based on whether smart initial-
izations are needed, these previous works can be roughly classified into two categories. In one case, the algorithms
require a problem-dependent initialization plus local refinement. A good initialization can lead to global convergence
if the initial iterate lies in the attraction basin of the global optima [103,139-141]. For low-rank matrix recovery prob-
lems, such initializations can be obtained using spectral methods [103, 140]; for other problems, it is more difficult
to find an initial point located in the attraction basin [139]. The second category of works attempt to understand the
empirical success of simple algorithms such as gradient descent [113], which converge to global optimality even with
random initialization [93,100,101,104,113,114]. This is achieved by analyzing the objective function’s landscape and
showing that they have no spurious local minima and no degenerate saddle points. Most of the works in the second
category are for specific matrix sensing problems with quadratic objective functions. Our work expands this line of
geometry-based convergence analysis by considering low-rank matrix optimization problems with general objective

functions.

Burer-Monteiro Reformulation for PSD Matrices. In [103], the authors also considered low-rank and PSD matrix

optimization problems with general objective functions. They characterized the local landscape around the global
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optima, and hence their algorithms require proper initializations for global convergence. We instead characterize the
global landscape by categorizing all critical points into global optima and strict saddles. This guarantees that several
local-search algorithms with random initialization will converge to the global optima. Another closely related work
is low-rank and PSD matrix recovery from linear observations by minimizing the factored quadratic objective func-
tion [125]. Low-rank matrix recovery from linear measurements is a particular case of our general objective function
framework. Furthermore, by relating the first order optimality condition of the factored problem with the global opti-
mality of the original convex program, our work provides a more transparent relationship between geometries of these
two problems and dramatically simplifies the theoretical argument. More recently, the authors of [142] showed that
for general SDPs with linear objective functions and linear constraints, the factored problems have no spurious local
minimizers. In addition to showing non-existence of spurious local minimizers for general objective functions, we

also quantify the curvature around the saddle points, and our result covers both over and exact parameterizations.

Burer-Monteiro Reformulation for General Matrices. The most related work is nonsymmetric matrix sensing from
linear observations, which minimizes the factored quadratic objective function [106]. The ambiguity in the factored
parameterization

.
UV' = (UR) (VR“T) for all nonsingular R

tends to make the factored quadratic objective function badly-conditioned, especially when the matrix R or its inverse

is close to being singular. To overcome this problem, the regularizer

0p(U, V) =[[UTU-VTV|3 4.8)

is proposed to ensure that U and V have almost equal energy [8, 102, 106]. In particular, with the regularizer in (4.8),
it was shown in [8,106] that (U, V) = f(UV ) + u© (U, V) with a properly chosen y > 0 has similar geometric
result as the one provided in Theorem 4.1.1 for (P1), i.e., (U, V) also obeys the strict saddle property. Compared
with [8, 102, 106], our result shows that it is not necessary to introduce the extra regularization (4.8) if we solve (P1)
with the factorization approach. Indeed, the optimization form || X||, = minx_yv (||U||%+||V||%)/2 of the nuclear
norm implicitly requires U and V to have equal energy. On the other hand, we stress that our interest is to analyze the
non-convex geometry of the convex problem (P;) which as we explained before, has a very nice statistical performance
such as it achieves minimax denoising rate [122]. Our geometrical result implies that instead of using convex solvers
to solve (P1), one can turn to apply local-search algorithms to solve its factored problem (F7) efficiently. In this sense,
as a reformulation of the convex program (P;), the non-convex optimization problem (F7) inherits all the statistical
performance bounds for (7). Cabral et al. [143] worked on a similar problem and showed all global optima of (F7)

corresponds to the solution of the convex program (P;). The work [144] applied the factorization approach to a more
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broad class of problems. When specialized to matrix inverse problems, their results show that any local minimizer U
and V with zero columns is a global minimum for the over-parameterization case, i.e., 7 > rank(X*). However, there
are no results discussing the existence of spurious local minima or the degenerate saddles in these previous works. We
extend these works and further prove that as long as the loss function f(X) is restricted well-conditioned, all local
minima are global minima and there are no degenerate saddles with no requirement on the dimension of the variables.
We finally note that compared with [144], our result (Theorem 4.1.2) does not depend on the existence of zero columns

at the critical points and hence can provide guarantees for many local-search algorithms.
4.1.6 Notations

Denote [n] as the collection of all positive integers up to n. The symbols I and O are reserved for the identity
matrix and zero matrix/vector, respectively. A subscript is used to indicate its dimension when this is not clear from
context. We call a matrix PSD, denoted by X > 0, if it is symmetric and all its eigenvalues are nonnegative. The
notation X > Y means X —Y > 0, i.e., X — Y is PSD. The set of  x r orthogonal matrices is denoted by
0O, = {R € R™*" : RRT = I.}. Matrix norms, such as the spectral, nuclear, and Frobenius norms, are denoted
respectively by || - ||, || - ||« and | - || .

The gradient of a scalar function f(Z) with a matrix variable Z € R™*™ is an m x n matrix, whose (i, j)th entry

is [Vf(Z)];,; = aafz(i) fori € [m], j € [n]. Alternatively, we can view the gradient as a linear form [V f(Z)](G) =

(VI(Z),G) = >, BafZ(iZj) G;; for any G € R™*". The Hessian of f(Z) can be viewed as a 4th order tensor

of dimension m x n x m x n, whose (i, j, k, [)th entry is [V f(Z)]; j k1 = % for i,k € [m], 5,1 € [n].
Similar to the linear form representation of the gradient, we can view the Hessian as a bilinear form defined via
V2f(Z)|(G,H) =Y, ikl %GMHM for any G, H € R™*"™. Yet another way to represent the Hessian is as

2
an mn x mn matrix [V2f(Z)]; ; = ng éf) for i,j € [mn], where z; is the ith entry of the vectorization of Z. We
i0Zj

will use these representations interchangeably whenever the specific form can be inferred from context. For example,

2

in the restricted well-conditionedness assumption (C), the Hessian is apparently viewed as an n? x n? matrix and the

2 x n2.

identity I is of dimension n

For a matrix-valued function ¢ : RP*? — R™*™ it is notationally easier to represent its gradient (or Jacobian) and
Hessian as multi-linear operators. For example, the gradient, as a linear operator from RP*? to R™*", is defined via
[VIe(UI(G)i; = Xreppl el %‘?“GM fori € [m],j € [n] and G € RP*4; the Hessian, as a bilinear operator

mxn . 2%[p(U)]s;
from RPX¥ x RP¥1 10 R, is defined via [V2[6(0)(G, H)liy = Sis tocihis tocla) Sms el Gyt i, for
i € [m],j € [n] and G,H € RP*%. Using this notation, the Hessian of the scalar function f(Z) of the previous
paragraph, which is also the gradient of V f(Z) : R™*™ — R™*™, can be viewed as a linear operator from R™*™ to

R™*" denoted by [V2 f(Z)](G) and satisfies ([V2f(Z)](G)],H) = [V2f(Z)](G,H) for G,H € R™*",
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4.2 Problem Formulation

This work considers two problems: (i) the minimization of a general convex function f(X) with the domain being
positive semi-definite matrices; (i) the minimization of a general convex function f(X) regularized by the matrix
nuclear norm || X||. with the domain being general matrices. Let X* be an optimal solution of (Pg) or (P;) of rank
r*. To develop faster and scalable algorithms, we apply Burer-Monteiro style parameterization [119] to the low-rank

optimization variable X in (Pg)- (P1):

For symmetric case: X = ¢(U) :== UUT
For nonsymmetric case: X = ¢(U,V):=UV'

where U € R™"*" and V € R™*" with r > r*. With the optimization variable X being parameterized, the convex
programs are transformed into the factored problems (Fy)- (F1):

For symmetric case: Irgn%%mize 9(U) = f(¢(U))
E nxr

A
F tri : U, V)= u,v Z (11a))? V|2
or nonsymmetric case:  minimize g(U, V) = [((U,V)) + 5 (IUJ +[VIF)

Inspired by the lifting technique in constructing SDP relaxations, we refer to the variable X as the lifted variable, and
the variables U,V as the factored variables. Similar naming conventions apply to the optimization problems, their

domains, and objective functions.
4.2.1 Consequences of the Restricted Well-conditionedness Assumption

First the restricted well-conditionedness assumption reduces to (4.3) when the objective function is quadratic.
Moreover, the restricted well-conditioned assumption (C) is similar to (4.3) in that the operator M%[W f(X)] pre-

serves geometric structure for low-rank matrices:

Proposition 4.2.1. Ler f(X) satisfy the restricted well-conditionedness assumption (C). Then

2
B8+«

B_

[V2F(X))(G, H) - (G, H)| < 51

o 1
SIGlIFIHIF < SIGllFH|F 4.9)
for any matrices X, G, H of rank at most 2r.

Proof. We extend the argument in [78] to a general function f(X). If either G or H is zero, (4.9) holds since both
sides are 0. For nonzero G and H, we can assume ||G||r = |[H||r = 1 without loss of generality’. Then the

assumption (C) implies

9Otherwise, we can divide both sides of the equation (4.9) by ||G|| 7 ||H|| 7 and use the homogeneity to get an equivalent version of Proposition 4.2.1
with G = G/|[G|p and H = H/[H| p .. |G| = [H[r = 1.
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a||G - H|% < [V2f(X)(G - H,G - H) <3[|G - H|},
a||G+H|% < [V2A(X)(G+H,G +H) <3G +H|.

Thus we have

68—«
2

2[V2£(X)] (G, H) = (5 + o) (G H)| < 2 (IGI% + IHI}) = 8- a = (8- a) |GlLr|H]r.

=1

=2

We complete the proof by dividing both sides by 5 + a:

2 8-« Bla—1 1
VZF(X)(G,H) — (G, H)| < GlrlH|r < Z—— |G| p|H|F < =||G| ¢|H| #,
T alVOG H) — >|_B+a|| Il < 570 Gl B < Gl el H e
where in the last inequality we use the assumption that 5/« < 1.5. O

Another immediate consequence of this assumption is that if the original convex program (Py) has an optimal

solution X* with rank(X*) < r, then there is no other optimum of (Py) of rank less than or equal to 7:

Proposition 4.2.2. Suppose the function f(X) satisfies the restricted well-conditionedness (C). Let X* be an optimum

of (Po) with rank(X*) < r. Then X* is the unique global optimum of (Py) of rank at most r.

Proof. For the sake of a contradiction, suppose there exists another optimum X of (Py) with rank(X) < r and

X # X*. We begin with the second order Taylor expansion, which reads

fX) = F(X7) +(Vf(X7), X = X) + %[VQf(tX* + (1= )X)(X - X", X = X7),

for some ¢ € [0,1]. The KKT conditions for the convex optimization problem (Py) states that V f(X*) > 0 and

V f(X*)X* = 0, implying that the second term in the above Taylor expansion
(VFA(X), X = X") = (Vf(X"),X) >0,

since X is feasible and hence PSD. Further, since rank (tX* + (1 — ¢)X) < rank(X) + rank(X*) < 2r and similarly

rank(X — X*) < 2r < 4r, then from the restricted well-conditionedness assumption (C) we have
V(X)X - X*, X = X*) > o X - X*| 7.
Combining all, we obtain a contradiction when X # X*:

FX) 2 FX) 4 Jall X~ XM > F(X) + LallX ~ X" > f(X).
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where the second inequality follows from the optimality of X* and the third inequality holds for any X # X*. O

At a high-level, the proof essentially depends on the restricted strongly convexity of the objective function of
the convex program (Pp), which is guaranteed by the restricted well-conditionedness assumption (C) on f(X). The
similar argument holds for (P1) by noting that the sum of a (restricted) strongly convex function and a standard convex
function is still (restricted) strongly convex. However, showing this requires a slightly more complicated argument due

to the non-smoothness of || X]|| . around those nonsingular matrices. Mainly, we need to use the concept of subgradient.

Proposition 4.2.3. Suppose the function f(X) satisfies the restricted well-conditionedness (C). Let X* be a global

optimum of (P1) with rank(X*) < r. Then X* is the unique global optimum of (P1) of rank at most r.

Proof. For the sake of contradiction, suppose that there exists another optimum X of (P;) with rank(X) < r and

X # X*. We begin with the second order Taylor expansion of f(X), which reads

fX) = fF(X7) +(Vf(X7), X = X7) + %[Wf(tx* + (1 -)X)J(X - X5, X - X¥)

for some ¢ € [0, 1]. From the convexity of || X||., for any D € J||X*||., we also have

X[ = X« + (D, X = X7).

Combining both, we obtain

FOX) MK 2 FOXA) + XX 4 (VFX) 4+ AD, X — X¥) 4 L [V2F(X + (1 X))(X X5, X~ X*)
> FOC) N+ SIV2 AKX + (1 )X)](X - X7, X~ X)
@ * * 1 *1(12
> FOX) + X+ el X = X7
1
£ 1)+ AIX]. + ol X - X*|

2 F(X) + AIX],

where @ holds for any D € 0||X*||.. For @, we use fact that 0f; + 0fs = 9(f1 + f2) for any convex functions
f1, fa, to obtain that V f(X*) + AJ||X*||. = 9(f(X*) + A|X*|.), which includes O since X* is a global optimum
of (P1). Therefore, @ follows by choosing D € 9||X*||. such that Vf(X*) + AD = 0. @ uses the restricted
well-conditionedness assumption (C) as rank(tX* 4 (1 — ¢)X) < 2r and rank(X — X*) < 4r. @ comes from the

assumption that both X and X* are global optimal solutions of (P;). ® uses the assumption that X # X*. O
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4.3 Understanding the Factored Landscapes for PSD Matrices

In the convex program (Py), we minimize a convex function f(X) over the PSD cone. Let X* be an optimal

solution of (Py) of rank r*. We re-parameterize the low-rank PSD variable X as
X =¢(U)=UU"

where U € R™*" with » > r* is a rectangular, matrix square root of X. After this parametrization, the convex

program is transformed into the factored problem (Fp) whose objective function is g(U) = f(¢(U)).
4.3.1 Transforming the Landscape for PSD Matrices

Our primary interest is to understand how the landscape of the lifted objective function f(X) is transformed by the
factored parameterization ¢(U) = UUT, particularly how its global optimum is mapped to the factored space, how
other types of critical points are introduced, and what their properties are.

We show that if the function f(X) is restricted well-conditioned, then each critical point of the factored objective
function g(U) in (F) either corresponds to the low-rank global solution of the original convex program (Py) or is
a strict saddle where the Hessian V2¢(U) has a strictly negative eigenvalue. This implies that the factored objective

function g(U) satisfies the strict saddle property.

Theorem 4.3.1 (Transforming the landscape for PSD matrices). Suppose the function f(X) in (Py) is twice
continuously differentiable and is restricted well-conditioned (C). Assume X* is an optimal solution of (Py) with
rank(X*) = r*. Set r > r* in (Fo). Let U be any critical point of g(U) satisfying Vg(U) = 0. Then U either

corresponds to a square-root factor of X*, i.e.,
X*=UUT;

or is a strict saddle of the factored problem (Fy). More precisely, let U* € R™*" such that X* = U*U*" and set

D = U-U*RwithR = arg ming.grco_|[|U—-U*R|

2, then the curvature of V2g(U) along D is strictly negative:
—0.24amin {p(U)?, p(X*)} |D||%  whenr > r*;
[V29(U)](D, D) < { ~0.19ap(X*)|D2 when 1 = 1°;

—0.24ap(X*)||D||% whenU =0

with p(-) denoting the smallest nonzero singular value of its argument. This further implies
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—0.24amin {p(U)?, p(X*)}  whenr > r*;
)\min(v2g(U)) S —0.19ap(X*) when r = r*;

—0.24ap(X*) when U = 0.

Several remarks follow. First, the matrix D is the direction from the saddle point U to its closest globally optimal
factor U*R of the same dimension as U. Second, our result covers both over-parameterization where r > r* and exact
parameterization where r = r*. Third, we can recover the rank-r* global minimizer X* of (Py) by running local-
search algorithms on the factored function g(U) if we know an upper bound on the rank 7*. In particular, to apply the
results in [127] where the first-order algorithms are proved to escape all the strict saddles, aside from the strict saddle
property, one needs g(U) to have a Lipschitz continuous gradient, i.e., |Vg(U) — Vg(V)||r < L.||JU — V||F or
[V2g(U)|| < L. for some positive constant L, (also known as the Lipschitz constant). As indicated by the expression
of V2 g(U) in (4.14), it is possible that one can not find such a constant L. for the whole space. Similar to [126] which
considers the low-rank matrix factorization problem, suppose the local-search algorithm starts at Uy and sequentially

decreases the objective value (which is true as long as the algorithm obeys certain sufficient decrease property [145]).

Then it is adequate to focus on the sublevel set of g

Lev;(Ug) = {U : g(U) < g(Uo)}, (4.10)

and show that ¢ has a Lipschitz gradient on Lev ;(Uy). This is formally established in Proposition 4.3.1, whose proof

is given in Appendix C.1.

Proposition 4.3.1. Under the same setting as in Theorem 4.3.1, for any initial point Uy, g(U) on Lev;(Uy) defined

in (4.10) has a Lipschitz continuous gradient with the Lipschitz constant

2

VEFUGUY) — £(X))
2(V2 — 1)p(U~) ’

Lo = |28y 2(00U7) — £ + 2V SR+ 48 (1075 +

where p(-) denotes the smallest nonzero singular value of its argument.
4.3.2 Metrics in the Lifted and Factored Spaces

Before continuing this geometry-based argument, it is essential to have a good understanding of the domain of
the factored problem and establish a metric for this domain. Since for any U, ¢(U) = ¢(UR) where R € O,
the domain of the factored objective function g(U) is stratified into equivalence classes and can be viewed as a

quotient manifold [146]. The matrices in each of these equivalence classes differ by an orthogonal transformation (not
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necessarily unique when the rank of U is less than 7). One implication is that, when working in the factored space, we

should consider all factorizations of X* :
A ={U" e R"*": ¢(U*") = X*}.

A second implication is that when considering the distance between two points U; and U, one should use the distance

between their corresponding equivalence classes:

diSt(Ul, Ug) = R1E(§ni11112€@- ||U1R1 — U2R2||F = PI{%I(I)} ||U1 — U2R||F (41 1)

Under this notation, dist(U, U*) = mingeg, |U — U*R||r represents the distance between the class containing a
critical point U € R™*" and the optimal factor class .A*. The second minimization problem in the definition (4.11) is

known as the orthogonal Procrustes problem, where the global optimum R is characterized by the following lemma:

Lemma 4.3.1. [/47] An optimal solution for the orthogonal Procrustes problem:

R = arg min |U; — UsR||% = arg max(U;, U3R)
ReEO, Re€O,

For any two matrices Uy, Uy € R"*", the following lemma relates the distance |[U;U{ — UyU] || in the lifted

space to the distance dist(U7, Us) in the factored space. The proof is deferred to Appendix C.2.

Lemma 4.3.2. Assume that Uy, Uy € R"*". Then

U0 — UsUs [|r > min {p(U1), p(Us)} dist(Uy, Us).
In particular, when one matrix is of full rank, we have a similar but tighter result to relate these two distances.

Lemma 4.3.3. [102, Lemma 5.4] Assume that U1, Uy € R™*" and rank(U;) = r. Then

U, U] —UaU; || > 2(V2 = 1)p(Uy) dist(Uy, Ua).
4.3.3 Proof Idea: Connecting the Optimality Conditions

The proof is inspired by connecting the optimality conditions for the two programs (Py) and (Fy). First of all,
as the critical points of the convex optimization problem (Py), they are global optima and are characterized by the

necessary and sufficient KKT condition [115]

VF(X*) = 0, Vf(X*)X* =0,X* = 0. (4.12)

The factored optimization problem (F) is unconstrained, with the critical points being specified by the zero gradient

condition

Vg(U) = 2V f(¢(U))U = 0. (4.13)
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To classify the critical points of (Fy), we compute the Hessian quadratic form [V2¢(U)](D, D) as

[V29(U)|(D, D) = 2(Vf(¢(U)),DD") + [V*f(¢(U))|(DU" + UD',DU' + UD"). (4.14)

Roughly speaking, the Hessian quadratic form has two terms — the first term involves the gradient of f(X) and the
Hessian of ¢(U), while the second term involves the Hessian of f(X) and the gradient of ¢(U). Since ¢(U + D) =
#(U) + UDT + DUT + DD, the gradient of ¢ is the linear operator [V¢(U)](D) = UD' + DU and the
Hessian bilinear operator applies as 3[V?¢(U)](D,D) = DD . Note in (4.14) the second quadratic form is always
nonnegative since V2 f > 0 due to the convexity of f.

For any critical point U of g(U), the corresponding lifted variable X := UU " is PSD and satisfies V f(X)X = 0.
On one hand, if X further satisfies V f(X) = 0, then in view of the KKT conditions (4.12) and noting rank(X) =
rank(U) < r, we must have X = X*, the global optimum of (Pp). On the other hand, if X # X*, implying
V f(X) % 0 due to the necessity of (4.12), then additional critical points can be introduced into the factored space.
Fortunately, V f(X) % 0 also implies that the first quadratic form in (4.14) might be negative for a properly chosen
direction D. To sum up, the critical points of g(U) can be classified into two categories: the global optima in the
optimal factor set A* with Vf(UUT) = 0 and those with Vf(UU ") # 0. For the latter case, by choosing a proper
direction D, we will argue that the Hessian quadratic form (4.14) has a strictly negative eigenvalue, and hence moving
in the direction of D in a short distance will decrease the value of g(U), implying that they are strict saddles and are
not local minima.

We argue that a good choice of D is the direction from the current U to its closest point in the optimal factor set
A*. Formally, D = U — U*R where R = arg ming.z.o_||U — U*R/||F is the optimal rotation for the orthogonal
Procrustes problem. As illustrated in Figure 4.2 where we have two global solutions U* and —U™* and U is closer to
—U™, the direction from U to —U™* has more negative curvature compared to the direction from U to U*.

Plugging this choice of D into the first term of (4.14), we simplify it as

(Vf(UUT),DD") = (Vf(UU"), U*U*T —U*RU'" —U(U*R)" + UU")
= (Vf(uuh),uru’)
=(Vf(UU"),u U’ —UU"), (4.15)

where both the second line and last line follow from the critical point property Vf(UUT)U = 0. To gain some
intuition on why (4.15) is negative while the second term in (4.14) remains small, we consider a simple example: the

matrix PCA problem.

Matrix PCA Problem. Consider the PCA problem for symmetric PSD matrices
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Figure 4.2: The matrix D = U — U*R is the direction from the critical point U to its nearest optimal factor U*R,,
whose norm ||U — U*R|| ¢ defines the distance dist(U, U*). Here, U is closer to —U* than U* and the direction
from U to —U* has more negative curvature compared to the direction from U to U*.

1
H)l(lg]g}llxl%e frca(X) := gHX — X*||%. subject to X = 0, (4.16)

where X* is a symmetric PSD matrix of rank 7*. Trivially, the optimal solution is X = X*. Now consider the factored
problem

1
minimize g(U) := fpca(UU"T) = Z|[UUT — U*U*T |2,
UcRnXxr 2

where U* € R™*" satisfies ¢(U*) = X*. Our goal is to show that any critical point U such that X := UUT # X*

is a strict saddle.

Controlling the first term. Since V fpca(X) = X — X*, by (4.15), the first term of [VZg(U)](D, D) in (4.14)

becomes

2(Vfpca(X),DDT) = 2(Vfpca(X), X* — X) = 2(X — X*, X* — X) = —2||X — X*||2, (4.17)
which is strictly negative when X # X*.

Controlling the second term. We show that the second term [V2 f(¢(U))(DUT +UD',DUT +UDT") vanishes
by showing that DUT = 0 (hence UD" = 0). For this purpose, let X* = Qdiag(A)Q' = Z:;l A\iq;q; be the
eigenvalue decomposition of X*, where Q = {(h qr*} € R™ " has orthonormal columns and XA € R is

composed of positive entries. Similarly, let $(U) = V diag(u)V' = Z:lzl piv;v, be the eigenvalue decomposition

of ¢(U), where r' = rank(U). The critical point U satisfies —Vg(U) = 2(X* — ¢(U))U = 0, implying that
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v’
0= <X* — ZuiviviT)vj =X*v; —pujvj,j=1,...,r".
i=1

This means (y;, v;) forms an eigenvalue-eigenvector pair of X* for each j = 1,...,7’. Consequently,

/

[LJ:A“ andvj:qij,jzl,...,r.

Hence ¢(U) = Z;lzl Ai; Qi qz = Z;;l )\jsjqjqu. Here s; is equal to either O or 1 indicating which of the
eigenvalue-eigenvector pair (\;, q;) appears in the decomposition of ¢(U). Without loss of generality, we can choose

U* = Q {diag(\ﬂ) 0} Then U = Q |diag(vA®s) 0 VT for some orthonormal matrix V. € R™*" and

S=|s; --- s.+|> wherethe symbol © means pointwise multiplication. By the Procrustes Lemma in [147], we
obtain R = V', Plugging these into DUT = UUT — U*RU gives DUT = 0.
Combining the two. Hence [V2g(U)](D, D) is simply determined by its first term

[V2¢(U)|(D,D) = —2|UUT — U*U*"|%
—2min {p(U)?, p(U*)*} | D[

= —2min {p(¢(U)), p(X*)} | D3
~2p(X*)|D|%,

IN

where the second line follows from Lemma 4.3.2 and the last line follows from the fact that all the eigenvalues of

UU come from those of X*. Finally, we obtain the desired strict saddle property of g(U):

Amin (V2g(U)) < ~2p(X*).

This simple example is ideal in several ways, particularly the gradient V f (¢(U)) = ¢(U)—¢(U™*), which directly
establishes the negativity of the first term in (4.14); and by choosing D = U — U*R and using DU = 0, the second
term vanishes. Neither of these simplifications hold for general objective functions f(X). However, the example does
suggest that the direction D = U —U*R is a good choice to show [V2g(U)|(D, D) < —||D||% for some 7 > 0. For
a formal proof, we will also use the direction D = U — U*R to show that those critical points U not corresponding

to X* have a negative directional curvature for the general factored objective function g(U).

4.3.4 A Formal Proof of Theorem 4.3.1
Proof Outline. We present a formal proof of Theorem 4.3.1 in this section. The main argument involves showing

each critical point U of g(U) either corresponds to the optimal solution X* or its Hessian matrix V2g(U) has at

least one strictly negative eigenvalue. Inspired by the discussions in Section 4.3.3, we will use the direction D =
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U — U*R and show that the Hessian V2 9(U) has a strictly negative directional curvature in the direction of D, i.e.,

[V2¢(U)]|(D,D) < —7||D||%, for some 7 > 0.

Supporting Lemmas. We first list two lemmas. The first lemma separates || (U —Z)U T |2 into two terms: [[UU T —
ZZ"||% and |(UUT — ZZ7)QQT||% with QQT being the projection matrix onto Range(U). It is crucial for the
first term [UUT — ZZT||% to have a small coefficient. In the second lemma, we will further control the second term

as a consequence of U being a critical point. The proof of Lemma 4.3.4 is given in Section C.3.

Lemma 4.3.4. Let U and Z be any two matrices in R™*" such that UTZ = Z U is PSD. Assume that Q is an

orthogonal matrix whose columns span Range(U). Then

I(w- 2| < g 00T - 227+ (34 52

1 ot T _ogoT T2
S +2\/§_2>||(UU Z72")QQ'|, .

We remark that Lemma 4.3.4 is a strengthened version of [125, Lemma 4.4]. While the result there requires: (i) U
to be a critical point of the factored objective function g(U); (ii) Z to be an optimal factor in .A* that is closest to U,
ie.,Z=U*RwithU* € A*and R = arg ming ggr—g, [|[W —W*R||r. Lemma 4.3.4 removes these assumptions
and requires only UTZ = Z " U being PSD.

Next, we control the distance between UU T and the global solution X* when U is a critical point of the factored
objective function g(U), i.e., Vg(U) = 0. The proof, given in Section C.4, relies on writing V f(X) = Vf(X*) +
fol [VZ2f(tX + (1 — t)X*)](X — X*)dt and applying Proposition 4.2.1.

Lemma 4.3.5 (Upper Bound on || (UUT —U*U*T)QQ " ||%). Suppose the objective function f(X) in (Py) is twice
continuously differentiable and satisfies the restricted well-conditionedness assumption (C). Further, let U be any

critical point of (Fo) and Q be the orthonormal basis spanning Range(U). Then

b —«
8+«

[(UUT - U UT)QQT |, < v’ —uu .

Proof of Theorem 4.3.1. Along the same lines as in the matrix PCA example, it suffices to find a direction D to
produce a strictly negative curvature for each critical point U not corresponding to X*. We choose D = U — U*R

where R = arg ming grr—1. [|W — W*R||r. Then
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[V29(U))(D, D)
=2(Vf(X),DD") + [V*f(X)(DU" +UD",DU" + UD") By Eq. (4.14)
=2(Vf(X),X* - X) + [V*f(X)|(DUT +UD",DU" +UD") By Eq. (4.13)
<2AVF(X) — VFA(X*),X* = X)+ [V2f(X)(DUT +UD", DU +UD") By Eq. (4.12)
I 11>

In the following, we will bound II; and I, respectively.

Bounding I1;.

e

Il = =2(Vf(X*) = Vf(X), X" = X)

0

IN®

—20X* - X||%,

—2 </1[V2f(tX + (1= )XH)(X* — X)dt, X* — X>

—2 /1 (VX + (1 - 6)XH)] (X = X, X* — X)dt
0

where @ follows from the Taylor’s Theorem for vector-valued functions [148, Eq. (2.5) in Theorem 2.1], and @

follows from the restricted strong convexity assumption (C) since the PSD matrix ¢tX + (1 — ¢)X* has rank of at most

2r and rank(X* — X)) < 4r.

Bounding I1,.
= [Vf(X)(DU" +UD",DU" +UD")

< p|DUT + UD |}
< 48|DUT|%

1
<4 X—X*2+( ) X — X* T2 .
<48 |§IX =X+ (34 2 ) 1K - X907
1 1 (5 a)? } 2
<48 |-+ (3+ X - X*
< 1.76a||X* —XHF.
Combining the two. Hence,
M, + Tl < —0.240||X* — X||%.

Then, we relate the lifted distance || X* —

r > r*, and Lemma 4.3.3 when r = r*, respectively:
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By (©)

By Lemma 4.3.4

By Lemma 4.3.5

By 8/a < 1.5

U*R/||% using Lemma 4.3.2 when



When r > r*: [V2g(U)](D, D) < —0.24a min {p(U)?, p(U*)?} | D3
—0.24amin {p(U)2, p(X*)} [ DJ3:

IN

When r = r*: [V2g(U)](D, D) < —0.19ap(U*)?||D||%

~0.19ap(X*)|| D%

For the special case where U = 0, we have

[V29(U)](D, D) < —0.24a|0 — X*||%
—0.240||U*U* T 1%
~0.24ap(U*)?([U* ||
—0.24ap(X")| D[,

IN

where the last second line follows from

i:0; (U*)#£0

By Lemma 4.3.2

By Lemma 4.3.3

Uz =3 "of(U) = > olU)2 min of(U)| > oi(U)]=p(U)U"3,

110, (U*)#£0 j:o; (U*)#0

and the last line follows from D = 0 — U*R = —U*R when U = 0. Here o;(-) denotes the i-th largest singular

value of its argument.

4.4 Understanding the Factored Landscapes for General Non-square Matrices

O

In this section, we will study the second convex program (P;): the minimization of a general convex function f(X)

regularized by the matrix nuclear norm ||X||. with the domain being general matrices. Since the matrix nuclear norm

||IX||« appears in the objective function, the standard convex solvers or even faster tailored ones require performing

singular value decomposition in each iteration, which severely limits the efficiency and scalability of the convex

program. Motivated by this, we will instead solve its Burer-Monteiro re-parameterized counterpart.
4.4.1 Burer-Monteiro Reformulation of the Nuclear Norm Regularization

Recall the second problem is the nuclear norm regularization (P ):

minimize f(X) + A|X]|«
XeRnxm

This convex program has an equivalent SDP formulation [65, page 8]:

X' v

minimize f(X)+§(tr(<I>)+tr(\IJ)) subject to [q’ X} = 0.

XeRnxm GeRnXxn HeRmXm 2

When the PSD constraint is implicitly enforced as the following equality constraint

79

(P1)

(4.18)



g
[)3 fﬂ B m m =X=UV &=UU ¥ =VV', (4.19)

we obtain the Burer-Monteiro factored reformulation (F7):

A
i U,V) = f(UV) + Z(JU|IZ +|[V]%).
Ueﬂg&%{%%mwg( V) = f( )+ UGl +VIE) (F1)

The factored formulation (F; ) can potentially solve the computational issue of (P;) in two major respects: (i) avoiding
expensive SVDs by replacing the nuclear norm || X||, with the squared term (||U||% + ||[V||%)/2; (ii) a substantial

reduction in the number of the optimization variables from nm to (n + m)r.
4.4.2 Transforming the Landscape for General Non-square Matrices

Our primary interest is to understand how the landscape of the lifted objective function f(X) + A||X]||. is trans-
formed by the factored parameterization ¢»(U, V) = UV . The main contribution of this part is establishing that
under the restricted well-conditionedness of the convex loss function f(X), the factored formulation (F;) has no

spurious local minima and satisfies the strict saddle property.

Theorem 4.4.1 (Transforming the landscape for general non-square matrices). Suppose the function f(X) satis-
fies the restricted well-conditioned property (C). Assume that X* of rank r* is an optimal solution of (P1) where A > 0.
Set r > r* in the factored program (Fy). Let (U, V) be any critical point of g(U, V) satisfying Vg(U, V) = 0. Then

(U, V) either corresponds to a factorization of X*, ie.,
X*=UV',;
or is a strict saddle of the factored problem:
—0.12cmin {0.5p*(W), p(X*)}  whenr > r*;
Amin (VZg(U, V)) < < —0.099ap(X*) when r = r*;
—0.12ap(X*) when W = 0,

T
where W := [UT VT] and p(W) is the smallest nonzero singular value of W.

Theorem 4.4.1 ensures that many local-search algorithms'® when applied for solving the factored program (F),

can escape from all the saddle points and converge to a global solution that corresponds to X*. Several remarks follow.

10The Lipschitz gradient of g at any its sublevel set can be obtained with similar approach for Proposition 4.3.1.
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The Non-triviality of Extending the PSD Case to the Nonsymmetric Case. Although the generalization from
the PSD case might not seem technically challenging at first sight, we must overcome several technical difficulties to
prove this main theorem. We make a few other technical contributions in the process. In fact, the non-triviality of
extending to the nonsymmetric case is also highlighted in [102, 104, 106]. The major technique difficulty to complete
such an extension is the ambiguity issue existed in the nonsymmetric case: UV T = (tU)(1/tV)T for any nonzero
t. This tends to make the factored quadratic objective function badly-conditioned, especially when ¢ is very large
or small. To prevent this from happening, a popular strategy utilized to adapt the result for the symmetric case to
the non-symmetric case is to introduce an additional balancing regularization to ensure that U and V have equal
energy [102, 104, 106]. Sometimes these additional regularizations are quite complicated (see Eq. (13)-(15) in [140]).
Instead, we find for nuclear norm regularized problems, the critical points are automatically balanced even without
these additional complex balancing regularizations (see Section 4.4.4 for details). In addition, by connecting the
optimality conditions of the convex program (P;) and the factored program (F7), we dramatically simplify the proof

argument, making the relationship between the original convex problem and the factored program more transparent.

Proof Sketch of Theorem 4.4.1. We try to understand how the parameterization X = (U, V) transforms the
geometric structures of the convex objective function f(X) by categorizing the critical points of the non-convex
factored function g(U, V). In particular, we will illustrate how the globally optimal solution of the convex program
is transformed in the domain of g(U, V). Furthermore, we will explore the properties of the additional critical points
introduced by the parameterization and find a way of utilizing these properties to prove the strict saddle property. For

those purposes, the optimality conditions for the two programs () and (F;) will be compared.
4.4.3 Optimality Condition for the Convex Program

As an unconstrained convex optimization, all critical points of (P;) are global optima and are characterized by the

necessary and sufficient KKT condition [115]:

VI(X*) € =20|X* ], (4.20)

where 0]/ X*||. denotes the subdifferential (the set of subgradient) of the nuclear norm ||X||. evaluated at X*. The

subdifferential of the matrix nuclear norm is defined by

X[ ={D e R™™ : [[Y[[, = [X[[+ + (Y = X,D),all Y € R**"}.

We have a more explicit characterization of the subdifferential of the nuclear norm using the singular value decompo-
sition. More specifically, suppose X = PXQ 7 is the (compact) singular value decomposition of X € R™*™ with

P € R™" Q € R™*" and X being an r X r diagonal matrix. Then the subdifferential of the matrix nuclear norm at
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X is given by [65, Equation (2.9)]

X, ={PQ"+E:P'E=0,EQ=0,|E| <1}.

Combining this representation of the subdifferential and the KKT condition (4.20) yields an equivalent expression for
the optimality condition
VAX")Q" = —AP*,
VX5 TP* = -\Q*, 4.21)
VXN <A

where we assume the compact SVD of X* is given by

X* — P*E*Q*T with P* e Rnxr*’ Q* c Rmxr*7 * e Rr*xr*.
Since » > r* in the factored problem (F;), to match the dimensions, we define the optimal factors U* € R™*",
V* € R™*" for any R € O, as

U* = P*[VE" 0, ()R,
V* = Q* [VE" 0, (s R.

Consequently, with the optimal factors U*, V* defined in (4.22), we can rewrite the optimal condition (4.21) as

(4.22)

VI(X*)V* = —AU*,

VFX*)TU* = -\V*, (4.23)
[VFX) <A
*
Stacking U*, V* as W* = and defining
V*
=x).— | M VX
2(X) = VH(X)T N for all X (4.24)

yield a more concise form of the optimality condition:

E(X*)W* = 0,

V(XM < A (4.25)
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4.4.4 Characterizing the Critical Points of the Factored Program

To begin with, the gradient of g(U, V) can be computed and rearranged as
_vVg(U7 V)
[ VfUVT)V +AU }

Vg(U,V) =

VAUV TU+ AV
- (4.26)
_ N | vfUuv] [U
= [osvr VSV
- U
=Z(UV") {V] :

where the last equality follows from the definition (4.24) of Z(-). Therefore, all critical points of ¢g(U, V) can be

characterized by the following set

X = {(U, V):E(UVT) [g} = 0} .
We will see that any critical point (U, V) € X forms an balanced pair, which is defined as follows:

Definition 4.4.1 (Balanced pairs). We call (U, V) is a balanced pair if the Gram matrices of U and 'V are the same:
U'TU — V'V = 0. All the balanced pairs form the balanced set, denoted by £ = {(U7 V):U'u-V'v = 0} .

By Definition 4.4.1, to show that each critical point forms an balanced pair, we rely on the following fact:

U

wo [y

} W = [_L\T,] with (U,V) e E W W=WTW=UU-V'V=0. (4.27)
Now we are ready to relate the critical points and balanced pairs, the proof of which is given in Appendix C.5.
Proposition 4.4.1. Any critical point (U, V) € X forms a balanced pair in £.

4.4.4.1 The Properties of the Balanced Set

In this part, we introduce some important properties of the balanced set £. These properties basically compare
the on-diagonal-block energy and the off-diagonal-block energy for a certain block matrix. Hence, it is necessary to

introduce two operators defined on block matrices:
P A Apl) _|An O
T\[A21 Ag|) T [0 Ay’
Pos <{A11 A12}) — [ 0 A12}
T\ |A21 A2/ [Aar 0|

for any matrices A1 € Rnxn’ A€ Rnxm, As € R7n><n7 Ay € Rmxm,

(4.28)
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According to the definitions of P, and P,g in (4.28), when P,,, and P.g are acting on the product of two block

matrices W W, ,

Pon (W1 W) = Pon <[U1U2T U1V2TD _ {UlUQT 0 } _ WiWj + W, W5

vViU] V,VvJ] 0 V,V] 2 ’
U,ul VI [ o ViVl WiW] - W, W]
viu; vivy|) T |lviul o | T 2 '

(4.29)

Poit (W1 W3 ) = Pon ([
Here, to simplify the notations, for any U;, Uy € R"*" and V1, V5 € R™*", we define
w8 e (%)
Now, we are ready to present the properties regarding the set £ in Lemma 4.4.1 and Lemma 4.4.2, whose proofs

are given in Appendix C.6 and Appendix C.7, respectively.

T T
Lemma 4.4.1. Let W = [UT VT] with (U, V) € &. Then for every D = {DITJ D\Tf} of proper dimension,

we have

1Pon(DW 1) [[F = [[Port(DW T)][7.

T T
Lemma 4.4.2. Let W, = {UIT v;] LWy = {U; V;] with (U1, V1), (Ua, Va) € E. Then

[Pon(WiW ] = WoW, |5 < [[Po(Wi W[ — Wo Wy )7
4.4.5 Proof Idea: Connecting the Optimality Conditions

First observe that each (U*, V*) in (4.22) is a global optimum for the factored program (we prove this in Ap-
pendix C.8):

Proposition 4.4.2. Any (U*, V*) in (4.22) is a global optimum of the factored program (F1):

g(U*, V*) < g(U,V), forall U e R"*"V € R™*".

However, due to non-convexity, only characterizing the global optima is not enough for the factored program
to achieve the global convergence by many local-search algorithms. One should also eliminate the possibility of
the existence of spurious local minima or degenerate saddles. For this purpose, we focus on the critical point set
X and observe that any critical point (U, V) € X of the factored problem satisfies the first part of the optimality
condition (4.25):

EX)W =0

by constructing W = [UT V|7 and X = UV ", If the critical point (U, V) additionally satisfies | Vf(UV )| <

), then it corresponds to the global optimum X* = UV T,
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Therefore, it remains to study the additional critical points (which are introduced by the parameterization X =
¥(U, V)) that violate |[Vf(UVT)| < A In fact, we intend to show the following: for any critical point (U, V),
if X* # UV, we can find a direction D, in which the Hessian V2g(U, V) has a strictly negative curvature
[V2¢(U,V)]|(D,D) < —7|D||% for some 7 > 0. Hence, every critical point (U, V) either corresponds to the
global optimum X*, or is a strict saddle point.

To gain more intuition, we take a closer look at the directional curvature of g(U, V) in some direction D =
Dy DY

[VZg(U,V)|(D,D) = (Z(X),DD") + [V?f(X)](DyV ' +UDy,,DuyV' 4+ UDy,), (4.30)

where the second term is always nonnegative by the convexity of f. The sign of the first term (Z(X), DD ") depends
on the positive semi-definiteness of Z(X), which is related to the boundedness condition ||V f(X)|| < A through the

Schur complement theorem [115, A.5.5]:

2(X) =0
— A - %Vf(X)TVf(X) =0
— [[VAX) <A

Equivalently, whenever |V f(X)|| > X, we have Z(X) 0. Therefore, for those non-globally optimal critical points
(U, V), it is possible to find a direction D such that the first term (Z(X), DD ") is strictly negative. Inspired by
T
the weighted PCA example, we choose D as the direction from the critical point W = [UT VT} to the nearest
T
globally optimal factor W*R. with W* = [U*T V*T} ,ie.,
D =W - W*R,
where R = arg ming. grr_1, |[W — W*R||r. We will see that with this particular D, the first term of (4.30) will

be strictly negative while the second term retains small.
4.4.6 A Formal Proof of Theorem 4.4.1

The main argument involves choosing D as the direction from W = {UT VT] : to its nearest optimal factor:
D = W — W*R with R = arg ming.ggr—y, |[W — W*R/||p, and showing that the Hessian V?¢(U, V) has a
strictly negative curvature in the direction of D whenever W # W*. To that end, we first introduce the follow-
ing lemma (with its proof in Appendix C.9) connecting the distance |[UV T — X*|r and the distance ||[WW T —

W*W*T)QQ " ||r (where QQ is an orthogonal projector onto the Span(W)).

-
Lemma 4.4.3. Suppose the function f(X) in (P1) is restricted well-conditioned (C). Let W = {UT VT] with

-
(U, V) € X, W* = [U*T V*T] correspond to the global optimum of (P1) and QQT be the orthogonal
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projector onto Range(W). Then

* * 6 -« *
[WWT = W W )QQ[r < 252UV X

Proof of Theorem 4.4.1. Let D = W — W*R with R = arg ming.grv_1, |[W — W*R|| . Then

[V?9(U, V)|(D,D)
= (2(X),DD") + [VZf(X)](DyV" + UDY,,DyV' + UDY,)
(X),WW*T —WWT) + [V2f(X)](DyV' 4+ UDy,,DyV' + UDyY,)
2 (E(X) —EX*),WW*T —WW ") + [V*f(X)|(DyV' +UDy,DyV' +UDy)
I H skt AT Wow T WWT ) (92 £X)) DV T+ UDY DoV T UDY)

= L(')I' Ej ,WAWHT — WWT> + [V2f(X)](DuV' + UDy,,DyV' + UDY,)

1
72/0 [V2f(X* + (X — X*)](X - X*, X — X*)dt + [V2f(X)](DuV' + UDy,,DyV' +UDy)

where @ follows from Vg(U, V) = Z(X)W = 0 and (4.26). For ®@, we note that (Z(X*), W*W*T —WWT) <0
since Z(X*)W* = 0 in (4.25) and Z(X*) = 0 by the optimality condition. In ®, we use

* = (/0 [V2F(X* + (X — X*))(X — X*)dt)

for convenience and then @ follows from the Taylor’s Theorem for vector-valued functions [148, Eq. (2.5) in Theorem

2.1]:

VIX)-VfX") = /0 [V2F(X* + (X — X*))](X — X*)dt.

Now, we continue the argument:

[V?9(U, V)](D, D)

IN

—2 /OI[VQf(X* +HX = X)X - X*, X — X*)dt + [V?f(X)](DyV " + UDy,DyV' +UDy)

—20|X* — X3 + B|Du V' + UDy ||,

—05a[|WW T — WW*T |2+ 23(IDuV 3 + [|lUD3)
~050WWT — WW*T[2 + 3|DWT |2

08—«

B+«

—0.060|WW T — W*W*T |2,

e IN® IN®

INS

2
[0.504 + B/8 +4.20883 ( > ] IWW T — WW*T|%,

IN®
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—0.06cvmin {p?(W), p*(W*) } | D||%, By Lemma 4. 3.2 when r > r*
®
< ¢ —0.049500%*(W*)||D||%, By Lemma 4. 3. 3 when r = r*

—0.06p?(W*)||D||%, When W =0
where @ uses the restricted well-conditionedness (C) since rank(X* + ¢(X — X*)) < 2r, rank(X — X*) < 47 and
rank(Dy V' + UDY,) < 4r. ® comes from Lemma 4.4.2 and the fact [|A + B||% < 2(||A||% + | B||%). ® follows
from Lemma 4.4.1. @ first uses Lemma 4.3.4 to bound |[DW T||2, = ||(W — W*R)W T ||2, since W T W* = 0 and
then uses Lemma 4.4.3 to further bound ||(W* -~ W)QQ ||%. ® holds when 3/a < 1.5. @ uses the similar argument
as in the proof of Theorem 4.3.1 to relate the lifted distance and factored distance. Particularly, three possible cases
are considered: (i) r > r*; (ii) r = r*; (iii)) W = 0. We apply Lemma 4.3.2 to Case (i) and Lemma 4.3.3 to Case (ii).

For the third case that W = 0, we obtain from ® that

[V29(U, V)|(D, D) < —0.06a[W*W*T[[7. < ~0.06ap(W*)*[W* |7 = ~0.06ap(W*)?| D%,

where the last equality follows from D = 0 — W*R = —W*R because W = 0.
The final result follows from the the definition of U*, V* in (4.22):
P*VX'R P*/\V2

W* = - (\/E) R,
QVER| |Q*/V2

which implies op(W*) = /20,(X*). O
4.5 Conclusion

In this work, we considered two popular minimization problems: the minimization of a general convex function
f(X) with the domain being positive semi-definite matrices; the minimization of a general convex function f(X)
regularized by the matrix nuclear norm || X]||.. with the domain being general matrices. To improve the computational
efficiency, we applied the Burer-Monteiro re-parameterization and showed that, as long as the convex function f(X) is
(restricted) well-conditioned, the resulting factored problems have the following properties: each critical point either
corresponds to a global optimum of the original convex programs, or is a strict saddle where the Hessian matrix has a
strictly negative eigenvalue. Such a benign landscape then allows many iterative optimization methods to escape from

all the saddle points and converge to a global optimum with even random initializations.
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CHAPTER 5
GLOBAL OPTIMALITY IN LOW-RANK MATRIX OPTIMIZATION

This work!! considers the minimization of a general objective function f(X) over the set of rectangular n x m
matrices that have rank at most r. To reduce the computational burden, we factorize the variable X into a product of
two smaller matrices and optimize over these two matrices instead of X. Despite the resulting nonconvexity, recent
studies in matrix completion and sensing have shown that the factored problem has no spurious local minima and
obeys the so-called strict saddle property (the function has a directional negative curvature at all critical points but
local minima). We analyze the global geometry for a general and yet well-conditioned objective function f(X) whose
restricted strong convexity and restricted strong smoothness constants are comparable. In particular, we show that the
reformulated objective function has no spurious local minima and obeys the strict saddle property. These geometric
properties imply that a number of iterative optimization algorithms (such as gradient descent) can provably solve the

factored problem with global convergence.
5.1 Introduction

Consider the minimization of a general objective function f(X) over all low-rank n x m matrices:

minimize f(X)

subject to rank(X) < r,

where the objective function f : R™"*™ — R is smooth. Low-rank matrix optimizations of the form (5.1) appear
in a wide variety of applications, including quantum tomography [149, 150], collaborative filtering [117, 151], sensor
localization [118], low-rank matrix recovery from compressive measurements [65, 152], and matrix completion [153,
154]. Due to the rank constraint, however, low-rank matrix optimizations of the form (5.1) are highly nonconvex
and computationally NP-hard in general [155] even if f itself is convex. In order to deal with the rank constraint
and to find a low-rank solution, the nuclear norm is widely used in matrix inverse problems [65, 156] arising in
machine learning [157], signal processing [124], and control [158]. Although nuclear norm minimization enjoys
strong statistical guarantees [153], its computational complexity is very high (as most algorithms require performing
an expensive singular value decomposition (SVD) in each iteration), prohibiting it from scaling to practical problems.

To relieve the computational bottleneck and provide an alternative way of dealing with the rank constraint, recent
studies propose to factorize the variable into the Burer-Monteiro type decomposition [119,159] with X = UV ", and

optimize over the n x r and m X r matrices U and V. With this parameterization of X, we can recast (5.1) into the

"'This is a joint work with Zhihui Zhu, Gongguo Tang and Michael B. Wakin [8].
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following program:

minimize (U, V) := f(UV"). (5.2)
UER"XT,VERWI’XT

The bilinear nature of the parameterization renders the objective function of (5.2) nonconvex even when f(X) is a con-
vex function. Hence, the objective function in (5.2) can potentially have spurious local minima (i.e., local minimizers
that are not global minimizers) or “bad” saddle points that prevent a number of iterative algorithms from converging
to the global solution. By analyzing the landscape of nonconvex functions, several recent works have shown that the
factored objective function A(U, V) in certain matrix inverse problems has no spurious local minima [100, 106, 125].

We generalize this line of work by focusing on a general objective function f(X) in the optimization (5.1), not
necessarily a quadratic loss function coming from a matrix inverse problem. By focusing on a general objective func-
tion, we attempt to provide a unifying framework for low-rank matrix optimizations with the factorization approach.
We provide a geometric analysis for the factored program (5.2) and show that, under certain conditions on f(X),
all critical points of the objective function h(U, V) are well-behaved. Our characterization of the geometry of the

objective function ensures that a number of iterative optimization algorithms converge to a global minimum.
5.1.1 Summary of Results

The purpose of this work is to analyze the geometry of the factored problem A(U, V) in (5.2). In particular, we at-
tempt to understand the behavior of all of the critical points of the objective function in the reformulated problem (5.2).
Before presenting our main results, we lay out the necessary assumptions on the objective function f(X). As is
known, without any assumptions on the problem, even minimizing traditional quadratic objective functions is chal-
lenging. For this purpose, we focus on the model where f(X) is (2r, 4r)-restricted strongly convex and smooth, i.e.,

for any n x m matrices X, G with rank(X) < 2r and rank(G) < 4r, the Hessian of f(X) satisfies

|G| < V2 F(X))(G,G) < 8Gl5 (5.3)

for some positive o and 8. A similar assumption is also utilized in [109, Conditions 5.3 and 5.4]. With this assumption

on f(X), we summarize our main results in the following informal theorem.

Theorem 5.1.1. (informal) Suppose the function f(X) satisfies the (2r, 4r)-restricted strong convexity and smoothness
condition (5.3) and has a critical point X* € R™ ™ with rank(X*) = r* < r. Then the factored objective function
h(U, V) (with an additional regularizer, see Theorem 5.3.1) in (5.2) has no spurious local minima and obeys the strict

saddle property (see Definition 5.2.3 in Section 5.2).

Remark 5.1.1. As guaranteed by Proposition 5.3.1 (in Section 5.3), the (2r,4r)-restricted strong convexity and

smoothness property (5.3) ensures that X* is the unique global minimum of (5.1). Theorem 5.1.1 then implies
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that we can recover the rank-r* global minimizer X* of (5.1) by many iterative algorithms (such as the trust re-
gion method [160] and stochastic gradient descent [114]) even from a random initialization. This is because 1) as
guaranteed by Theorem 5.2.1, the strict saddle property ensures local search algorithms converge to a local minimum,

and 2) there are no spurious local minima.

Remark 5.1.2. Since our main result only requires the (2r, 4r)-restricted strong convexity and smoothness prop-
erty (5.3), aside from low-rank matrix recovery [156], it can also be applied to many other low-rank matrix opti-
mization problems [161] which do not necessarily involve quadratic loss functions. Typical examples include robust

PCA [162,163], 1-bit matrix completion [132, 164] and Poisson principal component analysis (PCA) [165].

Remark 5.1.3. Similar results on positive semi-definite (PSD) matrix optimization problems (but without the rank
constraint) with generic objective functions were obtained in [6]. We note that one cannot directly apply the results
in [6] to the optimization (5.1) when the matrices under consideration are nonsymmetric or rectangular, even if we
ignore the rank constraint. One could attempt to convert minimizing f(X) over general n x m matrices into minimizing
q(Z) over the cone of PSD matrices of size (m + n) x (m +n), where X and X " form the upper right and lower left
blocks of Z. The problem with this transformation, however, is that ¢(Z) will no longer satisfy the same properties as
f(X), in particular the restricted strong convexity and smoothness condition (5.3) which is a key assumption utilized
in [6]. For this reason, one cannot apply the results for the PSD optimization in [6] directly to our problem. In terms
of the proof techniques, although the generalization from the PSD case might not seem technically challenging at first
sight, quite a few technical difficulties had to be overcome to develop the theory for the general case in this work. In

fact, the non-triviality of extending to the nonsymmetric case is also highlighted in [102, 106].
5.1.2 Related Works

Compared with the original program (5.1), the factored form (5.2) typically involves many fewer variables (or
variables with much smaller size) and can be efficiently solved by simple but powerful methods (such as gradient
descent [113, 114], the trust region method [97], and alternating methods [166]) for large-scale settings, though it is
nonconvex. In recent years, tremendous effort has been devoted to analyzing nonconvex optimizations by exploiting
the geometry of the corresponding objective functions. These works can be separated into two types based on whether
the geometry is analysed locally or globally. One type of work analyzes the behavior of the objective function in a
small neighborhood containing the global optimum and requires a good initialization that is close enough to a global
minimum. Problems such as phase retrieval [167], matrix sensing [102], and semi-definite optimization [103] have
been studied.

Another type of work attempts to analyze the landscape of the objective function and show that it obeys the strict
saddle property. If this particular property holds, then simple algorithms such as gradient descent and the trust re-

gion method are guaranteed to converge to a local minimum from a random initialization [113, 114, 168] rather than
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requiring a good guess. We approach low-rank matrix optimization with general objective functions (5.1) via a sim-
ilar geometric characterization. Similar geometric results are known for a number of problems including complete
dictionary learning [168], phase retrieval [160], orthogonal tensor decomposition [114], and matrix inverse prob-
lems [6, 100, 125]. Empirical evidence also supports using the factorization approach for estimating a low-rank PSD
matrix from a set of rank-one measurements corrupted by arbitrary outliers [120] and for recovering a dynamically
evolving low-rank matrix from incomplete observations [102, 169].

Our work is most closely related to certain recent works in low-rank matrix optimization. Bhojanapalli et al. [125]
showed that the low-rank, PSD matrix sensing problem has no spurious local minima and obeys the strict saddle
property. Similar results were exploited for PSD matrix completion [100], PSD matrix factorization [104] and low-
rank, PSD matrix optimization problems with generic objective functions [6]. Our work extends this line of analysis
to general low-rank matrix (not necessary PSD or even square) optimization problems. Another closely related work
considers the low-rank, non-square matrix sensing problem and matrix completion with the factorization approach [93,
101, 106]. We note that our general objective function framework includes the low-rank matrix sensing problem as
a special case (see Section 5.3.3). Furthermore, our result covers both over-parameterization where » > r* and
exact parameterization where » = r*. Wang et al. [109] also considered the factored low-rank matrix minimization
problem with a general objective function which satisfies the restricted strong convexity and smoothness condition.
Their algorithms require good initializations for global convergence since they characterized only the local landscapes
around the global optima. By categorizing the behavior of all the critical points, our work differs from [109] in that
we instead characterize the global landscape of the factored objective function.

This chapter continues in Section 5.2 with formal definitions for strict saddles and the strict saddle property. We
present the main results and their implications in matrix sensing, weighted low-rank approximation, and 1-bit matrix

completion in Section 5.3. The proof of our main results is given in Section 5.4. We conclude the chapter in Section 5.6.

5.2 Preliminaries

5.2.1 Notation

To begin, we first briefly introduce some notation used throughout the chapter. The symbols I and O respectively
represent the identity matrix and zero matrix with appropriate sizes. The set of r x r orthonormal matrices is denoted
by O, := {R € R™" : RTR = I}. If a function 2(U, V) has two arguments, U € R"*" and V € R™*",

we occasionally use the notation h(W) when we put these two arguments into a new one as W = . For a
Y

scalar function f(Z) with a matrix variable Z € R™*™, its gradient is an n X m matrix whose (i, j)-th entry is

Vf(Z));; = aafZ(iZj) forall i € [n],j € [m]. Here [n] = {1,2,...,n} for any n € N and Z,; is the (¢, j)-th entry of

*f(2)
82182;‘

the matrix Z. The Hessian of f(Z) can be viewed as an nm x nm matrix [V? f(Z)];; = foralli,j € [nm],
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where z; is the i-th entry of the vectorization of Z. An alternative way to represent the Hessian is by a bilinear form

defined via [V2f(Z)](A,B) = > ik %AUBM for any A, B € R™*™. The bilinear form for the Hessian is

widely utilized through the chapter.
5.2.2 Strict Saddle Property

Suppose h : R™ — R is a twice continuously differentiable objective function. We begin with the notion of strict

saddles and the strict saddle property.
Definition 5.2.1 (Critical points). We say x a critical point if the gradient at x vanishes, i.e., Vh(x) = 0.

Definition 5.2.2 (Strict saddles). A critical point x is a strict saddle if the Hessian matrix evaluated at this point has

a strictly negative eigenvalue, i.e., Amin(V?h(x)) < 0.

Definition 5.2.3 (Strict saddle property [114]). A twice differentiable function satisfies the strict saddle property if

each critical point either corresponds to a local minimum or is a strict saddle.

Intuitively, the strict saddle property requires a function to have a directional negative curvature at all critical points
but local minima. This property allows a number of iterative algorithms such as noisy gradient descent [114] and the
trust region method [170] to further decrease the function value at all the strict saddles and thus converge to a local

minimum.

Theorem 5.2.1. [97, 113, 114] (informal) For a twice continuously differentiable objective function satisfying the
strict saddle property, a number of iterative optimization algorithms (such as gradient descent and the the trust region

method) can find a local minimum.

5.3 Problem Formulation and Main Results

5.3.1 Problem Formulation

This work considers the problem (5.1) of minimizing a general function f(X) (over the set of low-rank matrices)
which is assumed to have a low-rank critical point X* with rank(X*) = r* < r such that V f(X*) = 0. Because
of the restricted strong convexity and smoothness condition (5.3), the following result establishes that if f(X) has a

critical point X* with rank(X*) < r, then it is the unique global minimum of (5.1).

Proposition 5.3.1. Suppose f(X) satisfies the (2r,4r)-restricted strong convexity and smoothness condition (5.3)
with positive o and 3. Assume X* is a critical point of f(X) with rank(X*) = r* < r. Then X* is the global

minimum of (5.1), i.e.,
f(X*) < f(X), VX e R"™ rank(X) < r

and the equality holds only at X = X*.
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Proof of Proposition 5.3.1. First note that if X* is a critical point of f(X), then
Vf(X*)=0.

Now for any X € R™*™ with rank(X) < r, the second order Taylor expansion gives

FX) =f(X*) + (VF(X*), X - X*) + %[VQf(f()](X —X* X — X*),

where X = tX* + (1 — t)X for some ¢ € [0, 1]. This Taylor expansion together with V f(X*) = 0 and (5.3) (both X
and X’ — X* have rank at most 2r) gives

1 ~
LIV AKX - XX - X)
o

X X

fX) = F(X*) =

v

O

With this, in the sequel, we use X* to denote the global minimum of (5.1) (i.e., the low-rank critical point of
f(X)), unless stated otherwise. We note that the assumption of the existence of a low-rank critical point X* is very
mild and holds in many matrix inverse problems [65, 153], where the unknown matrix to be recovered is a critical
point of f. We factorize the variable X = UV T with U € R"*" 'V € R™*" and transform (5.1) into its factored

counterpart (5.2). Throughout the chapter, X, W and W are matrices depending on U and V:

W = [g]vsz [Iﬂ X =UV".
Although the new variable W has much smaller size than X when r < min{n, m}, the objective function in the
factored problem (5.2) may have a much more complicated landscape due to the bilinear form about U and V. The
reformulated objective function h(U, V) could introduce spurious local minima or degenerate saddle points even
when f(X) is convex. Our goal is to guarantee that this does not happen.

Let X* = QU*E*Q\T,* denote an SVD of X*, where Qu+ € R™*" and Qv+ € R™*" are orthonormal matrices

of appropriate sizes, and X* € R"*" is a diagonal matrix with non-negative diagonal (but with some zeros on the

diagonal if r > r* = rank(X*)). We denote
U*=Qu-=*'%, V' =Qy.=*/?

where X* = U*V*T forms a balanced factorization of X* since U* and V* have the same singular values. Through-

out the chapter, we utilize the following two ways to stack U* and V* together:

* U XA* U
W—[V*, we=| 5.
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Before moving on, we note that for any solution (U, V) to (5.2), (U¥, V®) is also a solution to (5.2) for any
¥, & c R"™" such that U¥P 'V = UV In order to address this ambiguity (i.e., to reduce the search space of

W for (5.2)), we utilize the trick in [102, 106, 109] by introducing a regularizer

o0 V) =L uTu VTV 54

and solving the following problem

poinimize  p(U.V) = f(UVT) +9(U.V). e

where ¢ > 0 controls the weight for the term ||UTU — VTVH?, which will be discussed soon.

We remark that W* is still a global minimizer of the factored problem (5.5) since f(X) achieves its global min-
imum over the low-rank set of matrices at X* and g(W) also achieves its global minimum at W*. The regularizer
g(W) is applied to force the difference between the two Gram matrices of U and V to be as small as possible. The
global minimum of g(W) is 0, which is achieved when U and V have the same Gram matrices, i.e., when W belongs
to

£:= {W = {g] U'u-VvViv= 0} . (5.6)

Informally, we can view (5.5) as finding a point from £ that also minimizes f(UV ). This is formally established in

Theorem 5.3.1.
5.3.2 Main Results

Our main argument is that, under certain conditions on f(X), the objective function p(W') has no spurious local
minima and satisfies the strict saddle property. This is equivalent to categorizing all the critical points into two types:
1) the global minima which correspond to the global solution of the original convex problem (5.1) and 2) strict saddles
such that the Hessian matrix V2p(W) evaluated at these points has a strictly negative eigenvalue. We formally

establish this in the following theorem, whose proof is given in the next section.

U
Theorem 5.3.1. For any p > 0, each critical point W = of p(W) defined in (5.5) satisfies
A%

u'u-viv=o. (5.7)

Furthermore, suppose that the function f(X) satisfies the (2r, 4r)-restricted strong convexity and smoothness con-
dition (5.3) with positive constants o and [ satisfying g < 1.5 and that the function f(X) has a critical point

X* € R™™™ with rank(X*) = r* < r. Set u < {% for the factored problem (5.5). Then p(W) has no spurious local
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minima, i.e., any local minimum of p(W) is a global minimum corresponding to the global solution of the original
problem (5.1): UV = X*. In addition, p(W) obeys the strict saddle property that any critical point not being a

local minimum is a strict saddle with

—0.08a0, (X*), r=r*
min P << —0.05¢ - min {07 s 20, , T>T (5.8)
Amin (V2 (po(W 0.0 in {02, (W X* * 5.8
—0.1ao,+ (X*), r¢ =0,

where r¢ < 1 is the rank of W, Amin(+) represents the smallest eigenvalue, and oy(-) denotes the (-th largest singular

value.

Remark 5.3.1. Equation (5.7) shows that any critical point W belongs to £ for the objective function in the factored
problem (5.5) with any positive 1. This demonstrates the reason for adding the regularizer g(U, V). Thus, any iterative
optimization algorithm converging to some critical point of p(W) results in a solution within £. Furthermore, the strict
saddle property along with the lack of spurious local minima ensures that a number of iterative optimization algorithms

find the global minimum.

Remark 5.3.2. For any critical point W € R("*+™) %" that is not a local minimum, the right hand side of (5.8) is strictly
negative, implying that W is a strict saddle. We also note that Theorem 5.3.1 not only covers exact parameterization
where r = r*, but also includes the over-parameterization case where r > r*.

1
16

Remark 5.3.3. The constants appearing in Theorem 5.3.1 are not optimized. We use p < -z« simply to include
W= % which is utilized for the matrix sensing problem in [102]. If the ratio between the restricted strong convexity
and smoothness constants g < 1.4, then we can show that p(W) has no spurious local minima and obeys the strict
saddle property for any p < ia (where p = i is utilized for the matrix sensing problem in [106]). In all cases, a
smaller u yields a more negative constant in (5.8); see Section 5.4 for more discussion on this. This implies that when
the restricted strong convexity constant « is not provided a priori, one can always choose a small x to ensure the strict
saddle property holds, and hence guarantee the global convergence of many iterative optimization algorithms.

The constant 1.5 for the dynamic range g in Theorem 5.3.1 is also not optimized and it is possible to slightly
relax this constraint with more sophisticated analysis. However, the following example involving weighted symmetric

matrix factorization implies that the room for improving this constant is rather limited. Let

{vl—i-a 1 }
Q:
1 1+4+a

for some a > 0,

1 1 T
X* = ,and U = .
[1 1} M
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Now consider the following weighted low-rank matrix factorization:

1—|—a(x2_1)2+1+a

1
h(U) = 520 (UUT - X))} = — :

(> = 1)° + (xy —1)?, (5.9)

whose gradient VA (U) and Hessian V2h(U) are given by:

_ o, [la+1) (2 = 1)z +y(ay — 1)
Vh(U) =2 [(a +1) (¥ -1)y+ az{(ajz - 1)} 7

and
2 2
2 o[+ (322 —1) (a+1) 2y — 1
Vh(U)_Z{ 2zy — 1 2?4+ 3y —1) (a+1)|°
Then,
\/ ai2
U= N ra
a+2
is a critical point with
da + 8 _ 8 _
v2h(U): |: a—i_sa—i-Z 6 a+28 6 :|,
a2~ da+ 345 —6
which has eigenvalues
N 4(a—2)(a+1) | <0, a€]o0,2),
' a+ 2 >0, a>2,

and Ay = 4a > 0. We conclude that this U is a strict saddle point when a¢ < 2 and a spurious local minimum
when a > 2. This weighted symmetric matrix factorization problem (5.9) satisfies the restricted strong convexity
and smoothness condition (5.3) with constants o = [|2]|2,, = 1 and 8 = |2, = 1 + a (where ||| min and

||€2]|max represent the smallest and largest entries in €2; see Section 5.3.3). Thus, we have a counter example which

demonstrates the existence of spurious local minima when g > 3.

Remark 5.3.4. We finally remark that although Theorem 5.3.1 requires the additional regularizer (5.4), empirical
evidence (see experiments in Section 5.5) shows we can get rid of this regularizer for many iterative algorithms with

random initialization.

We prove Theorem 5.3.1 in Section 5.4. Before proceeding, we present two stylized applications of Theorem 5.3.1

in matrix sensing and weighted low-rank approximation.

5.3.3 Stylized Applications
5.3.3.1 Matrix Sensing

We first consider the implication of Theorem 5.3.1 in the matrix sensing problem where
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FO0) = 5 A X - X3,

Here A : R"*™ — RP is a known measurement operator satisfying the following restricted isometry property.

Definition 5.3.1. (Restricted Isometry Property (RIP) [65]) The map A : R™*™ — RP satisfies the r-RIP with

constant §,. if

(1=8) X7 < AKX < (1+6,) IX1 7 (5.10)

holds for any n x m matrix X with rank(X) < r.
Note that, in this case, the gradient of f(X) at X* is
VAX*) = A"AX* - X¥) =0,

which implies that X* is a critical point of f(X). The Hessian quadrature form V2 f(X)[Y, Y] for any n x m matrices

X and Y is given by
VXY, Y] =AY

If A satisfies the 4r-restricted isometry property with constant d4,., then f(X) satisfies the (2r, 4r)-restricted strong

convexity and smoothness condition (5.3) with constants « = 1 — d4, and 8 = 1 — dy,. since

2 2 2
(1= 0a) Y[ < TAMYI™ < (1 +0ar) [ Y[

for any rank-4r matrix Y. Now, applying Theorem 5.3.1, we can characterize the geometry for the following matrix

sensing problem with the factorization approach:

1 2
inimize  — || AUV’ — X* U,V 5.11
pomninze LAV X+ o0, ) @1
where g(U, V) is the added regularizer defined in (5.4).

1

1 1—84,
5’

Corollary 5.3.1. Suppose A satisfies the 4r-RIP with constant 64, < and set . < =g, Then the objective

function in (5.11) has no spurious local minima and satisfies the strict saddle property.

This result follows directly from Theorem 5.3.1 by noting that g = }f—g;‘f < 1.5i0f 0y < % We remark that
Park et al. [106, Theorem 4.3] provided a similar geometric result for (5.11). Compared to their result which requires

Oar < our result has a much weaker requirement on the RIP of the measurement operator.

1
100°
5.3.3.2 Weighted Low-Rank Matrix Factorization

We now consider the implication of Theorem 5.3.1 in the weighted matrix factorization problem [130], where
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FOX) = 920 (X X2

Here € is an n x m weight matrix consisting of positive elements and o denotes the point-wise product between two

matrices. In this case, the gradient of f(X) at X* is
V/(X*) = R0 Qo (X —X) =0,

which implies that X* is a critical point of f(X). The Hessian quadrature form V2 f(X)[Y, Y] for any n x m matrices

X and Y is given by
VXY, Y] = [[Qc Y%

Thus f(X) satisfies the (2r,4r)-restricted strong convexity and smoothness condition (5.3) with constants o =

|€2]|2,;,, and B = ||£2]|2,,. since

min max

2 2 2 2 2
12 i 1Y N7 < 1820 Y < (1205 1Yz

min max

where ||| min and ||€2]|max represent the smallest and largest entries in €2, respectively. Now we consider the follow-
ing weighted matrix factorization problem:

1 2
inimi Qo (UVT —X* U,V 5.12
UGE{EPB,I\I}EZEWQ|\ o [ +9(0, V), (5.12)

where g(U, V) is the added regularizer defined in (5.4). For an arbitrary weight matrix €2, it is proven that the weighted
low-rank factorization can be NP-hard [131] and has spurious local minima. When the elements in the weight matrix
) are concentrated, it is expected that (5.12) can be efficiently solved by a number of iterative optimization algorithms
as it is close to an (unweighted) matrix factorization problem (where €2 is a matrix of ones) which obeys the strict
saddle property [104]. The following result characterizes the geometric structure in the objection function of (5.12) by

directly applying Theorem 5.3.1.

Corollary 5.3.2. Suppose S satisfies % < 1.5, Setp < % Then the objective function in (5.12) has no

€20 5in

spurious local minima and satisfies the strict saddle property.
5.3.3.3 1-bit Matrix Completion

Finally, we consider the problem of completing a low-rank matrix from a subset of 1-bit measurements [132].

Given X° € R™*™, a subset of indices 2 C [m] X [n], and a differentiable function ¢ : R — [0, 1], we observe

v { +1  with probability ¢(X7;),
UV |

—1  with probability 1 — ¢(X7,), (5-13)
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for all (4,5) € Q. Typical choices for ¢ include the logistic regression model where ¢(z) = 11% and the probit
regression model where ¢(z) = 1 — ®(—z/0) = ®(x/0). Here ® is the cumulative distribution function (CDF) of
a mean-zero Gaussian distribution with variance o2. In [132], the authors attempt to recover X from the incomplete

nonlinear measurements {Y;;}(; j)eq by minimizing the negative log-likelihood function

Foy(X) =~ Z (Lev,,=1) 1og(q(Xi ;) + Ly, =—1) log(1 — ¢(Xi5)))
(1,7)EQ

which results in a maximum likelihood (ML) estimate.
We note that Fy y is a convex function for both the logistic model and the probit model. The following result
also establishes that Fy, v satisfies the restricted strong convexity and smoothness condition if we observe full 1-bit

measurements, i.e., Q = [n] X [m].

Lemma 5.3.1. Suppose Q2 = [n] x [m]. Let

0,4 = min min
|z <y

((q’(ﬂc))2 —q(@)q"(x) (¢'(x))*+ (1 - Q(w))(J”(fﬂ)>
q*(x) ’ (1—q(x))?

and

B¢,y = max max
| <~y

((61’(96))2 —q(z)q"(x) (¢'(z))*+ (1 Q(w))q”($)>
q*(x) ’ (1—q(x))? '

Then Fq vy satisfies the restricted strong convexity and smoothness condition:
O‘q,'v”G”?J < [V2FQ,Y(X)](GvG) < 5(1-,'7”(}”%
Sforany G € R™*™ and || X||s < 7.

The proof of Lemma 5.3.1 is given in Appendix D.1. Now we consider the logistic regression model where

e

q(x) = 1+ez .

el)
Ttew

Corollary 5.3.3. Suppose 2 = [n] x [m] and v < 1.3. Consider the logistic regression model where q(x) =

Then Fq vy satisfies the restricted strong convexity and smoothness condition with

Bary < 1.5.
gy

Proof of Corollary 5.3.3. Applying Lemma 5.3.1 with direct calculation gives

/ e'Y
gy =4 (7) = ma
e 1
o =IO R T
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where ¢'(z) = ﬁ Now if we restrict || X||o < 1.3, we have

1.3
P _y € <15.

Qg (1+el3)2 —

O

Under the assumption that X° is low-rank, a nuclear norm constraint is utilized in [132] to force a low-rank
solution. Corollary 5.3.3 implies that we can apply matrix factorization for 1-bit matrix recovery given that the
elements of X are bounded.  For the setting where ) is only a subset of [n] x [m], [171] considered the 1-bit
matrix completion problem with the rank constraint and established a stronger statistical recovery guarantee than that
in [132]. Empirical evidence (see [171] and Section 5.5.3) supports that matrix factorization also works for 1-bit

matrix completion.
5.4 Proof of Theorem 5.3.1

In this section, we provide a formal proof of Theorem 5.3.1. The main argument involves showing that each critical
point of p(W) either corresponds to the global solution of (5.1) or is a strict saddle whose Hessian VZp(W) has a
strictly negative eigenvalue. Specifically, we show that W is a strict saddle by arguing that the Hessian V2p(W) has
a strictly negative curvature along A := W — W*R, i.e., [VZp(W)](A,A) < —7||A||% for some 7 > 0. Here R

is an r x r orthonormal matrix such that the distance between W and W™ rotated through R is as small as possible.
5.4.1 Supporting Results

We first present some useful results. The (2r,4r)-restricted strong convexity and smoothness assumption (5.3)

implies the following isometry property, whose proof is given in Appendix D.2.
Proposition 5.4.1. Suppose the function f(X) satisfies the (2r, 4r)-restricted strong convexity and smoothness con-

dition (5.3) with positive o and 5. Then for any n x m matrices Z, G, H of rank at most 2r, we have

2
a+p

b —«
1Glp IH| -

[V H@)GH) (G, H)| < 5

The following result provides an upper bound on the energy of the difference WW T — W*W*T when projected

onto the column space of W. Its proof is given in Appendix D.3.

Lemma 5.4.1. Suppose f(X) satisfies the (2r,4r)-restricted strong convexity and smoothness condition (5.3). For
any critical point W of (5.5), let Pyy € R™T)X(m40) be the orthogonal projector onto the column space of W.

Then

[(WWT — W*W* )Py || < 2?% X — X
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We remark that Lemma 5.4.1 is a variant of [106, Lemma 3.2]. While the result there requires the 47-RIP condition
of the objective function, our result depends on the (2r, 4r)-restricted strong convexity and smoothness condition. Our
result is also slightly tighter than [106, Lemma 3.2].

In addition, for any matrices C, D € R™*", the following result relates the distance between CCT and DDT to

the distance between C and D.
Lemma 5.4.2. For any matrices C,D € R"*" with ranks ry and ry, respectively, let R = arg ming,.o [|C —

DR/||r. Then

r2

|cCT - DDT|2/|C — DR|% > max {2(@ —1)02(D), min {02 (C), o2 (D)}} .

If C = 0, then we have

T T2 2 2
HCC —DD HF > o,,(D)||C - DRJ%.
We present one more useful result in the following Lemma.

Lemma 5.4.3. [6, Lemma 5] For any matrices C,D € R"*", let Pc be the orthogonal projector onto the range of

C. Let R = arg ming, .o _||C — DR/||. Then

_
2(v/2 1)

Finally, we provide the gradient and Hessian expressions for p(W). The gradient of p(W) is given by

1
IC(C-DR)" ||} < sllcc’ —DDE + (3 + )l(CC’ —DD")Pc|%.

Vup(U,V) =V (X)V+pUU'U-V'V),
Vvp(U,V)=VfX)'U-puVU'U-V'V).

A
Standard computations give the the Hessian quadrature form [VZp(W)](A, A) for any A = Y| where Ay €
Ay

RHXT’AV e RTHXT:

[V2p(W)I(A,A) = [V’ f(X)|(AuV + UAY, AuV' + UAY)
+2(Vf(X), AuAy) + [VZg(W)](A, A),

where

o~ ~T ~ ~T o~~~
[V2Zg(W)I(A,A) = ) WTW, A A) + (WA AW T) + n(WWT, AAT).
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5.4.2 The Formal Proof

Proof of Theorem 5.3.1. Any critical point W of p(W) satisfies Vp(W) = 0, i.e.,

VHX)V+uU(UTU-VTV) =0, (5.14)
VIX)'U—pV(UTU-VTV)=0. (5.15)

By (5.15), we obtain
U'VIX)=p(UTU-VTV)VT.
Multiplying (5.14) by UT and plugging in the expression for UV f(X) from the above equation VT gives
UTU-Vv'V)VIiV4+U'UU'U-V'V)=0,
which further implies
U'uu'u=v'vv'v.

Note that UTU and VTV are the principal square roots (i.e., PSD square roots) of UTUUTU and VI VV TV,

respectively. Utilizing the result that a PSD matrix has a unique principal square root [172], we obtain

U'u=Vv'v. (5.16)

Thus, we can simplify (5.14) and (5.15) by
Vup(U,V) = Vf(X)V =0, (5.17)
Vvp(U,V)=VfX)TU = 0. (5.18)

Now we turn to prove the strict saddle property and that there are no spurious local minima.
First, note that as guaranteed by Proposition 5.3.1, X* is the unique n x m matrix with rank at most r. Also the
gradient of f(X) vanishes at X* since (5.1) is an unconstraint optimization problem. Denote the set of critical points

of p(W) by

C = {W € ROHMXT . (W) = 0} .
We separate C into two subsets:
C:=Cn {W e RFmxr . gy T = X*} ,

Cy:=CnN {W e ROvmxr . gy T 2 X*},
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satisfying C = C; U Cy. Since any critical point W satisfies (5.16), g(W) achieves its global minimum at W. Also
f(X) achieves its global minimum at X*. We conclude that W is the globally optimal solution of p for any W € C;.
If we show that any W € (s is a strict saddle, then we prove that there are no spurious local minima as well as the
strict saddle property. Thus, the remaining part is to show that Cs is the set of strict saddles.

To show that Cs is the set of strict saddles, it is sufficient to find a direction A along which the Hessian has a
strictly negative curvature for each of these points. We construct A = W — W*R, the difference from W to its

nearest global factor W*, where
R = arg min |[W — W*R/|| ..
R/ €O,
Such A satisfies A # 0 since X # X* implying WW T # W*W* T Then we evaluate the Hessian bilinear form

along the direction A:

[VZp(W)](A,A) = 2(Vf(X), AuAy)
I
VXAV + UAY, AuVT + UAY) 44 (WA, AWT) 4 (WW T, AAT).

I JIEY Iy

(5.19)

The following result (which is proved in Appendix D.5) states that I1; is strictly negative, while the remaining terms

are relatively small, though they may be nonnegative:

M < —a|X=X5, I < f[WAT|E, 520,
5 < [WAT[3, I <2 X - X*|3.
Now, substituting (5.20) into (5.19) gives
[VZp(W)](A, A) = 201y + Ty + pulls + plly

< 20X = X*|} 4+ (B+ ) - [[WAT |3 + 2| X — X*|17

(%) 2 1 2 b —« 2 (5.21)

< (20 +2u) [ X =XM%+ (B+u) (= +(12+ HIxX - x* :

< (—2a+2u) || |7+ (B u)(2 ( ﬁ—l)(6+a) )l 17

(ii

)
< —0.2a X = X*|%,

where (%) utilizes Lemmas 5.4.1 and 5.4.3, (4) utilizes the following inequality (which is proved in Appendix D.6)

[WWT - W*W*|7 <4X - X2, (5.22)

and (47) holds because g < 15and p < {5 Thus, if X # X*, [V2p(X)] (A, A) is always negative. This implies
that W is a strict saddle.

To complete the proof, we utilize Lemma 5.4.2 to further bound the last term in (5.21):
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[V2p(W))(A, A) < ~0.05a| WW T — W*W*T |3

2AVI- DR (W), =i,
< —0.05||A|% { min {o62.(W),02.(W*)}, r>r%,
0'72* (W*), Te = 07

where 7¢ is the rank of W, the fist inequality utilizes (5.22), and the second inequality follows from Lemma 5.4.2. We

complete the proof of Theorem 5.3.1 by noting that o7 (W*) = 20,(X*) forall £ € {1,...,r*} since

. Qu.-=*'/? _ |Qu+/V2 w1/2
W - QV*Z*1/2 - QV*/\/i (\/52 ) I
is an SVD of W*, where we recall that X* = Qu-+ E*Q\T,* is an SVD of X*. O

Remark 5.4.1. From (5.21), we observe that a smaller i yields a more negative bound on [V2 p(X)] (A, A). This
can be explained intuitively as follows. First note that any critical point W satisfies (5.16) provided p > 0, no matter

how large or small y is. The Hessian information about g(W) is represented by the terms II3 and I14. We have

M+ 10, = (WA, AWT> + <W\7&7T,AAT>

{
_ <WTA, ATW> + <\/7\VTA7V/\7TA>
- <vaTA, WTA + ATVAV>

0

)
where the last line holds since for any X r matrix A,

T\ _ T T 1 _ AT T
(AL A+AT) = (A+ATA+A )+ (A-ATA+AT)

1
2
Sla+aT[; =0

Thus the Hessian of p evaluated at any critical point W is a PSD matrix'? instead of having a negative eigenvalue. In
low-rank, PSD matrix optimization problems, the corresponding objective function (without any regularizer such as
g(W)) is proved to have the strict saddle property [6, 125]. Therefore, h(W) is also expected to have the strict saddle
property, and so is p(W) when g is small, i.e., the Hessian of g(W) has little influence on the Hessian of p(W') when
v is small. Our results also indicate that when the restricted strict convexity constant « is not provided a priori, we can
always choose a small p to ensure the strict saddle property of p(W) is met, and hence we are guaranteed the global

convergence of a number of local search algorithms applied to (5.5).

12This can also be observed since any critical point W is a global minimum point of p(W), which directly indicates that V2p(W) > 0.
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5.5 Experiments

In this section, we present a set of experiments on matrix sensing, matrix completion, and 1-bit matrix completion
to demonstrate the performance of iterative algorithms for low-rank matrix optimization. Unless noted otherwise,
we denote the matrix factorization approach by NVX and use the minFunc package'® to perform the local search

algorithms for the factored problem.
5.5.1 Matrix Sensing

We first present some experiments to illustrate the performance of local search algorithms for the matrix sensing
problem with the factorization approach (5.11). In these experiments, we set n = 50, m = 50 and vary the rank r from
1 to 19. We generate a rank-r n x m random matrix X* by setting X* = UV where U and V are respectively n X r
and m x r matrixes of normally distributed random numbers. We then obtain p random measurements y = A(X*)
with

yi = (X, Y5),

where the entries of each n x m matrix Y; are independent and identically distributed (i.i.d.) normal random variables
with zero mean and variance % fori € {1,2,...p}. For each pair of r and the number of measurements, 10 Monte
Carlo trials are carried out and for each trial, and we claim matrix recovery to be successful if the relative reconstruction

error satisfies

X — X||r
[1X* ]|

<1074,
where we denote by X the reconstructed matrix. Figure 5.1 displays the phase transition for factorized gradient descent
starting from a random initialization, the singular value projection (SVP) method proposed in [173] which requires a
SVD in each iteration, and the convex approach which solves
minimize || X]|.
X (5.23)
subject to y = A(X).
We see that there are only negligible differences between the different approaches for matrix sensing; these approaches
also have very similar performance guarantees when the Gaussian sensing operator A satisfies the RIP [156]. We note
that with or without the regularizer g as defined in (5.4), local search algorithms have similar performance with random

initialization. Hence, throughout all of the experiments, we simply discard the regularizer g, but we stress that identical

performance is observed if we have this regularizer g.

B3Software available at
https://www.cs.ubc.ca/~schmidtm/Software/minFunc.html
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The previous experiments suppose that r is known for SVP and the matrix factorization approach. We note,
however, that our result in Theorem 5.3.1 also covers the over-parameterization case where r > r*. To illustrate
the possible influence of over-parameterization, we generate a rank-r* random matrix X* € R™*™ with r* = 4 and
n = m = 50 and obtain p = 4 Rn random measurements (so that the measurement operator .4 satisfies the RIP of rank
R), where R = 7. We then solve the matrix factorization problem'* with » = 4,5, 6,7 and display the corresponding
convergence results in Figure 5.2. As can been seen, the matrix factorization approach converges to the target matrix
X* in both the exact-parameterization and over-parameterization cases. However, we also observe that it converges

slower in the over-parameterization case (i.e., 7 > r*) than in the exact-parameterization case (i.e., 7 = r*).

1 1850f
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Figure 5.1: Rate of success for matrix sensing by (a) solving the factorized problem (5.11) with gradient descent; (b)
SVP [173]; (c) solving the convex problem (5.23).

14To avoid tuning the parameters (such as step-size) for different -, we use the minFunc package with the default setting, which solves the factored
problem by the “LBFGS" algorithm [174].
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Figure 5.2: The performance in terms of (a) objective value and (b) the relative Frobenius norm of the error versus the
iteration k for the matrix factorization approach solving matrix sensing with 7* =4, n =m =50, p =4Rn, R =7
and r varying from r* to R.

5.5.2 Matrix Completion

We compare the performance of the matrix factorization approach with SVP [173], the convex approach, and
singular value thresholding!®> (SVT) [175] for matrix completion where we want to recover a low-rank matrix X*
from incomplete measurements { X7, }(; j)cq, Where Q C [n] x [m]. Let Pq denote the projection onto the index set
Q. The convex approach (denoted by CVX) attempts to use the nuclear norm as a convex relaxation of the rankness
and solves

minimize || X]|.
X (5.24)
subject to Pq(X) = Pa(X*).
To make the recovery of X* well-posed, we require X* to be incoherent such that the information in X is not con-

centrated in a small number of entries [153]. A matrix X € R™*™ with singular value decomposition X = LXQ " is

max |L;j| < \/E max |Q;;] < \/i
17 n 17 m

Though P does not satisfy the r-RIP (5.10) for all low-rank matrices X, it satisfies the RIP when restricted to

u-incoherent if [173, Definition 2.1]

low-rank incoherent matrices.

Theorem 5.5.1. [173, Theorem 4.2] Without loss of generality, assume n > m. There exists a constant C' > 0 such
that for Q € [n] x [m] chosen according to the Bernouli model with density greater than Cu*r?logn/6*m, with

probability at least 1 — e~"1°8" the RIP holds for all pi-incoherent matrices X of rank at most r.

15Software available at http://svt.stanford.edu/
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Thus, if local search algorithms (such as gradient descent) start with a random initialization and the iterates remain
incoherent, then Theorem 5.3.1 guarantees the global convergence of the matrix factorization approach with these al-
gorithms. We note that this hypothesis is also required for SVP [173]. Though we can add a regularizer for incoherence
as in [100], empirical evidence supports this hypothesis that the iterates in gradient descent are incoherent.

In the first set of experiments, we set n = m = 100 and vary the rank r from 1 to 30. Similar to the setup for matrix
sensing in Section 5.5.1, we generate a rank-r random matrix and randomly obtain p entries, i.e., |2| = p. Figure 5.3
displays the phase transition for gradient descent with a random initialization, SVP [173], singular value thresholding
(SVT) [175], and the convex approach. As can been seen, the matrix factorization approach has similar phase transition
to SVP, and is slightly better than SVT and the convex approach in terms of the number of measurements needed for
successful recovery.

In the second set of experiments, we set r = 5 and p = 3r(2n — r) (3 times the number of degrees of freedom
within a rank-r n X n matrix), and vary n from 40 to 5120. We compare the time needed for the four approaches
in Figure 5.4; our matrix factorization approach is much faster than the other methods. The time savings for the matrix
factorization approach comes from avoiding performing the SVD, which is needed both for SVT and SVP in each
iteration. We also observe that convex approach has the highest computational complexity and is not scalable (which

is the reason that we only present its time for n up to 640).
5.5.3 1-bit Matrix Completion

In the last set of experiments, we compare the performance of the matrix factorization approach with the convex
approach'® in [132] for 1-bit matrix completion. We first note that to make the recovery problem well-posed, a
constraint on || X]|| (the entry-wise maximum of the matrix X) is applied in [132] to require that the matrix is not
too “spiky”. Instead of using the constraint on ||X||~,, we add a smooth regularizer || X||% and turn to minimize the

following objective function
n
fox(X) = Fox (X) + 5| X|[7,

which is also a convex function over X and satisfies a similar restricted strong convexity and smoothness condition
to Foy in Lemma 5.3.1. In the case where we only observe part of the entries, then in light of Theorem 5.5.1,
the corresponding objective function is expected to satisfy the strong convexity and smoothness condition for all
incoherent matrices. Thus, we factorize X into UV T and solve the following optimization problem over the n x r

and m x r matrices U and V:

minimize po,y (U, V) = fax(UVT). (5.25)

16Software available at http://mdav.ece.gatech.edu/software/
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Figure 5.3: Rate of success for matrix sensing by (a) the matrix factorization approach with gradient descent; (b)
SVP [173]; (c) solving the convex problem (5.24); (d) SVT [173].
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Figure 5.4: Average computation time needed for different algorithms solving matrix completion.

To evaluate the performance of this factorization approach on 1-bit matrix completion, we generate n X r matrices
U*® and V° with entries drawn i.i.d. from a uniform distribution on [—%, %] and construct a random n X 1 matrix X°

with rank r. Similar to the setup in [132], the matrix is then scaled so that || X®|| = 1. We obtain 1-bit observations
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{Yi,j}¢,j)eq by adding Gaussian noise of variance o2 and recording the sign of the resulting value (5.13), where the
subset of indices {2 is chosen at random with E || = p. We compare the performance of the factorization approach

and the convex approach [132] over a range of different values of n, p, r or o. Figure 5.5(a)-(d) show the normalized

IX-—X°|

X2 (where X denotes the reconstructed matrix) and average the results over
F

squared Frobenius norm of the error

10 draws of Monte Carlo trials. We observe that matrix factorization approach has slightly better performance than
the convex approach for 1-bit matrix completion [132]. Note that this phenomenon (the factorization approach having
better performance) is also observed in [171]. We repeat these experiments but obtaining 1-bit observations with the

logistic regression model where g(z) = ﬁ% for (5.13) and display the results in Figure 5.6.

2F ——-CVX
e NVX
‘:\i!q
I
T T
& jad
0.7
04t b,

100 150 200 250 3(.)0

n
(a)
3
2 L
. ——-CVX
IS | T = ++NVX —
(ZQ g ....... S Fo, "
==
o . d
05
03 *, ¥
102 107! 10°
" g
© d)

Figure 5.5: The performance in terms of the relative Frobenius norm of the error for the matrix factorization approach
(denoted by NVX) and the convex approach in [132] (denoted by CVX) for solving the 1-bit matrix completion with
probit regression model and (a) varyingnando = 0.3, 7 =7,p = 0.5n2; (b) varying pand o = 0.3, n = 200, r = 7;
(c) varying r and o = 0.3, n = 200, p = 0.25n2%; (d) varying o and n = 200, r = 4, p = 0.25n2. The results are
plotted in the log scale.
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Figure 5.6: The performance in terms of the relative Frobenius norm of the error for the matrix factorization approach
(denoted by NVX) and the convex approach in [132] (denoted by CVX) for solving the 1-bit matrix completion with
logistic regression model and (a) varying n and 7 = 2, p = 0.5n2; (b) varying p and n = 200, r = 2. The results are
plotted in the log scale.

5.6 Conclusion

This work considers low-rank matrix optimization on general (nonsymmetric and rectangular) matrices with gen-
eral objective functions. By focusing on general objective functions, we provide a unifying framework for low-rank
matrix optimizations with the factorization approach. Although the resulting optimization problem is not convex, we
show that the reformulated objection function has a simple landscape: there are no spurious local minima and any
critical point not being a local minimum is a strict saddle such that the Hessian evaluated at this point has a strictly
negative eigenvalue. These properties guarantee that a number of iterative optimization algorithms (such as gradient

descent and the trust region method) will converge to the global optimum from a random initialization.
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CHAPTER 6
THE GLOBAL OPTIMIZATION GEOMETRY OF LOW-RANK MATRIX OPTIMIZATION

This work considers general rank-constrained optimization problems that minimize a general objective function
f(X) over the set of rectangular n X m matrices that have rank at most . To tackle the rank constraint and also to reduce
the computational burden, we factorize X into UV where U and V are n x r and m X 7 matrices, respectively, and
then optimize over the small matrices U and V. We characterize the global optimization geometry of the nonconvex
factored problem and show that the corresponding objective function satisfies the robust strict saddle property as long
as the original objective function f satisfies restricted strong convexity and smoothness properties, ensuring global
convergence of many local search algorithms (such as noisy gradient descent) in polynomial time for solving the
factored problem. We also provide a comprehensive analysis for the optimization geometry of a matrix factorization
problem where we aim to find n x r and m x r matrices U and V such that UV T approximates a given matrix X*.
Aside from the robust strict saddle property, we show that the objective function of the matrix factorization problem
has no spurious local minima and obeys the strict saddle property not only for the exact-parameterization case where
rank(X*) = r, but also for the over-parameterization case where rank(X*) < r and the under-parameterization case
where rank(X*) > r. These geometric properties imply that a number of iterative optimization algorithms (such as

gradient descent) converge to a global solution with random initialization.
6.1 Introduction

Low-rank matrices arise in a wide variety of applications throughout science and engineering, ranging from quan-
tum tomography [149], signal processing [176], machine learning [151,169], and so on; see [124] for a comprehensive
review. In all of these settings, we often encounter the following rank-constrained optimization problem:

minimize f(X),
XER‘VLX7YL (6.1)

subject to rank(X) < r,
where the objective function f : R"*™ — R is smooth.

Whether the objective function f is convex or nonconvex, the rank constraint renders low-rank matrix optimiza-
tions of the form (6.1) highly nonconvex and computationally NP-hard in general [155]. Significant efforts have been
devoted to transforming (6.1) into a convex problem by replacing the rank constraint with one involving the nuclear
norm. This strategy has been widely utilized in matrix inverse problems [65] arising in signal processing [124], ma-
chine learning [157], and control [155]. With convex analysis techniques, nuclear norm minimization has been proved

to provide optimal performance in recovering low-rank matrices [177]. However, in spite of the optimal performance,
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solving nuclear norm minimization is very computationally expensive even with specialized first-order algorithms.
For example, the singular value thresholding algorithm [175] requires performing an expensive singular value decom-
position (SVD) in each iteration, making it computationally prohibitive in large-scale settings. This prevents nuclear
norm minimization from scaling to practical problems.

To relieve the computational bottleneck, recent studies propose to factorize the variable into X = UV, and
optimize over the n x r and m x r matrices U and V rather than the n x m matrix X. The rank constraint in (6.1)
then is automatically satisfied through the factorization. This strategy is usually referred to as the Burer-Monteiro type
decomposition after the authors in [119, 159]. Plugging this parameterization of X in (6.1), we can recast the program
into the following one:

minimize (U, V) := f(UV"). (6.2)
UERn*r VERmXT

The bilinear nature of the parameterization renders the objective function of (6.2) nonconvex. Hence, it can potentially
have spurious local minima (i.e., local minimizers that are not global minimizers) or even saddle points. With technical
innovations in analyzing the landscape of nonconvex functions, however, several recent works have shown that the

factored objective function A(U, V) in certain matrix inverse problems has no spurious local minima [100, 106, 125].
6.1.1 Summary of Results and Outline

In this work, we provide a comprehensive geometric analysis for solving general low-rank optimizations of the
form (6.1) using the factorization approach (6.2). Our work actually rests on the recent works [97, 114, 126, 178,
179] ensuring a number of iterative optimization methods (such as gradient descent) converge to a local minimum
with random initialization provided the problem satisfies the so-called strict saddle property (see Definition 6.2.3 in
Section 6.2). If the objective function further obeys the robust strict saddle property [114] (see Definition 6.2.4 in
Section 6.2) or belongs to the class of so-called X functions [97], the recent works [97, 114] show that many local
search algorithms can converge to a local minimum in polynomial time. The implications of this line of work have
had a tremendous impact on a number of nonconvex problems in applied mathematics, signal processing, and machine
learning.

We begin this chapter in Section 6.2 with the notions of strict saddle, strict saddle property, and robust strict saddle
property. Considering that many invariant functions are not strongly convex (or even convex) in any neighborhood
around a local minimum point, we then provide a revised robust strict saddle property'” requiring a regularity condition

(see Definition 6.2.8 in Section 6.2) rather than strong convexity near the local minimum points (which is one of the

17 A similar notion of a revised robust strict saddle property has also been utilized in [126], which shows that noisy gradient descent converges to a
local minimum in a number iterations that depends only poly-logarithmically on the dimension. In a nutshell, [126] has a different focus than this
work: the focus in [126] is on providing convergence analysis of a noisy gradient descent algorithm with a robust strict saddle property, while in
the present work, we establish a robust strict saddle property for the nonsymmetric matrix factorization and more general low-rank optimization
(including matrix sensing) problems with the factorization approach.
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requirements for the strict saddle property). The stochastic gradient descent algorithm is guaranteed to converge to a
local minimum point in polynomial time for problems satisfying the revised robust strict saddle property [114, 126].

In Section 6.3, we consider the geometric analysis for solving general low-rank optimizations of the form (6.1)
using the factorization approach (6.2). Provided the objective function f satisfies certain restricted strong convexity
and smoothness conditions, we show that the low-rank optimization problem with the factorization (6.2) (with an
additional regularizer—see Section 6.3 for the details) obeys the revised robust strict saddle property. In Section 6.3.3,
we consider a stylized application in matrix sensing where the measurement operator satisfies the restricted isometry
property (RIP) [65]. In the case of Gaussian measurements, as guaranteed by this robust strict saddle property, a
number of iterative optimizations can find the unknown matrix X* of rank r in polynomial time with high probability
when the number of measurements exceeds a constant times (n + m)r?.

Our main approach for analyzing the optimization geometry of (6.2) is based on the geometric analysis for the

following non-square low-rank matrix factorization problem: given X* € R™*",

minimize [[UVT — X*||%. 6.3)
U€R7L><’V‘7V'I77r><7‘

In particular, we show the optimization geometry for the low-rank matrix factorization problem (6.3) is preserved
for the general low-rank optimization (6.2) under certain restricted strong convexity and smoothness conditions on f.
Thus, in Appendix E.1, we provide a comprehensive geometric analysis for (6.3), which can be viewed as an important
foundation of many popular matrix factorization problems such as the matrix sensing problem and matrix completion.
We show that the low-rank matrix factorization problem (6.3) (with an additional regularizer) has no spurious local
minima and obeys the strict saddle property—that is the objective function in (6.3) has a directional negative curvature
at all critical points but local minima—not only for the exact-parameterization case where rank(X*) = r, but also for
the over-parameterization case where rank(X*) < r and the under-parameterization case where rank(X*) > r. The
strict saddle property and lack of spurious local minima ensure that a number of local search algorithms applied to
the matrix factorization problem (6.3) converge to global optima which correspond to the best rank-r approximation
to X*. Further, we completely analyze the low-rank matrix factorization problem (6.3) for the exact-parameterization

case and show that it obeys the revised robust strict saddle property.
6.1.2 Relation to Existing Work

Unlike the objective functions of convex optimizations that have simple landscapes, such as where all local min-
imizers are global ones, the objective functions of general nonconvex programs have much more complicated land-
scapes. In recent years, by exploiting the underlying optimization geometry, a surge of progress has been made
in providing theoretical justifications for matrix factorization problems such as (6.2) using a number of previously

heuristic algorithms (such as alternating minimization, gradient descent, and the trust region method). Typical ex-
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amples include phase retrieval [98, 180, 181], blind deconvolution [182, 183], dictionary learning [184, 185], phase
synchronization [186] and matrix sensing and completion [100-102, 109, 140, 166, 187].

These iterative algorithms can be sorted into two categories based on whether a good initialization is required.
One set of algorithms consist of two steps: initialization and local refinement. Provided the function satisfies a
regularity condition or similar properties, a good guess lying in the attraction basin of the global optimum can lead to
global convergence of the following iterative step. We can obtain such initializations by spectral methods for phase
retrieval [180], phase synchronization [186] and low-rank matrix recovery problems [102, 103, 108, 109]. As we have
mentioned, a regularity condition is also adopted in the revised robust strict saddle property.

Another category of works attempt to analyze the landscape of the objective functions in a larger space rather than
the regions near the global optima. We can further separate these approaches into two types based on whether they
involve the strict saddle property or the robust strict saddle property. The strict saddle property and lack of spurious
local minima are proved for low-rank, positive semidefinite (PSD) matrix recovery [125] and completion [100], PSD
matrix optimization problems with generic objective functions [6], low-rank non-square matrix estimation from linear
observations [106], low-rank nonsquare optimization problems with generic objective functions [8] and generic nuclear
norm reggularized problems [92]. The strict saddle property along with the lack of spurious local minima ensures a
number of iterative algorithms such as gradient descent [114] and the trust region method [170] converge to the global
minimum with random initialization [114, 178, 185].

A few other works which are closely related to our work attempt to study the global geometry by characterizing the
landscapes of the objective functions in the whole space rather than the regions near the global optima or all the critical
points. As we discussed before, a number of local search algorithms are guaranteed to find a local optimum (which is
also the global optimum if there are no spurious local minima) because of this robust strict saddle property. In [114],
the authors proved that tensor decompostion problems satisfy this robust strict saddle property. Sun et al. [98] studied
the global geometry of the phase retrieval problem. The very recent work in [104] analyzed the global geometry for
PSD low-rank matrix factorization of the form (6.3) and the related matrix sensing problem when the rank is exactly
parameterized (i.e., 7 = rank(X*)). The factorization approach for matrix inverse problems with quadratic loss
functions is considered in [101]. We extend this line by considering general rank-constrained optimization problems
including a set of matrix inverse problems.

Finally, we remark that our work is also closely related to the recent works in low-rank matrix factorization of
the form (6.3) and its variants [8, 100-102, 104, 106, 109, 125, 140]. As we discussed before, most of these works
except [101, 104] (but including [106] which also focuses on nonsymmetric matrix sensing) only characterize the
geometry either near the global optima or all the critical points. Instead, we characterize the global geometry for
general (rather than PSD) low-rank matrix factorization and sensing. Because the analysis is different, the proof

strategy in the present work is also very different than that of [8, 106]. The results for PSD matrix sensing in [104]
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build heavily on the concentration properties of Gaussian measurements, while our results for matrix sensing depend
on the RIP of the measurement operator and thus can be applied to other matrix sensing problems whose measurement
operator is not necessarily from a Gaussian measurement ensemble. Also, [101] considers matrix inverse problems
with quadratic loss functions and its proof strategy is very different than that in the present work: the proof in [101]
is specified to quadratic loss functions, while we consider the rank-constrained optimization problem with general
objective functions in (6.1) and our proof utilizes the fact that the gradient and Hessian of the low-rank matrix sensing
are respectively very close to those in low-rank matrix factorization. Furthermore, in terms of the matrix factorization,
we show that the objective function in (6.3) obeys the strict saddle property and has no spurious local minima not
only for exact-parameterization (r = rank(X*)), but also for over-parameterization (r > rank(X*)) and under-
parameterization (r < rank(X*)). Local (rather than global) geometry results for exact-parameterization and under-
parameterization are also covered in [8]. As noted above, the work in [101, 104] for low-rank matrix factorization
only focuses on exact-parameterization (r = rank(X*)). The under-parameterization implies that we can find the best

rank-r approximation to X* by many efficient iterative optimization algorithms such as gradient descent.
6.1.3 Notation

Before proceeding, we first briefly introduce some notation used throughout the chapter. The symbols I and O
respectively represent the identity and zero matrices with appropriate sizes. Also I,, is used to denote the n X n
identity matrix. The set of » x 7 orthonormal matrices is denoted by O, := {R € R"™" : RTR = I}. For any
natural number n, we let [n] or 1 : n denote the set {1,2,...,n}. We use || denote the cardinality (i.e., the number
of elements) of a set 2. MATLAB notations are adopted for matrix indexing; that is, for the n X m matrix A, its
(i, j)-th element is denoted by A[é, j], its i-th row (or column) is denoted by A[i,:] (or A[:,]), and A[Qq, Qo] refers
to a |Q21| x |Q2| submatrix obtained by taking the elements in rows §2; of columns 25 of matrix A. Here ; C [n]
and Qo C [n]. Weuse a = b (or a < b) to represent that there is a constant so that a > Const - b (or a < Const - b).

If a function (U, V) has two arguments, U € R™*" and V € R™*", we occasionally use the notation h(W)

when we put these two arguments into a new one as W = . For a scalar function f(Z) with a matrix variable
A%

Z € R™*™ its gradient is an n X m matrix whose (4, j)-th entry is [V f(Z)][i, j] = gg[(vzj)] foralli € {1,2,...,n},j €
{1,2,...,m}. The Hessian of f(Z) can be viewed as an nm x nm matrix [V2f(Z)][i, j] = % foralli,j €
{1,...,nm}, where z[i] is the i-th entry of the vectorization of Z. An alternative way to represent the Hessian is by

a bilinear form defined via [V2f(Z)](A,B) = D ik %A[i,j}B[k, ¢] for any A, B € R™*™. These two

notations will be used interchangeably whenever the specific form can be inferred from context.
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6.2 Preliminaries

In this section, we provide a number of important definitions in optimization and group theory. To begin, suppose

h(x) : R™ — R is twice differentiable.
Definition 6.2.1 (Critical points). A point x is a critical point of h(x) if Vh(x) = 0.

Definition 6.2.2 (Strict saddles; or ridable saddles in [185]). A critical point x is a strict saddle if the Hessian matrix

evaluated at this point has a strictly negative eigenvalue, i.e., Apin(V2h(x)) < 0.

Definition 6.2.3 (Strict saddle property [114]). A twice differentiable function satisfies the strict saddle property if

each critical point either corresponds to a local minimum or is a strict saddle.

Intuitively, the strict saddle property requires a function to have a directional negative curvature at all of the critical
points but local minima. This property allows a number of iterative algorithms such as noisy gradient descent [114]
and the trust region method [170] to further decrease the function value at all the strict saddles and thus converge to a
local minimum.

In [114], the authors proposed a noisy gradient descent algorithm for the optimization of functions satisfying the

robust strict saddle property.

Definition 6.2.4 (Robust strict saddle property [114]). Given a7, €, 6, a twice differentiable h(x) satisfies the (o, 7, €,9)-

robust strict saddle property if for every point x at least one of the following applies:

1. There exists a local minimum point X* such that ||x* — x|| < 6, and the function h(X') restricted to a 26

neighborhood of x* (i.e., ||x* — x'|| < 26) is a-strongly convex;
2. Amin (V2h(x)) < -

3. IVAX)[ = e

In words, the above robust strict saddle property says that for any point whose gradient is small, then either the
Hessian matrix evaluated at this point has a strictly negative eigenvalue, or it is close to a local minimum point. Thus
the robust strict saddle property not only requires that the function obeys the strict saddle property, but also that it is
well-behaved (i.e., strongly convex) near the local minima and has large gradient at the points far way to the critical
points.

Intuitively, when the gradient is large, the function value will decrease in one step by gradient descent; when the
point is close to a saddle point, the noise introduced in the noisy gradient descent could help the algorithm escape the
saddle point and the function value will also decrease; when the point is close to a local minimum point, the algorithm

then converges to a local minimum. Ge et al. [114] rigorously showed that the noisy gradient descent algorithm
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(see [114, Algorithm 1]) outputs a local minimum in a polynomial number of steps if the function h(x) satisfies the
robust strict saddle property.

It is proved in [114] that tensor decompostion problems satisfy this robust strict saddle property. However, requir-
ing the local strong convexity prohibits the potential extension of the analysis in [114] for the noisy gradient descent
algorithm to many other problems, for which it is not possible to be strongly convex in any neighborhood around
the local minimum points. Typical examples include the matrix factorization problems due to the rotational degrees
of freedom for any critical point. This motivates us to weaken the local strong convexity assumption relying on the
approach used by [102, 180] and to provide the following revised robust strict saddle property for such problems. To

that end, we list some necessary definitions related to groups and invariance of a function under the group action.

Definition 6.2.5 (Definition 7.1 [188])). A (closed) binary operation, o, is a law of composition that produces an
element of a set from two elements of the same set. More precisely, let G be a set and ay,as € G be arbitrary elements.

Then (a1,a2) — ajcaz € G.

Definition 6.2.6 (Definition 7.2 [188])). A group is a set G together with a (closed) binary operation o such that for

any elements a, a1, as, a3 € G the following properties hold:
e Associative property: aj o (as o az) = (aj o ag) o as.

o There exists an identity element e € G such thateoa =aoe = a.

o There is an element a= ' € G suchthata Y oca =aoa= ! =e.

With this definition, it is common to denote a group just by G without saying the binary operation o when it is clear

from the context.

Definition 6.2.7. Given a function h(x) : R™ — R and a group G of operators on R"™, we say h is invariant under the

group action (or under an element a of the group) if

forallx € R" and a € G.

Suppose the group action also preserves the energy of x, i.e., ||a(x)|| = ||x|| for all « € G. Since for any x € R™,
h(a(x)) = h(x) for all a € G, it is straightforward to stratify the domain of h(x) into equivalent classes. The vectors
in each of these equivalent classes differ by a group action. One implication is that when considering the distance of
two points x; and X2, it would be helpful to use the distance between their corresponding classes:

diSt(Xl,Xg) L= min g||a1(X1) — QQ(XQ)”

a1€G,az€

. (6.4)
= min l[x1 — a(x2)l],
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where the second equality follows because ||a1 (x1) —aa(x2)| = [la1(x1 —ay *oas(x2))| = [|[x1 —ay ' oaa(x2)|| and
al’l oay € G. Another implication is that the function /(x) cannot possibly be strongly convex (or even convex) in any
neighborhood around its local minimum points because of the existence of the equivalent classes. Before presenting

the revised robust strict saddle property for invariant functions, we list two examples to illuminate these concepts.

Example 1. As one example, consider the phase retrieval problem of recovering an n-dimensional complex vector
x* from {yi = ’b?x*| =1, p}, the magnitude of its projection onto a collection of known complex vectors
by, ba, ..., b, [98,180]. The unknown x* can be estimated by solving the following natural least-squares formula-
tion [98, 180]

o= L3 biix[?)’
minimireh() = 5, 3 (42~ [PI[")

=1

where we note that here the domain of x is C™. For this case, we denote the corresponding
G={e?:0€(0,1)}

and the group action as a(x) = e/’x, where a = €79 is an element in G. It is clear that h(a(x)) = h(x) foralla € G.
Due to this invariance of h(x), it is impossible to recover the global phase factor of the unknown x* and the function

h(x) is not strongly convex in any neighborhood of x*.

Example 2. As another example, we revisit the general factored low-rank optimization problem (6.2):

minimize (U, V)= f(UV').
UeRn Xr ,VER”L Xr

U
We recast the two variables U, V into W as W = . For this example, we denote the corresponding G = O,
A%

UR
and the group action on W as a(W) = where a = R € G. We have that h(a(W)) = h(W) forall a € G

VR
since UR(VR)" = UV for any R € O,. Because of this invariance, in general h(W) is not strongly convex

in any neighborhood around its local minimum points even though f(X) is a strongly convex function; see [104] for
the symmetric low-rank factorization problem and Theorem E.1.1 in Appendix E.1 for the nonsymmetric low-rank

factorization problem.

In the examples illustrated above, due to the invariance, the function is not strongly convex (or even convex) in any
neighborhood around its local minimum point and thus it is prohibitive to apply the standard approach in optimization
to show the convergence in a small neighborhood around the local minimum point. To overcome this issue, Candes et

al. [180] utilized the so-called regularity condition as a sufficient condition for local convergence of gradient descent
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applied for the phase retrieval problem. This approach has also been applied for the matrix sensing problem [102] and

semi-definite optimization [103].

Definition 6.2.8 (Regularity condition [102, 180]). Suppose h(x) : R™ — R is invariant under the group action of the

given group G. Let x* € R"™ be a local minimum point of h(x). Define the set B(d,x*) as
B(4,x*) := {x € R" : dist(x,x*) < ¢},

where the distance dist(x,x*) is defined in (6.4). Then we say the function h(x) satisfies the («, 3, 0)-regularity

condition if for all x € B(d,x*), we have

(Vh(x),x — a(x*)) > adist(x,x*)* + 5| Vh(x)|]%, (6.5)
where a = arg min,, ¢ ||x — a/(x*)].
We remark that («, /3) in the regularity condition (6.2.8) must satisfy a8 < i since by applying Cauchy-Schwarz
(Vh(x),x — a(x")) < [[VA(x)]| dist(x, x¥)
and the inequality of arithmetic and geometric means
adist?(x,x*) + B[ VA(x)|? > 2¢/af dist(x, x*)|| VA(x) 2.

Lemma 6.2.1. [102, 180] If the function h(x) restricted to a § neighborhood of x* satisfies the («, 3, §)-regularity

condition, then as long as gradient descent starts from a point xo € B(0,x*), the gradient descent update

Xt+1 = Xt — I/Vh(Xt)

with step size 0 < v < 2f3 obeys x; € B(0,x*) and
dist?(x¢, x*) < (1 — 2va)" dist? (xq, x*)
forallt > 0.

The proof is given in [180]. To keep the chapter self-contained, we also provide the proof of Lemma 6.2.1 in
Appendix E.2. We remark that the decreasing rate 1 — 2va € [0, 1) since we choose v < 28 and a8 < %.
Now we establish the following revised robust strict saddle property for invariant functions by replacing the strong

convexity condition in Definition 6.2.4 with the regularity condition.

Definition 6.2.9 (Revised robust strict saddle property for invariant functions). Given a twice differentiable h(x) :
R™ — R and a group G, suppose h(x) is invariant under the group action and the energy of X is also preserved under
the group action, ie., h(a(x)) = h(x) and ||a(x)|l2 = [|x||2 for all a € G. Given a, 3,7,¢,d, h(x) satisfies the

(a0, 8,7, €, 0)-robust strict saddle property if for any point x at least one of the following applies:
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1. There exists a local minimum point x* such that dist(x,x*) < 6, and the function h(x') restricted to 25 a neigh-

borhood of x* (i.e., dist(x’,x*) < 20) satisfies the («, B, 28)-regularity condition defined in Definition 6.2.8;
2. Amin (Vzh(x)) < =
3. [VR(x)[ =z e
Compared with Definition 6.2.4, the revised robust strict saddle property requires the local descent condition
instead of strict convexity in a small neighborhood around any local minimum point. With the convergence guarantee
in Lemma 6.2.1, the convergence analysis of the stochastic gradient descent algorithm in [114] for the robust strict
saddle functions can also be applied for the revised robust strict saddle functions defined in Definition 6.2.9 with the

same convergence rate.'® We omit the details here and refer the reader to [126] for more details on this. In the rest of

the chapter, the robust strict saddle property refers to the one in Definition 6.2.9.
6.3 Low-rank Matrix Optimization with the factorization approach
In this section, we consider the minimization of general rank-constrained optimization problems of the form (6.1)

using the factorization approach (6.2) (which we repeat as follows):

inimi h(U,V) = f(UV'
yeininimize (U, V)= f( )

where the rank constraint in (6.1) is automatically satisfied by the factorization approach. With necessary assumptions
on f in Section 6.3.1, we provide geometric analysis of the factored problem in Section 6.3.2. We then present a

stylized application in matrix sensing in Section 6.3.3.
6.3.1 Assumptions And Regularizer

Before presenting our main results, we lay out the necessary assumptions on the objective function f(X). As is
known, without any assumptions on the problem, even minimizing traditional quadratic objective functions is chal-

lenging. For this reason, we focus on problems satisfying the following two assumptions.
Assumption 6.3.1. f(X) has a critical point X* € R™*™ which has rank r.

Assumption 6.3.2. f(X) is (2r,4r)-restricted strongly convex and smooth, i.e., for any n x m matrices X, D with

rank(X) < 2r and rank(D) < 4r, the Hessian of f(X) satisfies

a|D|3 < [V*f(X)|(D,D) < b|D|/% (6.6)

for some positive a and b.

18 As mentioned previously, a similar notion of a revised robust strict saddle property has also recently been utilized in [126].
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Assumption 6.3.1 is equivalent to the existence of a rank r X* such that V f(X*) = 0, which is very mild
and holds in many matrix inverse problems including matrix sensing [65], matrix completion [177] and 1-bit matrix
completion [132], where the unknown matrix to be recovered is a critical point of f.

Assumption 6.3.2 is also utilized in [109, Conditions 5.3 and 5.4] and [8], where weighted low-rank matrix factor-
ization and a set of matrix inverse problems are proved to satisfy the (2r, 4r)-restricted strong convexity and smooth-
ness condition (6.6). We discuss matrix sensing as a typical example satisfying this assumption in Section 6.3.3.

Combining Assumption 6.3.1 and Assumption 6.3.2, we have that X* is the unique global minimum of (6.1).

Proposition 6.3.1. Suppose f(X) satisfies the (2r, 4r)-restricted strong convexity and smoothness condition (6.6)
with positive a and b. Assume X* is a critical point of f(X) with rank(X*) = r. Then X* is the global minimum

of (6.1), i.e,
F(X*) < f(X), VX € R"™*™ rank(X) <r

and the equality holds only at X = X*.

The proof of Proposition 6.3.1 is given in Appendix E.3. We note that Proposition 6.3.1 guarantees that X*
is the unique global minimum of (6.1) and it is expected that solving the factorized problem (6.9) also gives X*.
Proposition 6.3.1 differs from [8] in that it only requires X* as a critical point, while [8] needs X* as a global
minimum of f.

Before presenting the main result, we note that if f satisfies (6.6) with positive a and b and we rescale f as

[/ = 225, then f’ satisfies

2a 2 2 1 2b 2
D7 < X)(D,D) < — |D||5%.
DI} < [V2F/(X)|(D.D) < =D}
It is clear that f and f’ have the same optimization geometry (despite the scaling difference). Let a’ = aQT(»Lb =1-c¢

and b/ = fﬁb =1+cwithe = er‘; We have 0 < @’ <1 <V and @’ + ' = 2. Thus, throughout the chapter and

without the generality, we assume

a=1—-¢,b=1+¢ c€]0,1). (6.7)

Now let X* = XW " = 22:1 aiqbiw;r be a reduced SVD of X*, where X is a diagonal matrix with oy > --- >

o, along its diagonal. Denote

U* = d3'/?’R, V* = UX'/?R (6.8)

for any R € O,. We first introduce the following ways to stack U and V together that are widely used through the

chapter:
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Before moving on, we note that for any solution (U, V) to (6.2), (UR4, VRy) is also a solution to (6.2) for any
R1,Rs € R"™*" such that URlRQTVT = UV'. As an extreme example, Ry = cI and Ry = %I where ¢ can be
arbitrarily large. In order to address this ambiguity (i.e., to reduce the search space of W for (6.3)), we utilize the trick

in [8,102, 106, 109] by introducing a regularizer p and turn to solve the following problem

inimize  G(W) := (W) + p(W 6.9
veiinimize  G(W) :=h(W) + p(W), (6.9)

where
 FerT Tv7||2
p(W) =7 [U'U-Vv'v],.
We remark that W* is still a global minimizer of the factored problem (E.1) since both the first term and p(W') achieve
their global minimum at W*. The regularizer p(W) is applied to force the difference between the Gram matrices of

U and V as small as possible. The global minimum of p(W) is 0, which is achieved when U and V have the same

Gram matrices, i.e., when W belongs to

£ = {W {g] ;UTUVTVO}. (6.10)

Informally, we can view (6.9) as finding a point from £ that also minimizes the first term in (6.9). This is rigorously
established in the following result which reveals that any critical point W of g(W) belongs to £ (that is U and V are

balanced factors of their product UV ") for any p > 0.
Lemma 6.3.1. [8, Theorem 3] Suppose G(W) is defined as in (6.9) with p > 0. Then any critical point W of G(W)

belongs to &, i.e.,

VGW)=0 = U'U=V'V. (6.11)
For completeness, we include the proof of Lemma 6.3.1 in Appendix E.4.

6.3.2 Global Geometry For General Low-Rank Optimization

We now characterize the global optimization geometry of the factored problem (6.9). As explained in Section 6.2
that G(W) is invariant under the matrices R € O,., we first recall the discussions in Section 6.2 about the revised

robust strict saddle property for the invariant functions. To that end, we follow the notion of the distance between
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equivalent classes for invariant functions defined in (6.4) and define the distance between W; and W, as follows

diSt(Wl,Wg) L= R Eélllﬁl co ||W1R1 — W2R2||F
1 2 r
, (6.12)
= fnin. W1 —W3R| .

For convenience, we also denote the best rotation matrix R so that ||[W; — WyR|| achieves its minimum by

R(Wl, W2), i.e.,

R(Wl,WQ) = argRI’neig le — WQR/HF , (613)

which is also known as the orthogonal Procrustes problem [147]. The solution to the above minimization problem is

characterized by the following lemma.

Lemma 6.3.2. [147] Let Wy W1 = LSP" be an SVD of Wy W1. An optimal solution for the orthogonal Pro-

crustes problem (6.13) is given by

R(W;,W,)=LP".

Moreover, we have

W, WoR(Wi, W) = (WoR(W, Wy)) T W,
=PSP' - 0.

To ease the notation, we drop W1 and Wy in R(W1, W) and rewrite R instead of R(W7, W3) when they (W
and W) are clear from the context. Now we are well equipped to present the robust strict saddle property for G(W)

in the following result.

Theorem 6.3.1. Define the following regions

Ry — {W : dist(W, W*) < ai/z(X*)}v
L1/ 5 T 20 wewT
Ray:= (W :on(W) < \/[50/2(X7), [WW |5 < T [W W5

: * * 20 * 1 * 20 * *
Rl s = { W s st (W, W) > 01/2(00°) [ W] < 50 W .o, (W) > Ao IWW T e < 2w Tl
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20, . 20 10
R = {W s [WI > 35w = 25VaI [ [WW e < S W W T

10 20
Ry = (W [WW T > W W = X |

Let G(W) be defined as in (6.9) with i = %. Suppose f(X) has a critical point X* € R™ ™ of rank r and satisfies
the (2r, 4r)-restricted strong convexity and smoothness condition (6.6) with positive constants a =1 —¢,b =1+ ¢

and

3/2 xew
oy S(X*)
P L .l (6.14)
3|11/

Then G(W) has the following robust strict saddle property:

1. Forany W € Ry, G(W) satisfies the local regularity condition:

1

(VG(W), W — W*) >q,(X*) dist* (W, W*) + XAl ||VG(W)||%, (6.15)
where dist(W, W*) and R are defined in (6.12) and (6.13), respectively.
2. Forany W € Ro, G(W) has a directional negative curvature, i.e.,
Amin (V2G(W)) < =0, (X*). (6.16)
3. Forany W € R3 = Ry URY URY', G(W) has large gradient descent:
IVG(W)|[F 2 02/2(X*), VW eRY; (6.17)
3
IVGW)r 2 WP, VW e RS; (6.18)
IVGW)llr 2 00(X) (IWWT[1)*, ¥ W eRY. (6.19)

The proof of this result is given in Appendix E.12. The main proof strategy is to utilize Assumption 6.3.1 and
Assumption 6.3.2 about the function f to control the deviation between the gradient (and the Hessian) of the general
low-rank optimization (6.9) and the counterpart of the matrix factorization problem so that the landscape of the general
low-rank optimization (6.9) has a similar geometry property. To that end, in Appendix E.1, we provide a comprehen-
sive geometric analysis for the matrix factorization problem (6.3). The reason for choosing p = % is also discussed in
Appendix E.1.6. We note that the results in Appendix E.1 are also of independent interest, as we show that the objective

function in (6.3) obeys the strict saddle property and has no spurious local minima not only for exact-parameterization
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(r = rank(X*)), but also for over-parameterization (r > rank(X*)) and under-parameterization (r < rank(X*)).

Several remarks follow.

Remark 6.3.1. Note that

20 . 10, e,
RaURe UR 2 (W [W] < Z51W e [WWT | < W

which further implies

10
RIURURLURY D{W : [WW | < §||W*W*THF}.

Thus, we conclude that R; U Ry U RS URY URY = R™®F™)X7 Now the convergence analysis of the stochastic

gradient descent algorithm in [114, 126] for the robust strict saddle functions also holds for G(W).

Remark 6.3.2. The constants involved in Theorem 6.3.1 can be found in Appendix E.12 through the proof. Theo-
rem 6.3.1 states that the objective function for the general low-rank optimization (6.9) also satisfies the robust strict
saddle property when (6.14) holds. The requirement for ¢ in (6.14) can be weakened to ensure the properties of g(W)

are preserved for G(W) in some regions. For example, the local regularity condition (6.15) holds when

c<i
— 50

which is independent of X*. With the analysis of the global geometric structure in G(W), Theorem 6.3.1 ensures
that many local search algorithms can converge to X* (which is the the global minimum of (6.1) as guaranteed by
Proposition 6.3.1) with random initialization. In particular, stochastic gradient descent when applied to the matrix

sensing problem (6.22) is guaranteed to find the global minimum X* in polynomial time.

Remark 6.3.3. Local (rather than global) geometry results for the general low-rank optimization (6.9) are also covered
in [8], which only characterizes the geometry at all the critical points. Instead, Theorem 6.3.1 characterizes the
global geometry for general low-rank optimization (6.9). Because the analysis is different, the proof strategy for
Theorem 6.3.1 is also very different than that of [8]. Since [8] only considers local geometry, the result in [8] requires

¢ < 0.2, which is slightly less restrictive than the one in (6.14).

Remark 6.3.4. To explain the necessity of the requirement on the constants a and b in (6.14), we utilize the symmetric
weighted PCA problem (so that we can visualize the landscape of the factored problem in Figure 6.1) as an example

where the objective function is

1
FX) = 5l20 X -X)|E, (6.20)

where 2 € R™*" contains positive entries. The Hessian quadratic form for f(X) is given by [V?f(X)](D,D) =
| @ DJ|% for any D € R™*". Thus, we have

126



[V2f(X)](D. D)

in |Q7, §]1> <
rr;;n\ [, j]I7 < D2

< max |3, 5.
ij

Comparing with (6.6), we see that f satisfies the restricted strong convexity and smoothness conditions with the
constants @ = min;; |, j]|* and b = max;; |2[7, j]|. In this case, we also note that if each entry W;; is nonzero
(i.e., min;; [2[i, ]| > 0), the function f(X) is strongly convex, rather than only restrictively strongly convex,
implying that (6.20) has a unique optimal solution X*. By applying the factorization approach, we get the factored

objective function

h(U) = %HQ o (UUT =X9)|%. (6.21)

To illustrate the necessity of the requirement on the constants a and b as in (6.14) so that the factored problem (6.21)

1
has no spurious local minima and obeys the robust strict saddle property, we set X* = which is a rank-1

1 1

1
matrix and can be factorized as X* = U*U*" with U* = . We then plot the landscapes of the factored objective
1

1 1 8 1
function A (U) with Q = and in Figure 6.1. We observe from Figure 6.1 that as long as the elements

1 1 1 8

in  have a small dynamic range (which corresponds to a small b/a), h(U) has no spurious local minima, but if the
elements in €2 have a large dynamic range (which corresponds to a large b/a), spurious local minima can appear in

h(U).

U*

U*
(a) (b)

Figure 6.1: Landscapes of h(U) in (6.21) with X* = E ﬂ and (a) 2 = E ﬂ ;(b) Q= E é}
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Remark 6.3.5. The global geometry of low-rank matrix recovery but with analysis customized to linear measurements
and quadratic loss functions is also covered in [101, 104]. Since Theorem 6.3.1 only requires the (2r, 4r)-restricted
strong convexity and smoothness property (6.6), aside from low-rank matrix recovery [189], it can also be applied to
many other low-rank matrix optimization problems [161] which do not necessarily involve quadratic loss functions.
Typical examples include 1-bit matrix completion [132, 164] and Poisson principal component analysis (PCA) [165].
We refer to [8] for more discussion on this issue. In next section, we consider a stylized application of Theorem 6.3.1

in matrix sensing and compare it with the result in [104].
6.3.3 Stylized Application: Matrix Sensing

In this section, we extend the previous geometric analysis to the matrix sensing problem

... L 1 T o~ 2
velipimize G(W) := 5 [A(UVT =X, + p(W), (6.22)

where A : R"*"™ — RP is a known linear measurement operator and X* is the unknown rank r matrix to be recovered.

In this case, we have
1 o2
F(X) = 5 A (X - X"
The derivative of f(X) at X* is
VX" = A"AX* — X*) =0,

which implies that f(X) satisfies Assumption 6.3.1. The Hessian quadrature form V2 f(X)[D, D] for any n x m

matrices X and D is given by
VZf(X)[D,D] = [|AD)[*.

The following matrix Restricted Isometry Property (RIP) serves as a way to link the low-rank matrix factorization

problem (E.1) with the matrix sensing problem (6.22) and certifies f(X) satisfying Assumption 6.3.2.

Definition 6.3.1 (Restricted Isometry Property (RIP) [65, 190]). The map A : R**™ — RP satisfies the r-RIP with

constant 8, if"’

(1-6) D% < JAD)|* < (1+46,) DI (6.23)

holds for any n x m matrix D with rank(D) < r.

19By abuse of notation, we adopt the conventional notation §,- for the RIP constant. The subscript 7 can be used to distinguish the RIP constant §,-
from § which is used as a small constant in Section 6.2.
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If A satisfies the 4r-restricted isometry property with constant d4,., then f(X) satisfies the (2r, 4r)-restricted strong

convexity and smoothness condition (6.6) with constants a = 1 — d4,- and b = 1 + 4, since

(1 - 64, ID|[% < V2f(X)[D, D] = | AD)|” 620
< (1434 D7 '
for any rank-4r matrix D. Comparing (6.24) with (6.6), we note that the RIP is stronger than the restricted strong
convexity and smoothness property (6.6) as the RIP gives that (6.24) holds for all n X m matrices X, while Assump-
tion 6.3.2 only requires that (6.6) holds for all rank-2r matrices.

Now, applying Theorem 6.3.1, we obtain a similar geometric guarantee to Theorem 6.3.1 for the matrix sensing

problem (6.22) when A satisfies the RIP.

Corollary 6.3.1. Let R1,Ro, R5, RY, RY be the regions as defined in Theorem E.11.1. Let G(W) be defined as
in (6.22) with = % and A satisfying the 4r-RIP with

3/2 (~rx
oy’ 7 (X*)
Ogr S ———————. (6.25)
[[X* [ X1/
Then G(W) has the following robust strict saddle property:
1. Forany W € Ry, G(W) satisfies the local regularity condition:
1
(VGIW)W = W) 20 (X) dist? (W, W)+ 2 [VGW) (6.26)

where dist(W, W*) and R are defined in (6.12) and (6.13), respectively.

2. Forany W € Ry, G(W) has a directional negative curvature, i.e.,

Amin (V2G(W)) < =0, (X*).

3. Forany W € R3 = R4y URY URY, G(W) has large gradient descent:

IVG(W)||p 2 02/3(X*), VW €RY;
IVGW)|[r 2 [W]*, YW eRj;
IVGW)|r 2 [WWTI[Z?, v W eRy.

Remark 6.3.6. The constants involved in Corollary 6.3.1 are the same as those in Theorem 6.3.1 and can be found in
Appendix E.12 through the proof. Similarly, the requirement for d4, in (6.25) can be weakened to ensure the properties

of g(W) are preserved for G(W) in some regions. For example, the local regularity condition (6.26) holds when
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dar <
=50

which is independent of X*. Note that Tu et al. [102, Section 5.4, (5.15)] provided a similar regularity condition.
However, the result there requires dg, < % and dist(W, W*) < \TO'»,‘(X*) which defines a smaller region than
R1. Based on this local regularity condition, Tu et al. [102] showed that gradient descent with a good initialization
(which is close enough to W*) converges to the unknown matrix W* (and hence X*). With the analysis of the global
geometric structure in G(W), Corollary 6.3.1 ensures that many local search algorithms can find the unknown matrix
X* in polynomial time.

Remark 6.3.7. A Gaussian A will have the RIP with high probability when the number of measurements p is compa-
rable to the number of degrees of freedom in an n x m matrix with rank r. By Gaussian .A we mean the ¢-th element

iny = A(X), ye, is given by

where the entries of each n x m matrix A, are independent and identically distributed normal random variables with
zero mean and variance %. Specifically, a Gaussian A satisfies (6.23) with high probability when [65, 124, 189]

1

pRr(n+m) 52

Now utilizing the inequality || X*||r < +/7||X*|| for (6.14), we conclude that in the case of Gaussian measurements,

the robust strict saddle property is preserved for the matrix sensing problem with high probability when the number of

g1 (X*)
o (X*)

measurements exceeds a constant times (n + m)r2x(X*)3 where x(X*) = . This further implies that, when
applying the stochastic gradient descent algorithm to the matrix sensing problem (6.22) with Gaussian measurements,

we are guaranteed to find the unknown matrix X* in polynomial time with high probability when

p > (n+m)rik(X*)3. (6.27)

When X* is an n x n PSD matrix, Li et al. [104] showed that the corresponding matrix sensing problem with Gaussian
measurements has similar global geometry to the low-rank PSD matrix factorization problem when the number of

measurements

(6.28)

Comparing (6.27) with (6.28), we find both results for the number of measurements needed depend similarly on the
rank 7, but slightly differently on the spectrum of X*. We finally remark that the sampling complexity in (6.27)

is O((n 4+ m)r?), which is slightly larger than the information theoretically optimal bound O((n + m)r) for matrix
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sensing. This is because Corollary 6.3.1 is a direct consequence of Theorem 6.3.1 in which we directly characterize
the landscapes of the objective functions in the whole space by combining the results for matrix factorization in
Appendix E.1 and the restricted strong convexity and smoothness condition. We believe this mismatch is an artifact
of our proof strategy and could be mitigated by a different approach, like utilizing the properties of quadratic loss
functions [101]. If one desires only to characterize the geometry for critical points, then O((n + m)r) measurements

are enough to ensure the strict saddle property and lack of spurious local minima for matrix sensing [8, 106].
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CHAPTER 7
THE GEOMETRY OF EQUALITY-CONSTRAINED GLOBAL CONSENSUS PROBLEMS

A variety of unconstrained nonconvex optimization problems have been shown to have benign geometric land-
scapes that satisfy the strict saddle property and have no spurious local minima. In this work?’, we present a general
result relating the geometry of an unconstrained centralized problem to its equality-constrained distributed extension.
It follows that many global consensus problems inherit the benign geometry of their original centralized counterpart.
Taking advantage of this fact, we demonstrate the favorable performance of the Gradient ADMM algorithm on a

distributed low-rank matrix approximation problem.
7.1 Introduction

With an abundance of data, the scale of machine learning problems continues to grow. Consequently, nonconvex
optimization problems have received growing attention as alternatives to convex approaches for solving machine
learning problems [124, 191-193]. Algorithms for solving nonconvex problems can offer reduced memory usage and
computational complexity compared to their convex counterparts, see, e.g. [119, 194]. However, the potential for
undesirable features in the nonconvex landscape (spurious local minima [135-137], degenerate saddle points [137,
195], etc.) raises questions about these algorithms’ convergence to optimal points.

Recent research has shown, though, that many machine learning problems—including a variety of low-rank matrix
optimization problems—actually have a benign nonconvex landscape in which there are no spurious local minima and
all saddle points are strict (non-degenerate) saddles at which the Hessian has at least one negative eigenvalue [6, 8,93,
100,101,104, 125,191-193,196]. For such problems a variety of iterative algorithms—such as gradient descent with a
random initialization—can exploit negative curvature directions to escape from strict saddle points and thus provably
converge to a global minimizer [127].

To date, however, most of the results establishing benign geometric landscapes have been limited to unconstrained
nonconvex problems [6, 8, 92,93, 100, 101, 104, 125, 196]. Meanwhile, constraints can be important to consider,
particularly when the size of a machine learning problem demands that computations or storage be distributed across
some network [197, 198]. One way to ensure consensus among optimization variables in a distributed problem is via
equality constraints across the network nodes. As one transitions from a centralized problem to a distributed one, a
question arises of whether the distributed problem inherits the benign geometry of the centralized problem. Since there

is a general lack of geometric analysis for constrained nonconvex problems, this question is essentially open.

20This is a joint work with Zhihui Zhu, Gongguo Tang and Michael B. Wakin [9].
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In Section 7.2, we present a general result relating the geometry of a centralized problem to its distributed exten-
sion. This result establishes one-to-one correspondences of the first-order critical points, second-order critical points,
and strict saddle points between the two problems. This is in spite of the fact that critical points have a distinctly dif-
ferent definition (in terms of the Lagrangian) for constrained optimization problems. In Section 7.3, we highlight one
application of this theorem, in establishing an equivalence between geometric landscapes for broad classes of central-
ized problems and their distributed formulations as global consensus problems. We show that under certain conditions,
every second-order critical point of the distributed problem corresponds to a global minimizer of the centralized prob-
lem. In Section 7.4, we discuss algorithmic aspects for solving equality-constrained distributed optimization problems.
The recent GADMM algorithm [199] can be guaranteed under certain conditions to converge to a second-order criti-
cal point of an equality-constrained distributed optimization problem. Our theory establishes conditions under which
this point will correspond to a global minimizer of the original centralized optimization problem. This guarantee is
stronger than what appear in the literature for distributed gradient descent (DGD), a popular alternative algorithm for
solving consensus problems. Existing DGD results show convergence either to stationary points (which are global
if the problem is convex) [200-202], or to an arbitrarily small neighborhood of a second-order critical point with an
appropriately small stepsize [203]. As a case study, in Section 7.5, we illustrate the performance of GADMM on a

distributed low-rank matrix approximation in factored form.
7.2 Relating Unconstrained Geometry to Constrained Geometry

We present a general theorem that establishes an equivalence between the landscape of two types of optimization
problems: one that is unconstrained, and one that involves additional variables but is constrained to an affine subspace,

along which it has a certain equivalence to the first problem.
Theorem 7.2.1. Consider two problems:

e Problem UC (unconstrained centralized):

min ¢(x)
xX

e Problem ECD (equality-constrained distributed):
mind(x,y) subjectto Ax+ By =b
xy
where d(x,y) satisfies d(x,y) = c(x) when Ax + By = b, and B is a square and invertible matrix.

Then x is a [first-order/second-order/strict saddle] critical point of Problem UC iff (x, B~ (b — Ax)) is a [first-

order/second-order/strict saddle] point of Problem ECD.

This theorem has applications outside of distributed optimization, but we adopt the terminology “centralized” and

“distributed” in the theorem above because the latter problem involves additional optimization variables beyond those

133



in the first, and we focus on applications in distributed optimization in this work. Now we prove Theorem 7.2.1 in the
follows where the precise notions of [first-order/second-order/strict saddle] point are defined for both Problem UC and

Problem ECD. Critical points of Problem ECD are defined in terms of the Lagrangian function for d(x,y).

Proof. The first-order critical points x of Problem UC are those that satisfy

Vxe(x) = 0. 7.1)
The second-order critical points of Problem UC additionally satisfy

Vie(x) =0, (7.2)

and a first-order critical point is a strict saddle if it does not satisfy (7.2).

The critical points (x,y) of Problem ECD are defined through the Lagrangian function £(x,y, A) = d(x,y) —
AT (Ax+By—b). The first-order critical points (x,y) of Problem ECD are those that satisfy the first-order optimality
condition: Ax + By = b and there exists A such that

\Y L(x,y,A) =0. 7.3
x:y] (x,y,A) (71.3)

The second-order critical points of Problem ECD additionally satisfy the second-order optimality condition:

[VZ[X; y} L(X,y,N)](v,v) >0VveT, (7.4)
where
T=A{v= [vm;vy] :Av, +Bv, =0} = [_Bﬂfz(w)} (7.5)

is the tangent plane of the constraint set 7 = {Ax + By = b}, where we have used the nonsingularity of B. A
first-order critical point is a strict saddle if it does not satisfy (7.4).

For convenience, define
h(Xv y) = d(X7 y) - C(X)7 (76)

and note that h(x,y) = 0 for all (x,y) € F. Note that i(x,y) has zero directional derivative and zero Hessian
curvature along the tangent plane of F. That is
\%
(xiy

I

}h(x7 y)'v = 0and [VQ[X. y] h(x,y)](v,v) =0 (1.7)

forany (x,y) € Fandv € T.
For any x, let y = B~!(b — Ax) and note that (x,y) € F. Moreover, (7.3) holds iff {ch(x);()} L7

(due to (7.7)), which holds iff (7.1) holds (due to (7.5)). Similarly, we have that (7.4) holds iff [V2 c(x)](v,v) >
Xy
0Vv € T (due to (7.6) and (7.7)), which holds iff (7.2) holds (due to (7.5)). This completes the proof of the three types

of equivalence between a critical point x of Problem UC and a critical point (x, B™!(b — Ax)) of Problem ECD. [J
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7.3 Geometry of Global Consensus

Consider any unconstrained centralized optimization problem of the form
J

minimize ij(w,zj) + g(w), (7.8)

wizh \

where first term in the objective function decouples into a sum of objectives f;. One can distribute this problem across
anetwork of .J + 1 nodes in a “star topology”,>! where .J agents are connected to a central node. The resulting problem
is known as a global consensus problem (see [199, (3)]) and can be posed as follows?2:
J
vﬁlggrrig?} ; fi(w?,z;) | +g(w)st. w/ =w Vj. (7.9)
Here, w is the optimization variable at the central node, and w’ and z ; are the optimization variables at node j.
Unfortunately, relatively little is currently known about the geometric landscape of equality-constrained machine
learning problems in the form of (7.9): Do they have spurious local minima? Do they satisfy the strict saddle property,

or could they have degenerate saddle points?

However, insight into the geometry of problem (7.9) can be gained by applying Theorem 7.2.1. Problem (7.8) can

be expressed in the form of Problem UC by taking® x = [w;z] withz = [z;--- ;2] and c(x) = ijl fi(w,z;)+
g(w), while problem (7.9) can be expressed in the form of Problem ECD by taking x = [w;z], y = [wl; - ;w’],
d(x,y) = X5_, [ (w/,25) + g(w),

-1 0 0 I 0 0

-1 0 0 0 I 0

We note that B (the identity matrix) is square and invertible. Under the constraint that Ax + By = b, which requires

all w/ = w, we see that d(x,y) = ¢(x). By applying Theorem 7.2.1, we obtain the following result.

Corollary 7.3.1. [w; z] is a [first-order/second-order/strict saddle] critical point of problem (7.8) iff ([w; z], [w; - - - ; W])
is a [first-order/second-order/strict saddle] point of problem (7.9). Moreover, if problem (7.8) satisfies the strict sad-
dle property and has no spurious local minima, then for every second-order critical point ([w;z],[w;--- ;w]) of

problem (1.9), [w; z] is a global minimizer of problem (7.8).

Corollary 7.3.1 allows one to borrow centralized geometric analysis for problem (7.8) to understand the landscape

of the equality-constrained distributed problem (7.9).

21'We remark that our results can also be applied to other network topologies, such as the series topology where w?/ = wit1, Vjand w”/ = w.
22Strictly speaking, our problem (7.9) is more general than [199, (3)] as (7.9) involves local variables {z;} which are not constrained to be equal.
2To simplify notation, we use [p; q] to represent [p ' q ] .
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7.4 Gradient ADMM (GADMM) Algorithm

We briefly discuss algorithmic aspects for solving equality-constrained distributed optimization problems. The
recent Gradient ADMM (GADMM) algorithm [199] can be guaranteed under certain conditions to converge to a
second-order critical point of an equality-constrained distributed optimization problem. Corollary 7.3.1 establishes
conditions under which this point will correspond to a global minimizer of the original centralized optimization prob-
lem.

As outlined in [199, (38)], GADMM is intended for problems that can be expressed as24

minimize f(x) + g(y) subjectto Ax + By = b. (7.11)
Xy
The global consensus problem (7.9) is of this form; to see this, letx = [w!;--- ;w’;z), y = w, f(x) = ijl fi(wi,z;),
9(y) = g9(w),
-I --- 0 O 0 I 0
A=1o o 0o . olB=|,b=]:]. (7.12)
0 -1 0 0 1 0

In [199, Section 3.1], it is shown how GADMM can be applied to the global consensus problem (7.9), with the

resulting iterations

1 )
(k+1) =z;(k) - BVfg( 7 (k),2;(k)),
1 (7.13)
(k+1) =w(k) - 3 (Vg(wr)
J
— >N (k) + p(W (k + 1) — w(k)),
Jj=1
Aj(k+1) = Xj(k) + p(w? (k) — w(k)).
These iterations require communication only between the central node and each of the nodes 1,2,...,J. We

note that this is the reason that we utilize (7.12) instead of (7.10) when applying GADMM for solving (7.9) since
the resulting algorithm (7.13) is more suitable for distributed implementation. On the other hand, the form (7.10) is
mainly utilized for analyzing the landscape of (7.9) by invoking Theorem 7.2.1.

For the global consensus problem, under assumptions B1-B5 in [199], with the proper selection of parameters 3
and p, and with random initialization of w(0), {w7(0)}, {z;(0)}, and {X;(0)} it is shown [199, Theorem 3.1] that

with probability one, GADMM will converge to a second-order critical point of (7.9). According to Corollary 7.3.1,

24The notations f and g are interchanged with respect to what appears in [199, (38)].
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when problem (7.8) satisfies the strict saddle property and has no spurious local minima, this second-order critical

point of (7.9) corresponds to a global minimizer of problem (7.8).
7.5 Application to Distributed Low-Rank Matrix Approximation

We now discuss our results in the context of distributed low-rank matrix approximation. Consider first the proto-

typical problem of finding, for a given a data matrix Y € R™*"™, a low-rank approximation by solving

minimize ||X — Y||% + u[| X ]| (7.14)
XeRnXm

Here, the nuclear norm penalty promotes low-rank structure in the approximation X. Problem (7.14) is an uncon-
strained convex optimization problem in the matrix variable X. It is natural to consider solving problem (7.14) in
factored form, where we replace the optimization variable X with UV ", where U € R"*" and V € R™*" are tall
matrices, and 7 is a parameter that must be set in advance (typically on the order of the rank r’ expected of the optimal
solution to (7.14)). Under this reparameterization, (7.14) becomes

minimize  |[UV' = Y||Z + u|UV .. (7.15)
UeRnXT7VERmX7‘

One can solve this problem using local search algorithms such as gradient descent. Such algorithms do not require
expensive SVDs, nor do they require explicit storage of the matrix X.
Unfortunately, problem (7.15) is nonconvex in the optimization variables (U, V). We have studied [6] the geo-

metric landscape of problem (7.15) with a minor modification to the objective function:

minimize |UVT = Y%+ £ ([U[} + [V]}) - (7.16)

Despite the change of the objective function, the global minimizers remain unchanged. That is, any (U, V) that
minimize (7.16) are also a global minimizer of (7.15).

We have shown [6] that every critical point of problem (7.16) is either a global minimum or a strict saddle point.
This implies that local search algorithms such as gradient descent can be applied to problem (7.16) and will converge
to a global minimum of (7.16). As previously noted, this then coincides with a global minimum of the original
objective function, (7.15). This favorable geometry of problem (7.16) holds under the condition that there exists a
global minimizer of (7.14) having rank ' and that > 7/,

One can generalize the unconstrained centralized problem (7.16) to an equality-constrained distributed problem
similar to the global consensus problems outlined in Section 7.3. Suppose the columns of the data matrix Y are dis-
tributed among .J nodes/sensors. Without loss of generality, partition the columnsof YasY = |Y; Y, .- Yy

where for j € {1,2,...,J}, matrix Y; (which is stored at node j) has size n x m;, and where m = ijl m;. Par-
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titioning V similarly as V.= |v[ Vvj] ... V]| ,where V; hassize m; x r, we can write [OVT —Y|% =

Z}]:1 HUV]-T —Y,||%. We use this fact to plug in for the term |[UV " — Y ||2 which appears in (7.16).
Suppose we introduce in problem (7.16) the optimization variables U',..., U’ € R"*" (all the same size as
U) and add an equality constraint to enforce consensus among these variables. We obtain the equality-constrained

optimization problem

J
minimize UV Y, |3 +H V|2
iz, | 210V =Yl SV -

+ %HUHzF subject to U’ = U, V j,

which has the form of global consensus problem appearing in (7.9) by taking w = vec(U),z; = vec(V;), w’/ =
vec(UY), and defining f;(w7,z;), g(w) in the natural resulting way. By applying Corollary 7.3.1, we obtain the

following result.

Corollary 7.5.1. xyc = [vec(U);vec(V1);- -+ ;vec(V )] is a [first-order/second-order/strict saddle] critical point
of problem (1.16) iff xpcp = (Xuc, [vec(U); - - - ;vec(U))) is a [first-order/second-order/strict saddle] critical point
of problem (1.17). Moreover, under the condition that there exists a global minimizer of (7.14) having rank v’ and that

r > 1!, for every second-order critical point xgcp of problem (7.17), xy¢ is a global minimizer of problem (7.16).

10 L B I e TR
100 _Zj |UJV7T_2[]V] |%“_
) ---2,; U7 = Ul%

2 4 6 8 10

iteration

Figure 7.1: Solving (7.17) by using GADMM (7.13).

We apply GADMM to solve (7.17). [199, Theorem 3.1] shows that, under suitable conditions, GADMM is
guaranteed to converge to a second-order critical point of (7.17). Although we do not confirm those conditions for

the matrix factorization problem (7.17), we use numerical simulations to illustrate the ability of GADMM to reach
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solutions that correspond to global minimizers of the centralized problem (7.16).

To set up the experiments, we first generate the rank-r ground truth matrix Y# = [Yf& e Y#] € RxJm
(m = E}'le m;) where r = 2, n = 50, J = 10, m; = 20 Vj by multiplying two standard Gaussian matrices (i.e.,
each entry i.i.d. from A(0, 1)) of size n X r and r X m, respectively. Then adding a noise matrix N € R™*™ with
each entry i.i.d. drawn from N(0,0%) with 0z = 0.1, we get the noisy observation Y = Y# + N. In this case, the
signal-to-noise ratio can be computed as SNR = 101log,, (E [|[Y#|/%]/E [IN]|%]) = 10 logm(é) =23dB.

To estimate the ground truth, we then solve (7.17) with ¢ = 1 by using GADMM (7.13) with p = 10, § =
1000 and a random initialization. To verify our main results (cf. Corollary 7.5.1), we plot the optimality distance
Z}Izl (LeE VjT - U*vs; |2 and consensus error Z;-]=1 |U’ — UJ|% as a function of the number of iterations, where
(U*,[V1 -+ V%]) is a global minimizer of problem (7.16). Figure 7.1 shows that the GADMM achieves both global

optimum and exact consensus.
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CHAPTER 8
GLOBAL OPTIMALITY IN DISTRIBUTED LOW-RANK MATRIX FACTORIZATION

We study the convergence of a variant of distributed gradient descent (DGD) on a distributed low-rank matrix ap-
proximation problem wherein some optimization variables are used for consensus (as in classical DGD) and some opti-
mization variables appear only locally at a single node in the network. We term the resulting algorithm DGD+LOCAL.
Using algorithmic connections to gradient descent and geometric connections to the well-behaved landscape of the
centralized low-rank matrix approximation problem, we identify sufficient conditions where DGD+LOCAL is guar-
anteed to converge with exact consensus to a global minimizer of the original centralized problem. For the distributed
low-rank matrix approximation problem, these guarantees are stronger—in terms of consensus and optimality—than

what appear in the literature for classical DGD and more general problems.
8.1 Introduction

A promising line of recent literature has examined the nonconvex objective functions that arise when certain matrix
optimization problems are solved in factored form, that is, when a low-rank optimization variable X is replaced by a
product of two thin matrices UVT and the optimization proceeds jointly over U and V [6,8,93,101,140,192,204]. In
many cases, a study of the geometric landscape of these objective functions reveals that—despite their nonconvexity—
they possess a certain favorable geometry. In particular, many of the resulting objective functions (7) satisfy the strict
saddle property [97, 114], where every critical point is either a local minimum or is a strict saddle point, at which the
Hessian matrix has at least one negative eigenvalue, and (i¢) have no spurious local minima (every local minimum
corresponds to a global minimum).

One such problem—which is both of fundamental importance and representative of structures that arise in many
other machine learning problems [205]—is the low-rank matrix approximation problem, where given a data matrix Y
the objective is to minimize |[UVT — Y||%. As we explain in Theorem 8.3.1, building on recent analysis in [206]
and [93], this problem satisfies the strict saddle property and has no spurious local minima.

In parallel with the recent focus on the favorable geometry of certain nonconvex landscapes, it has been shown that
a number of local search algorithms have the capability to avoid strict saddle points and converge to a local minimizer
for problems that satisfy the strict saddle property [113, 126, 127,207]. As stated in [127] and as we summarize in
Theorems 8.2.2 and 8.2.4, gradient descent when started from a random initialization is one such algorithm. For
problems such as low-rank matrix approximation that have no spurious local minima, converging to a local minimizer

means converging to a global minimizer.
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To date, the geometric and algorithmic research described above has largely focused on centralized optimization,
where all computations happen at one “central” node that has full access, for example, to the data matrix Y.

In this work, we study the impact of distributing the factored optimization problem, such as would be necessary if
the data matrix Y in low-rank matrix approximation were partitioned into submatrices Y = |Y; Y, --- Y|,
each of which was available at only one node in a network. By similarly partitioning the matrix V, one can partition
the objective function

J
[UVT = Y|% = SOV - Y[ 8.1)
j=1

As we discuss, one can attempt to minimize the resulting objective, in which the matrix U appears in every term
of the summation, using techniques similar to classical distributed algorithms such as distributed gradient descent
(DGD) [208]. These algorithms, however, involve creating local copies U', U2, ..., U” of the optimization variable
U and iteratively sharing updates of these variables with the aim of converging to a consensus where (exactly or
approximately) U! = U? = ... = U’

In this work we study a straightforward extension of DGD for solving such problems. This extension, which we
term DGD+LOCAL, resembles classical DGD in that each node j has a local copy U’ of the optimization variable U
as described above. Additionally, however, each node has a local block 'V ; of the partitioned optimization variable V,
and this block exists only locally at node j without any consensus or sharing among other nodes.

We present a geometric framework for analyzing the convergence of DGD+LOCAL in such problems. Our frame-
work relies on a straightforward conversion which reveals (for example in the low-rank matrix approximation problem)
that DGD+LOCAL as described above is equivalent to running conventional gradient descent on the objective function

J J
> (llUijT =[5+ Y wy|U7 —UZ||%>, (8.2)

=1 i=1

where wj; are weights inherited from the DGD+LOCAL iterations. This objective function (8.2) differs from the
original objective function (8.1) in two respects: it contains more optimization variables, and it includes a quadratic
regularizer to encourage consensus. Although the geometry of (8.1) is understood to be well-behaved, new questions
arise about the geometry of (8.2): Does it contain new critical points (local minima that are not global, saddle points
that are not strict)? And on the consensus subspace, where Ul =U? =... = U/, how do the critical points of (8.2)
relate to the critical points of (8.1)? We answer these questions and build on the algorithmic results for gradient
descent to identify in Theorem 8.3.2 sufficient conditions where DGD+LOCAL is guaranteed to converge to a point
that (¢) is exactly on the consensus subspace, and (i¢) coincides with a global minimizer of problem (8.1). Under
these conditions, the distributed low-rank matrix approximation problem is shown to enjoy the same geometric and

algorithmic guarantees as its well-behaved centralized counterpart.
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For the distributed low-rank matrix approximation problem, these guarantees are stronger than what appear in the
literature for classical DGD and more general problems. In particular, we show exact convergence to the consensus
subspace with a fixed DGD+LOCAL stepsize, which in more general works is accomplished only with diminishing
DGD stepsizes for convex [200,201] and nonconvex [202] problems or by otherwise modifying DGD as in the EX-
TRA algorithm [209]. Moreover, we show convergence to a global minimizer of the original centralized nonconvex
problem. Until recently, existing DGD results either considered convex problems [200, 201] or showed convergence
to stationary points of nonconvex problems [202]. Very recently, it was also shown [203] that with an appropriately
small stepsize, DGD can converge to an arbitrarily small neighborhood of a second-order critical point for general
nonconvex problems with additional technical assumptions. Our work differs from [203] in our use of DGD+LOCAL
(rather than DGD) and our focus on one specific problem where we can establish stronger guarantees of exact global
optimality and exact consensus without requiring an arbitrarily small (or diminishing) stepsize.

Our main results on distributed low-rank matrix factorization are presented in Section 8.3. These results build
on several more general algorithmic and geometric results that we first establish in Section 8.2. The results from
Section 8.2 may have broader applicability, and the geometric and algorithmic discussions in Section 8.2 may have

independent interest from one another.
8.2 General Analysis of DGD+LOCAL

Consider a centralized minimization problem that can be written in the form

minimize f(x,y)
xy

X YJ (8.3)

H'Mk

T
where y = [y]' e y}} . Here x is the common variable in all of the objective functions { f;} (s and y; is the
variable only corresponding to f;.

The standard DGD algorithm [208] is stated for problems of the form

mlmmlze flx Z fi(x

and for such problems it involves updates of the form

J
Ik+1) =Y (@x'(k)) = pVsfi(x (k)),
=1

where {w;;} are a set of symmetric nonnegative weights, and wj;, is positive if and only if nodes ¢ and j are neighbors

in the network or ¢ = j. Throughout this chapter, we will make the common assumption [210] that
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J
Z Wj; = 1forall j € [J]. (8.4)

i=1
A very natural extension of DGD to problems of the form (8.3)—which involve local copies of the shared variable

x and local partitions of the variable y—is to perform the updates

M&

X (k+1) =) (wx'(k)) — uVaxf;(x! (k), y;(k)),

.
Il

k) — uVy fi(x7 (k),y; (k). (8.5)

—~ =

yi(k+1)=y;

Because we are interested in solving problems of the form (8.3), we refer to (8.5) as DGD+LOCAL throughout this
chapter. We note that DGD+LOCAL is not equivalent to algorithm would obtain by applying classical DGD to reach
consensus over the concatenated variables x and y as this would require each node to maintain a local copy of the
entire vector y. For the same reason, DGD+LOCAL is not equivalent to the blocked variable problem described

in [211].
8.2.1 Relation to Gradient Descent

Note that we can rewrite the first equation in (8.5) as

w

0 ) — ()

J
I (k+1) = (O @)% (k) = | VS (< (B), y; (k) + D
i=1 i#£]

=xI(k) — p | Vil (I (k), 5, (k) + Z %(Xj(k) —x'(k))
i

In the second line, we have used the assumption (8.4). Thus, by defining {w,; } such that

wj; = wij = { o 170 (8.6)

0, i=7,
we see that DGD+LOCAL (8.5) is equivalent to applying standard gradient descent (with stepsize () to the problem

J
minimize g(z) = ) _ (fj(xj, yi) + Y wjillx — x"l%) 7 8.7

j=1 i=1

where z = (x!,...,x7,y1,...,ys) and W = {wj;} is a J x .J connectivity matrix with nonnegative entries defined

in (8.6) and zeros on the diagonal.
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8.2.2 Algorithmic Analysis

We are interested in understanding the convergence of the gradient descent algorithm when it is applied to minimiz-
ing g(z) in (8.7); as we have argued in Section 8.2.1, this is equivalent to running the DGD+LOCAL algorithm (8.5)
to minimize the objective function f(x,y) in (8.3).

Under certain conditions, we can guarantee that gradient descent will converge to a second-order critical point of
the objective function g(z) in (8.7). The proof relies on certain properties of the functions f; comprising (8.3). We

first describe these properties before providing the convergence result.
8.2.2.1 Objective Function Properties and Convergence of Gradient Descent

The first property concerns the assumption that each f; comprising (8.3) has Lipschitz gradient. In this case we

can also argue that g in (8.7) has Lipschitz gradient.

Proposition 8.2.1. Ler f(x,y) = Z;Zl fi(x,¥;) be an objective function as in (8.3) and let g(z) be as in (8.7) with
z = (x',...,x7,y1,...,¥7). Suppose that each fj has Lipschitz gradient, i.e., V f; is Lipschitz continuous with

constant L; > 0. Then Vg is Lipschitz continuous with constant
2
Ly=L+=
I
where L := max; L;, w := Z;;j Wji, and Wj; and p are the DGD+LOCAL weights and stepsize as in (8.5).

Proposition 8.2.1 is proved in Appendix F.1.
The second property concerns the following Lojasiewicz inequality, which arises in the convergence analysis of

gradient descent.

Definition 8.2.1. [212] Assume that h : R™ — R is continuously differentiable. Then h is said to satisfy the

Lojasiewicz inequality, if for any critical point X of h(x), there exist § > 0, 6 € [0,1), Cy > 0 such that
|h(x) = h(®)|" < C1[|[VAX)[l, ¥x € B(X,0).
Here 0 is often referred to as the KL exponent.

This Lojasiewicz inequality (or a more general Kurdyka-tojasiewicz (KL) inequality for the general nonsmooth
problems) characterizes the local geometric properties of the objective function around its critical points and has
proved useful for convergence analysis [212,213]. The Lojasiewicz inequality (or KL inequality) is very general and
holds for most problems in engineering. For example, every analytic function satisfies this Lojasiewicz inequality, but
each function may have different Lojasiewicz exponent # which determines the convergence rate; see [212,213] for

the details on this.
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A general result for convergence of gradient descent to first-order critical point for a function satisfying the L.o-

jasiewicz inequality is as follows.?

Theorem 8.2.1. [212] Suppose infgn h > —o0 and h satisfies the Lojasiewicz inequality. Also assume Vh is
Lipschitz continuous with constant L > 0. Let {x(k)} be the sequence generated by gradient descent x(k + 1) =

x(k) — uVh(x(k)) with i1 < 7. Then if the sequence {x(k)} is bounded, it converges to a critical point of h.

The following result further characterizes the convergence behavior of gradient descent to a second-order critical

point.

Theorem 8.2.2. [113] Suppose h is a twice-continuously differentiable function and Vh is Lipschitz continuous
with constant L > 0. Let {x(k)} be the sequence generated by gradient descent x(k + 1) = x(k) — uVh(x(k))
with 1 < % Suppose x(0) is chosen randomly from a probability distribution supported on a set S having positive
measure. Then the sequence {x(k)} almost surely avoids strict saddles, where the Hessian has at least one negative

eigenvalue.

Theorems 8.2.1 and 8.2.2 apply for functions h that globally satisfy the f.ojasiewicz and Lipschitz gradient condi-
tions. In some problems, however, one or both of these properties may be satisfied only locally. Nevertheless, under
an assumption of bounded iterations—as is already made in Theorem 8.2.1—it is possible to extend the first- and
second-order convergence results to such functions. For example, one can extend Theorem 8.2.1 as follows by noting

that the original derivation in [212] used the Lojasiewicz property only locally around limit points of the sequence
{x(k)}.
Theorem 8.2.3. [212] Suppose infg» h > —oc. For p > 0, let B, denote the open ball of radius p:

By = {x: [x|2 <p},

and suppose h satisfies the Lojasiewicz inequality at all points x € B,. Also assume NV h is Lipschitz continuous with
constant L > 0. Let {x(k)} be the sequence generated by gradient descent x(k + 1) = x(k) — pVh(x(k)) with
1 < +. Suppose {x(k)} C B, and all limit points of {x(k)} are in B,. Then the sequence {x(k)} converges to a

critical point of h.

The following result establishes second-order convergence for a function with a locally Lipschitz gradient.
Theorem 8.2.4. Let p > 0, and consider an objective function h where:

1. infrn h > —o0,

2. h satisfies the Lojasiewicz inequality within B,

25The result in [212] is stated for the proximal method, but the result can be extended to gradient descent as long as p < %
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3. h is twice-continuously differentiable, and

4. [h(x)] < Lo,

Vh(x)|| < Ly, and ||V2h(x)||2 < Ly forall x € Bs,,.

Suppose the gradient descent stepsize

1
<
L2+%+

z T (5.5

o2
Suppose x(0) is chosen randomly from a probability distribution supported on a set S C B, with S having positive
measure, and suppose that under such random initialization, there is a positive probability that the sequence {x(k)}
remains bounded in B, and all limit points of {x(k)} are in B,,
Then conditioned on observing that {x(k)} C B, and all limit points of {x(k)} are in B,, gradient descent

converges to a critical point of h, and the probability that this critical point is a strict saddle point is zero.
Theorem 8.2.4 is proved in Appendix F.2.
8.2.2.2 Convergence Analysis of DGD+LOCAL

As described in the following theorem, under certain conditions, we can guarantee that the DGD+LOCAL algo-
rithm (8.5) (which is equivalent to gradient descent applied to minimizing ¢(z) in (8.7)) will converge to a second-order

critical point of the objective function g(z).

Theorem 8.2.5. Let f(x,y) = Z;‘le fj(x,y;) be an objective function as in (8.3) and let g(z) be as in (8.7) with
z = (x,...,x7,y1,...,y7). Suppose each f; satisfies infgn f; > —ooc, is twice continuously-differentiable, and
has Lipschitz gradient, i.e., V f; is Lipschitz continuous with constant L; > 0. Suppose g satisfies the Lojasiewicz
inequality. Let L := max; L;, and let W;; and ji be the DGD+LOCAL weights and stepsize as in (8.5).

Assume w 1= max; » 2, ;Wi < 5. Let {z(k)} be the sequence generated by the DGD+LOCAL algorithm in (8.5)
with

1—2w
L

< (8.9)

and with random initialization from a probability distribution supported on a set S having positive measure. Then if
the sequence {z(k)} is bounded, it almost surely converges to a second-order critical point of the objective function

in (8.7).

Proof. Recall that running the DGD+LOCAL algorithm (8.5) to minimize the objective function f(x,y) in (8.3)
is equivalent to running gradient descent on g(z) in (8.7). The proof is completed by invoking Theorem 8.2.1 and

Theorem 8.2.2 with h replaced by g. From Proposition 8.2.1, we have that Vg is Lipschitz continuous with constant
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Ly=L+ 27“’, and so choosing s to satisfy (8.9) ensures that p < L% as required in Theorem 8.2.1 and Theorem 8.2.2.

O

Remark 8.2.1. The requirement that the DGD+LOCAL stepsize p = O(%) also appears in the convergence analysis

of DGD in [202,214].

Remark 8.2.2. The function g is guaranteed to satisfy the Lojasiewicz inequality, for example, if every f; is semi-
algebraic, because this will imply that g is semi-algebraic, and every semi-algebraic function satisfies the L.ojasiewicz
inequality.

Remark 8.2.3. In order to satisfy (8.9), it must hold that w < % In the case where the DGD+LOCAL weight matrix
W is symmetric and doubly stochastic (i.e., W has nonnegative entries and each of its rows and columns sums to
1), this condition is equivalent to requiring that each diagonal element of W is larger than % Given any symmetric
and doubly stochastic matrix W, one can design a new weight matrix (W + I)/2 that satisfies this requirement. This

strategy is also mentioned at the end of [214, Section 2.1].

We also have the following DGD+LOCAL convergence result when the functions f; have only a locally Lipschitz

gradient.

Theorem 8.2.6. Let f(x,y) = Z}]:1 fi(x,¥;) be an objective function as in (8.3) and let g(z) be as in (8.7) with

z=(x',...,x7,y1,...,y7). Let p > 0 and suppose each f; satisfies

1. inRn f] > —00,
2. f; is twice-continuously differentiable, and

3. 1f; (x,5;)| < Lo,

Vii(x,y;)| <Ly, and HVij(x,y)H2 < Ly forall (x,y;) € Ba,.

Suppose also that g satisfies the Lojasiewicz inequality within B,,. Let w;; and p be the DGD+LOCAL weights and
stepsize as in (8.5). Assume w 1= max; },; ,; Wj; < 1. Let {z(k)} be the sequence generated by the DGD+LOCAL
algorithm in (8.5) with

1-2w

B< 4L 4+ Lo "
¥ 2 i
max; Lo ; + pl" + ( pQ) 0.1

(8.10)

Suppose z(0) is chosen randomly from a probability distribution supported on a set S C B, with S having positive
measure, and suppose that under such random initialization, there is a positive probability that the sequence {z(k)}
remains bounded in B, and all limit points of {z(k)} are in B,,

Then conditioned on observing that {z(k)} C B, and all limit points of {z(k)} are in B,, DGD+LOCAL con-
verges to a critical point of the objective function in (8.7), and the probability that this critical point is a strict saddle

point is zero.
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Proof. Recall that running the DGD+LOCAL algorithm (8.5) to minimize the objective function f(x,y) in (8.3) is
equivalent to running gradient descent on g(z) in (8.7). Similar to the approach taken in proving Theorem 8.2.4, to
deal with the local Lipschitz condition, the proof involves constructing a function g such that g(z) = g¢(z) for all
z € B, but where g has a globally Lipschitz gradient.

To do this, recall the window function w defined in Appendix F.2. Now, recall that

J J
g(z)=> (fj(xj,yj) + > wjillx — XWI%)
j=1 i=1
and define
§<Z):Z(fj(xjy}Ij)""iji”Xj_X1||g> ) (8.11)
j=1 i=1
where

T

Fi(x,y;) = f0 y)w([)T y) ).

Since f;(x7,y;) = f;(x7,y;) for (x7,y;) € B,, we have that § (z) = g(z) forall z € B,,.

We have the following properties for g:

e Since g = gin B,, g satisfies the Lojasiewicz inequality in B,,.

e Since f; € C? forall jand w € C?, g € C2

e Since infgn» f; > —oo for all j and infg» w > —o0, infgr g > —oo0.

e To globally bound the Lipschitz constant of the gradient of g, note that

w25 = Hw~V2fj—|—ij~(Vw)T+Vw~(ij)T+fj-V2wH
< |l [[V2 £ + 2 V0l IV £l + 1 £5] || V2|
< LQ,j+4L,()1’j + (4+2PZ)L°’j forall (x7,y;).

Therefore, given the form of g in (8.11), we can conclude from Proposition 8.2.1 that globally, Vg is Lipschitz

continuous with constant

4L1’j + (4 + 271') LO,j) + 2700

Lz = maxLy;+ .
J (J‘ 2 p? 7

Now consider the gradient descent algorithm with stepsize p satisfying (8.10). Define

Ty ={z(0) € B, : all {z(k)} C B, and all limit points of {z(k)} are in B,

when gradient descent is run on g starting at z(0) }
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and

Ty ={z(0) € B, :all {z(k)} C B, and all limit points of {z(k)} are in B,

when gradient descent is run on g starting at z(0)}.

Similarly, define

Yy ={2(0) € B, : {z(k)} converges to a strict saddle when gradient descent is run on g starting at z(0) }

and

Y5 ={z(0) € B, : {z(k)} converges to a strict saddle when gradient descent is run on g starting at z(0)}.

Using the above properties, we see that Theorem 8.2.2 can be applied to g, and so we conclude that 37 has measure
ZEero.

Now, after running gradient descent on g from a random initialization as in the theorem statement, condition on
observing that {z(k)} C B, and all limit points of {z(k)} are in B,, i.e., that z(0) € T,. Because {z(k)} C B,
and all limit points of {z(k)} are in B,, and because {z(k)} matches the sequence that would be obtained by running
gradient descent on g, we can apply Theorem 8.2.3 to conclude that {z(k)} converges to a critical point of g, and since
this critical point belongs to B, and g = g inside B, we conclude that this is also a critical point of g.

Finally, using the definition of conditional probability, we have

P(z(0) € £,NT,)
P(z(0) € Ty)
P(z(0) € 3 NTY)

P(z(0) € Ty)

P(z(0) € £y[2(0) € Ty) =

where the second equality follows from the fact that g = g inside B,,: if a sequence of iterations stays bounded inside
B, and converges to a strict saddle when gradient descent is run on g, the same will hold when gradient descent is run
on g, and vice versa. Since Y3 has zero measure and because z(0) is chosen randomly from a probability distribution
supported on a set S C B, with S having positive measure, P(z(0) € 3 N T5;) = 0. Also, by assumption,

P(z(0) € T,) > 0. Therefore, P(z(0) € ¥,|z(0) € T) = —2— = 0. O

nonzero
8.2.3 Geometric Analysis
Section 8.2.2 establishes that, under certain conditions, DGD+LOCAL will converge to a second-order critical
point of the objective function g(z) in (8.7).

In this section, we are interested in studying the geometric landscape of the distributed objective function in (8.7)

and comparing it to the geometric landscape of the original centralized objective function in (8.3). In particular, we
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would like to understand how the critical points of ¢g(z) in (8.7)) are related to the critical points of f(x,y) in (8.3).

These problems differ in two important respects:

e The objective function in (8.7) involves more optimization variables than that in (8.3). Thus, the optimization
takes place in a higher-dimensional space and there is the potential for new features to be introduced into the

geometric landscape.

e The objective function in (8.7) involves a quadratic regularization term that will promote consensus among the
variables x', ..., x”. This term is absent from (8.3). However, along the consensus subspace where x! = - .. =

x”, this regularizer will be zero and the objective functions will coincide.

Despite these differences, we characterize below some ways in which the geometric landscapes of the two prob-
lems may be viewed as equivalent. These results may have independent interest from the specific DGD+LOCAL
convergence analysis in Section 8.2.2.

Our first result establishes that if the sub-objective functions f; satisfy certain properties, the formulation (8.7)

does not introduce any new global minima outside of the consensus subspace.

Proposition 8.2.2. Let f(x,y) = ijl fi(x,¥;) be as in (8.3). Suppose the topology defined by W is connected.
Also suppose there exist X* (which is independent of j) and y7,j € [J] such that
(x*,y7}) € arg min f;(x,y;), Vj € [J]. (8.12)
X,y

Then g(z) defined in (8.7) satisfies

min g(z) = min f(x,y),
z X,y

and g(z) achieves its global minimum only for z with x' = - -- = x”.

Proposition 8.2.2 is proved in Appendix F.3. We note that the assumption in Proposition 8.2.2 is fairly strong, and
while there are problems where it can hold, there are also many problems where it will not hold.

Proposition 8.2.2 establishes that, in certain cases, there will exist no global minimizers of the distributed objective
function g(z) that fall outside of the consensus subspace. (Moreover, and also importantly, there will exist a global
minimizer on the consensus subspace.) Also relevant is the question of whether there may exist any other types of
critical points (such as local minima or saddle points) outside of the consensus subspace. Under certain conditions,

the following proposition ensures that the answer is no.

Proposition 8.2.3. Let f(x,y) be as in (8.3) and g(z) be as in (8.7) withz = (x',...,x7,y1,...,ys). Suppose the

matrix W is connected and symmetric. Also suppose the gradient of f; satisfies the following symmetric property:
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<foj(xa Yj)ax> = <vy_7‘fj(xv yj)an> (813)
forall j € [J]. Then, any critical point of g must satisfy x! = -+ = x”.

Proposition 8.2.3 is proved in Appendix F.4.

Finally, we can also make a statement about the behavior of critical points that do fall on the consensus subspace.

Theorem 8.2.7. Let C; denote the set of critical points of (8.3):

Cy:={x,y:Vf(x,y) =0},

and let Cg denote the set of critical points of (8.7):

C, = {z :Vg(z) = 0}.

Then, for any z = (x',...,x7,y) € Cy with x! = --- = x7 = x, we have (x,y) € Cy. Furthermore, if (x,y) is a

strict saddle of f, then z = (x,...,x,y) is also a strict saddle of g.

The proof of Theorem 8.2.7 is in Appendix F.5.
8.3 Analysis of Distributed Matrix Factorization

We now consider the prototypical low-rank matrix approximation in factored form, where given a data matrix
Y € R™ ™, we seek to solve

minimize  |[UV' = Y|%. (8.14)
UGR’ILX’V‘7V€R77‘LXT‘

Here U € R"*" and V € R™*" are tall matrices, and 7 is chosen in advance to allow for a suitable approximation of
Y. In some of our results below, we will assume that the data matrix Y has rank at most r.

One can solve problem (8.14) using local search algorithms such as gradient descent. Such algorithms do not
require expensive SVDs, and the storage complexity for U and V scales with (n + m)r, which is smaller than nm
as for Y. Unfortunately, problem (8.14) is nonconvex in the optimization variables (U, V). Thus, the question arises
of whether local search algorithms such as gradient descent actually converge to a global minimizer of (8.14). Using
geometric analysis of the critical points of problem (8.14), however, it is possible to prove convergence to a global
minimizer.

In Appendix F.6, building on analysis in [206], we prove the following result about the favorable geometry of the

nonconvex problem (8.14).
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Theorem 8.3.1. For any data matrix Y, every critical point (i.e., every point where the gradient is zero) of prob-

lem (8.14) is either a global minimum or a strict saddle point, where the Hessian has at least one negative eigenvalue.

Such favorable geometry has been used in the literature to show that local search algorithms (particularly gradient

descent with random initialization [113]) will converge to a global minimum of the objective function.
8.3.1 Distributed Problem Formulation

We are interested in generalizing the matrix approximation problem from centralized to distributed scenarios. To be
specific, suppose the columns of the data matrix Y are distributed among J nodes/sensors. Without loss of generality,

partition the columns of Y as

Y=[Y: Y, - Y],
where for j € {1,2,...,J}, matrix Y, (which is stored at node j) has size n x m;, and where m = Ej:l m;.
Partitioning V similarly as
T 7
V=[vi - Vi, (8.15)

where V; has size m; x r, we obtain the following optimization problem

J

e T 2

Iinimize §1IIUVj - Yz, (8.16)
iz

which is exactly equivalent to (8.14). Problem (8.16), in turn, can be written in the form of problem (8.3) by taking
x = vec(U), y; = vec(V;), and f;(x,y;) = [[UV, = Y;|%. (8.17)

Consequently, we can use the analysis from Section 8.2 to study the performance of DGD+LOCAL (8.5) when applied
to problem (8.16).

For convenience, we note that in this context the DGD+LOCAL iterations (8.5) take the form

J
U/(k+1) = Z (@;:U" (k) = 2u(U7 (k) V] (k) = Y;)V;(k),

V;(k+1) = V;(k) = 2u(U7 (k)V] (k) = Y;) U/ (k), (8.18)
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and the corresponding gradient descent objective function (8.7) takes the form

J J
minimize g(z) = » | <|Uﬂ‘vjT =Y+ wi U7 - Ui||}> , (8.19)
j=1 i=1
where U!,..., U7 € R™" are local copies of the optimization variable U; V1,...,V are a partition of V as

in (8.15); and the weights {w;; } are determined by {w;; } and y as in (8.6).
Problems (8.16) and (8.19) (as special cases of problems (8.3) and (8.7), respectively) satisfy many of the assump-
tions required for the geometric and algorithmic analysis in Section 8.2. We use these facts in proving our main result

for the convergence of DGD+LOCAL on the matrix factorization problem.

Theorem 8.3.2. Suppose rank(Y) < r. Suppose DGD+LOCAL (8.18) is used to solve problem (8.16), with weights
{wj;} and stepsize

1—2w
max; (276 + 647)p2 + 34(| Y | r + S|V 1%

u< (8.20)

for some p > 0 and where w := max; >, ,; Wji < 1. Suppose the J x J connectivity matrix W = {w;; } (with wj;
defined in (8.6)) is connected and symmetric. Let {z(k)} be the sequence generated by the DGD+LOCAL algorithm.
Suppose z(0) is chosen randomly from a probability distribution supported on a set S C B, with S having positive
measure, and suppose that under such random initialization, there is a positive probability that the sequence {z(k)}
remains bounded in B, and all limit points of {z(k)} are in B,

Then conditioned on observing that {z(k)} C B, and all limit points of {z(k)} are in B,, DGD+LOCAL almost

surely converges to a solution z* = (U™, ..., U* V7, ... , V%) with the following properties:
e Consensus: U = ... = U/* = U*.
e Global optimality: (U*,V*) is a global minimizer of (8.14), where V* denotes the concatenation of Vi, ..., V%
as in (8.15).

Proof. We begin by arguing that DGD+LOCAL converges almost surely (when z(0) is chosen randomly inside B,)
to a second-order critical point of (8.19). To do this, our goal is to invoke Theorem 8.2.6. We note that each f;
defined in (8.17) satisfies infy v, f; > —oo and is twice-continuously differentiable. Also, since the functions f;
are semi-algebraic, g satisfies the Lojasiewicz inequality globally. The functions f; do not have globally Lipschitz

gradient. However, we can find quantities Ly ;, L1 j, Lo ; such that |f; (x,y;)| < Lo ;.

V£ (x,¥5)| < Ly, and
V25 (x,¥)||, < Lo, forall (x,y;) € Ba,. For L ;:
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i (5,3, = 1UV] = Y,][%
< (IUV/ lr + 1Yl r)?
< (I01IpIV]lF + 1Y;]1#)?
< (4p% + 1Y51p)?
< 320" + 2| Y, 1%

For L4 ;:
VU UV—r Y;
UV; j)Vj
UV, -Y; )TU
<2 (HUVTVJHF +1Y; VJHF + [V, UTU|[r + (Y, Ulr)
< 285" + 200, + 80° + 291, 1)
= 320" + 8| Y |-
For Ly ;j, we can bound the Lipschitz constant of V f; in By, as follows. Denote D = v . Then
Dv,
L o2
- (U,V; U,V;
IV LUV = 5 max [V2£,(U,V,)](D,D)
= max IDuV; +UDy, |7 +2(UV], DUD\T,j) —2(Y;,DyDy;,)
S ax 5(||le|?: + [U[I3) (IDulf% + IDv, [F) + 1Y, =(IDull? + [IDv, [I7)
< max (100° + Y, ) (Do +[Dv, [3) = 105° + [,

where the last inequality holds because |[U||% + || V;||% < 4p®. Therefore we can bound the Lipschitz constant of

Vf;ias Lj < 20p* + 2||Y,| r for all (U, V;) such that | U[|% + ||V, ||% < 4p*. Now,

411 5 44+ 27) L 4+ 21
Lo+ pz) M — 2007 + 2 e + 5 (326° + 80lY 1) + 2T ot 12,12
8+4
= 207+ 201Y; | + 1280° + 32 Y, [ + (128 1 64m)p? + Ay 2
8 +
= (276 + 647T)p2 + 34||YjHF + MHYJHF

Thus, choosing p to satisfy (8.20) ensures that (8.10) is met.
From Theorem 8.2.6, we then conclude that conditioned on observing that {z(k)} C B, and all limit points of
{z(k)} are in B,, DGD+LOCAL converges to a critical point of the objective function in (8.19), and the probability

that this critical point is a strict saddle point is zero. We refer to this point as z*.
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Next, note that the assumption of Proposition 8.2.2 is satisfied if 'Y has rank at most r. In particular, there exist
U, V such that UVT =Y and so we may take x* = vec(U) and y; = vec(\N/‘j) to achieve f;(x*,y}) = 0, which is
the smallest possible value for each f;. Proposition 8.2.2 thus guarantees that (8.19) has at least one critical point that
is not a strict saddle (and in fact that it is a global minimizer that falls on the consensus subspace).

Next, note that the symmetric property required for Proposition 8.2.3 is satisfied. To see this, observe that
VulUV] = Y,l% =2(UV] - Y;)V;
and
Vv, UV = Y|} =2(UV] -Y;)'U.

Thus,
(VulUV] —Y,|%,U0) =2.a(UT(UV] —-Y;)V;) =2-u(V] (UV] -Y;)'U) = (Vy,|[UV] Y[}, V).

Proposition 8.2.3 thus guarantees that (8.19) has no critical points outside of the consensus subspace. Since we have
argued that DGD+LOCAL converges to a second-order critical point z* of (8.19), it follows that z* must be on the
consensus subspace; that is, z* = (U™, ..., U/* 'V}, ..., V*) with U* = ... = U/* = U*,

Next, Theorem 8.2.7 guarantees that z* (in which U = ... = U’/* = U™*) corresponds to a critical point
(U*, V*) of the centralized problem (8.16), which is exactly equivalent to problem (8.14). Here, V* is the concate-
nation of V7,..., V% asin (8.15). Theorem 8.3.1 tells us that problem (8.14) has two types of critical points: global
minimizers and strict saddles. If (U*, V*) were a strict saddle point of (8.14), Theorem 8.2.7 tells us that z* must then
be a strict saddle of (8.19). However, z* is almost surely a second-order critical point of (8.19), where the Hessian has

no negative eigenvalues. It follows that (U*, V*) must almost surely be a global minimizer of problem (8.14). O
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CHAPTER 9
ALTERNATING MINIMIZATIONS CONVERGE TO SECOND-ORDER OPTIMAL SOLUTIONS

This work?® studies the second-order convergence for both standard alternating minimization and proximal alter-
nating minimization. We show that under mild assumptions on the (nonconvex) objective function, both algorithms
avoid strict saddles almost surely from random initialization. Together with known first-order convergence results,
this implies both algorithms converge to a second-order stationary point. This solves an open problem for the second-
order convergence of alternating minimization algorithms that have been widely used in practice to solve large-scale

nonconvex problems due to their simple implementation, fast convergence, and superb empirical performance.
9.1 Introduction

We consider the following optimization problem over two sets of variables:

e Ty .
minimize J0x.Y O

where f : R™ x R™ — R is a proper continuous (nonconvex) function and the partition of variables into x and
y blocks typically reflect natural structures within the problem. One approach to solve (9.1) is by concatenating x
and y as a single variable z = (x,y) and then directly applying standard iterative algorithms like gradient descent
(or its variants) for f(z). Recent progress in nonconvex optimization has provided solid theoretical guarantees for
gradient-type algorithms in solving nonconvex problems. In particular, the seminal work [113] shows that gradient
descent with random initialization almost surely avoids strict saddles?’ and converges to a second-order critical point.
This together with recent results in landscape analysis guarantees that gradient descent can find a global minimum for
many popular nonconvex optimization problems, including low-rank matrix recovery [101], matrix completion [100],
phase retrieval [215], and deep neural network [216], all of which enjoy a nice landscape that all second-order critical
points are global minima.

An alternative approach to solve (9.1) is based on alternating minimization (cf. Algorithm 1, also known as the non-
linear Gauss-Seidel method or the block coordinate descent method) which sequentially optimizes over one variable
in each time while keeps the other variable fixed. Compared with gradient-type algorithms, alternating minimization
has several advantages: () it is easy to implement as there is no need to tune the optimization parameters such as step
sizes, (i¢) it converges very fast in practice, and (i:¢) the subproblem is usually easy to solve, e.g., there may exist

a closed-form solution. Therefore, alternating minimization has been widely used in many engineering problems.

20This is a joint work with Zhihui Zhu and Gongguo Tang [10].
27 A critical point is a strict saddle if the Hessian at this point has a negative eigenvalue.
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Examples include matrix factorization [217,218], tensor decomposition [75,219], and the Expectation Maximization

(EM) Algorithm [220].

Algorithm 1 Standard Alternating Minimization

1: Initialization: x;.
2: For k =1,2,..., recursively generate (xj,yx) by

Yk = arg min f(xz_1,y)

yerr 9.2)
Xy = arg min f(x,yx)
xER™
Algorithm 2 Proximal Alternating Minimization
1: Input: 8 > Ly.
2: Initialization: (x¢, yo).
3: For k =1,2,..., recursively generate (x,yx) by
_ ~ g 2
yr = arg min f(xx-1,y) + 5”3’ = Vi-1ll2
* (9.3)

. B
X, = arg min f (X, yx) + 5”X —xp1ll3
y

However, the empirical performance of alternating minimization is not sufficiently substantiated by solid con-
vergence guarantees. In fact, although the idea of alternatingly updating the variables is quite straightforward, the
convergence properties for alternating minimization are far more complicated. In particular, alternating minimization
may not converge to first-order critical points of the problem [221]. If the function f is strongly bi-convex and satisfies
the Kurdyka-Lojasiewicz (KL) property, then Algorithm 1 converges to a critical point of f [222]. The KL property
is satisfied by a wide class of nonconvex (and even nonsmooth) functions, including all semi-algebraic functions and
sub-analytic functions [223]. To relax the bi-convexity condition, Attouch et al. [223] utilized a proximal method when
updating each variable and proved the corresponding proximal alternating minimization (cf. Algorithm 2) converges

to a critical point of f as long as f satisfied the KL property. We summarize these results as follows.

Assumption 9.1.1. f satisfies the KL property and V f is Lipschitz continuous on any bounded subset of domain

R" x R™.

Theorem 9.1.1 (First-order Convergence, [222,223]). Under Assumption 9.1.1, let (xo,y0o) be any initialization and
(X, Yi) be the sequence generated by Algorithm 1 (if [ is further bi-convex) or by Algorithm 2. If the sequence

(XK, Yk) is bounded, then it converges to a critical point of f.

Convergence to a critical point of the objective function alone is not sufficient to explain the successful practical

performance of alternating minimization for a considerable body of machine learning problems mentioned above,
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which have critical points that are not local minima. Showing the second-order convergence of the alternating mini-
mization methods remains open. The main contribution of this work is closing this gap between the power of alter-
nating minimization in solving nonconvex problems and its second-order convergence. More precisely, we study the

second-order convergence of alternating minimizations by answering the following question:

Question: Does (proximal) alternating minimization with a random initialization converge to second-order

stationary points with probability one?

We answer this question affirmatively for real analytic functions and establish the following main results on the

second-order convergence of Algorithm 1 and Algorithm 2:

Theorem 9.1.2 (Second-order convergence). Under Assumption 9.1.1, let (Xo,yo) be a random initialization and
(XK, Yk ) be the sequence generated by Algorithm 1 (if f is further analytic and bi-convex with full-rank cross Hessian
at strict saddles) or by Algorithm 2 (if f is further bi-smooth). If the sequence (X, yr) is bounded®s, then it converges

to a second-order stationary point of f almost surely.

If additionally, the objective function of the problem satisfies the strict saddle property (i.e., a critical point is either
a strict saddle or a local minimum), then Theorem 9.1.2 implies that alternating minimization algorithms with random
initialization converge to local minima with probability one. Moreover, many popular machine learning and signal
processing problems [98, 100, 101,224] have no spurious local minimum and thus alternating minimization algorithms
converges to a global minimum, partially explaining the good empirical performance of alternating minimization

methods in achieving global optimality for these problems.
9.2 Preliminary
Definition 9.2.1. Let f be a twice continuously differentiable function and ¥V be the gradient operator. Then we say
1. x is a stationary point (a.k.a. critical point) of f, if V f(x) = 0;
2. X is a second-order stationary point of f, if it is a critical point and V? f (x) is positive semi-definite;
3. x is a strict saddle of f, if it is a critical point and V? f (x) has at least one negative eigenvalue.
Definition 9.2.2 (Unstable Fixed Point). For a mapping g : Q2 — €, the set of unstable fixed points is defined as
Ag = {x: g(x) = x, max|X;(Dg(x))| > 1},

where D denotes the Jacobian operator.

28The boundedness assumption is automaitcally satisfied if f is coercive, since then the level set Levs(xo,y0) = {(x,¥) : f(x,¥) <
f(x0,¥0)} is bounded for any initialization (xo,yo) by the coercivity and the nature of (proximal) alternating minimization algorithm en-
sures that each iterations (x, y) lying in the level set Lev (%o, yo) [222,223].
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Theorem 9.2.1 (Theorem 2, [127]). Let g be a C* mapping from §) to Q and det(Dg(x)) # 0 for all x € . Then the
set of initial points that converge to unstable fixed points has measure zero, j1({xg : klim " (xo) € Ag}) = 0. Here
— 00

u(-) denotes the Lebesgue measure.

Theorem 9.2.1 is instrumental in establishing second-order convergence guarantees for many first-order algorithms
in [127]. However, the condition that det(Dg(x)) # 0 forall x € ) is a strongly global property of the Jacobian matrix
that is difficult to satisfy and is challenging to verify theoretically. The rest of this section focuses on relaxing this
global assumption in Theorem 9.2.1 to a local one so that it can be applied to a larger class of mappings. More precisely,
we will replace the global non-singularity condition on the whole domain by a local non-singularity condition around
the critical points. This is achieved by refining the arguments used to show Theorem 2 in [127] and the main technical

tools are the Zero-Property Theorem and the Maximum Rank Theorem.

Theorem 9.2.2 (Zero-Property Theorem, Theorem 3, [225]). Let a mapping g : 2 — € is continuous and almost
everywhere differentiable. Then g satisfies the zero-property (i.e., preimage of any zero-measure set has measure zero)

if and only if rank(Dg(x)) = dim(Q) for almost all x € §2.

Theorem 9.2.3 (Maximum Rank Theorem, Proposition B.4, [226]). Suppose g : Q — § is an analytic mapping.

Dg(x) achieves the maximum rank almost everywhere in ). Here the maximum rank is defined as maxxcq rank(Dg(x)).

Note the analytic assumption of Theorem 9.2.3 is stronger than infinite differentiability, but still covers a fairly
large class of functions, including all elementary functions, most special functions, as well as their combinations and
compositions. The Maximum Rank Theorem states that the Jacobian matrix of any analytic mapping almost always
achieves the maximum rank. Then as long as the Jacobian matrix is of full-rank at some specific point, the mapping

would satisfy the zero-property, which is indicated by Theorem 9.2.2. Now we present the main technical theorem.

Theorem 9.2.4. Let g be an analytic mapping from § to Q). Then the set of initial points that converge to nondegenerate

unstable fixed points has measure zero.

The proof is adapted from Theorem 2 in [127] and therefore the most important ingredient is the Stable Manifold

Theorem Theorem I11.7 [227].

Theorem 9.2.5 (Stable Manifold Theorem, Theorem II1.7, [227]). Let X* be a fixed point for a C" local diffeomor-
phism g : U — E, where U is a neighborhood of x* in the Banach space E. Suppose that E = E, & E,,, where E is
the span of the eigenvectors of Dg(x*) corresponding to eigenvalues of magnitude smaller than or equal to 1, and E,,
is the span of the eigenvectors of Dg(x*) corresponding to eigenvalues of magnitude larger than 1. Then there exists
a C" embedded disk W3 that is tangent to E at x* called the local stable center manifold. Moreover, there exists a

loc

neighborhood By« of x*, such that g(W£5,) N By« C WS and (\y—y g~ " (Bx+) C WSS

loc loc*
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Proof of Theorem 9.2.4. First, for any unstable fixed point x* € A, if it is also non-degenerate, i.e., the Jacobian
matrix Dg(x*) is non-singular, then Dg(x) is nonsingular in some neighborhood U of x*. This shows g : U — g(U)
is a local diffeomorphism. Then by Stable Manifold Theorem 9.2.5, for any x* € A,, there is an associated open
neighborhood By and thus the union J,, . A, Bx+ forms an open cover for Ay. Clearly A, C R", and since R™ is
known to be second-countable (cf. Theorem 10 in [228]), we can extract a countable subcover U?il Bx; for A,. Let
W = {xg € Q: limy, g*(x0) € A,}. Because |J;-, By forms a countable subcover of Ay, x* € By for some i,

ie., lim; o g*(X0) € By That is to say, gt(xo) € By forall t > N for some sufficiently large IV, or equivalently,

g'(x0) € () 97" (Bx:) = Siforall t > N.
k=0

By Stable Manifold Theorem 9.2.5, we have S; C WSS with W of co-dimension at least one (since x* € Ay).
Therefore, S; has measure zero. Since g*¥ (x0) € S; with an unknown non-negative integer IV and X is an arbitrary
element in W, we must have

welJ U g M.

i=1 N=0

Now we show g~ (.S;) has measure zero for any non-negative numbers N and i. Then the proof follows from
that any countable union of zero-measure sets has measure zero. Since g is analytic and x* is nondegenerate, i.e.,
rank(Dg(x*)) = n, which must be the maximum rank of the Jacobian Dg(x) in §2. Then Theorem 9.2.3 implies that
the Jacobian Dg(x) achieves the maximum rank » for almost all x € (). Further because g is analytic (and hence
continuous and almost everywhere differentiable), we can use the Zero-Property Theorem 9.2.2 to get g~V (.S;) has

measure zero for all N > 0. Finally note that the above argument is independent of choice of i. O
9.3 Second-order Convergence of Algorithm 1

For this case when f is strongly bi-convex, we will apply Theorem 9.2.4 to show that Algorithm 1 will not converge
to a strict saddle point. Then combining this with the first-order convergence result Theorem 9.1.1, we can get the
second-order convergence of Algorithm 1. We first provide some additional assumptions that are used to prove the

avoiding-saddle property of Algorithm 1 in solving problem (9.1).
Assumption 9.3.1. f is a strongly bi-convex®’ analytic function.
Assumption 9.3.2. Viy f(x*, %) has full row rank for all strict saddles (x*,y*).

Theorem 9.3.1 (Avoiding Strict Saddles). Suppose f satisfies Assumptions 9.3.1 and 9.3.2. Then solving (9.1) using

Algorithm 1 with random initialization will not converge to a strict saddle of f almost surely.

Therefore, together with the first-order convergence Theorem 9.1.1 and noting that any analytic function satisfies

Assumption 9.1.1, we have the second-order convergence property of Algorithm 1.

PV2f(x,y) > 0and V2 f(x,y) > 0 in the whole domain.
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Corollary 9.3.1. Suppose | satisfies Assumptions 9.3.1 and 9.3.2 and the sequence (Xy,yr,) generated by Algorithm 1
is bounded. Then solving (9.1) using Algorithm 1 with random initialization will converge to a second-order stationary

point of | almost surely.
9.3.1 The Mapping Function of Algorithm 1

First note that Algorithm 1 is well defined under the strong bi-convexity condition in Assumption 9.3.1, since each

subproblem minimizes a strongly convex function and thus has a unique optimal solution.

Proposition 9.3.1. Under Assumption 9.3.1, the following two mappings are well-defined in the whole domain:

6(3) = arg min f(x.y).
yer (9.4)

Y(y) :=arg min f(x,y).
xER”

Proposition 9.3.1 immediately implies Algorithm 1 is well-defined. That is, each subproblem in the k-th iteration

has a unique minimizer:

Vi1 = d(xz),
Xptr1 = Y(Yrt1)-

By defining the composition g = 1 o ¢ from R™ to R, we can view the alternating minimization process (9.2) as

iteratively performing the following mapping:

x" = g(x" 1) = gF(x) fork=1,2,... 9.5

By the first-order convergence of Algorithm 1, the iterative process (9.5) is continuing until reaching a fixed point x*

of the mapping g

x* = g(x*). 9.6)

In view of (9.4), this is equivalent to

y* = arg min f(x*,y%),
Yy

x* = arg min f(x*,y"*)
X

with y* := ¢(x*). Then together with the strong bi-convexity and the sufficient differentiability (by analytic property)
of f, we immediately have that there is a one-to-one correspondence between the fixed points of g and the first-order

critical points of f.

Lemma 9.3.1. A point x* is a fixed point of g if and only if
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Vf(x"y")=0 9.7

where we have defined y* = ¢(x*) and V f(x,y) = [Vx f(x,y) " Vy f(x,y)"]". For simplifying notations, we will
also often informally write V f(x,y) = (Vx f(x,¥), Vy f(X,¥))-

9.3.2 Proof of Theorem 9.3.1

To use Theorem 9.2.4, we need to show that 1) the mapping g is analytic; 2) all strict saddles of f correspond to
unstable fixed points of g; 3) the Jacobian matrix at any strict saddle is full rank. Without loss of generality, we also
assume n < m. This assumption can always be satisfied since otherwise, we can exchange the coordinates of f. We

will see this assumption helps to show the non-degenerate property at unstable fixed points of g.

(1) Showing analytic mapping. Towards that end, we derive the closed-form expression of the Jacobian Dg which

will also be useful for the remaining proof. To begin, we present an immediate consequence of Proposition 9.3.1.

Proposition 9.3.2. There exist two well-defined and unique mappings ¢ : R™ — R™ and 1 : R™ — R" such that

Vyf(x,¢(x)) =0, Vx e R",
Vif(¥(y),y) =0, Yy € R™

Then we use the Analytic Implicit Function Theorem 9.3.2.

9.8)

Theorem 9.3.2 (Analytic Implicit Function Theorem, [229], p.34). Let the function h(x,y) : R" x R™ — R™ be
analytic. Assume h(a,b) = 0y, for some point (a,b) € R™ x R™. If the partial Jacobian Dyh(a,b) is invertible,
then there exists an open set U of R™ containing a such that there exists a unique analytic function ¢ : U — R™ such

that
#(a) =b
and
h(x,¢(x)) =0,, forallxeU.
Moreover, the Jacobian of ¢ in U is given by
D¢(x) = —Dyh(x, ¢(x)) ™' Dxh(x, $(x)).
We now prove g is analytic.

Lemma 9.3.2. The mapping g is analytic and its Jacobian Dg(x) for all x € R™ is given by

Dyg(x) =Vif(9(x), ¢(x)) ™' Viy f(9(x), p(x)) x

V2 £(x, (%) V2, f(x, (X)) 9.9)
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Proof of Lemma 9.3.2. From Corollary 9.3.2, we know there have been two well-defined and unique mappings already

that satisfies (9.8):

Vyf(x,¢(x)) =0, Vx € R"
xf(’lrb( )7Y)*07 VyGRm

Now denote hy, = Vy f and hy = V f, which are both analytic as f is analytic. Then the above equations read that

hy(x,¢(x)) =0, Vxe€R"
hx((y),y) =0, Vy €R™
Further note that both Dyhy = V3 f and Dyxhy = V3 f are both nonsingular by assumption of strong bi-convexity.

(9.10)

Then we can apply Analytic Implicit Function Theorem 9.3.2 to (9.10) to get that ¢ and 1 are the unique analytic
mappings satisfying (9.10). Further, using Analytic Implicit Function Theorem 9.3.2, we can compute their Jacobians

as

D(x) = =V f(x,$(x)) Vi, f(x, $(x));
Dp(y) = =Vif(@(y),y) Vi f(¥(y),¥)-

Therefore, g = 1) o ¢ is analytic, as it is a composition of two analytic mappings 1) and ¢. Also, the Jacobian Dg

is given by the chain rule as follows

Dg(x) =D (¢(x)) Dp(x)
—V2 Fla(x), d(x) ™' Viy f(9(x), d(x)) %
v/ (x, (%)) TV [ (%, 6(x)).

(2) Showing unstable fixed point. First of all, by (9.8), for any strict saddle (x*,y*) of f, x* = g(x*),i.e., x*isa
fixed point of g. It remains to show that the maximal magnitude of the eigenvalues of Dg(x*) is greater than 1. Using

the fixed point equation x* = g(x*), we first simplify the Jacobian expression (9.9) as

Dg(x*) =Va f(x*,y*) ' Vi, f(x*,y*) x
Vi (x5 y") IV f(x5y7). (9.11)
Define a new matrix
I = Vif(x".y")/?Dg(x")Vif(x"y") "1/

that is similar to Dg(x*). Hence by matrix similarity, they have the same eigenvalues. Plugging Dg(x*) into T, we

have
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T =(V2f(x*y") 2V, f(x*, y" ) Ve f(x*,y")7?)
X (VEF(*,y*) T2V, f(5, ¥y ) Ve f(x*,y*)72) T
=LL",

where L := V2 f(x*,y*) "2 V2, f(x*,y*)V2 f(x*, y*)~2. Therefore, it suffices to show I' = LLT has at least an
eigenvalue of magnitude greater than 1, since this can imply Dg(x*) has at least an eigenvalue of magnitude greater

than 1. Note that T' = LL T has at least an eigenvalue of magnitude greater than 1 if and only if the spectral norm of

(IL]) > 1.
Now we prove |L|| > 1 via contradiction. For the sake of contradiction, suppose |L|| < 1. With some standard

matrix operations, we can represent Hessian V2 f(x*, y*) (which is known to have a negative eigenvalue since (x*,y*)

is a strict saddle of f) as

V2 f(x",y")
(VI yY) Vi f(xn y*)]
Vi f(x*y*)  Vif(x*y")
_Vif(x*ay*)1/2 In L
i Vi y)VE] LT Ly
[Vif(xr,y*)/?

V2 f(x*, y*)l/Q}

L
Then we observe that | is semi-positive definite:

x—r I L] [x
[ } [ﬁ Im] M = ||xII3 + [ly]3 +2x Ly

> [|x[13 + Iy 113 — 2llx[l2 /| L1yl
> [|x[I3 + [[y 13 — 2llx[lzlly]l2 > 0,

which holds for all x € R",y € R™. Consequently, V2 f(x*, y*) is semi-positive definite, leading to a contradiction.

Therefore, we have proved that for any strict saddle (x*,y*), x* is an unstable fixed point of the mapping g.

(3) Showing non-degenerate property. First recall that the Jacobian matrix Dg(x*) at any strict saddles point x* is
given by (9.11). Due to the strict positive-definiteness of V2 f(x*,y*) and V3 f(x*,y*), we know Dg(x*) is similar

to a semi-positive definite matrix:
Dg(x") = Vif(x",y") PLLT VL f(x",y")"1/?
with L = V2 f(x*, y*)’l/QViyf(x*, y Vi f(x¥, y*)~ /2 living in R™*™ . Thus the non-degenerateness immedi-

ately follows from Assumption 9.3.2 and the assumption n < m.
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Combining all, we complete the proof of Theorem 9.3.1.
9.3.3 Stylized Application of Algorithm 1
We use a simple example to illustrate our result.

Example 9.3.1 (Best Rank-1 Matrix PCA). Consider the problem of computing the best rank-1 approximation of a

given matrix A € R™"*™ with rank(A) = n:

(13 + Iy 113), (9.12)

DO >

1
flx,y) = §IIA—XyTH% +

which is an analytic, strongly bi-convex function (cf. Assumption 9.3.1). Note that there are efficient closed-form
solutions when using standard alternating minimization Algorithm I to solve (9.12): given any initialization xo € R",

the alternating minimization Algorithm I recursively generates the following sequence: for k =0,1,2, ...

ATXk
Yk+1 = ¢(Xk) = m%
Ay
X1 1= P(Yet1) = M llyeal?
2

To apply Corollary 9.3.1, one still needs to verify the full-rankness of Viy f(x*,y*) at any strict saddle (x*,y™*)

of f, where y* = ¢(x*). Direct computations give that
) T X*X*T
Vi, J(x5,y") =2x"p(x*) — A= (2 - I) A
v At x5
Clearly, when x* = 0, we have Viy f(x*,y*) = —A and the full-rankness assumption automatically holds and for

x* # 0, rank(V2, f(x*,y*)) = rank(A) provided A # ||x*||3. Therefore:

Corollary 9.3.2. Solving the best rank-1 approximation (9.12) for any nonsingular matrix A, using Alternating Min-

imization Algorithm 1 with random initialization, is guaranteed to converge to a second-order stationary point, pro-

vided \ # ||x*||3.
9.4 Second-order Convergence of Algorithm 2
We begin with the following bi-smoothness assumption.

Assumption 9.4.1. f € C? is Ly bi-smooth in the domain, i.e., max{||V%f(x,y)|,|IV2f(x,y)|} < Ly in the

domain.>°

In the case where f(x,y) is Ly bi-smooth, we note that Algorithm 2 requires even minor assumptions for it to

avoid the strict saddle points.

39 Any globally smooth function f with || V2 f(x,y)|| < Ly satisfies Assumption 9.4.1.
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Theorem 9.4.1 (Avoiding Strict Saddles). Suppose f satisfies Assumption 9.4.1. Choose 8 > Ly in Algorithm 2.

Then solving (9.1) using Algorithm 2 with random initialization will not converge to a strict saddle of f almost surely.

Therefore, together with the first-order convergence Theorem 9.1.1, we have the second-order convergence prop-

erty of Algorithm 2.

Corollary 9.4.1. Suppose f satisfies Assumptions 9.1.1 and 9.4.1 and the sequence (X, yy) generated by Algorithm 2
is bounded. Choose 3 > Ly in Algorithm 2. Then solving (9.1) using Algorithm 2 with random initialization will return

a second-order stationary point of f for almost sure.
9.4.1 The Mapping Function of Algorithm 2

First from (9.3), we know under the assumptions of 3 > L and the L bi-smoothness of f, then each subproblem

in any iteration of Algorithm 2 is well-defined, since the objective function of each subproblem is strongly convex.

Proposition 9.4.1. Under Assumption 9.4.1, choose 3 > Ly. Then the following two mappings are analytic and

well-defined for any (x,y):

) B
ps(x,y) i=arg min f(x,y') + Z|ly" = 3,

y/eRvn /B (9.13)
qs(x,y) :=arg min f(x',y) + 5 [x" — x]}3.
x’ER™ 2
With (9.13), each iteration of Algorithm 2 is equivalent to

= Xk—15 c—1/»

Vi = Ps(Xk—1,Yk—1) ©.14)
Xk, = qp(Xk—1, Yk)-
We define a mapping gg : R" x R™ — R™ x R™ such that

95(%,y) = (as(x, Ps(x,¥)), Ps(x,¥)), (9.15)

with which we can rewrite (9.14) as

(X%, Yk) = (A8(Xk—1,Ps(Xk—1,¥k-1)) PB(Xk—1, Yi—1))
= 98(Xk—1,Yk—1)-

With the implicit function theorem, the following result establishes the expression of the Jacobian matrix for gg.

Lemma 9.4.1. For any (x,y), denote (X,y) = gs(x,y), and assume max{|Vf(X,¥)|, V3 f(X,¥)||} < Ly. Set
B > Ly in Algorithm 2. Then the mapping function gg is continuous at a neighborhood of (x,y) and the Jacobian

Dgg is nonsingular at (x,y) and is given by
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V2 X,y 1, vi %,5 -1
Dgs(x,y) = { 2f(x 3’) +5 vgf&,"}()iy% Im}
1% 0
{—Vixf (x,¥) Blm] (9.16)

Proof. Sincey = pg(x,y),X = qg(x,y), both X and y can be viewed as functions of (x,y). Note that (x,y) and

(x,y) satisfy the first-order optimality condition of (9.14):
V 7~ + y— = 07
yf(>~< Z) B(Z y) ©.17)
vxf(x7y) +5(X - X) =0.

We now compute the expression of the Jacobian matrix:

B;{éx,y) aiéx,y)
Dgs(x,¥) = | oyxy) 05 00y)
ox oy

To obtain the expressions for these partial derivatives aié’:” , aig;y ), 3375:3’) , Wé’;w , we apply the implicit function

theorem to the first-order optimality condition of (9.17) and obtain

)

(V3 1069) + 5 I 92 g ),

(V21x.3) + 61,) XY g,

(V21&5)+ 1) ) 4 92y DY) g,
(V213) + 1) oY 92 sy oY)

which can be rearranged into matrix multiplications as

~ ~ ~ ~ Ox(x, ox(x,
V2I(XY)+AL, Vi IRy | [Ty &y
y(xy) Iyxy)

5 -
ﬁIn 0 :|
= 2 S < I'iDgs(x,y) =T
|:vyxf(xv y) /BI’m
. . . . u u
We now show that the matrix I'; is nonsingular. Towards that end, suppose there exists such that I'; =
A% A%

, which is equivalent to

O (13 ] _ [0
(Vf,f(x, Y) + ﬂIm)V 0
= [ o) = B
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where we have used the strict positive-definiteness of V3 f(X,¥) + 1, and V2 f(X,y) + L, by the assumption.
Thus, the matrix I'; is nonsingular. Therefore, by the implicit function theorem, Dgg(x,y) is a continuous function
at some neighborhood of x,y. With similar argument, we obtain that the matrix I'; is also nonsingular. Therefore, we

have Dgg(x,y) = '] 'T'y is nonsingular at x, y. O
9.4.2 Proof of Theorem 9.4.1

We will use Theorem 9.2.1 (a.k.a. Theorem 2 in [127]) to prove Theorem 9.4.1. Therefore, we need to show

1. gpis aC' mapping;

2. det(Dgg) # 0 in the whole domain;

3. Any strict saddle of f is an unstable fixed point of gg.

Showing (1). Because its Jacobian Dgg is continuous in the whole domain by Lemma 9.4.1 and Assumption 9.4.1.
Showing (2). Because the Jacobian Dgg is nonsingular in the whole domain by Lemma 9.4.1 and Assumption 9.4.1..

Showing (3). We now show that every strict saddle point (x*,y*) is an unstable fixed point of the mapping. First
of all, we show (x*,y™) is a fixed point of gz. Since a strict saddle point must be a critical point, here we show
every critical point of f is a fixed point of gg. Towards that end, first note that any critical point (x,y) satisfies
Vf(x,y) = (Vxf(x,¥), Vyf(x,¥)) = (0,0), which implies the first optimality condition (9.17). Then noting that
Proposition 9.4.1 which states that the mapping gg is well-defined in the whole domain, we conclude that (x,y) =
g5(x,y), ie., (x,y) is a fixed point of gg.

Now we show that the maximum magnitude of eigenvalues of Dgg(x*,y*) is great than | at any strict saddle
(x*,¥%).
Lemma 9.4.2. Let (x*,y*) be any strict saddle of f with max{V2 f(x*,y*), V?,f(x*,y*)} < Ly Set3 > Lyin

Algorithm 2. Then Apax (Dgp(x*,y*)) > 1, where Aax denotes the largest eigenvalue.

Proof. To simplify notations, denote

[Fn F12:| o [Vif(x*,y*) Viyf(x*,y*)]
For Foo| |V f(x%y*) Vif(x*y") ]’

Then plugging (X,y) = (x,y) = (x*,y*) to (9.16), we can compute the Jacobian matrix Dgpg at (x*,y*) as

-1
Fi: + 3L, Fio BI, 0
D * * —
gﬁ (X 24 ) |: 0 F22 + ﬂIm:| |:F21 ﬂIm
_1_ |Fu+ 6L Fio [P Foo
0 F22 + 5Im F21 F22
pS
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Therefore, to show that Dgg(x*,y*) has an eigenvalue larger than 1, it suffices to show ® has a negative eigenvalue.
We prove this by showing the event that det(® + pI) = 0 for some p > 0, where det(-) denotes the determinant of a

matrix. Then with some algebra on the properties of determinant, we have det(® + uI) = 0 is equivalent to

(14 p)F11 + ppI (14 p)F12 _
det ([ Fa (1+ p)Fa + uﬁID !

(1+ p)F11 + pBlI V1+ pFio _
= det ([ VITHFs (14 pm)Fa + uBID =0

where the second line has used the property that det(AB) = det(A) det(B) and the matrix similarity transform.

Thus, the whole proof now reduces to show that

J(p) = (1+ p)Fi1 + ppl V1+ pFio
= VI+ puFa (14 p)Fag + pupI

has a zero eigenvalue for some p > 0. Note that J(y) is a symmetric matrix (with real eigenvalues) and is a continuous
matrix function of . Then by Theorem 5.1 in [230], all the eigenvalues of J (1) (including the minimum eigenvalue
Amin(J(1))) are continuous functions of p. We will show the real continuous function Ay (J (1)) equals zero for

some u > 0. Towards that end, we observe that

_ Fll F12 _ 2 * *
‘](O) - |:]:721 F22:| - v f(X Y )a

lim J(p) _ [Fn + pI

= 0.

p—00 [ Foo + 51}

First, since (x*,y*) is a strict saddle of f(x,y), by definition of strict saddle, we have Apin(J(0)) < 0. Second, since
B> Ly > max{||V2f(x*,y*)|, V2 f(x*,y*)|} by the assumption, we have both Fy; + SI and Fay + 1, are
positive definite and hence Ay, (J(IV)) > 0 for some sufficiently large N. Finally, since Apin(J(g)) is a continuous

real-valued function of X, we claim that there must exist a > 0 such that A, (J (1)) = 0. O
9.4.3 Stylized Applications of Algorithm 2

We now apply the proximal alternating minimization Algorithm 2 for a popular large-scale matrix optimization
problem by the Burer-Monteiro Factorization (BMF) approach [119, 159]: given minimizep ¢(M), BMF factorizes
M as XY, and minimizes fX,Y) = q(XYT). It has been shown in [100, 101, 106, 125] that when the original
problem g satisfies certain RIP, then any second-order stationary point of f corresponds to a global minimum of
q. Therefore, in this sense, the second-order convergence of the proximal alternating algorithm will imply the global

optimality convergence. We will focus on two most important matrix problems: matrix sensing and matrix completion.

Example 9.4.1 (Matrix Sensing). For simplicity, we consider a regularized matrix sensing problem with the objective

function g4(M) = || A(M) —y||3 + A||M||. where y are the observations and A : R™*™ — RP is the linear sensing

169



operator which can be always assumed to have a bounded spectral norm ||A|| < L. The BMF method then solves

N A
minimize | AXY ") = yl5 + 5 (X% + 1Y [7) (9.18)

Denote f(X,Y) as the objective function of (9.18). Note that in this case, Assumption 9.4.1 is not satisfied since we

can not find a universal constant L to bound |V? f(X,Y)|| for all X, mY . However, we note that
Lemma 9.4.3. g3 is a forward-invariant mapping on any level set Q) := Lev (U, V) forany U, V, i.e., g(2) C Q.

Proof. In one way, for any (X,Y) € Q, we have f(X,V) < f(U,V) by definition of 2. In another way, letting
(X,?) = g3(X, V), we have f(f(,{’) < f(X,V) by the sufficient decrease property of Algorithm 2 (cf. [223]).
Therefore, (X,Y) € (. O

Then following the same analysis of [228, Theorem 3], to apply Theorem 9.2.1, it suffices to show:

Proposition 9.4.2. Choosing f > Ly(Q2) for some constant Ly () depending on Q@ = Lev;(U, V), we have: (i)
det(Dgg) # 0 on Q, and (ii) all strict saddles of f in Q) are unstable fixed points of gz. Then by Theorem 10.4.2,
the set of all initialization points in ) that will let gz converge to strict saddles is of zero Lebesgue measure. Thus
together with the first-order convergence (cf. Theorem 9.1.1), Algorithm 2 from random initialization in Q) almost

surely converges to a second-order stationary solution of f.

Proof. With Theorem 10.4.2 and that gg is forward-invariant in €2, to prove Proposition 9.4.2, it suffices to show the
terms (i) and (ii). To show these two, we first prove a local Lipschitz-gradient condition for f: ||V2 f(X,Y)|| < L(Q2)

for all (X,Y) € Q. By definition of 2, (X,Y) €  gives that

IAXYT) —yl} < f(U,V),

X,Y) < f(U, V) 2

Now deonote D = (Dx,Dy), A = \||D||%, and compute

[V?f(X,Y)|(D,D)
=2||A(XDy+DxY ")||2+4(A(DxDy ), AXY ") —y A
< (4L2(HXII2F+HYH%) +ALJAXY ") — |2 + A) D%

Together with the definition of spectral norm, this implies

IV2 (X, Y)|| = maximize[V*f(XY)](D, D)/ D%
<ALP(| X% + Y )|%) + 4L AXY ") — vz + A
<8L2f(U, V)/A+4LVF(U, V) + ) = L(Q),

170



where the second inequality follows from @©. Now given the local Lipschitz condition in {2 and the forward-invariant

property g(2) C €, (i) and (ii) immediately follow from Lemma 9.4.1 and Lemma 9.4.2, respectively. O

Example 9.4.2 (Matrix Completion). Consider the matrix completion problem which minimizes qgo(M) = |M —
M*||%, + A||M||. with M* as the ground-truth, § as the binary mask matrix, and |M||q = |2 © M||r. Then the

BMF solves

A
mir}1(ir‘r(1ize IXY " — M*||3 + §(||XH% +[[Y[%). 9.19)

We remark that the same results of Example 9.4.1 (cf. Proposition 9.4.2) can also be applied for the BMF matrix
completion (9.19), since sensing problem q (M) reduces to completion propblem qq (M) when choosing the linear

sampling operator is a binary sampling operator := Q ® M and the observations are'y := £ © M*.
pling op is a binary sampling op A(M) := Q © M and the ob ] y:=Q0M*
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CHAPTER 10
PROVABLE BREGMAN-DIVERGENCE BASED METHODS FOR NONCONVEX AND NON-LIPSCHITZ
PROBLEMS

The (global) Lipschitz smoothness condition is crucial in establishing the convergence theory for most optimization
methods. Unfortunately, most machine learning and signal processing problems are not Lipschitz smooth. This
motivates us to generalize the concept of Lipschitz smoothness condition to the relative smoothness condition, which
is satisfied by any finite-order polynomial objective function. Further, this work develops new Bregman-divergence
based algorithms that are guaranteed to converge to a second-order stationary point for any relatively smooth problem.
In addition, the proposed optimization methods cover both the proximal alternating minimization and the proximal
alternating linearized minimization when we specialize the Bregman divergence to the Euclidian distance. Therefore,
this work not only develops guaranteed optimization methods for non-Lipschitz smooth problems but also solves an

open problem of showing the second-order convergence guarantees for these alternating minimization methods.
10.1 Introduction

Consider minimizing a twice continuously differentiable function

inimi 10.1
ml}{lglﬁg}%f(X% (10.1)

which can be solved by numerous off-the-shelf algorithms, such as first-order methods like vanilla gradient descent
(a.k.a. steepest descent), perturbed/stochastic gradient descent, proximal linearized minimization, and nonlinear con-
jugate gradient method, [113,114,126,127,148,212,231], or second-order methods like the Newton-CG algorithm or
proximal quasi-Newton methods [207,232,233]. However, all these optimization algorithms require that the gradient
of the objective function f(x) should be smooth. In particular, most of the theoretical guarantees for these algorithms
require the objective function f(x) to satisfy the global Lipschitz gradient condition (ak.a. second-order Lipschitz

condition), that is, there exists a Lipschitz constant L > 0 such that

LI+ V3f(x) =0 (10.2)

for all x € R™. An immediate consequence of (10.2) is the decent lemma

L
F() = F(¥) = (VI)x =y)| < Flx—y[3, forallxy € R". (10.3)
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This decent lemma is central to analyzing the convergence of many iterative algorithms since it guarantees a sufficient

decrease of the function value after each iteration. For example, for standard gradient descent with stepsize 7,

xt = g(xe) =x! — an(xZ), (10.4)

plugging (10.4) into (10.3) yields the following sufficient decrease property:

Fx) = fx) = (717 - L;) [ = x5, (10.5)

This sufficient decrease property is a key condition used in the analysis of most (first-order) iterative algorithms to
guarantee first-order convergence, i.e., convergence to a first-order stationary point?!.

However, in many applications, e.g., matrix completion [100], phase retrieval [98], matrix sensing [101], and
dictionary learning [99], a second-order stationary point is desirable as it is also a global minimum. Although second-
order methods like the trust-region algorithm and cubic regularization [170, 234] are guaranteed to converge to a
second-order stationary point, their computational complexity is in general much higher than first-order methods.
Fortunately, recent work has shown that first-order methods using random initialization or with periodically injected
noise can also efficiently avoid strict saddles and converge to a second-order stationary point. In particular, the recent
seminal work [113, 127] proves that gradient descent with random initialization almost surely converges to a second-
order stationary solution through the so-called Stable Manifold Theorem [227], which suggests that if we view gradient
descent in (10.4) as a dynamic system and the iterative mapping function g(+) has a nonsingular Jacobian matrix in the
whole domain, then each strict saddle point is unstable and thus the set of initial points that converge to such points

has measure zero. The Jacobian matrix of g for the gradient descent algorithm (10.4) is

Dg(x) =1 —nV?f(x). (10.6)

If f satisfies the global Lipschitz gradient condition (10.2), then Dg(x) > (1 — nLs)I, which implies that one can
always set a sufficiently small stepsize < 1/L; so that Dg(x) is positive definite (hence nonsingular) in the whole
domain. Thus, the global Lipschitz gradient condition is also crucial to [113,127].

Unfortunately, the objective functions in many machine learning problems—such as low-rank matrix recovery [100,
101], tensor factorization problem [114,235], neural networks training [55,236]—do not admit a global Lipschitz gra-
dient constant L. This is because for the objective function f to satisfy the global Lipschitz gradient condition (10.2)
with constant L, all eigenvalues of its Hessian matrix must be upper bounded by L ¢ in the whole domain (see (10.2)).

For that to happen, the objective function should grow at most quadratically. Yet, for matrix factorization and many

3'We say x a (first-order) stationary point if V f(x) = 0. We say x a second-order stationary point if it is a first-order stationary point and the
Hessian at this point is positive semi-definite (PSD).
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other important problems in practice, the objective functions are higher-order (typically greater than second-order)
polynomials, and their Hessian matrices have at least first-order-polynomial entries and thus unbounded eigenvalues
over the whole domain. This motivates us to develop new efficient algorithms with the convergence guarantees not re-
quiring the global Lipschitz gradient condition. Therefore, the proposed algorithms can naturally solve these machine

learning problems with convergence guarantees.

10.2 Main Results

10.2.1 Beyond Lipschitz Via Bregman Optimizations

Very recently, [237] addressed this longstanding issue through the Bregman distance paradigm, proving that Breg-
man gradient descent converges to a stationary point of the objective function that is not required to have a globally

Lipschitz gradient. Main ingredients of the Bregman distance paradigm are introduced as follows.

Definition 10.2.1 (Bregman Distance). Given a twice continuously differentiable convex function h : R™ — R, the

Bregman distance between any x and 'y is defined as

Dp(x,y) = h(x) = h(y) — (Vh(y),x —y). (10.7)
For any convex function h, we have Dy, (x,y) > 0 for all x,y € R™ and h is called a Bregman distance kernel.

When the Bregman distance kernel is half the squared ¢> norm h(x) = 3||x||3, the corresponding Bregman

distance reduces to Dj,(x,y) = %||x — y||3, which is the classical squared Euclidean distance.

Definition 10.2.2 (Adaptive Lipschitz Gradient Condition). A twice continuously differentiable function f, conve-
niently denoted as f € C?, satisfies the L r-adaptive Lipschitz gradient condition for some Bregman distance kernel

hec?if
LiV?h(x) £ V?f(x) = 0 forallx € R™. (10.8)

It is worth noting that when h(x) = %||x||3, the adaptive Lipschitz gradient condition (10.8) reduces to LI +
V2f(x) = 0, which is the classical global Lipschitz gradient condition.

When an objective function f satisfies the L adaptive Lipschitz gradient condition, a generalized descent lemma

|f(x) = f(y) = (Vf(y),x—y)| < LyDyp(x,y) forallx,y € R" (10.9)

follows immediately from (10.8). Just as the sufficient descent lemma (10.3) has played a crucial role in deriving first-
order convergence theory, this generalized descent lemma (10.9) can be used to obtain the sufficient decrease property
of certain Bregman distance-based algorithms (which we define in Section 10.2.3) without the global Lipschitz gradi-

ent condition. For example, we establish the following results.
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Lemma 10.2.1 (Sufficient Decrease Under Adaptive Lipschitz Gradient Condition). Supposef € C? is globally lower-
bounded and satisfies the L g-adaptive Lipschitz gradient condition for some Bregman distance kernel h € C 2, which

is assumed to be o-strongly convex and super-coercive’

. Then the updating formula (10.18) for Bregman gradi-
ent descent (Algorithm 5) and (10.20) for Bregman proximal minimization (Algorithm 5) are both well-defined and

respectively satisfy:

1
Algorithm 3 :  f(x*~1) — f(x%) > (77 - Lf) %sz —x13 (10.10)
Algorithm 5 :  f(x*~1) — f(x%) > %HxZ —x"12 (10.11)

The proof of Lemma 10.2.1 is in Section G.2. It is worth noting that Bregman gradient descent (Algorithm 3)

reduces to standard gradient descent and Bregman proximal minimization (Algorithm 5) reduces to standard proximal

minimization when we choose the Bregman distance Dy, (x, x‘~1)

x 3.

as the classical squared Euclidean distance % ||x —

10.2.2 Extension to Bregman Alternating Minimizations

Similar results (e.g., Lemma 10.2.2) can be established for Bregman alternating minimizations that solve

inimi . 10.12
minimize f(x,y) ( )

We achieve this by extending the Bregman distance (in Definition 10.2.1) and the adaptive Lipschitz gradient condition

(in Definition 10.2.2) into the following double-block versions.

Definition 10.2.3 (Bi-Bregman Distance). Given a twice continuously differentiable bi-convex function h(x,y)* from

R™ x R™ to R, define the first and second Bregman distances respectively as

Dy (x1,%2;y) =h(x1,y) — h(x2,y) — (Vxh(X2,¥), X1 — Xa), (10.13)
Di(y1,y2:%x) =h(x,y1) — h(x,y2) — (Vyh(X,y2),y1 — ¥2) (10.14)

for any x,x1,%x2 € R" and y,y1,y2 € R™. By the bi-convexity of h, we have both D}L(xth;y) > 0 and

D% (y1,y2;x) > 0 for any x,x1,%9 and y,y1,y2 and h is called a bi-Bregman distance kernel.

Definition 10.2.4 (Bi-Adaptive Lipschitz Gradient Condition). f(x,y) € C? satisfies the (L1, Ly)-bi-adaptive Lips-

chitz gradient condition for a bi-Bregman distance kernel h(x,y) € C? if

L1Vih(x,y) £ Vi, f(x,y) = 0and L,V h(x,y) £ Vi, f(x,y) = 0, V(x,y) € R" x R™ (10.15)

32We say h is super-coercive if and only if lim ||| - 00 (%) /[%[|2 = oo for all x.
3BWe say h(x,y) is bi-convex if h(x,y) is convex in x for any fixed y and convex in y for any fixed x.
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Lemma 10.2.2 (Sufficient Decrease Under Bi-Adaptive Lipschitz Gradient Condition). Supposef(x,y) € C? is glob-
ally lower-bounded and satisfies the (L1, Lo)-bi-adaptive Lipschitz gradient condition for some bi-Bregman distance
kernel h(x,y) € C2, which is assumed to be o-strongly bi-convex™® and bi-super-coercive’. Then the updating for-
mula (10.19) for Bregman alternating gradient descent (Algorithm 4) and (10.21) for Bregman proximal alternating

minimization (Algorithm 6) are both well-defined and respectively satisfy®:

. 1o 1 o 1 -
Algorithm 4 :  f(x*" 1, y* 1) — f(x,y") > (7] — L‘f> §||(X£,ye) — xLy Y3 (10.16)

Algorithm 6 :  f(x* 1y — f(x",y%) > =z

2 g 16y = Ly I (10.17)

The proof of Lemma 10.2.2 follows by noting that f(x‘~!, y*~1) — f(x’,y") = f(x* 1,y 1) — f(xl, y' 1) +

£—1 L

F(xf vy — f(x*,y") and then recursively applying Lemma 10.2.1 for either fixed y = y*~! or fixed x = x*.

Note that when the bi-Bregman distance is set as the classical squared Euclidean distance, Bregman alternating
gradient descent Algorithm 4 and Bregman proximal alternating minimization Algorithm 6 reduce to proximal alter-
nating linearized minimization [213] and proximal alternating minimization [222,223], respectively. As a result, our
main theory can be applied to remove the requirement of a globally Lipschitz gradient in deriving first-order conver-
gence results for both proximal alternating linearized minimization and proximal alternating minimization. Following
the seminal work [113, 127] and using the Stable Manifold Theorem [227], this work also solves an open problem

by establishing the second-order convergence of these alternating minimization algorithms. Further, our second-order

convergence theories do not require the global Lipschitz gradient condition.
10.2.3 Algorithms

This work will focus on the following four algorithms and derive their second-order convergence theories. Except

for Algorithm 3 (cf. [237]), all Algorithms 4- 6 are newly developed and analyzed.

Algorithm 3 Bregman Gradient Descent

1. Input: A Bregman kernel i with L V?h(x) £ V2 f(x) = 0 in the whole domain; Set ) € (0, L%)
o .

2: Initialization: x
3: Recursion: Iteratively generate a sequence {x‘},cn via

x' = arg min(Vf(xe_l),x — X£_1> + th(x,xe_l) (10.18)
n

X

34We say h(x,y) is o-strongly bi-convex if h(x,y) is o-strongly convex in x for any fixed y and is o-strongly convex in y for any fixed x.
33We say h(x, y) is bi-super-coercive if lim||x || - 00 (%, ¥)/|%]l2 = oo and lim |y || o0 (%, ¥)/|ly[l2 = oo forall x, y.
36We will often use (a, b) :=[a’ bT]T.

176



Algorithm 4 Bregman Alternating Gradient Descent
1: Input: A bi-Bregman kernel h(x,y) with both L, V2 h(x,y) = V2, f(x,y) = 0 and LyVi h(x,y) £
2 : ; L Sl 1
V3iyf(x,y) = 0 in the entire domain; Set ) € (0, min(z-, 7-)).
2. Initialization: (x°,y")
3: Recursion: Iteratively generate a sequence {x’, y’}sen via

1
x =arg min(Vy f(x" 1y 1), x = x1) + —Dj (x,x" "y,
x L (10.19)
y* =arg min(Vy f(x',y" ),y -y + 5D;2L(y7 yhx)
y
Algorithm 5 Bregman Proximal Minimization
1: Input: A Bregman kernel i with L V?h(x) £ V2 f(x) = 0 in the whole domain; Set € (0, ﬁ)
2: Initialization: x°
3: Recursion: Iteratively generate a sequence {x*}scn via
¢ : 1 -1
x" = arg min f(x) + —Dp(x,x"7") (10.20)
x n

Algorithm 6 Bregman Proximal Alternating Minimization
1: Input: A bi-Bregman kernel h(x,y) with both L1V h(x,y) = V2, f(x,y) = 0 and LyVi h(x,y) +
5 . . .. 1
V5y f(x,y) = 0in the entire domain; Set € (0, min(-, 7))
2: Initialization: (x°,y")
3. Recursion: Iteratively generate a sequence {x’, y’}scn via

1
x! =arg min f(x,y"7!) + =D} (x,x" "Ly,
n

X

) (10.21)
y' =arg min f(x%,y) + ;D;QL(%Y#%XK)
y

10.2.4 Main Contributions

Building on the simple and elegant Bregman distance paradigm in [237], we extend their first-order convergence
analysis of Bregman gradient descent (Algorithm 3) to a second-order convergence guarantee. In addition, we develop
and prove the second-order convergence for Bregman proximal minimization (Algorithm 5), which is a variant of the
standard proximal minimization algorithm [212] with the ¢5-distance proximal term replaced by the Bregman-distance
proximal term.

Furthermore, we generalize the above paradigms to develop new alternating minimization algorithms, including
both Bregman alternating gradient descent (Algorithm 4) and Bregman proximal alternating minimization (Algo-
rithm 6). Remarkably, these algorithms are extensions of the standard proximal alternating linearized method [213]
and proximal alternating minimization algorithm [222]. It is worth noting 1) that the global Lipschitz gradient con-

dition is required in deriving the second-order convergence of gradient descent and proximal minimization in the
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literature [113, 127] and 2) that the second-order convergence of the proximal alternating minimization algorithm is
also an open problem [213,222]. Therefore, this work also complements those works by establishing second-order
convergence for proximal alternating minimization [213,222] when the Bregman distance reduces to the standard
Euclidean distance.

In summary, the contributions of this work are mainly in the following two respects.

e First, we develop both gradient-type and proximal-type algorithms through the Bregman distance paradigm to

solve the minimization problems
minimize f(x) and minimize f(x,y).
X X,y

Further, all the proposed algorithms are proved to converge to a second-order stationary point of the objective

function f without requiring f to have a globally Lipschitz gradient.

e Second, this is the first work to establish second-order convergence results for alternating-minimization type al-
gorithms, as showing the second-order convergence of alternating-minimization type algorithms for nonconvex
objective functions is still an open problem. To see this, note that the proximal alternating linearized mini-
mization [213] is a special case of the Bregman alternating gradient descent (cf. Algorithm 4) and that proximal
alternating minimization [222] is a particular case of Bregman proximal alternating minimization (Algorithm 6),

when we choose the (bi)-Bregman distance as the classical squared Euclidean distance.
We build our main results upon the following assumptions on f and the Bregman kernel h.
Assumption 10.2.1. h € C? is (bi-)super-coercive and o-strongly (bi-)convex.
Assumption 10.2.2. f € C? is a lower-bounded KL function.
Assumption 10.2.3. f satisfies the (bi-)adaptive Lipschitz gradient condition with h.
Assumption 10.2.4. The generated sequence {x'}en (or {(x°, %) }sen) lives in any bounded set B.
Now we are ready to present the main result, which is proved in Section G.4.

Theorem 10.2.1 (Main Results). Under Assumptions 10.2.1- 10.2.4, Algorithms 3 and 5 converge almost surely to a
second-order stationary point of f(x) in (10.1) from random initialization, and Algorithms 4 and 6 converge almost

surely to a second-order stationary point of f(x,y) in (10.12) from random initialization.

Remark 10.2.1. Assumption 10.2.2 on f is universal and mild, since KL functions [212] are ubiquitous and include
any polynomial function, any £, norm (p > 0 and rational), the £, norm, and indicator functions of any semi-algebraic
set (see Section 10.4.1 for a detailed discussion). Additionally, the lower-bounded assumption of the objective function

is also common in practice, as otherwise the minimization problem would be ill-posed.

178



Remark 10.2.2. The bounded-sequence assumption (see Assumption 10.2.4) is quite mild since any coercive objective
function f satisfies this assumption. It is known that [238, Prop. 11.11] for any coercive function f, its level set
Levy(a) :== {x : f(x) < a} is bounded for all « € R. Now by Lemmas 10.2.1 and 10.2.2, all Algorithms 3— 6 can
ensure a sufficient decrease of f, implying that all iterations {x*}sen or {(x?, y%) }ren live in the level set Lev ¢ ( f(x9))

(or Lev ¢ (f(x°,y?))), which is bounded.

Remark 10.2.3. Finally, if the objective function f further satisfies the strict saddle property [99, 114] (i.e., all second-
order stationary points are local minimizers), then Theorem 10.2.1 implies that Algorithms 3— 6 almost surely converge
to a local minimum from random initialization. Remarkably, many popular (nonconvex) machine learning and signal
processing problems [98—101] have no spurious local minima and thus Algorithms 3— 6 converge to a global minimum,

implying that global optimality will be achieved when solving these problems.

10.3 Stylized Applications
10.3.1 Polynomial Objective Functions

Many problems of interest involve objective functions that are multi-variate polynomials of certain degrees.

Lemma 10.3.1. Suppose f(x) (or f(x,y)) is any coercive and lower-bounded dth-degree (or (d1, ds)th-degree)’”

polynomial function with d, dy,ds > 2. Set the Bregman (or bi-Bregman) distance kernel h to be

e o e o o o
h(x) = = lIx[l5 + S lIxI3+ 1 or A(x,y) = (|l + SlIx[5 + (- llyls* + 5 Iyll5 + 1) (10.22)
d 2 dy 2 da 2
Sforany a,o > 0. Then (f(x), h(x)) (or (f(x,y), h(x,y))) satisfies Assumptions 10.2.1- 10.2.4.

Lemma 10.3.1 is proved in Section G.3.1. Now together with Theorem 10.2.1, we obtain that the proposed Breg-

man algorithms can be used to minimize any lower-bounded finite-degree polynomial.

Corollary 10.3.1. Suppose f(x) (or f(x,y)) is any coercive and lower-bounded dth-order (or (dy,ds)th-order)
polynomial function with d, dy, ds > 2. Set the Bregman (or bi-Bregman) distance kernel h according to (10.22). Then
Algorithms 3 and 5 converge almost surely to a second-order stationary point of f(x) in (10.1) or f(w) := f(x,¥)
in (10.12) when w := (x,y) from random initialization, and Algorithms 4 and 6 converge almost surely to a second-

order stationary point of f(x,y) in (10.12) from random initialization.

Recall that the theory for most traditional first-order (or even second-order) and alternating minimization algo-
rithms cannot accommodate high-degree (larger than 2) polynomial objective functions, which sets demanding restric-

tions on the applications and consequently excludes most interesting practical applications for objective functions in-

3TWe say f(x) is a dth-degree polynomial if the highest order of x among all monomials of f(x) is d, and f(x,y) is a (d1,dz)th-degree
polynomial if the highest order of x among all monomials of f is d; and the highest order of y among all monomials of f is d2, where the order
of x of the monomial x’fl x';? -+~ 2k ¢ (y) for any polynomial function ¢(y) is defined as >_%_ kj and we define that for y in a similar way.

Note we can view f(w) := f(x,y) as a (d1 + d2)th-degree polynomial of w := (x,y).
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volving matrix factorizations, which generally involve fourth-degree polynomial objective functions. Corollary 10.3.1
solves this problem by stating that the proposed Algorithms 3— 6 can be applied to any lower-bounded polynomial

objective function with provable second-order convergence.
10.3.2 Objective Functions with Polynomial-order Hessian Spectral Norm

Our convergence theory also extends to non-polynomial objective functions as long as the spectral norms of their
Hessians have a polynomial growth rate. This is established in Lemma 10.3.2 (which is proved in Section G.3.2) and

Corollary 10.3.2.

Lemma 10.3.2. Suppose f € C? has bounded (partial, resp.) Hessian spectral norms ||V2f(x)|| < C; + Ca||x||472
(I VS (3, 9) | < (Cr+Ca[x[I5'*)(Ca+Cullyll5*) and | V3 f(x, )| < (Cs+Cs|Ix[15)(Cr+Cs|ly 52 ~2), resp.)
with d,dy,ds > 2 and positive constants Cy to Cs. Set h according to (10.22). Then (f(x), h(x)) ((f(x,¥), h(x,¥)),

resp.) satisfies the adaptive (bi-adaptive, resp.) Lipschitz gradient condition.

Corollary 10.3.2. Suppose f € C? is any coercive and lower-bounded KL function with its Hessian (or partial
Hessian) spectral norms upper bounded by a polynomial as in Lemma 10.3.2. Set h according to (10.22). Then Algo-
rithms 3 and 5 converge almost surely to a second-order stationary point of f(x) in (10.1) from random initialization,
and Algorithms 4 and 6 converge almost surely to a second-order stationary point of f(x,y) in (10.12) from random
initialization.
10.3.3 Burer-Monteiro Factorization Method for Low-rank Matrix Recovery

A popular approach to large-scale matrix optimization problems is the so-called Burer-Monteiro factorization
method [119,159]: Given a rank-constrained matrix optimization problem3®

minimize  ¢(X) subject to rank(X) < r, (10.23)
XeS? or XeRnxm

the Burer-Monteiro factorization method first parameterizes X = UU " (for symmetric case) or X = UV ' (for
nonsymmetric case) and then focuses on the new (nonconvex) problem

inimi U):=¢(UU" inimi U,V):=¢q(UVT 10.24
minimize f(U) := g ) or minimize (U, V)= q( ) (10.24)

When the new objective function f is any lower-bounded polynomial or any lower bounded KL function with the Hes-
sian spectral norms upper bounded by a polynomial (which is true in most matrix recovery problems of interest), then
the second-order convergence results of Algorithms 3- 6 directly follow from Corollary 10.3.1 and Corollary 10.3.2.

More interestingly, when the original objective function ¢(X) in (10.23) further satisfies (27, §)-RIP* with § < %,

38We denote ST as the set of all n X n positive semidefinite symmetric matrices.
3IWe say a function q(X) satisfies the (2r, §)-RIP for some § € (0, 1) and positive integer r if for any matrices X, M with rank(X) < 2r and
rank(M) < 4r, we have (1 — 8) [ M2 < [V2g(X)](M, M) < (1+ 8) [M][%.
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then despite the non-convexity of the new formulated problems (10.24), all second-order stationary points of f(U)
(or f(U, V)) correspond to a global minimum of ¢(X) (cf. [6, 101]). Therefore, we immediately have the following
global optimality theory when using the proposed Algorithms 3- 6 to solve (10.24).

Corollary 10.3.3. Assume q(X) satisfies (2, QLO)-RIP. Suppose either (i) f is any lower-bounded finite-degree poly-
nomial; or (ii) f € C? is any coercive and lower-bounded KL function with its (partial) Hessian spectral norms upper
bounded by any finite-degree polynomials. Set the (bi-)Bregman distance kernel h according to (10.22). Then ap-
plying Algorithms 3 and 5 to minimizey f(U) in (10.24) or applying Algorithms 4 and 6 to minimizey v f(U, V)

in (10.24), we can solve (10.23) to global optimality almost surely from random initialization.
10.4 Convergence Analysis

In this section, we first review the main ingredients of the convergence analysis and then use them to prove second-
order convergence for Bregman gradient descent Algorithm 3 and Bregman proximal minimization Algorithm 5. Due
to the similarity in the proofs of Algorithm 3 and Algorithm 4 (and the proofs of Algorithm 5 and Algorithm 6), we

collect the convergence analysis of other Bregman algorithms in Section G.4.
10.4.1 Main Ingredients of First-order Convergence for KL functions

The Kerdyka-Lojasiewicz (KL) property is a characterization of the geometry of an objective function around its
critical points, essentially saying that the function landscape is not relatively flat compared with the gradient norm
around each critical point. The KL property plays a crucial role in establishing the first-order convergence (a.k.a.
sequence convergence) for a number of descent type algorithms (see, e.g., [212,213,223,237,239]). A function
satisfying the KL property is a KL function. KL functions are common in that any proper lower semi-continuous
function is a KL function if it is also analytic or semi-algebraic [213, Theorem 5.1]. Therefore, KL functions include
but are limited to any polynomial function, any ¢, norm (p > 0 and rational), the ¢, norm, and indicator functions of
any semi-algebraic set. For more discussions and examples, see [212,213,223,239] and their references.

The general framework in [212,213,223,237,239] uses the KL property to establish the first-order convergence
for general descent type algorithms. For this work, we restrict our attention only to twice continuously differentiable
functions, which have continuous gradient everywhere in the domain. There are two key ingredients of this framework

given in the following definition.

Definition 10.4.1 (Definition 4.1, [237]). Let f : R™ — R be a continuous function. A sequence {Xe}geN is called a

gradient-like descent sequence for f if the following two conditions hold:

(C1) Sufficient decrease property: f(x*) — f(x**1) > p; HX€+1 — xz‘ ;, YV £ € N for some p; > 0;

(C2) Bounded gradient property: HVf(xé‘H)H2 < po Hx“‘l - XZ‘

o+ VL €N for some ps > 0.
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We note that when {x‘},cn is generated by gradient descent with constant stepsize 7 and the gradient V f is
globally L ¢-Lipschitz, then (C1) immediately follows from (10.5) with p; = 1/ — Ly/2. It is trivial to using
conditions (C1) and (C2) to show that limy .o ||V f(x)||2 = 0. However, this is not enough to guarantee the
convergence of {x‘},cy itself to a unique critical point, due to the possibility of x jumping between critical points.
This is where the KL property comes to play a role, ensuring a well-behaved geometry of f around each critical point

so that such pathological cases will never happen [212,223].

Theorem 10.4.1 (Theorem 6.2, [237]). Let f : R™ — R be a continuous function satisfying the KL property. Let

{x"}yen be a bounded gradient-like descent sequence for f. Then the sequence {x'}en converges to a critical point
of f.
10.4.2 Main Ingredients of Second-order Convergence Using Random Initialization
Definition 10.4.2. Let f be a twice continuously differentiable function and V be the gradient operator. Then

1. x is a first-order stationary point (a.k.a. critical point) of f if the gradient V f (x) = 0;

2. x is a second-order stationary point of f if it is a critical point and V? f (X) is positive semi-definite;

3. x is a strict saddle of f if it is a critical point where the Hessian V? f (x) has a negative eigenvalue.

One of the most popular arguments for showing that certain iterative algorithms can almost surely avoid strict
saddle points is provided by the seminal work [113, 127], which interprets these algorithms (e.g., gradient descent
and proximal minimization) as dynamic systems for which the strict saddle points are unstable fixed points (see

Definition 10.4.3) and uses the well-known stable manifold theorem [227] to argue that these will be avoided with

high probability.

Definition 10.4.3 (Unstable Fixed Points). Let g be a C* mapping from X to X. Then the associated set of unstable
fixed points is defined as Ay = {x : g(x) = x, max; |\;(Dg(x))| > 1}.

Theorem 10.4.2 (Theorem 2, [127]). Let g be C' mapping and det(Dg(x)) # 0 in the entire domain. Then the set
of initial points that converge to unstable fixed points has zero measure, pi({x° : elim ‘' (x%) € A,}) = 0. Here pu(-)
—00

counts the Lebesgue measure for a given set.

Combining this result with the first-order convergence established in Theorem 10.4.1 ensures the desired second-

order convergence.

10.4.3 Convergence Analysis of Bregman Gradient Descent

10.4.3.1 First-order Convergence of Algorithm 3

Theorem 10.4.3. Under Assumptions 10.2.1- 10.2.4, Algorithm 3 must converge to a critical point of f in (10.1).
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Proof. First, it is clear that Algorithm 3 is well-defined in view of Lemma 10.2.1. Then in view of Theorem 10.4.1
and the assumption that f is KL function, it is sufficient to prove that {x’}scy is a gradient-like descent sequence for

f (see Definition 10.4.1), i.e., to show:
(C1) Sufficient decrease property: f(x) — f(x**1) > py [|x*F! — foi , V£ € N for some p; > 0;
(C2) Bounded gradient property: ||V f(x“*1)||, < p2 ||x™ —xf||,, V£ € N for some py > 0.

Condition (C1) follows from (10.10) in Lemma 10.2.1. Condition (C2) holds because by the optimality condition

VY + (VYY) — VhxbY))/n =0, (10.25)

we have

41 2”2

|Ix X

)

V) = 1 [VAG) - T < 240

where the inequality follows from Assumption 10.2.4, h € C2, and the fact any function in C? admits a locally

Lipschitz gradient on any bounded set.** Therefore, by continuing this argument, we claim that f has a locally ps(B)-

Lipschitz gradient on B, and we have ||V f(x‘*1)]|2 < (p”T(B) + pf(B)) [x L — x|a. O
10.4.3.2 Second-order Convergence of Algorithm 3

Theorem 10.4.4. Under Assumptions 10.2.1- 10.2.4, Algorithm 3 with random initialization almost surely converges

to a second-order stationary point of f in (10.1).

Proof. To show the second-order convergence from the first-order convergence, it suffices to show that Algorithm 3
avoids strict saddles. We define (10.18) as x* = g(x’~!) and compute the Jacobian Dg. By the definition of g, we get
Dg(x*) = 0x'*1/0x*. Then we apply the implicit function theorem to the optimality condition (10.25) and in view

of the nonsingularity of V2h, we obtain that Dg is continuous and given by
Dy(x") = [Vh(x")] " (V2h(x") = nVf(x).
Since the above analysis holds for all x* € R”, this further implies that Dg(x) is continuous and given by
Dg(x) = [V2h(g(x))] " (V2h(x) = nV* [ (x)). (10.26)
To show the avoidance of strict saddles, by Theorem 10.4.2, it suffices to show the following conditions:

Showing g is a C! mapping. This follows from the continuity of Dg in (10.26).

Showing det(Dg) # 0 in the whole domain. By the positive definiteness of V2h and V2h £ nV2f,

40To see this, for any h € C? and a bounded set 13, the Hessian spectral norm ||V2h|| (which is a continuous function) must have a maximum
pn (B) on the closure of /3. This maximum py, (13) can be used as a local Lipschitz gradient constant for h on 5.
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det(Dg(x)) = det([VZh(g(x))] ') det(V2h(x) — nVZf(x)) > 0.

£

Showing any strict saddle of f lies in A,. For any strict saddle x*, we have x‘*!1 = x’ = x* satisfies the optimality

condition (10.25), so x* is a fixed point, i.e., g(x*) = x*. Plugging g(x*) = x* into (10.26):

Dg(x*) =[V2h(x*)] " (V2h(x*) = nV? f(x*))
~V2R(x*)]7E (V2h(x*) — nV2 £ (x*)) [V2h(x*)] %
=1 — n[V2h(x*)] 2 V2 f(x*)[V2h(x*)] 72 =T -

with “~" denotes the matrix similarity. Therefore, Dg(x*) has an eigenvalue strictly greater than 1 since ® has a
negative eigenvalue. This is because ® is congruent to V2 f(x*), which has a negative eigenvalue. O

10.4.4 Convergence Analysis of Bregman Proximal Minimization

10.4.4.1 First-order Convergence of Algorithm 5
Theorem 10.4.5. Under Assumptions 10.2.1- 10.2.4, Algorithm 5 must converge to a critical point of f in (10.1).

Proof. First of all, Algorithm 5 is well-defined in view of Lemma 10.2.1. Then, by Theorem 10.4.1 and the as-
sumption that f is a KL function, it is sufficient to prove that {x‘},cy is a gradient-like descent sequence for f (see

Definition 10.4.1), i.e., to show:
(C1) Sufficient decrease property: f(x*) — f(x‘1) > py ||x+! — XZHE , V£ € N for some p; > 0;
(C2) Bounded gradient property: ||V f(x“*1)||, < p2 ||x™ —x°||,, V£ € N for some py > 0.

Condition (C1) follows from (10.11) in Lemma 10.2.1. Condition (C2) holds because by the optimality condition

V) + (Vh(xY) — Vh(xY))/n=0, (10.27)

we have [Vf(x“T)2 = L[[VA(x"") — VA2 < ”"T(B)Hx”1 — x*||2, where the inequality follows from

Assumption 10.2.4, h € C2, and Footnote 40. O
10.4.4.2 Second-order Convergence of Algorithm 5

Theorem 10.4.6. Under Assumptions 10.2.1— 10.2.4, Algorithm 5 with random initialization almost surely converges

to a second-order stationary point of f in (10.1).

Proof. To show the second-order convergence, we define (10.20) as x* = g(x*~1) and compute the Jacobian matrix
Dg. By the definition of g, we have Dg(x) = 9x‘*1/0x*. Now we apply the implicit function theorem to (10.27)

and in view of the nonsingularity of V2h + V2 f, we obtain that Dg is continuous and given by
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Dg(x") = (V?h(x"T") + 77V2f(xz+1))_1 V2h(x").
Noting that the above argument holds for any x* € R™, we therefore have that Dg(x) is continuous and given by
-1
Dy(x) = (V*h(g(x) + V2 f(9(x))) " V?h(x). (1028)

By Theorem 10.4.2, to show the mapping g can almost surely avoid the strict saddles, it suffices to show the

following conditions:
Showing ¢ is a C! mapping. This immediately follows from the continuity of Dg in (10.28).

Showing det(Dg) # 0 in the whole domain. Due to the positive definiteness of V2h and V2h 4+ V2 f,

det(Dg(x)) = det <[V2h(g(x)) + V2 f(g(x))]*l) det (V2h(x)) > 0.

£

Showing any strict saddle of f lies in A,. First for any strict saddle x*, we have x‘T! = x* = x* satisfies the

optimality condition (10.27), indicating x* is a fixed point, i.e., g(x*) = x*. Now plugging g(x*) = x* to (10.28),

we have
Dy(x*) = [V*h(x*) + 0V f(x*)] " V>h(x*)
~V2h(x") + V2 f(x)] VA (VER() [VER(xH) + 9 V2 f(xH)] 2
=1 —[V2h(x") + V2 f(x")] 72V F () VPR + V2 ()] 2 =T - @
where “~" denotes matrix-similarity. Clearly, we know Dg(x*) has an eigenvalue strictly greater than 1 since

V2 f(x*) has a negative eigenvalue and is congruent to ®.
Combining the above three and Theorem 10.4.2, we show that Algorithm 5 can almost surely avoid strict saddles.

Finally, combining this with the first-order convergence, we obtain the second-order convergence of Algorithm 5. [J
10.5 Conclusion

This work has developed and analyzed four Bregman-type algorithms: Bregman gradient descent, Bregman alter-
nating gradient descent, Bregman proximal minimization, and Bregman proximal alternating minimization. Remark-
ably, all four algorithms are guaranteed to converge to a second-order stationary point of f where the objective function
f is not required to have a globally Lipschitz gradient. Therefore, our result not only improves upon [113, 127] by
circumventing the global Lipschitz gradient condition, but also complements [213, 222] by providing second-order
convergence for proximal alternating minimization when the Bregman distance reduces to the standard Euclidean dis-
tance. Finally, we provide the closed-form updating formula for Bregman (alternating) gradient descent and illustrate

the theories using numerical experiments on low-rank matrix factorization in Section G.1.

185



CHAPTER 11
GENERAL TENSOR RECOVERY VIA ALTERNATING MINIMIZATION

This work studies the problem of retrieving a low-rank tensor under a general linear observation model, including
both tensor sensing and tensor completion models. Inspired by the superiority of the matrix nuclear norm in low-rank
matrix recovery, we will focus on using tensor nuclear norm to regularize the inverse problem of tensor recovery.
Unlike the traditional ways of using approximating values of the tensor nuclear norm due to the NP-hardness of
computing the tensor nuclear norm, we use the Burer-Monteiro optimization form of the tensor nuclear norm, and
we show this form is tight for any randomly generated tensors. Furthermore, we provide an alternating minimization
algorithm to solve the tensor nuclear norm regularized problem, as well as the rigorous mathematical analysis of its
global convergence. Our experiments show potential applications of our algorithm and the advantage of our method

in term of accuracy and robustness over heuristic approaches.
11.1 Introduction

Tensors can naturally represent massive multi-dimensional data structures arising in many practical applications,
which consist of collaborative filtering [53], 3D image processing [52], radar signal processing [54], nonlinear net-
works design [55, 56] and psychometrics [57]. Tensor methods are the foundations of a lot of machine learning
algorithms, including independent component analysis (ICA) [58,59], latent graphical model learning [60], dictionary
learning [61], and Gaussian mixture recovery [62].

Despite the utility of tensors in many applications, its widespread adoption in practice has been slow mainly due to
two aspects. The first reason is due to the inherent computational intractability when large-size tensors are involved in
the algorithms, which is pretty common cases met by modern data applications. The second is due to the lack of simple
concepts and available mathematical tools to exploit the inherent low-rankness of the tensor data. Unlike the low-rank
matrix recovery based upon the concept of nuclear norm minimization (powered by the singular value decomposition
tool SVD) that has earned plenty of attention in the past ten years [64,65,83], however, in low-rank tensor recovery, we

are prevented from applying the same nuclear norm regularized idea (cf. [240]) to work on low-rank tensor recovery,

which is
minimize [ly — A(T)[)3 + ATl (11.1)
T cRn1Xn2Xn3
where || - ||« denotes the tensor nuclear norm and 7~ € R™*"1%"s ig the target tensor that we want to recover

from the measurement vector y € R™ obtained by a general sampling operator A : R™*72X"s — R™_ This

is mainly owing to the facts that even computing the tensor nuclear norm is an NP-hard problem [66], and there

186



is a lack of analysis tools for tensor problems. Therefore, the mainstream tensor completion procedures are based
upon multiple forms of matricization and utilization of matrix completion to the flattened tensor [52, 84, 85]. As a
consequence, when unfolding a three-dimensional tensor into a two-dimensional matrix, the resulting matrix input
to the alternating minimization method is typically massive. Further, without tensor nuclear norm as a regularizer,
traditional minimization approaches do not yield optimal bounds on the number of measurements required for tensor
completion, which is in sharp contrast to the scenario where optimal sample complexity and optimal minimax bound
are achieved when using matrix nuclear norm regularizer in low-rank matrix recovery.

To address the above issues, we then get inspirations from the prior work using Burer-Monteiro factorization [91]
idea in dealing with matrix nuclear norm regularized problem [92]. Their idea is in two folds. First, they factor data
matrix X into two smaller rectangular matrices X = UV " Second, they replace the matrix nuclear norm || X||.. as an
nonconvex equivalent form (||U||% + || V||%)/2, so that faster and more scalable algorithms can be developed under
the new objective function with (U, V) as the new variables.

In this work, we focus on applying the same Burer-Monteiro factorization idea to low-rank tensor optimization
problems for efficiency and scalability purposes. The underlying idea is that for a low-rank tensor, we can always
factorize it as the tensor product of three “tall" factor matrices (like what [92] did), which typically have much fewer
variables than the original full tensor. Further, we derive a new Burer-Monteiro factorization form of the tensor nuclear
norm (cf. Proposition 11.3.1), so that we can incorporate the tensor nuclear norm regularizer into the new factored

objective function.

Main Results.

e A straightforward idea of using tensor nuclear norm to do low-rank tensor completion and recovery has been
prevented from due to the NP-hardness of computing the tensor nuclear norm [66] and the lack of analysis tools
for tensor problems. One main contribution of this work is providing an auxiliary function for the tensor nuclear
norm, which is a tight optimization form of the tensor nuclear norm, since we prove that the proposed auxiliary
function has the same global optimum as the tensor nuclear norm under the over-parameterization settings(cf.

Proposition 11.3.1).

e Another result of this work is developing an alternating-minimization algorithm for solving a general tensor
recovery problem, covering both tensor completion and tensor regression. Remarkably, we provide closed-form
solutions for each subproblem in the alternating minimization so that an efficient implementation of the algo-
rithm is available. Further, based on the Kurdyka-tojasiewicz (KL) property (cf. [212,241]) of the objective
function, a rigorous mathematical analysis is provided to guarantee the proposed alternating minimization to

globally converge to a stationary point of the axillary tensor nuclear norm regularized problem, with at least a
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sub-linear rate of convergence.

e Finally, this work uses the Burer-Monteiro factorization idea to perform the tensor recovery problem. This
Burer-Monteiro factorization regime has several favorable properties in performing the massive data operation.
In one aspect, it largely reduces the problem dimensions mainly when the involved tensor is large. This is a
pretty standard case met in practical applications. In another aspect, using Burer-Monteiro factorization helps

to explicitly enforce an upper bound of the tensor rank, so that the recovered tensor is always of low rank.
11.2 General Observation Model

In this work, we focus on third-order nonsymmetric tensors that can be factorized into a linear combination of unit-
norm, rank-1 tensors of the form u o v o w, with the (¢, j, k)th entry being u;v;wg. Assume we have a 3-dimensional

data T € R™*"2X"3 which admits a low-rank tensor structure, i.e.,

T*ZZ)\;u;ov;ow; (11.2)
p=1

where r < min{ny,na,n3} and o denotes the tensor/outer product. We assume the coefficients {\}} are always

positive, since the sign of any negative coefficient A} can be absorbed into the factors by noting that —uy o vy owy =

P
(—uy) o (=v,) o (—wy). Further we the tensor factors {uy, vy, wy} are locating on the spheres [|uy |2 = [[vy|2 =
[whll2 = 1, since otherwise we can always absorb the lengths of the factors into the coefficients by redefining

Ay = Mlluglizllviliallwill2-

This work considers a general linear operator A(-) : R"t*"2X"s — R™ which is defined by

m

A(T) = {4, T}

for any T € R *"2x"s (11.3)
1

p=
with m predetermined tensors in R *™2X"s: { A}, 11

One equivalent matrix representation of (11.3) is given by
A(T) = Avec(T),

where A € R™*™7"27s yith its pth row being A (p, :) = vec(\A,) ". The adjoint operator A*(-) : R™ — Rm1Xn2xns
of A(+) is given by

m

A*(a) = Z%Ap forany a = (a1, -+ ,am).

p=1

Under this definition, we have vec(A*(a)) = ATa.
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The linear operator .4 in (11.3) therefore covers almost all linear observation models, including tensor sensing and

tensor completion models:

Example 11.2.1 (Tensor Sensing/Regression). When we observe a small number of linear projections of the ground
truth onto some random Gaussian tensors, this linear observation model (11.3) includes the Gaussian observation

model when { A, } ¢ [m] are Gaussian random tensors.

Example 11.2.2 (Tensor Completion). This linear observation model (11.3) also covers the missing data case if we

let { Ay} pem) be a subset of cardinality m from the canonical basis in R"1>*"2%"3 j.e,, {e; o €; 0 ey }ijk.
11.3 Tensor Nuclear Norm

For any tensor 7T, its nuclear norm is defined as [68, Eq. (2.7)].

T+ = inf { Ay T = Aply, OV, 0 Wy, A >O} (11.4)
I71 lap la=l1vp 2=l wj | =1 zp: ! zp: P ey

Therefore, the tensor nuclear norm is the minimal ¢; norm of its expansion coefficients among all valid expansions
in terms of unit-norm, rank-1 tensors. The way of defining the tensor nuclear norm is precisely the same as that of
defining the matrix nuclear norm. It is known in the literature [4] that the tensor nuclear norm has the identifiability
to recover the tensor factors given full measurements of the tensor data. Further, solving tensor nuclear norm is a
guarantee to recover the ground-truth tensor factors even in over-complete settings where the number of tensor factors
is much larger than the dimension of the tensors [4, Theorem 1.1, Corollary 1.1]. Besides, we expect that tensor nuclear
norm, as a particular form of the atomic norm, will achieve the information theoretical limit for tensor completion as
the £1 norm does for compressive sensing, matrix nuclear norm for matrix completion [83], and total variation norm

for line spectral estimation with missing data [16].
11.3.1 Burer-Monteiro Optimization Form of Tensor Nuclear Norm

A straightforward approach of applying tensor nuclear norm to low-rank tensor completion and recovery has been
limited given that 1) computing the tensor nuclear norm is NP-hard [66]; 2) and unlike matrix problems where a bunch
of mathematical tools are available such as eigenvalue decomposition, singular value decomposition, etc., while there
is a lack of analysis tools for tensor problems. One main contribution of this work, we provide a new optimization

form of tensor nuclear norm based on Burer-Monteiro factorization idea.

Proposition 11.3.1. Suppose the decomposition that achieves the tensor nuclear norm ||T ||.. involves r terms and

7 > 1, then || T ||« is equal to the optimal value of the following optimization:
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7

o 1
minimize = > {(Hup% HVplzlIwpl3) + (Ivpll3 + TupliZIwpl3) + (1w, |3 + l[uplI3]v,l3)
{(up’vp’wp)};:1 p=1

subject to TZZupovpowp (11.5)
p=1

Proof. Suppose the tensor nuclear norm ||7||.. (see (11.4) for the definition) is achieved by the following decomposi-

tion

Clearly, when

. ENN
. \/W(,/9Ag2+12+3A;) —2{/3
\3/6{’/,/9>\;2+12+3>\;
*

we can obtain that {\u, Av¥, Aw¥)}7_, forms a feasible solution to (11.5) with 7 = r. When 7 > r, we can zero-

)

pad the remaining rank-one factors {(u,,v,, w;)}7_.,;. The objective function value at this feasible solution is

22:1 Ay = ||'T||+. This shows that the optimal value of (11.5) is less than or equal to the tensor nuclear norm || 77]|..

To show the other direction, suppose an optimal solution of (11.5) is {(uy,, vj,, wp)}7_;. Define
ap = llupll2,  bp =1[vpll2, & =[wpll2,  Ap = apbpcy.
For p such that A, # 0, define
Up =up/ap, Vp=vp/by, Wp=wy/cp.
Then clearly

7
T = E upovpowp:E Aply 0 Vp, 0 Wi,

P:Ap#0 p=1

Furthermore, by definition (11.5) of tensor nuclear norm, we have || T ||, < Z;Zl Ap, and therefore
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1 < 1 1 <
[T < 3 Z apbpcp + 3 Z apbpcp + 3 Z apbpcp
p=1 D p=1

IN

1< 1 1
3 > (@Z/2+bick/2) + 3 > p/2+alcl/2) + 3 > (/2 +bjaz/2)
p=1

p p

1 7
8 > [(Iluplﬁ HIvplBIwplI3) + (voll3 + lupl3Iwyl3) + (w13 + [upll3]1v,|3)
p=1

= optimal value of (11.5).

Combining these two directions, we prove that the optimal value of (11.5) is equal to the tensor nuclear norm ||7||...

O
11.4 Alternating Minimization

Similar to using matrix nuclear norm in regularizing matrix inverse problems, the nuclear tensor norm can be used
to regularize tensor inverse problems. Assume we observe an unknown low-rank groundtruth tensor 7 through the
linear observation/measurement model y = A(7 ™), we would like to retrieve the groundtruth tensor 7* from the
observation y. For instance, when A samples the individual entries of 7, we are looking at a tensor completion
problem. We propose recovering the low-rank groundtruth tensor 7 by solving a tensor nuclear norm regularized
least squares Equation (11.1) (cf. [240]). However several difficulties exist in implementing the above method has
mentioned in the introduction: 1) Computing the tensor nuclear norm is NP-hard in the worst case; 2) Computational
burden is unavoidable when the size of the optimization problem n;nons is super large.

Therefore, to release the computational burden and bypass the NP-hardness of computing the tensor nuclear norm,
we apply the Burer-Monteiro parameterization on the tensor variable 7~ and the nonconvex reformulation of the tensor

nuclear norm eq. (11.5). The resulting program is
7 7
minimize |y —AQQ_wyovyow,)[3+AY {(Iuplli vl lIwpl3) + (Va3 + llupl 3w, (1)
{(up’vpva)};:l p=1 p=1

+ (Iwpll3 + lupl3lvplI3) (11.6)

Matrix Form. To simplify notations, we denote U := [u; --- uz], V := [vy -+ vi], W := [w; --- w;] and
reload o (when applied to matrices of same columns) as
UoVoW:= ZU(:,Z’) o V(:,i) o W(:,14).
i=1

Then the nonconvex formulation (11.6) of the tensor nuclear norm can be rewritten as
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_minimize Ny —A(UoVoW)|2
UER"L X7 VERM2 X7 WeRN3 X7

+ AU+t (VIVOWTW)) + (V]2 +tr(UTUOWTW)) + (|[W]Z2 +tr(UTU VTV))
(11.7)

For convenience, we shall denote the objective function of eq. (11.7) as f(U, V, W).

Lemma 11.4.1 (Coordinative strong convexity). The closed form Hessians Vi; f(-), Vi (), Vi f(+) is given by

Vi£(U,V, W) = 2)\I,,, ® diag(1, + diag(V{_, Vi_1 + W, Wy_1))
+2[(Wi1 ® Vi) @ L, ] TATA[(Wi 1 ® V1) @ L, J;
Vi f(U,V,W) = 2)I,,, ® diag(1, + diag(U] U + W]_ W;_1))
+2[(Wio1 ®Ug) ® Inz]TA[TQ,Lg]A[Q,l,s} [(Wi_1® Ug) @1,,];
Vivf(U,V,W) = 2L, ® diag(1, + diag(U] Uy + V] V}.))
+2[(Up @ Vi) @ Ly ] TAL 5 A3 2,11 [(Uk @ Vi) © Ly, ;

As a consequence, (U, V, W) is 2\-strongly convex with respect to each coordinate (U, V, W ) while the other two

are fixed. f(U,V, W) is 2\-strongly convex with respect to each coordinate (U, V, W) while the other two are fixed.

The coordinate strong convexity of the function f(U, V, W) motivates us to solve eq. (11.7) using alternating

minimization Algorithm 7.

Algorithm 7 AltMin*
Initialization: k£ = 1, A\, and V € R"2*" W, € R"3%",

1:

2: while stop criterion not meet do

3: U, = arg minUeRnl X7 f(U, Vi_1, Wk—l);
4: Vi =argminycgnoxr f(Ug, V, Wi_1);

5. Wy = arg minyepnsxr f(Ug, Vi, W);

6: k=k+1.

7: end while

8:

Output: factorization (U, VA, W?).

Lemma 11.4.2. The iterates sequence {(Uy, Vi, W)} in Algorithm 7 satisfy the following vanishing gradient equa-

tions by the first-order optimality condition:

vU.f(Uk7Vk—laWk—l) == Oa
Vv f(Uk, Vi, Wi_1) =0,
Vi f(Us, Vi, Wi) =0, Vk > 1. (11.8)

By explicitly solving eq. (11.8), we obtain the closed form expressions for (U, Vi, W) in Algorithm 7.
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Lemma 11.4.3 (Close-form solutions of Algorithm 7). The closed form solution exists for each sub-optimization

problem in Algorithm 7:

vec(Uy) =(M,, ® diag(1, + diag(V,]_ Vi1 + W[ W;_1))

F(Wie1®@ Vi) @ Ly JTATA[(Wyo1 @ Vi) @ L, ) T (W1 @ Vi) @ L, ] TA Ty
vec(V}) =\, ® diag(1, + diag(W,_W,_; + U] Uy))

+[(Wio1®@ Up) ® Inz]TAE;L?,]A[ZLB] (W1 ® Ug) @ L,]) (Wi @ Up) @ Inz]TA[TZLB]y;
vec(Wy) =(M,,, @ diag(1, + diag(V] Vi + U]_,U;_1))

+[(Up—1 ® Vi) ® In4]TAE:|;,2,1}A[3,2,1} [(Up1® Vi) @L,,)) H(Up1 ® Vi) ® Ins]TAE;,z,uy

where @ denotes the Kronecker product, ® denotes the Khatri-Rao product, and we define for any T € R™t*m2x"s

and any ordered permutation (iy,i2,13) of {1,2, 3}, let TT;, i,.i,) be such that
T[il,ig,ig] (iaj7 k) - T((%]a k)i17 (iaja k)i’zv (iaja k)ls)

T
In particular, here, A[i1 jin,ig) denotes the respective matrix representation with its pth row as vec (.Ap[i1 in 1'3]) .

Remark.

e When A > 0, each closed form solution is well-defined by noting that the matrix to be inverted is positive

definite with minimum eigenvalue at least \.

e By definition of Uy, Vi, Wy, from Algorithm 7 and their accessible closed forms from Lemma 11.4.3, we can
guarantee that Algorithm 7 generates a decreasing sequence of function values { f (U, Vi, W)} en such that

f(Uk—1,Vi_1, Wy_1) > f(Ug, Vi, Wy,) for any k& > 1.
11.4.1 Boundedness of Variables U, V., W
Definition 11.4.1 (Coercive function). A function f : R™ — R is coercive if f(x) — oo as ||x||2 — oc.

Definition 11.4.2 (A-Strong Coercive function). A function f : R™ — R is \-strongly coercive if we can decompose

2, that is, f(x) = g(x) + \|x||3.

f as a sum of nonnegative function g and a \-scaled squared norm \||x

Lemma 11.4.4. Given a A-strong coercive function f and a sequence {Xy,} 1>, if their composition gives a decreasing

sequence { f(Xx)}k>0, then the sequence {xy } x>0 is upper bounded by ||xy||3 < @ k.

Proof. From the decreasing property of f(xy), we have f(xq) > f(x1) > f(x) for all k. By the \-strong coercive-

ness of f, we obtain that f(x;) > A||xx||3. And the proof is completed as A > 0. O

An immediate result from Lemma 11.4.4 is that the iterates sequence {(Uy, Vi, W) }ren generated by Algo-

rithm 7 is bounded.
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Corollary 11.4.1. The sequences {(Uy, Vi, Wy) }ren generated by Algorithm 7 is bounded such that for all k:

1UlZ + Vil 7 + W7 < B? (11.9)

with B? = M Furthermore, each coordinate of the sequence {(Uy, Vi, W)} ren is bounded by B:

[UkllF < B,

Vilr < B,

Wil < B, forall k.
11.4.2 Lipschitz Continuity of Gradient V f along Solution Path

In this part, we will use the boundedness of {(Uy, Vi, W) }r>0 to show that the objective function f in (11.7)
is Lipschitz smooth along the solution path {(Uy, Vi, W) }k>0. In precise, we will bound the Lipschitz constant of
its gradient V f along the solution path, which is equivalent to bound the spectral norm of its Hessian V2 f.

The following lemma shows that our objective in (11.7) is C' smooth on any bounded subset.

Lemma 11.4.5 (Lipchitz continuity). The objective function (U, VW) has Lipschitz continuous gradient with the

Lipschitz constant as
Ly :=15|A[3B* + 6]|Al2]lyll2B + A(1 + 3B%)
in any bounded (s-norm ball {(U, V) : |[U||% + ||V||% < B} for the ¢ norm ball B(0, B) of radius B (11.9).

T
Proof. We first compute the spectral norm of the Hessian is through its quadratic form: let D := [DE D; D%]
with Dy € R™*" Dy, € R™*", Dy, € R™*7, then the Hessian directional quadratic form of f along D is given

by

[V*f(U,V,W)|(D,D)

=2(A"(A(UoVoW)—y),DyoDyoW+DyoVoDy +UoDy oDy) (I1y)
+ (A"A(DyoVoW+UoDyoW+UoVoDy),DpoVoW+UoDy oW+ UoVoDy) (II)
+A(IDu(F + IDv (% + [[Dw %) (IT)
+Atr(D{Dy @ (VIV+W'W) +D{Dy 0 (U U+W'W)+D/,Dy 0 (UTU+VV)) (ILy)
+42tr(U' Dy @V Dy + U'Dy ©W Dy + VI Dy © W Dyy) (I15)

Since the spectral norm of the Hessian V2 f(U, V, W) is given by the maximum of the Hessian quadratic form
[V2£(U,V,W)](D, D) for all normalized D, we then upper bound this Hessian quadratic form [V? f(U, V, W)](D, D)

by controlling II; to II5 through Lemma 11.4.6.

Lemma 11.4.6. For any matrices X, W, Y, Z that have the same number of columns, we can easily verify that the

following holds:
L |XeoYoZlp <[ X[rY[rIZ]r

2 (XTX0YTY) < [X[3Y]%
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3 w(XTY o W'Z) < (IX|E + IWIR)IYIE +11Z]%)

Bounding II;.

I <2|All2 (|A12B% + [lyll2) (W7D ll#IDv ] r + [IVIIr[Dull#Dwllr + [Ull# Dy r|Dwl r)

<2|Allz (IAll2B* + lly]l2) (3B|D]%)
=6 (|AI3B" + [|All2]ly|l2B) | DI

Bounding IT,.

2
I <|A[3[|Dv o VoW|r+|[UcDyoW|p+|UoVoDw|r]” <9|A|3BYD

Bounding I1s.

I3 = A(IDy |7 + IDvlE + [Dwll%) < ADII%

Bounding I1,.
Ly < A([U)% + IVIIE + [WIE)(IDull% + IDv[[E + [Dw %) < AB?||D|%
Bounding I15.
II5 <4\ i(HUII% +[[VIE) (Dl + IDv (%)
+ %(IIUII% +WIE)(IDulE + [Dw %)
1

+ 7UIVIE + IWIE) DV 7 + [IDw17)
<2(|U[% + [VIE + IIWIE)(IDulE + Dy % + [Dw )
<2)\B*||D|%

Combining the bounds from II; to II5, we now can control the Lipschitz-continuity constant of the gradient
function V (U, V, W) within the following ball:
B(0,B) := {(U,V, W) : |[U|[% + [V[[% + W% < B?}.

Note that all the iterations {(Uy, Vi, Wy) }ren are living in this ball 5(0, B) by Corollary 11.4.1, this Lipschitz-
O

continuity constant also holds for V f evaluated along the solution path.
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11.4.3 Sufficient Decrease Property

Lemma 11.4.7 (Sufficient decrease property). Let the sequence {(Uy, Vi, W) bien be generated by Algorithm 7.

Then we have

f(Uko1, Ve, Wim1) = f(Uk, Vi, Wi) > AU = Upa |7+ ([ Ve = Vit |5 + [We = Wi [|7)

Proof. First recall the definitions of {(Uy, Vi, W) }ren in Algorithm 7:

Uy = arg min f(U, Vi_1, Wi_1);
U

Vk, = arg minf(Uk7V7Wk’—1);
v

Wk = arg minf(Uk7Vk7W)
w

and the vanishing gradient equations in Lemma 11.4.2:

va(Ukavk—laWk:—l) - Oa
Vv f(Ug, Vi, Wi_1) =0,
va(Ukvvkvwk) =0.

Now using the Taylor expansion, we expand f from (U, Vi1, Wy_1) to (Ug_1, Vi1, Wi_1) and denote Dy :=
Ui—1 — Ui and U(¢) := tUi_1 + (1 — t)Uy. Then we have

f(Ur—1, Vi1, Wiq) =f (U, Ve, Wi1) + (Vo f(Ug, Vi1, Wi_1), Dy)

1
+%/ {v%]f(U(t),vk_l,wk_l) (Dy,Dy)dt
0

Then in view of the diminishing gradient condition
Vi f(Uk, Vi1, Wi-1) =0

and applying the \-coordinate strong convexity of f by Lemma 11.4.1, we can further obtain that

F(Uko1, Vi1, Wi_1) > f(Up, Vo1, Wi_1) + A|Up—1 — U||

Using similar argument we can deduce that

(Uk, Vi, Wi—1) + A| Vo — Vi[5

f(Up, Vi1, W) > f
Uk, Vi, Wi) + AWy — W7

>
f(UkHVkawkfl> Z

The proof then can be completed by noting that:
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J(Ur—1, Vi1, Wi_1) — f(Ug, Vi, Wi_1)
=f(Ug—1, Vi1, Wi_1) — f(Ug, Vi1, Wi 1
+ f(Uk, Vo1, Wit — f(Ug, Vi, Wy )
+ f(Ur, Vi, Wi—1) — f(Ug, Vi, Wi _1).

11.5 Convergence of Algorithm 7

Theorem 11.5.1 (Subsequence convergence). Let the iterates sequence {(Uy, Vi, W) }ien be generated by Algo-

rithm 7, the following holds

1. The sequence of the function values { f (Uy, Vi, W) bren is non-increasing and it is convergent to some finite

value limy_, o f(Uy, Vi, Wy,) = f for some unique f > 0.

2. The iterates sequence {(Uy, Vi, Wy) }ren is regular, i.e., the difference between iterates sequence is conver-

gent, i.e.

lim [|Upyy — Ugllr =0,
k—o0

lim ||Vk+1 - VkHF = 0,
k—o0

lim ||Wk+1 — Wk”F =0.
k—o0

3. Denote L(Uy, Vo, W) as the set of all limit points of those convergent subsequences of { (U, Vi, W) }ren
(which depends on the initialization (U, Vo, Wy)). Then all limit points have the same function value

f(ﬁ7V7W) = f? V(ﬁ7V7W) S ‘C(UO;VOaWO)'

4. The gradient at each iterate is bounded: for all k > 1,

IV f(Uk, Vi, Wi) | r <V2L||(Uk, Vi, Wy.) — (Ug—1, Vi1, Wi_1) || (11.10)

This implies that each (U, V, W) € L(Uyg, Vo, Wy) is a critical point of f, i.e. Vf(U,V, W) = 0. Further,

L(Ug, Vo, Wy) is a nonempty, compact and connect set, satisfying

lim dist((Ug, Vi, Wg), L(Ug, Vo, Wy)) = 0.

k—o0

Proof. Now we prove Theorem 11.5.1.

1. The first part is because the sequence of the function values { f (Uy, Vi, W) }xen is non-increasing by Lemma 11.4.7

and lower-bounded, and hence convergent.
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2. To prove the second part, we denote
AL = Uk = UkllE + [Visr = Vil + [Wiia — Wil B

and recursively use sufficient decreasing property Lemma 11.4.7:

N

f(Uo, Vo, W) = f(Un, VN, Wy) = A A,
k=0

which then implies that (using f > 0)

N
SN f(Uo7\;o,Wo), N
k=0

Therefore, we identify that the sequence {chv:o A2} yen is upper bounded and non-decreasing, hence conver-
gent. We are therefore guaranteed that limy_, o, Ai = 0. By definition of A?, we finally get that limy o0 ||[Ug41—

Uillr = 0,limp o0 [[ Vg1 — Villr = 0, limp o0 [[Wiy1 — Wi||F = 0.

3. For the third part, by the boundedness of the sequence {(Uy, Vi, W)} ren, We extract an arbitrary convergent

subsequence {(Uy, , Vi, , Wy, ) }men with the limit (U, V, W). Then take the limit on subsequence:

lim f(Uy

m—r oo

Vi ka) = f(ﬁv v? W)’

m? m?

where we have used the continuity of the objective function f. The proof of this part is completed by noting that
the function-value sequence {f(Uyg, Vi, Wi)}xen is convergent and hence all its subsequence must be also

convergent and converge to the same limiting point.

4. For this part, we first show that
Vuf(Uk, Vi, Wg)

Jim V(U Vi, Wy) = Jim Vv f(Uk, Vi, Wy)
o T Vw (U, Vi, Wy)

vanishes. Towards that, we use the first-order optimality condition (11.8) to get that for k& > 1,

Vuf(Uk, Vi—1, Wi_1) = 0;
Vv (Ui, Vi, Wi_1) = 0;
Vw f(Ug, Vi, W) = 0.

This together with the Lipschitz-continuity of gradient V f Lemma 11.4.5 implies that

IVu f(Uk, Vi, W)l = [[Vu f(Uk, Vi, W) = Vu f(Uk, Vi1, Wi1) || p
< Lyl[(Up, Vi, W) — (Up, Vi1, Wiy || 73

and
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Vv f(Uk, Vi, Wi)llp = || Vv f(Ug, Vi, W) = Vv f(Ug, Vi, We_1) || ¢
< Lyl[(Uk, Vi, W) — (Ug, Vi, W1 ) || .

Combining the above two and denote Dy, := (Uy, Vi, Wy) — (Ug_1, Vi_1, Wi_1), we obtain that

IV £ (U, Vi, Wi)||r < V2L || Dy |-

Then let k& go to infinity, we get |V f(Ug, Vi, Wy)| r converge 0 by Part (ii) of Theorem 11.5.1. Now, we
extract a convergent subsequence {(Uy, , Vi, Wi )}nen with limit (U, V, W) and use the continuity of

V f (hence |V f| ) to get

IVf (U Vi, Wi )lp = IV (U, V, W)

lim
m—0o0
Hence any limit point (U, V, W) € £(Uy, Vo, W) is a critical point of f. The remaining proof in this part
follows from a similar argument as in [213, Lemma 5(iii)] by identifying that { f(Ux, , V.., Wk, ) }men is

bounded (Lemma 11.4.4) and regular (Part (ii) of Theorem 11.5.1).

O

Finally, combining with the Kurdyka-Lojasiewicz property [212,213,239,241] for characterization of the geometry
of objective function around its critical points, we can obtain a stronger convergence result than Theorem 11.5.1. We

put the proof in Section H.1 in the supplement.

Theorem 11.5.2 (Sequence convergence). The iterates sequence {(Uy, Vi, W) }ren generated by Algorithm 7 is
convergent to its unique limit point (U, V, W), which is a critical point of the objective function f (11.7). Moreover,

the convergence rate of {(Uy, Vi, Wi) bren is at least sub-linear.

Remark.

e Theorem 11.5.2 is much stronger than Theorem 11.5.1, since we are not guaranteed that the iterates { (U, Vi, W) }ren
generated by Algorithm 7 would converge to a limit point only by Theorem 11.5.1. Theorem 11.5.2 fulfills this
gap by directly showing the iterates { (U, Vi, W) }ren generated by Algorithm 7 converge to a critical point,

and as an consequence, the set of limit point £(Uy, Vo, W) becomes a singleton.

e The main part of the proof is based on the Kurdyka-t.ojasiewicz property [212,213,239,241] for characterization
of the geometry of objective function (including its constraints) around its critical points, which plays a key role

in our sequel analysis.
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11.6 Extension to Constrained Minimization

Recall Algorithm 8 aims to solve the “factored" tensor nuclear norm regularized minimization problem (11.7),
where the regularization parameter A should be chosen with respect to the observation noise level. However, in the
noise-free observation regime, as long as \ is positive, we remark that the estimator (U*, V*, W?) returned by
Algorithm 8 is always biased, due to the non-negativity of the regularization term. In practical applications, this is fine
due to the inevitable observation noise in the real data. For theoretical purpose, it is of ultimate interest to study the
constrained minimization

minimize [(||UH% +tr(VIVOW W) + (V[ +tr(UTUO W W) + (W% +tr(UTU 0 VTV))

s Vy

subject to y =A(UoVoW) (11.11)

Therefore, it is necessary to extend Algorithm 8§ to solve the constrained optimization (11.11).

Algorithm 8 AltMinC
1: Initialization: X, 5 € (0,1), k = 0, and (Uy, Vo, Wy).
2: while stop criterion not meet do
3 (Upgr, Vier, Wig) = AlgMin® (Uy, Vi, Wy)
4 k=k+1
55 A=[0\
6: end while
7: Output: factorization (U*, VF W¥*),

Remark. By Theorem 11.5.2, we have shown the global sequence convergence of Algorithm 7 for any initializa-
tion (Ug, Vo, Wy). Note that we can view Algorithm 8 as a sequence of Algorithm 7 with a series of decreasing A,

then a direct consequence of Theorem 11.5.2 gives the convergence of Algorithm 8.
11.7 Experiments on Synthetic and Image Data

In this section, we conduct experiments on both synthetic data and real data to illustrate the performance of our
proposed algorithms and compare it to other state-of-the-art ones, e.g., LRTC [242], HaLRTC [243], and FaL-

RTC [243], concerning both synthetic tensor recovery and real image estimation performance.
11.7.1 Experiments on Synthetic Data

In this subsection, we mainly test Algorithm 7 on synthetic data. Particularly, we first generate a rank-3 ground-true
tensor 7+ € R40x20X10(j ¢ ny = 40,1y = 20,n3 = 10,7 = 3) by T* = U* 0 V* o W* with U* € Rm*" V* ¢
R™2X" W* € R™*" being three random matrices. However, we are only allowed to observe a small partial of 7,

with the observed positions denoted by 2. That is, we only have the knowledge of ) € R40*20x10 with its most
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- Tise ike@ . .
entries being zero: Y; ;. = , which is a tensor completion problem. Here we are particularly

0 (1,4, k) ¢ Q
interested in the situation that m < njnong with m denoting the cardinality of €. Theoretically, using tensor nuclear

norm |77

Note that the low-rank tensor completion problem is covered by our general linear model eq. (11.3) (c.f. Exam-
ple 11.2.2). Therefore, we can apply the proposed Algorithm 7: AltMin* to recover 7*. We remark that traditionally
the parameter \ in AltMin* in Algorithm 7 is set to as the noise level. When the observation is noise-free, we can set
A as a very small constant*!. Now we apply the proposed Algorithm 7 for different values of A and several state-of-
the-art tensor completion algorithms (e.g., LRTC [242], HaLRTC [243], and FaLRTC [243] to recover the tensor

T . Moreover, to test the robustness of these algorithms, we will apply them under two different data-missing ratios

m
ninazans

and we record their relative error || 7 (k) — T*|| /|| 7*||  with T (k) denoting the recovered tensor for a cer-
tain algorithm after kth iterations. Figure 11.1 shows the proposed Algorithm 7 (even for different \) achieves better
recovery performance than other algorithms in both low- and large-missing ratios, implying both the superiority and

robustness of Algorithm 7 in recovering missing data.
11.7.2 Experiments on Real Image

Given any original color image (a tensor), say 7~ € R™*"2X"3 (note for a color image n3 = 3), assume we have
only access to a smaller number of random distributed positions of the original color image 7T *, i.e., we have access to
the Y satisfying Yo = T¢, and Yqec = 0 where Q¢ denoting the complement set of 2. We assume the total number
of observations m < ninang.

Note since in the situation of real-data images the rank of 7 is unknown (and NP-hard to compute), we therefore
can pick an appropriate 7 for Algorithm 7 to recover the ground-truth color image 7 *. Remarkably, due to the Burer-
Monteiro factorization structure embedded in Algorithm 7, we calm that the rank of the recovered color image by
Algorithm 7 with a specific r, denoted as 7A’,., is alway satisfying rank(?,.) < r. That is, the proposed Algorithm 7
can guarantee the low-rankness of the recovered tensors from the true definition of tensor rank, which is what those
state-of-the-art algorithms (that tries to promote the low-rankness of recovered tensors only using matrix nuclear
norms (c.f. [242-244])). To well display the recovery performance, we also record the relative recovery error as a

function of the iteration number k: %

with ’?(k‘) denoting the recovered tensor by those different tensor
completion algorithms after kth iterations. The main algorithms that we will compare with are several powerful state-
of-the-art algorithms in using tensor completion for color image recovery, e.g., LRTC [242], HaLRTC [243], and
FaLLRTC [243]. All the parameters of these algorithms are set up according to their suggested values [242,243]. The

comparison results are summarized in Figure 11.2, from which we can see that

“1Even we can just set A\ = 0 so that Algorithm 7 reduces to the traditional alternating least squares [76].
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Figure 11.1: Performing Algorithm 7, LRTC, HaLRTC, and FaLRTC to recover 7 for two different missing-data
ratio and recording their relative recovery errors || 7 (k) — T*| /|7 *||F versus iteration, where 7T (k) denotes the
recovered tensor by certain algorithm after k-th iteration. (a) missing-data ratio=70% and (b) missing-data ratio=80%.

e Algorithm 7 converges much faster, as it requires much fewer iterations for Algorithm 7 to converge; This is in

sharp contrast to other algorithms, which instead need several thousands of iterations to converge.

e Algorithm 7 converges to a “better" solution compared with other algorithms by comparing their relative recov-

€ry errors.
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Figure 11.2: Compare Algorithm 7 with LRTC, HaLRTC, and FaLRTC in missing image recovery in term of the
relative recovery errors versus iteration. (Left) Test on the House image; (Right) Test on the Tomato image. Here
we denote the recovered image by Algorithm 7 by T, with r indicating the input rank of the algorithm. Both show
that the proposed Algorithm 7 converges with fewer iterations and to a better solution in term of the relative recovery
errors.
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CHAPTER 12
SPHERICAL CLUSTERING VIA ALTERNATING MINIMIZATION

Principal Component Analysis (PCA) is one of the most important methods to handle high dimensional data.
However, most of the studies on PCA aim to minimize the loss after projection, which usually measure the Euclidean
distance, though in some fields, angle distance is known to be more important and critical for analysis. In this work*?,
we propose a method by adding constraints on factors to unify the Euclidean distance and angle distance. However,
due to the nonconvexity of the objective and constraints, the optimized solution is not easy to obtain. We propose an
alternating linearized minimization method to solve it with provable convergence rate and guarantee. Experiments on
synthetic data and real-world datasets have validated the effectiveness of our method and demonstrated its advantages

over state-of-art clustering methods.
12.1 Introduction

In many real-world applications such as text categorization and face recognition, the dimensions of data are usually
very high. Dealing with high-dimensional data is computationally expensive while noise or outliers in the data can
increase dramatically as the dimension increases. Dimension reduction is one of the most important and effective
methods to handle high dimensional data [245-247]. Among the dimension reduction methods, Principal Component
Analysis (PCA) is one of the most widely used methods due to its simplicity and effectiveness.

PCA is a statistical procedure that uses an orthogonal transformation to convert a set of correlated variables into
a set of linearly uncorrelated principal directions. Usually the number of principal directions is less than or equal to
the number of original variables. This transformation is defined in such a way that the first principal direction has the
largest possible variance (that is, accounts for as much of the variability in the data as possible), and each succeeding
direction has the highest variance under the constraint that it is orthogonal to the preceding directions. The resulting
vectors are an uncorrelated orthogonal basis set.

When data points lie in a low-dimensional manifold and the manifold is linear or nearly-linear, the low-dimensional
structure of data can be effectively captured by a linear subspace spanned by the principal PCA directions.

More specifically, let X = [x; - - - x,] € R™*" be n data points in m-dimensional space while U = [u; --- u,] €
R™*" contains the principal directions and V = [v; ... v,,] € R"*"™ contains the principal components (data projects

along the principal directions). Generally speaking, there can be two formulations for PCA:

e Covariance-based approach, which computes the covariance matrix C = Y 1 | (x; — X)(x; — X)| = XX.

Here we assume the data are already centered, i.e., X = 0, and we drop the factor ﬁ which does not affect U.

“2This is a joint work with Kai Liu, Hua Wang and Gongguo Tang [12].
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The principal directions are obtained as:

maximize tr(UT XX "U). (12.1)
UuTu=I

e Matrix low-rank approximation-based approach. Let X ~ UV, we solve:
« . 2 _ L . 2
minimize | X — UV[f = Z[X” (UVv),;2. (12.2)
%57
Taking the derivative w.r.t. 'V and setting it to zero, we have V = X TU, and Eq. (12.2) reduces to Eq. (12.1).

Therefore, the solutions to these two approaches are identical. In this work, we mainly focus on the second formulation.
12.2 Motivation

In Eq. (12.2), the objective function measures the gap between original data X and approximation after projec-
tion UV, which is based on squared Euclidean distance measurements and treat each feature as equally important.
However, in the real world, there are some given datasets which are preprocessed to be normalized and different fea-
tures may have various significance. Thus distance-based measurement method may yield poor results. On the other
side, similarity-based measurement methods such as angle distance have been proved to be more efficient in some
applications, including information retrieval [248], signal processing [249], metric learning [250], etc.. Though one
can calculate the similarity after projection, still this appears to be more or less awkward and inefficient. Thus, de-
riving some methods which can directly measure angle distance from PCA is vitally important. However, to our best

knowledge, it has not been studied yet.

C2

y d1 Cs

02

Cq

Figure 12.1: Larger angles (62 > 67) in the sphere will have larger Euclidean distance, and vice versa, which unifies
the cosine similarity and Euclidean distance simultaneously.

Motivated by the above observations and a previous work [251], in this work we propose a spherical-PCA model

which can unify the Euclidean distance and angle distance. By noticing that larger angle in the sphere in Figure 12.1
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also has larger Euclidean distance, we can add the normalization constraint to the component matrix, where the norm

of each column in V is 1 to guarantee the spherical distribution of components:

mi 1 — 2 P R — 2
Uegg}fl\}lgﬁmnx UV|% Z[XZ] (UV);;]? st. UelU, VeV (12.3)
1,3

where we define:

U:={U:U'U=1},

Vi (Vi vl = 1), (24
where || - || denotes ¢ norm for vectors and denotes the spectral norm for matrices. Suppose the component is
spherically distributed, then the Euclidean distance between v; and v; is:

lvi = vilI* = vil® + [v;]1* = 2(vi, v;)
— il + [ 2 — 2l (12.5)

[[villllv;ll
=2—2cos(f), 6 € [0,7]

which is equivalent to angle distance that bigger angle 6 will result in larger Euclidean distance, and vice versa.

Remark 12.2.1. In traditional PCA, without the normalization constraint on each column of v, the optimized solution
to Eq. (12.2) can barely satisfy the spherical distribution. Since 7 is usually less than m, PCA will lose some component
more or less, thus x; # Uv; and usually ||x;|| # ||[Uv;]|| (they may be equal, but it barely happens) . We have
lx;]|> = 1 for normalized data and if ||v;||?> = 1 then ||Uv;||? = tr(v,; UTUv;) = tr(v, v;) = ||vi||? = 1, which

leads a contradiction, thus the constraint on V is necessary to guarantee our motivation.

12.3 Formulation And Algorithm

12.3.1 Objective Function with Proximal Term

We first denote:

WU, V)= |X-UV|E=>|x; - Uv,||> st. UeU VeV (12.6)
Jj=1

By noting the nonconvexity of Eq. (12.3), where no closed solution exists, we propose an alternating minimization
method to get the optimized solution as: given kth iterate of V varaible V (k) = [vy(k) --- v, (k)],

U(k+1) = arg min || X — UV(/@)H%;
Uelu

12.7
vi(k+ 1) = arg min |x; — U(k + 1)v[3, V) (127
[Ivi=1

Note that when the constraints U € U, V € V, the problem (12.6) is known as the nonconvex matrix factorization
problems, which have been well-studied [6, 8]. This work focus on develop efficient and provable algorithm to deal
with (12.6) with the constraints U € U,V € V. Note that the proximal algorithm recently has been successfully
applied to a wide variety of situations: convex optimization, nonmonotone operators [252,253] with various appli-

cations to nonconvex programming. It was first introduced by Rockafellar [254] as an approximation regularization
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method in convex optimization and in the study of variational inequalities associated to maximal monotone operators.
Considering the fact that the objective function in Eq. (12.3) is nonconvex w.r.t. U and V, and the constraint on
U and V are also nonconvex, we consider adding proximal term and optimize the solution as: with the alternating

linearized minimization solutions becomes:

Uk + 1) = arg min(U — U(k), Vuh(U (), V(1)) + 5 U~ UGK)
(12.8)

vj(k+1) = arg min(v — v;(k), Vy,hM(U(k + 1), V(k))) + %HV —v;(k)|1?, Vi

vil=1

Remark 12.3.1. We add the proximal term to make the new updating solution will not be too far from the previous
step to avoid drastic changes. One can see that when the proximal term regularization parameters p, A are sufficiently
large, they will dominate the objective function. Moreover, we can take the linearized minimization as to minimize

the objective with Taylor expansion by making use of first order (linear) information.
12.3.2 Proposed Algorithm

Given the alternating minimization objective in Eq. (12.8), now we turn to provide detailed (closed) updating
algorithm.
We first derive the solution for U and before that we give a useful lemma that is similar to [255, Theorem 1]

and [256, Theorem 1]:
Lemma 12.3.1. maximizeyty_y tr(U M) is given by U = ABT, where [A, X, B] = svd(M).
Proof. On one hand, we have:
tr(U'™M) = tr(UTAZB") = tr(PX), (12.9)
where P = BT U T A is an orthogonal matrix since
PP'=(B'U'A)B'U'A)" =1
Thus every element including the diagonal of P is no larger than 1. Then we have:
tr(PX) < tr(X%) (12.10)
On the other hand, when U = AB T, we have
tr(U'™™) = tr(BATAXB') = =.
Thus U = AB is the optimized solution to maximize the objective. O

Accordingly, we have:

U(k +1) = arg min(U — U(k), Vuh(U(k), V(k))) + gIIU —Uk)|I%
U= (12.11)
= arg max(U,M(k)) = YZ'
UuTu=I1

207



Algorithm 9 Alternating Linearized Minimization for Problem Eq. (12.6)

Input: data X € R™*", rank of factors r, regularization parameters A, i, number of iterations K
Initialization: U(0) € R™*" V(0) € R™*"
fork=1,....K
Optimize U(k) via Eq. (12.11)
Optimize V (k) via Eq. (12.12)forj =1,...,n
end
Output: U(K) and V(K)

where M(k) := 2(X — U(k)V(k))V (k)" + pU(k) and Y, Z is obtained from [Y, 3, Z] = svd(M(k)).
Then we compute V (k + 1):

vj(k +1) = arg min{v — v;(k), Vy; A(U(k + 1), V(k))) + gHV = v;(k)]?

Ivil=1

= all"‘g Hmax(v,q> (12.12)
v]|=1
q

=— forj=1,...,n,
llall

where q := 2U(k + 1) Tx; + (A — 2)v; (k).
12.4 Convergence Analysis

In the following case, we let U and V be as defined in Eq. (12.4), and show the convergence of our proposed

algorithm in the last section.

To begin with, we first show that 4(U, V') has Lipschitz continuous gradient at U € U, V € V, which will be very

useful for the following convergence analysis.

Proposition 12.4.1. (U, V) has Lipschitz continuous gradient at U € U,V € V, where U and V are defined in Eq.
(12.4). That is, there exists a constant L. such that

IVA(U, V) = VR(U', V')|[p < L (U, V) = (U, V') || (12.13)
JorallU,U" € Uand V,V' € V. Here L. > 0 is referred to as the Lipschitz constant.

Proof of Proposition 12.4.1. Tt is equivalent to show ||V2h(U, V)| < L. forall U € U,V € V. Standard computa-

A
tions give the Hessian quadrature form [V2h(U, V)](A, A) for any A = Y| e O (where Ay € R™*"

Ay
and Ay € R™™) as

[V2h(U, V)|(A,A) = [|[AuV + UAy|% +2(UV — X, AyAy) (12.14)
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which gives:

[V2h(U, V)|| = maximize |[V*h(U, V)|(A, A)|

lAlr=1

< rrﬁzgcllimi%eHAUV—kUAvH% +2[(UV =X, AyAvy)| (12.15)
o

<2(|GII%E + IVIE + 10l VIF + X F) = L,
where the inequality follows from |(A, B)| < ||A||r||B||r and || CD||r < ||C||r||D|/F. Due to the constraints on U

and V, we have [|U[|% = tr(UTU) = tr(I) = r, | V|3 = X0, [[v;]* = n. O

To analyse the convergence, we rewrite Eq. (12.6) as

mi%irgize f(U, V) =h(U,V)+5y(U) + ov(V), (12.16)
where
0, UeU
p(U) ="
- {% vl

is the indicator function of the set U and therefore nonsmooth, so is oy (V).
The following result establishes that the subsequence convergence property of the proposed algorithm, i.e., the

sequence generated by Algorithm 9 is bounded and any of its limit point is a critical point of Eq. (12.16).

Theorem 12.4.1 (Subsequence convergence). Let {W (k)}r>0 = {(U(k), V(k)) }k>0 be the sequence generated by
Algorithm 9 with constant step size A\, i > L.. Then the sequence {W (k)}r>0 is bounded and obeys the following

properties:

(P1): Sufficient decrease:

FOW (k= 1)) — F(W(E)) > Leywik) - Wik — 12, (12.17)

min()\7 H) —
2
which implies that

lim [|[W(k—1) — W(k)||p = 0. (12.18)

k—o0
(P2): The sequence { f (W (k))}r>o is convergent.
(P3): For any convergent subsequence {W (k')}, its limit point W* is a critical point of f and

lim f(W(K)) = lim f(W(k)) = f(W*). (12.19)

k’— 00 k—o0

Proof of Theorem 12.4.1. Before proving Theorem 12.4.1, we give out some necessary definition.

Definition 12.4.1. [257] Let f : R — (—o0, 00| be a proper and lower semi-continuous function, whose domain is

defined as
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dom f:={ueR": f(u) < o}.

The (Fréchet) subdifferential O f of f at u is defined by

af(u) = {z eRY: Tim inf L) = f||(::)_v<||z’v LN 0}

v—u

foranyu € domh and df(u) = 0 if u ¢ dom f.

We say u is a limiting critical point, or simply a critical point of f if

0 € Jf(u).

We now turn to prove Theorem 12.4.1.

e Showing (P1): First note that for all &, according to our alternating minimization method, we always have
ou(U(k)) = oy (V(k)) = 0 and thus f(W(k)) = h(W(k)).
Since h(U, V) has Lipschitz continuous gradient at U € U,V € V with Lipschitz gradient L. and A > L., we

define hy,_ (U, U’, V) as proximal regularization of h(U, V) linearized at U’, V:

L
h(U', V) + (Vuh(U', V), U = U') + 2||U = U'|[%,
By the definition of Lipschitz continuous gradient and Taylor expansion, we have
h(U,V) < hy (U, U V). (12.20)

Also by the definition of proximal map, we get:
U(k) = arg min oy (U) + gllU ~U(k = D%+ (Vuh(U(k - 1), V(k - 1)), U-U(k - 1)) (12.21)
and hence we take U(k) = U, which implies that

du(U(k)) + %IIU(k) —U(k =%+ (Vuh(U(k —1),V(k—1)),U(k) = U(k — 1)) < dy(U(k — 1))
(12.22)
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Combining Eq. (12.20) and Eq. (12.22), we have:

h(U(k),V(k —1)) + du(U(k))

< WUk — 1), Vk — 1)) + (Voh(U(k — 1), V(k ~ 1)), U(k) ~ Uk — 1) + Z[Uk) ~ Uk~ D3
+ou(U(K))

< KUk~ 1), V(k ~ 1)) + 22 0() Uk~ D%+ 80(U(k — 1) ~ 2 Uk) - Utk - 1)

= h(U(k = 1), V(k = 1) + 6u(Uk — 1)) ~ “2EE[uik) — Ok - 1),

(12.23)

Similarly, we have

A— L,
2

hU(k), V(F)) = h(U(k), V(E = 1)) + ov(V(K)) = dv(V(k = 1)) < — V(%) = V(=1

(12.24)
which together with the above equation gives Eq. (12.17). Now repeating Eq. (12.17) for all £ will give

(min(A, 1) = Le) Y [IW (k) = W(k = 1)[|F < f(W(0)), (12.25)
k=1
which gives Eq. (12.18).

Remark 12.4.1. In our proposed algorithm, since in every update, our solution is closed while satisfying the

constraints, thus in fact dy and dy are 0, and oo is never achieved.

e Showing (P2): It follows from Eq. (16) that { f(W (k))}x>0 is a decreasing sequence. Due to the fact that f is
lower bounded as f(W (k)) > 0 for all k, we conclude that { f (W (k)) } x>0 is convergent.

e Showing (P3): Since U(k’) € U,V (k') € V for all £’ and both of the sets U and V are closed, we have

U* € U,V* € V. Since h is continuous, we have

lim f(W(K')) = lim h(U(K), V(K)) + 6u(U(K)) + 6v(V(K')) = f(W")

k' =00 k' =00
which together with the fact that { f (W (k)) } x>0 is convergent gives Eq. (12.18).

To show W™ is a critical point, we first consider Eq. (12.21) and the optimality condition yields:
Vuh(U(k—1),V(k—1)) +p(U(k) = Uk — 1)) + 06y(U(k)) = 0. (12.26)
Similarly, we have
Vvh(U(k),V(k—=1))+ MV (k) = V(k—1))+ 9éy(V(k)) =0. (12.27)

Now, define
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A := Vuh(U(k), Vi) + 96u(U(k)),
By := Vvh(U(k),V(k)) + 0év(V (k).
Thus, we have
Ay € 0uf(U(k), V(k)),Bi € Ov f(U(k), V(k)). (12.28)

It follows from the above that

lim [ Ay]p < lim [Voh(U(E), V(E) = Voh(U(k = 1), V(k = 1)]lp + #[OF) — UGk - 1) ¢

< Jim (Lo + p)[W(k) = W(k = 1) = 0.

(12.29)
Similarly, we have:
lim [[By[lp < lim (Lc + A)[W(k) = W(k = 1)[|r = 0. (12.30)
k—o0 k—o0
Then we have:
dist(0, 0f (W (k))) < (2Le + p1+ N|[W (k) — W(k — 1)|| (12.31)
Owing to the closedness properties of 0 f (W (k’)), we finally obtain
0 df(W~).
Thus, W* is a critical point of f.
O

Theorem 12.4.2 (Sequence convergence). The sequence {W (k)}r>o generated by Algorithm 9 with a constant step

size A\, > L. is global-sequence convergence.

Proof of Theorem 12.4.2. Before proving Theorem 12.4.2, we give out another important definition.

Definition 12.4.2 (Kurdyka-Lojasiewicz (KL) property). [258] We say a proper semi-continuous function h(u)
satisfies Kurdyka-Lojasiewicz (KL) property, if U is a critical point of h(u), then there exist § > 0, 6 € [0,1), C; >0

such that
Ih(u) — h(w)|® < Cy dist(0,0h(u)), ¥ u € B(u,d)

We mention that the above KL property (also known as KL inequality) states the regularity of A(u) around its

critical point u and the KL inequality trivially holds at non-critical point. There are a very large set of functions
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satisfying the KL inequality including any semi-algebraic functions [257]. Clearly, the objective function f is semi-

algebraic as both h, dy and dy are semi-algebraic.

Lemma 12.4.1 (Uniform KL property). There exist 69 > 0, 0k € [0,1), Cxr > 0 such that for all W s.t.
dist(W,C(W(0))) < do:

|F(W) = F| ™" < Ciep, dist(0, DF (W) (12.32)
with f denoting the limiting function value defined in (P2) of Theorem 12.4.1.

Proof. First we recognize the union | J, B(W7, d;) forms an open cover of C(W(0)) with W representing all points

in C(W(0)) and ¢, to be chosen so that the the following KL property of f at W} € C(W(0)) holds:

(W) = F|" < €, dist(0,0f(W)) YW € B(W;,6;)

where we have used all f(W?¥) = f by assertion (P3) of Theorem 12.4.1. Then due to the compactness of the set
C(W(0)), it has a finite subcover | JI_; B(W7 , dx,) for some positive integer p. Now combining all, we have for all

W e Uiy BOIWE,, 6k.),

| (W) = F|" < Oy dist (0,0 (W) (12.33)

with O = max!_ {0y, } and Cx; = max!_ {Cy,}. Finally, since (JI_; B(W} ,dy,) is an open cover of

C(W(0)), there exists a sufficiently small number dy so that

{(W) : dist(W, C(W(0))) < do} C O B(W*,61,).

i=1

Therefore, eq. (12.33) holds whenever dist(W, C(W(0))) < do. O

We now turn to prove Theorem 12.4.2.

According to Definition 12.4.2, there exists a sufficiently large kg satisfying:

[F(W(K)) — FOW*)]? < Cydist(0,0f (W (K))), Vk > ko. (12.34)

In the subsequent analysis, we restrict to k > kg. Construct a concave function z'~¢ for some 6 € [0, 1) with domain
x > 0. Obviously, by the concavity, we have
2y =217 > (1 - 0)ay % (x2 — 1), Y21 > 0,20 > 0

Replacing z1 by f(Wy1) — f(W*) and 25 by f(W}) — f(W*) and using the sufficient decrease property, we have
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[F(W(K)) = FOW)]' 0 = [F(W(k +1)) — f(W)]'°
fW(k) - f(W(k+1))

[f(W(k)) — fF(W*)]’

- A1—06) |[W(k)—W(k+
- 20, dlst(O,af(W(k
AL —0) [[W(
20,C5 [Wi(k) -
(WO W+ 1)
IW(k) - W(k—1)|
>k (2IW(k) — W(k+1

I"”

> (1-6)

+ W) =Wk —=1)lr) - s[W(E) - W(E-1)|r

B
|F
e = [W(k) = W(k - 1))

And accordingly, we have:

2(W(k) = W(k+1)|r — [IW(k) = W(k = Dllr < B([f(W(k) — fF(W)]' = [f(W(k+1)) -

-1
with C3 :=2L. 4+ pu+ \ Kk : ;(526‘?3),6:: (2((}2_6?3)) .

Summing the above inequalities up from some k> ko to infinity yields
Z IW (k) = Wk + Dl < [W(k) = W(k=1Dp+ BLF(W(E) - F(W)]
implying
ZHW W(k+1)|r < oo.

Following some standard arguments one can see that

limsup ||[W(t1) — W(t2)||r =0

t—o00,t1,ta >t

FOW)I'~
(12.35)

(12.36)

which implies that the sequence {W (k)} is Cauchy, and hence convergent. Hence, the limit point set C(W(0)) is

singleton W*.

Theorem 12.4.3 (Convergence Rate). The convergence rate is at least sub-linear.

O

Towards that end, we first know from the above argument that {W(k)} converges to some point W*, i.e.,

limg_, oo W (k) = W*. Then using Equation (12.36) and the triangle inequality, we obtain
W (k) = W*p <> [W(k) = W(k+1)|r

k=Fk

< [W(k) = Wk —1)||r + BLF(W(k)) — fF(WH)]°
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which indicates the convergence rate of W (k) — W* is at least as fast as the rate that [|[W (k) — W(k — 1)||p +

BLF(W (k) — F(W*)]~? converges to 0. In particular, the second term B[f(W (k)) — f(W*)]*~? can be controlled:

BLI(W (k) — F(W*))’ < BC, dist (0,0 (W (k)))
< BCy(2By + A+ |X||r) [[W (k) = W(k —1)| (12.38)

=

Plugging (12.38) back to (12.37), we then have
> ~ ~ ~ ~ 1-0
D IWk) = W(k+1)|r < [W(k) = W(k = 1)l|lr +a|W(k) - W(k = 1)||;7 .
k=F

We divide the following analysis into two cases based on the value of the KL exponent 6.

o Case ' If0 = 0,weset O := {k € N: W(k+1) # W(k)} and take k in Q. When k is sufficiently large, then

we have:
[W(k+1) - W(k)|%2:=Cy >0 (12.39)
On the other hand,
FOW s 1)) FW(k) > M) = ey 1) - w
, (12.40)
min(A, u) — L,
= fcﬁ

Since f(W (k)) is known to be converged to 0, Eq. (12.40) implies that Q is finite and sequence W (k) converges

in a finite number of steps.

e Casell: 0 € (0, %]. This case means 152 > 1. We define P, = > °+ [W; 1 — W,

F»

o
Pi<P -Pi+alP -] 7. (12.41)

Since P;_, — P — 0, there exists a positive integer k1 such that P — P <1, vk > k1. Thus,

- P;), vk > max{ko, k1 },

P—,;S(1+a)(P~ P

k—1

which implies that

P.<p-P._,, Yk>max{koki}, (12.42)
where p = ﬂ—g € (0,1). This together with (12.37) gives the linear convergence rate
IW (k) = W*||p < O(p"F), Vi > F. (12.43)

where k = max{k, k1 }.

e Caselll: 0 € (1/2,1). This case means 252 < 1. Based on the former results, we have
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1—-6

PE < (1 + a) |:P‘1571 — P%} v s VE > max{ko,kl}.

We now run into the same situation as in [259]. Hence following a similar argument gives

1-20 1-20 _
1—6 1—6
P _PTT >( VE>k

for some ¢ > 0. Then repeating and summing up the above inequality from k = max{kq, k1} to any k > k, we
can conclude
1-26 ~ | %=1 ~ . 1-9
P < |PTT +C(k—k)] =0 ((k—k)*m).

Finally, the following sublinear convergence holds
IW(k) - Wlp < O (k=F)"#), VE > E. (12.44)

We end this proof by commenting that both linear and sublinear convergence rate are closely related to the KL,

exponent 6 at the critical point W*.
12.5 Experiments

In this section, we are going to apply our proposed spherical PCA to both synthetic data and real-world datasets to
test the performance of our proposed method. The experiment on synthetic data will be introduced first followed by

experiments on real-world datasets.
12.5.1 Synthetic Data Experiment

We first generate 200 data points, half of which is distributed within the region between X = Z and Z axis
(denoted as blue dots in the top part of Figure 12.2), while another group is generated within the region between
Y = Z and Z axis (denoted as the red dots). These two clusters of data are generated through different angles. Thus
when we do clustering, it should be angle distance rather than Euclidean distance to determine the clustering result.

R2%200 a5 the bottom

For our method, we learn a projection matrix U € R3*2 and plot the component matrix V €
part illustrates. We see that, Euclidean distance-based method (such as K-means) will yield poor clustering result
(middle part), while spherical-PCA will obtain good clustering result.

Also, we show the convergence of {W (k)}r>0 = {(U(k), V(k))}x>0 generated by our method. As Figure 12.3
shows, after short iterations, the generated sequences will be stable, which is in accordance with the convergence

proof. It also illustrates the objective with update. We see that it converges fast with a sublinear rate, which validates

our convergence rate analysis.
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Figure 12.2: Left: two groups of data generated from two angles. Middle: clustering result with distance -based
method K -means. Right: clustering result with our method. Blue and red represent different clusters.
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Figure 12.3: Left: |[U(k + 1) — U(k)||r with updates. Center: ||V (k 4+ 1) — V(k)||  with updates. Both converge
to 0 after several iterations. Right: Objective converges at sub-linear rate. All validate our analysis.

Table 12.1: Clustering performance of different algorithms on 20-newsgroup dataset

Methods K-means MUA PCA R1-PCA K-SVD Spherical PCA
#Groups Acc NMI  Acc NMI Acc NMI Acc NMI Acc NMI Acc NMI

5 0.651 0.621 0.674 0.614 0.703 0.628 0.745 0.647 0.789 0.673 0.838  0.695
10 0487 0316 0478 0.320 0.502 0383 0535 0398 0.527 0.394 0.588  0.401
15 0.398 0.307 0.387 0.301 0412 0319 0423 0320 0461 0377 0486 0.385
20 0.315 0.242 0314 0221 0362 0248 0394 0.260 0412 0.280 0431 0.294

Table 12.2: Clustering performance of different algorithms on four UCI datasets

Methods K-means MUA PCA R1-PCA K-SVD Spherical PCA
Data (#class)  Acc NMI Acc NMI Acc NMI Acc NMI Acc NMI Acc NMI

glass (6) 0.687 0.566 0.692 0.574 0.732 0.608 0.769 0.626 0.801 0.648 0.788 0.635
diabetes (2) 0.775 0.632 0.788 0.654 0.761 0.613 0.808 0.631 0.827 0.672 0.832 0.680
mfeat (10) 0365 0.223 0358 0.211 0.371 0.225 0431 0342 0412 0328 0425 0.330
isolet (26)  0.267 0.198 0.253 0.181 0.262 0.182 0324 0.201 0357 0.246 0373 0.250
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12.5.2 Real-world Datasets Experiment

It is known that in information retrieval, similarities or dissimilarities (proximities) between objects are more
critical than Euclidean distance. In this subsection, we will test our proposed method on the widely-used 20-newsgroup
dataset for clustering. We have different newsgroups such as: comp.graphics, rec.motorcycles, rec.sport.baseball,
sci.space, talk.politics.mideast, etc.. 200 documents are randomly sampled from each newsgroup. The word-document
matrix X is constructed with 500 words selected according to the mutual information between words and documents.
Tf.idf term weighting is used before normalization. Clustering accuracy are computed using the known class labels.
Results will be compared including clustering accuracy (Acc.) and Normalized Mutual Information (NMI) [260].

Different clustering algorithms will be compared including:

1. R1-PCA, which proposes a rotational invariant ¢;-norm PCA, where a robust covariance matrix will soften the

effects of outliers [261];

2. K-SVD, which is an iterative method that alternates between sparse coding of the examples based on the current

dictionary and a process of updating the dictionary atoms to better fit the data [262];

3. PCA, i.e. the vanilla PCA method in Eq. (12.2) without the constraint on V, which will be Euclidean distance-

based by default;

4. NMF Matrix Factorization proposed by [263-266] where U and V are obtained by Multiplicative Updating

Algorithm with nonnegative constraint
5. K-means [267].

We vary the number of clusters from 5 to 10, 15 and 20. In each newsgroup, 200 documents are randomly sampled,
and we repeat for 10 times by taking the average and report the clustering result as Table 12.1 demonstrates.

We see that our proposed method Spherical PCA can always achieve both higher clustering accuracy and normal-
ized mutual information in text analysis.

We also compare our method with other methods on UCI datasets including: glass, diabetes, mfeat and isolet.
Table 12.2 illustrates the results. We see that though our method doesn’t show the absolute advantage as on text, still
the result is considerably good.

All the experiments indicate that our method can achieve good performance on both text and non-text datasets,

showing its potential for broader application.
12.6 Conclusion

In this work, we study spherical PCA where the direction matrix is orthonormal and the component vectors are

assumed to lie in the unitary sphere. The benefit is obvious that it can make the angle distance equivalent to Euclidean
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distance. Due to the nonconvexity of objective function and constraints on the factors which are difficult to tackle,
we propose an alternating linearized minimization method to derive the solution, which is proved to be sequence
convergent. Moreover, we analyze the convergence rate which is validated by our experiments. The results on real-

world datasets and synthetic data illustrate the superiority of our method.
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APPENDIX A

APPENDICES FOR CHAPTER 2

A.1 Jackson Kernel

For any integer M > 0, the Jackson kernel, also known as the squared Fejér kernel, is defined by [16, Eq. (IV.2)]
or [13, Eq. (2.3) with M = f./2 + 1]

sin(7er)]4 (AD)

k() = |5
The Jackson kernel shows up in the construction of dual polynomials that satisfy the Boundedness and Interpolation
properties. The choice of the Jackson kernel is due to its nice properties as easily seen from its graph: it attains
one at the peak, and quickly decrease to zero. Candes and Fernandez-Granda showed in [13] that as long as the
frequencies composing a signal satisfy certain separation condition, then a dual polynomial can be constructed as a
linear combination of shifted copies of the Jackson kernel and its first-order derivative to certify that the decomposition
achieves the signal’s atomic norm.

We use K'(f), K" (f), K" (f) to denote respectively the first, second, and third order derivatives of the Jackson
kernel and more generally K ()(f) the ¢th order derivative. We will frequently use the second order derivative of the
Jackson kernel evaluated at zero K" (0), whose value is [16, Above Eq. (IV.5)]

747r2(M2 -1 n2(n? — 4)

K// — —
(0) 3 3

Here we used the convention that n = 2. Then its absolute value | K”'(0)| (denoted by 7) falls into the interval

2 2 2
1 l_L 2 (T 2 >
| K (0)|€{<3 3(130)2>n7(3>n], for n > 130.

For ease of exposition, we give an explicit lower bound on | K" (0)| (which is valid for any n > 130):

2 472 9 9
— ——— | n*>3.289n°, forn > 130. (A2)

= K0)] 2 (3 3(130)2

At a high-level, the purpose of introducing 7 = |K"/(0)| is to normalize the second order derivative of the Jackson

kernel to 1 at f = 0.
A.1.1 Decomposing the Jackson Kernel

The Jackson kernel admits the following decomposition [16]
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_ [sin(mM(fs — f1)) ! _ 1 M N i2mi(fa f1)
K(f2=h)= [Msin(w(fz _ f1))} =a(f1)"Za(f2) = szgMgM(J)e i),

where M = n/2 and Z is an n x n diagonal matrix whose diagonal entries are given by [Z]s = gwj’b( ) with

min(£+M,M)

gM(é):% > (1‘}\’2‘) (1‘ ) >0,0=—2M,...,2M, (A.3)

k=max({—M,—M)
the convolution of two discrete triangle functions scaled by 1/M. The weighting function g (¢) attains its peak at
zero and
2 2 @2

2
2
LA 2 <0667,
) stz =316

M
w0 =5 > (1-
k=—M

where @ holds for M > 65 (or n > 130) by noting that 2/M? is a decreasing function of M. Using the definition of

Z, we bound || Z|| 0,0 as

guv(d)  gm(0)  0.667
- = < > 130. A4
1Zll0.00 = _, max = Sy forn>130 (A.4)

A.1.2 Decomposing the Jackson Kernel Matrices

We frequently use matrices formed by sampling the Jackson kernel and its derivatives at appropriate frequencies.

Given a finite set of frequencies 7 = {f;}%_, (or its vector form f € R¥), we define

Do(f) : = [K(fim — fu)li<n<ki<m<k = A(F)TZA(f);
D (f) : = [K'(fm — fo)i<n<k.i<m<k = A)HZA'(f) = —A/(f)HZA(f)§ (A.5)
Dy(f) : = [K"(fn — fu)li<nckicmer = —A'(£)TZA/(f) = A"(£)TZA(f) = A(F)TZA"(£),

where

A(f) = [a(f),...,a(fr)], A/(F) := i2r diag(n)A(f), A”(F) := (i2r diag(n))2A(f)

withn = [-n, —n+1,...,0,...,n—1,n]T. More generally, the kernel matrix D (f) := [K(Z)(fm—fn)]lgngk71§m§k

satisfies the factorization

Dy(f) = (1Y AV TZAI(E), forj <, (A.6)

where A (“)(f) represents the /th order derivative of the matrix A (f):

AO(£) = (127 diag(n)) A(f).
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Similarly, we define the cross kernel matrices with respect to the frequency pair (£*,£2) or ({f}}, {f?}) as

Do(f!, £2) = [KO(f2 — fOli<n<ki<m<k, forl=0,1,2.

SINXR, 1S

We can also express Dy (f!, £2) in factorization forms

D (f!, £2) = (=1)7 AW (FHHZA = (£2), forj < L. (A7)
A.1.3 Bounding the Jackson Kernel

The following lemma provides a set of bounds on the ¢th derivative of the Jackson kernel for ¢ € {0, 1,2, 3,4}.

Lemma A.1.1 (Bounds on |K D)), For¢ € {0,1,2,3,4}, let K\©) be the (th derivative of K (K = K9)). Define s(f)

as a symmetric and periodic function with period I and s(f) = mﬁ)r f €(0,1/2]. Then for f € (0,1/2],

we have

KO < Bo(f) = s'(),

KON < Bi(f) i= 2w Ms*(]) (3\8/5 + 2s(f)> :

[KO(f)] < Ba(f) = (2mM)?s*(f) (1 + 3—fs(f) + 582(f)> ,

[K®()] < Bs(f) := (2rM)*s*(f) ( +6s(f) + %fs%f) + 15s3<f>> :

KO()] < Ba(f) = )5 f) (2 +eas(h) +3022(0) + 280 4 1(2)584(f)> ,
where

o = % <sin <2tan_1 ( %(\/@—i— 12))) —2¢in (4tan_1 ( ;(\/@er)))) ,
¢y = —dsin <2tan1 ( %(\/@4- 12))) <4cos <2tan1 ( %(\/@+ 12))) = 1) .

Furthermore, By(f) is decreasing in f on (0,1/2] and B¢(Q2 — f) + B¢(2 + f) is increasing in f for any positive
suchthat Q@ > fand Q+ f < 1/2.

Proof. We need the following elementary bound on the sine function for f € [0, %]

sin(rf) > f(3 —4f?). (A.8)

Clearly, a consequence is m < s(f), f €[5, 3]\{0}. We use this fact together with explicit expressions for

K®(f) to develop upper bounds.
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When ¢ = 0,

(M) 1
K= | S < st
When ¢ =1,
KWO(f) = M1 (=2 cot(m f) sin®(m f M) + 2sin® (7 f M) cos(m f M) M)
(Msin(nf))* M
implying

3V3

IKD(f)] < 2 Ms*(f) (8 - 2s(f)> :

since max |2 cos(m f M) sin(m fM)3| < 3Y2.
When ¢ = 2,

(27 M)? 1

KO0 = GtsinGe e 322

((2 cos(27f) + 3) esc? (m f) sin*(m f M) — 8 cot(r f) sin® (m f M) cos(m f M )M + sin® (7 f M) (2 cos(27 f M) + 1)M2)

implying

[K@(f)] < (27 M)?s*(f) (1 + 37\2/580”) +582(f)> ;

where we used max  [8sin® (7 f M) cos(m fM)| = % and max | sin(7fM)(2cos(2r fM) + 1)| = 1.

When ¢ = 3,
T M)3
K(3)(f) = U\J(imjgr)f))‘l]\; X ( — (4cos(2mf) 4 11) cot(m f) csc?(m f) sin* (7w f M)

+6(2cos(2mf) + 3) csc?(r f) sin® (7 f M) cos(m f M) M
— 6 cot(nmf)sin®(mfM)(2cos(2m fM) + 1) sin(4m f M) M? — ;sin(waM)MS)
implying

45/3 2
8

KO ()] < 2M)s () ( +65(f) + s () + 1553(f)> ,

by recognizing the following upper bounds:
maxyeo,1/2) |(4cos(2mf) + 11) cos(nf)| = 15, maxy |6 sin?(w fM)(2cos(2nfM) +1)| = 6,
maxyeo,1/2) |6(2cos(2nf) +3)| =30, maxy |sin(dr fM) — (1/2) sin(2w fM)| = ¢,
max | sin® (7 f M) cos(m fM)| = 3v/3/16.
When ¢ = 4,

241



@2rM)* 1

KM (f) = (M sin(n ) 33 X <;(49 cos(27f) + 4 cos(4m f) 4 52) csc? (nf) sin* (7w f M)
— 8(4cos(2mf) + 11) cot(nm f) esc? (m f) sin® (7w f M) cos(m f M) M
+ 6(2cos(2mf) + 3) csc?(n f) sin? (w f M)(2 cos(2m f M) + 1) M?
— 4 cot(nf)sin(2m f M) (4 cos(2n fM) — 1) M?
+ (2cos(drfM) — ;cos(waM))M‘l)
implying

KO()] < (2 () (Z +eas() +3052(F) + 223 ¢ 1(2)584(1”)) ,

which follows from the following upper bounds:

maxgeo,1/2 3 (49 cos(2m f) + 4 cos(4n f) 4+ 52) = 105/2, maxy |sin?(wfM)(2cos(2nfM) +1)| =1,
maxse(o,1/2 |8(4 cos(2m f) + 11) cos(m f)| = 120, maxy |[4sin(2n fM)(4dcos(2n fM) — 1)| = ¢,
max | sin® (7 f M) cos(mfM)| = 3v/3/16, maxy [2cos(4m fM) —1/2cos(2mfM)| = 5/2,
max ¢e(o,1/2 |6(2 cos(27 f) + 3)| = 30.

Finally, s(f) is nonnegative and is decreasing in (0, 1/2] since s’(f) is negative on (0, 1/2). Therefore, the kth
power s*(f) is decreasing in (0, 1/2]), which further implies that B,(f),¢ = 0,1,2,3, 4 is decreasing in (0, 1/2]. In
addition, since s(f) is convex in (0, 1/2], s*(f) is also convex as a consequence of the composition rule of convex
and monotonic functions. Combining the convex and decreasing property of s*(f) on (0,1/2] and then applying
arguments similar to those in [13, Lemma 2.6], we conclude that B;(Q2 — f) + By(2 + f) is increasing in f for any

positive 2 such that Q > fand Q + f < 1/2.

A.1.4 Bounding the Sums of the Jackson Kernel

Without loss of generality, we assume 0 € 7" and develop bounds on 3 ; o7 (o} |[KO(f — )], £ € {0,1,2,3,4}
when f lives in a neighborhood around 0. It is easy to verify the following lemma based on the properties of

|IKO(f)],£=0,1,2,3,4 in Lemma A.1.1. The proof parallels that of [13, Lemma 2.7] and is omitted here.

Lemma A.1.2. Suppose 0 € T and f is the smallest positive frequency in T. Let A := A(T') > Apin and f € [0, f]
where f < fy /2. Then for ¢ € {0,1,2,3,4},

S KOG = ) < Fu(A, ) =FF (A )+ F (A f) < Fo(Drin, )
fi€T\{0}

with
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lsa—|

F;(A,ﬂ:max{ max IK“)(f—é)l,Be(%min—f)}+ S Bu(iuin 1),

A<E<3Amin °
Jj=2

lsa-)

min

FZ_(A?f) :max{ max |K(Z)(£)|73Z(3Amin)} + Z Bf(jAmin"‘f)'

AS§§3ATHH] j=2
Fy(A, f) is decreasing in A. When A is fixed as Apmin, Fo(Amin, f) is increasing in f.

The following lemma provides bounds on 3 - [K O(f — f;)| for £ € {0,1,2,3,4} and is a direct consequence

of the decreasing property of By(-).

Lemma A.1.3. Suppose 0 € T, f, is the smallest positive frequency in T and [ € [f, fy — fl. Then for ¢ €
{0,1,2,3,4},

|-2A J |-2A J

Z |K(£)(f f)| <WE( Z By jAm1n+f Z B[ ]An11n+f)‘
fi€T J=0 7=0

A.1.5 Numerical Bounds on the Jackson Kernel Sums

Suppose 0 € T'. Then by Lemma A.1.2 we can bound ijeT\{O} KO (f — f;)| for f €0, f] as:

f;€T\{0}
We list the values of Fy(A i, f) for different f in Table A.1.
We can use Lemma A.1.3 to bound ijeT KO (f — f;)| for f € [f, f+ — flas

STIKOf = )] < Wil f, ).

f,€T

We list the values of Wy(f, f) for different f, f in Table A.2.
Finally, we list several numerical upper bounds on |K“)(f)| and K" (f) over different intervals in Table A.3,

which directly follow from [13, equations (2.21)-(2.24)] and numerical computations.
A.1.6 Controlling the Jackson Kernel Matrices

In this section, we derive several consequences of the joint frequency-coefficient vector @ = (f, u, v) living in the
neighborhood N* of the true joint frequency-coefficient vector 8* = (f*, u*, v*). Recall that N™* contains all 8 that

is close to 0 in the /s, norm:
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Table A.1: Numerical upper bounds on Fy(2.5/n, f).

f Fo(25/n, f) | Fi(2.5/n, f) | F2(2.5/n, f) | F3(2.5/n,f) | Fu(2.5/n, f)
0 0.00755 0.01236n 0.05610n2 0.28687n3 1.48634n*
0.002/n 0.00755 0.01236n 0.05610n2 0.28687n> 1.48634n*
0.24/n 0.00757 0.01241n | 0.05637n2 | 0.28838n3 | 1.67097n%
0.2404/n 0.00757 0.01241n 0.05637n> 0.28838n3 1.67100n*
0.75/n 0.00772 0.01450n 0.12639n> 1.07987n3 6.57069n*
0.7504/n 0.00772 0.01454n 0.12675n2 1.08211n3 6.57595n*
Table A.2: Numerical upper bounds on Wy(f1, f2).
i f2 Wo(f1, f2) | Wilfr, f2) | Wa(fi, f2)
0.7496/n | 1.25/n 0.71059 5.2265n 48.0330n2
0.75/n 1.25/n 0.70859 5.2084n 47.8388n?
Table A.3: Numerical upper bounds on | K ) (f)| and K" (f).
f (KO | KO [ IE"HE ] K7 (K" (f)] K"(f)
[0,0.002/n] 1 0.00658n | 3.200n2 | 0.0649394n3
[0,0.24/n] 1 0.789569n | 3.200n2 | 7.79273n3 —2.35084n?
[0,0.2404/n) 1 0.790885n | 3.290n2 7.80572n3 29.2227n*
0.2396/n,0.7504/n] || 0.90951 | 2.46872n | 3.290n2

N*={0:]0—6"||s < X*y0/V2}. (A9)

Recall that the weighted £, norm || - || is defined by ||(f, u,v)||x := [|(Sf,u, V)||c With S := /7 diag(|c*|).
We remark that all the results in this section still hold for the bigger neighborhood N defined by replacing X* with
X = X* 4 35.2. Indeed, for the results to hold, the key requirement on @ is ||f — £*||oc < 0.002/n. This condition

holds for both regions because as we will show later

H ” 0.4X*y for@ e N*,
f*f* e’} S

04X~y for@ e N.

Invoking the SNR condition (2.10), we conclude that the two upper bounds are much smaller than 0.002/n in both

cases.
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Our first set of results bound the distances between the parameters in 8* and 0: foreach j = 1,... k

c;i—ci| @
|.] ]‘SX*’Y,

[
| @

|Ci‘ < 1 +X*’Y,
B (A.10)

* 2 @ *
[(lesl/1e5)* = 1] < X*y(2+ X*),

® ®
|fi = f71 < X*y/v2r <04X*y/n.
For @ to hold, first note ||u — u*||oe < X*70/v2and ||V — v*|loc < X*70/v/2 by (A.9). Also note

lo = e*|[Ze = max{(ue — u7)® + (ve = v7)”!

2

IA

méax(ug —u})? + meax(w — ;)

o — w3 + v = v¥ 5 < 2(X*0/V2)? = (X 70)%.

Finally @ follows since max; [c; — cj|/[c}| < |lc — ¢*[loo/Chin and v = 70/Chyi,- After we show @, @ follows
from |¢;|/|c5| = |¢; — ¢ + ¢|/|c}| and the triangle inequality. ® follows from |(|c;|/|c5])* — 1] = [(le;|/Ich| +

D)(lejl/les| = 1)]. @ follows from the definition of the /<, norm:

IS(f = £*)]loe < X*0/V2
—||v/7 diag(|c*)(f = £*)[oo < X*70/V2
=|f; = £} < X*y0/Ic}|/V2r, V)
—|fj — £} < X*v0/Chin/ V21 = X*y/V27, Vj.

Finally ® holds due to the fact that 7 > 3.289n2 for n > 130 by (A.2) and hence
1/v271 <1/4/2(3.289)/n < 0.3899/n < 0.4/n.

Next, we present the second class of results that quantify the well-conditionedness of the Jackson kernel matrices
Dy(f), £ = 0,1,2. Such results are instrumental to dual certificate construction [13]. Since the minimal separation
A(T) is a key quantity affecting the well-conditionedness, we first show that those frequencies 7% := {f}'} and
T := {f;} in Lemma 2.4.1 and Lemma 2.4.2 satisfy a separation condition, provided 7* = { [} satisfy a slightly

stronger separation condition. The proof is given in Appendix A.11.

Lemma A.1.4. Let the separation condition (2.9) and the SNR condition (2.10) hold. Then both the frequencies
T> = {f}} returned by the first fixed point map (2.19) and the frequencies T = {fi} generated by the second
fixed point map (2.21) have minimal separations at least 2.5/n. Furthermore, the intermediate frequencies defined by

T = {fg}’gzl with each f; € (£, {1 or [f}, fF] and the second intermediate frequencies T = {fg}’g:l with each
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foe (£} fg] or [f[, f}] also have minimal separations at least 2.5 /n.:

min{A(T*), A(T), A(T), A(T*)} > 2.5/n.

Now we are ready to provide numerical bounds related to the well-conditionedness of the Jackson kernel matrices

D,(f), £=0,1,2:

©) @
IT— Do(f)loo,00 < Fo(2.5/n,0) < 0.00755,
@ ®
ID1(6) /v, .. < F1(2.5/n,0)/y/7 < 0.01236n/y/7 < 0.00682, (A.11)

1T = (=Da(£)/7)]|e o < Fa(2:5/n,0)/7 < 0.05610n% /7 < 0.0171,
where @, @ and @ follow because the diagonal entries of these kernel matrices are given by [Dy(f, f)],, = K(0) = 1,
[Dy(f,f)]e = K'(0) = 0 and [Do(f,f)]se = K”(0) = —7 [16, Section IV.A]. Hence, it suffices to compute
> ey IK(¢ = fi)| for ¢ € T which can be bounded by F¢(2.5/n, 0) according to Lemma A.1.2 since A(T') >
2.5/n by Lemma A.1.4. The inequalities @, ® and ® follow from the upper bounds on Fy(2.5/n,0) in Table A.1 and
the fact that 7 > 3.289n2 for n > 130 by (A.2).
To control the /o, o distance between two kernel matrices, say Do (f) and Do(f, f*), we apply the mean value

theorem and Lemma A.1.2:

IDo(£) — Do(f, £)loc,c0 = |Do(f1, ) — Do(f1,£%)[h
< Z (K (fe = f1) = K(fi = f1)]
7

ESTIK (fo— fOfe— 7))
Y/
- - A.12)
<K' (F = 0l + SIE o — FODIE — o (
(41

®
< (F1 (2. .002 K’ f— 1
< (B (25/m.0.002/m) + _max |K'(F))]E - €|

2 (0.01236n + 0.00658n)(0.4X*~v/n) = 0.00758 X *~,
where @ follows since by rearranging indices if necessary, we can assume without loss of generality that the maximum
absolute row sum of Dy (f) — Do (f, *) happens at the first row; @ holds because we applied the mean value theorem
for some f; between f; and I @ follows from the monotonic property of Fy(2.5/n, f) in Lemma A.1.2 by taking
into account that A(T) > 2.5/n (by Lemma A.1.4) and ||f — f||oc < ||f* — f]|oo < 0.4X*y/n < 0.002/n. @ follows
from the upper bounds on F1(2.5/n,0.002/n) in Table A.1 and max ¢c[,0.002/5 |/’ (f)] in Table A.3.

Applying the similar arguments as the step ®, we can get a more general result as follows

Lemma A.1.5. Let an arbitrary cluster of points T := {f;} satisfy the separation condition of A(T) > 2.5/n.

Assume [ < |f — f,| < f for an arbitrary f, € T. Then,

246



ZIK O(f; — F)l < Fu(2.5/n, f) + max |[KO(f). (A.13)
felf.fl

To control |Dy(f,f*) — Dy(f)||co.00 in a similar manner for £ = 1,2, we note that ||0 — 6*||s < X*v0/v2
and both T and T are well-separated: A(T) > 2.5/n and A(T) > 2.5/n with T composed of certain “middle”

frequencies f; € [fe, f7] or [f7, f¢]. Then using Lemma A.1.5, we upperbound ||D(f, £*) — Dy(f)]| .00 as follows

1 ®
— D (£, ") —D1(f)|| .00 <1 F5(2.5/n,0.002 K" f—
TP ) = DaO)lloee SUVT(Fo(25/0,0.002m) +_ maweK"(£)DIE = 1] i

@
<(1/v/3.289n2)(0.05610n% + 3.290n%)(0.4X*~/n) < 0.73802X *~,

where @ follows by Lemma A.1.5 and @ follows from the fact that 7 > 3.289n2 for n > 130 in (A.2) and by
combining the upper bound on F5(2.5/n,0.002/n) in Table A.1 and the upper bound on max s¢[o,0.002/n] [ K" (f)]
in Table A.3. Similarly, following from Lemma A.1.5 and the mean value theorem, by combining the upper bound on

F3(2.5/n,0.002/n) in Table A.1 and the upper bound on max s 0.002/x] | K (f)| in Table A.3, we have

1 1

—|Do(f, £*) — Do (f) || so.00 <—(F3(2.5/n,0.002 K" f— o

~ID2(£,£%) = Do (f)lloc,c0 <—(F3(2.5/n, /n) + re [Ofrg%gz/n]I DI | (A1)
<(1/3.289n2)(0.28687n> + 0.0649394n%)(0.4X *y/n) = 0.04279X *~.

To control || Dy(f*) — Dy(f)||co,00, We rewrite D, (f*) — Dy (f) as
Dg(f*) —Dy(f) = Dg(f*) — Dg(f*7f) + Dz(f*, f) — Dy(f).

Then, the desired results follow from the triangle inequality of the ¢, o norm:

[Do(£*) = Do(f)[|o0,c0 < [Po(£*) = Do(£, f)loc 00 + Do (F*, £) = Do (f)]loc 00

@ (A.16)
< 2(0.00758X*v) = 0.01516 X ",
where @ follows from (A.12) and an exchange of the roles of f and f*;
1
—=ID1(f*) = D1(f)[oc,00 £ —=[D1(f*) = D1 (£, )| oc,00 + —=[D1(f*,£) = D1(f)lloc,
VT f f A7
. (A.17)
< 2(0.73802X*v) = 1.47604X ",
where @ follows from (A.14);
]' * 1 * * 1 *
—[D2(f*) = Da(f)lloo,00 <= [ID2(f*) = Da(f", f)lloc,00 + = [[D2(f", £) — Da(f) |00,
T T T (A.18)

)
<2(0.04279X*v) = 0.08558 X *~,
where @ follows from (A.15).
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Then following from Eq. (A.10), (A.14)- (A.15) and (A.16)- (A.18), and together with the sub-multiplicative

property of the /o o, norm, we have

|- dins(0 /e D 5, ) - D (6)e

1
S—=IDa(f, £%) = Di(f) oo 0011/ €" [0 lle™ [l
\f

D1 (F)]|oo.00|11-/€*] sl — €*| o
\/>

<(0.73802X*~) B* + (0.01236) B* (X *~) = 0.75038B* X *~,
(A.19)

where the last but one line follows from ||1./c*||e < 1/¢k;, and v = 70/ck;,- Here and throughout the rest of the
paper, we use 1./x, 1./|x[, y./x, |y|./|x|, x ® y and 1, W L, |l| in the sense of pointwise arithmetic operations,
here x, y stand for any vectors of the same length.

We apply similar arguments to develop the following bound

1 . 1
| i1/l P8, £)c” ~ Dae]| < LD £) = D)1/ e

oo

1
D (F) oo 1./ e — € oc
<(0.08558X*~)B* + (1.05610) B* (X *v) < 1.14168B* X *~.
(A.20)

A.2 Bounding the Dual Atomic Norm of Gaussian Noise

In this section, we develop an upper bound on the dual atomic norm of the weighted Gaussian noise Zw ~

N(0,02Z?) for the positive definite diagonal matrix Z with [Z],, = nglvy)‘ First following [22, C.4 with N >

4m(2n + 1)], we get

sup’a HZW’ <2 ma |Sm\ (A.21)
FET m=0,...,
where {S,,,} =1 are NV equispaced samples of the continuous function a( f) Zw defined on T = [0, 1]:

n 'g > m
Sy 1 = a(%)HZw = Z L\X/‘E )wgeﬂ%zﬁ.

t=—n
Since {wy} are i.i.d. Gaussian variables with mean zero and variance o2, we have that each S,,, is a Gaussian variable
with mean zero and variance given by Var(S,,) := >, (g“ (Z)) o2. The main idea next is first to compute an
upper bound (denoted by IT) on the variance Var(S,,,) and then apply the Gaussian upper deviation inequality [268, Eq.
(7.8)]

P[|Sm\2t | <e /2 (A22)
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to get a high-probability upper bound on |S,,|. To evaluate T, it is instructive to first note

min(£+M,M)

o= E (D (-5

k=max({—M,—M

with ¢ = —2M, ..., 2M, which is the convolution of two triangle functions:
1
gu(0) = i Tripg (£) * Trips(£), £ = —2M,...,2M. (A.23)
Here the triangle function is defined by Triy; (¢) := 1— %, ¢ = —M,..., M and * represents the convolution operator.

Apparently Var(S,,) is the squared ¢, norm of the vector gy = [gar(—2M),. .., grr(2M)]7T scaled by o2/ M?2.
Since by Eq. (A.23), g is the convolution of two (the same) triangular vectors hys := [Trips(—M), ..., Trip (M)]

and then scaled by 1/M, we obtain an upper bound on Var(S,,) by applying Young’s inequality ||f xg||. < |If],]Igll4

1

where 7~! = p~! 4+ ¢7! — 1 and setting r = 2,p = 2,¢ = 1:

- gum(f) ? s 0° 5 0° 5_0° 2 2
Var(Sp,) = Z I J:WHgMHz:mHhM*hM||2§W||hM||1HhMH2- (A.24)

l=—n

Therefore, to bound Var(.S,, ), it remains to bound ||hy||% and ||hj/||3 :

M 2 M 2
2 _ N a2 - N? 2M 1
||hM||1—<Z (1—M)> =M>  and  |hyl3= ) ( ) =5 tgp A

t=—M (=—M

Then plug (A.25) into (A.24), we obtain an upper bound on Var(S,,) as

2
o L (2M 1 (2 1 \ao ,(4 8\@ ,
(A.26)

where @ follows from n = 2M and @ follows since 8/n? is a decreasing sequence of n implying the maximal happens

at n = 130. Thus we can choose IT = 1.33402 /n. Plugging IT = 1.3340% /n into the Gaussian tail bound (A.22), we

get
P ||Sy| > tv1.3340/ V| < e /2 (A27)
forallm=0,...,N — 1.
Applying the union bound yields
P |sup |a(f)"w]| > 2t\/1.3340/\/ﬁ] <P [ max S| > tV1.3340/y/n| < Ne™t'/2, (A.28)
feT m=0...N—

where the first inequality follows from (A.21). Setting ¢ = /8 log n in the above gives
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8r(2n+1) 1
P |sup a(f)Hw > 4v/2v/1.334 Viegn/no| < ———=<—| (A.29)
fET’ ’ <6.534 n n?

where the last inequality holds for n > 130. Therefore, we obtain that

1
P |sup |a(f)Hw’ < 6.534+/logn/no| >1— —, forn > 130. (A.30)
feT n

To bound sup ey ’a’ (HH Zw‘ and sup ‘a’ "(HH Zw|, a natural approach is to exploit the relations between

a(f) and its derivatives a’(f), a” (f):

a'(f) = (i2m diag(n)))a(f) and a"(f) = (i27 diag(n))*a(f).

Similarly, define S}, and S/

"' as the mth equispaced sample of a’(f)? Zw and a” (f)H Zw, respectively:

S =a'(m/N)?Zw = a(m/N) (—i2r diag(n))Zw,
S! =a"(m/N)?Zw = a(m/N) (—i2r diag(n))?*Zw.

Hence S;, ~ N (0, Var(S7,)) and S}/, ~ N(0, Var(S2,)) with

Var(S!,) = i (2mlgns (0)/M)? 62) < (27n)? ( i (g (0)/M)? 02> 2 (27n)?1.3340% /n,

l=—n l=—n

Var(S)) = Z ((ZWK)QQM(E)/M)on) < (27n)* < Z (g (0)/M)? 02> g (27n)*1.33402 /n,

l=—n l=—n

where @ and @ follow from (A.26). Applying the Gaussian deviation inequality to S/ , SV yields

P[ISh] = 12mv/1330Vao| <272 and  P[IS)] 2 t4nV133nvino| < 2¢77/2,

Then applying the same arguments as (A.28), we get for n > 130,

1
P |sup |a’(f)"w| < 8v21v/1.334 \/nlogno | >1— 3
—_———
L =Aoo (A31)
1
P |sup |a”(f)"w| < 16v272v/1.334n/nlogno| > 1 — 3

feT

<257.94

Finally, we invoke that

A(f) = [a(fr),..,a(fw)],  A(E)=1[a'(f).....a (fr)l,  A"(E) =[a"(f1),....a"(fi)],
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and recognize that sup s [al”) (f) w| is an upper bound on || A(“) (f)” Zw/| . to get

IAO (£) Ziw o= max |a®)(f)" Zw|<supla®) () Zw].
re{fit feT

Together with (A.30), (A.31) and the definition g = o4/ loi . we obtain that the following inequalities hold for

n > 130 with probability at least 1 —
A 2wl < sup|a(f) " w| < 658400,
feT
| A/ (£) " Zow]| oo < sup [a’(f)w| < 41.052n70, (A.32)
FET

|A"(£)T Zw| o < sup|a”(f)"w]| < 257.94n%,.
feT

As a consequence, we claim that the following inequalities hold for n > 130 with probability at least 1 — #:

| ding(1./|c* A’ () Zow|loc V7 < || ditg(1./1c" ) o o | A (6) T B /7

1 1
< ——————(41.052n7p) < 22.64, (A.33)
V3350 i ) !

@
| diag(c./|e*|*) A" ()" Zwl|oo /7 < || diag(c./|€*])lloc.co | diag(L./|e*])[loo,c0 | A" (£) " Zw o0 /7

1
(1+ X*’y)c*—(257.94n2'yo) < 78.43(1 + X*v)v, (A.34)

min

< 1
~ 3.289n2
where @ follows from that ||Ax|[oc < ||A|so,00]/X||co by the definition of the £ o norm and the fact 7 > 3.289n2

for n > 130 by (A.2). @ follows from the sub-multiplicative property of the £ o, norm that
[ABx||oc < [[Aloc,00([Blloc,00 lI%llo0

and || diag(c./|c*])||co,c0 = maxy |co|/|cf| < (1+X*7) which follows from the assumption ||0 —0* || 5, < X*v0/v/2
and the derived results (A.10).

A.3 Gradient and Hessian for the Nonconvex Program (2.15)

Recall that the objective function G of the program (2.15) is
1 2
G(f.c) = SllA(f)c —ylz + Allel1.
We denote ¢ = u + iv for u € R* and v € R*.

A.3.1 Gradient

Let the operators R{-} and I{-} take respectively the real and imaginary parts of a complex number or vector. The

gradient of G(f, ¢) with respect to 8 := (f,u,v) € R3" is defined by
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oG/ of oG/ of R{(A (f) diag(c))"Z(A(f)c —y)}
VG(0) = |0G/ou| L |2R{0G/0e}| £ |RIA(f ) Z(A(f)c —y) + Ac./|c|}
0G/dv 21{0G /dc} T{A(f)?Z(A(f)c —y) + Ac./|c|}

where @ holds for G € R. @ follows from diag(df)c = diag(c)df and d|c| =

R gdiag(c)H(—Dl(f)c + Dy (f,f*)c* — A’(f)HZW)}
R {Dy(f)c — Do(f, f*)c* — A(f)7Zw + Xc./|c|}
[ I{Do(f)c — Do(f,f*)c* — A(F)#Zw + Ac./|c|}

ll®

] . (A35)

”d°+“d” @ follows from the kernel

matrix factorization formulas (A.6)- (A.7) and by taking into account thaty = x* +w = A(f*)c* + w.

A.3.2 Hessian

The symmetric Hessian matrix V2G/(0) is given by

with

Hg

va
Huu
H,,
H.y

e

[|®

R{—AHDy(f)A — diag(AH A" (£)H Zw) —

2°G 2°G 2°G

, BITOF  BfTou  OFTOv Hg Hp Hp

ViG(0) = | 5utae auton  satov | = |Hut Huw Huy
2°G 2°G 2°G H H H

ovTof ovTon ovTov ve Hvu B

[R{(A/(f)A)ZA'(f)A + diag((A”(f)A)HZ(A(f)c Ak

R{(A'(f)A)" ZA(f) + diag(A’(f)" Z(A(f)e =)}
I{—(A'(£)A)TZA(f) + dlag(A'(f) Z(A(f)c—y))}
A(F)HZA(f) + N diag(vZ © [c].73)

A(F)HZA(f) + N diag(u® © |c].73)

| —Adiag(u© v o [c[.7%)

diag(A" (D (£, )" — Dy(f)c))}
R{—A"D;(f) — diag(A’(f)# Zw) + diag(D1 (f, £*)c*) — diag(D1(f)c)}
I{AHD,(f) — diag(A’(f)? Zw) + diag(D; (f, f*)c*) — diag(D;(f)c)}

Dy (f) + A diag(v? © |c].73) ’
Dy (f) + Mdiag(u? ® |c|.73)

(A.36)

| —Adiag(u© v O lc|.7?)

where we denoted A := diag(c) to simplify notation. @ follows from direct computation and @ follows from the

matrix decomposition formulas (A.6)- (A.7) and by taking into account thaty = x* + w = A(f*)c* + w.

Remarkably, if we replace the noisy signal y in the objective function of the nonconvex program (2.15) with the

noise-free signal x* to get

1 «
GA(f,0) = SA(E)e = x"[7 + Ale],

then its gradient and Hessian matrix can be obtained from those of G(f, ¢) by setting the noise w to zero.
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A.4 Proof of Lemma 2.4.1

Lemma A.4.1 (Lemma 2.4.1). Let the first fixed point map be the weighted gradient map of the nonconvex pro-

gram (2.15) with the noisy signal y replaced by the noise-free signal x*:

1
0)(6) =6 - W'V (2||A(f)c xR+ )\|c||1> , (2.19)

where the gradient V is taken with respect to the parameter @ = (f,u,v). Let the regularization parameter \ vary
in [0,0.646X*yo]. Define a neighborhood N* := {6 : (0 — 0*|| & < X*v0/V2}. Suppose that the separation
condition (2.9) and the SNR condition (2.10) hold. Then the map ©* has a unique fixed point 0 € N* satisfying
Ch (9’\) = 0. Furthermore, according to the implicit function theorem, 0* isa continuously differentiable function

of A whose derivative is given by

iA__ 2 A p) —12 A/ pA
0 = (VG OY) T 5 Va6, (2.20)

*

)\:X.

Finally, when \ turns to zero, the fixed point o convergesto 0%, i.e., limy_,q 0> = 0, and therefore lim_,o x

Proof. The underlying fixed point map is

0*(0) = 6 —- W*VG*(9),

where G* is defined as the objective function of the nonconvex program (2.15) with the noisy signal y replaced by the
noise-free signal x*:

]' *
GN0) = S| Af)e —x*[|Z + Allelh-

By Theorem 2.4.1, to show the existence and uniqueness of a point 8 € A* such that G)’\(O’\) = 0*, the key is to

show that ©* satisfies the non-escaping condition and the contraction condition:

(i) ONN*) C N,

(ii) There exists p € (0,1) such that ||©*(v) — ©*(w)

% < pl|lv — w| & forany v,w € N*.

A.4.1 Showing the Contraction Property

For v,w € N'*, we have

@

1 @
j02) ~ 0wl 2 | [ 190X ev-+ (1~ owiliy - wia|  magiie [V0}0) s < v - ws.

where @ follows from the integral form of the mean value theorem for vector-valued functions (see [148, Eq. (A.57)]);

@ follows from the sub-multiplicative property of || - || .« and the fact that tv + (1 — t)w € N™* for ¢ € [0,1]. Thus,
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it suffices to show

maximize | VO*(0)
0N~

lso,0 < 1,

where the matrix £, & norm is defined by (following from the definition of the /5, norm)

A Ap A SA;1S™! SAi; SAg;
|A]lso,c0 = || [A21 Agz Asg = | AuS™!  Asy A ;
Az Az Aszlg o AzuS™h Asm Ags ||

with S = /7 diag(|c*|). Together with

Sf2
W* = I )
I,
we therefore obtain that
S~'A;;S™t ST'A;, ST'Ags

W A% = || AzS™! Az Az = [[W2AW™? oo 00 := [ T(A)lloc,00s (A7)
Agls_l A32 A33

00,00

where the linear operator Y'(-) := W*s (~)W*%. The Jacobian of the fixed point map ©* is given by

ver8) =1-W*V3Gr ), (A.38)
where the symmetric Hessian matrix V2G* () can be obtained from V2G/(8) by setting the noise w to zero:

Hg Hp He
V2G/\(0) = |Hut Huu Huv
va Hvu va

Due to the symmetric structure of the Hessian matrix, it suffices to know the expressions for the following block
matrices (see Eq. (A.36)):

Hg = R{-APDy(f)A — diag(AH (Do (f,f*)c* — Dy(f)c))}; Hyuu = Do(f) + Mdiag(v ® V./MB);

Hp, = R{—ATD,(f) + diag(D: (f, f*)c*) — diag(D1(f)c)};  Hyy = Do(f) + Adiag(u ® u./|c|3);

Hg, = I{AHD | (f) + diag(D, (f, f*)c*) — diag(D:(f)c)}; Hyw = —Adiag(u © V./|c’3),
where A = diag(c).

Next we compute the weighed {4, < norm of the Jacobian of the fixed point map o

@ * @ *— ®
IVO(0)ll,0 = [W*VZGA(0) — |0 = IT(VPGHO) = W H)[|oo,00 = [ T(VZGH(B)) = Tl]oo o0,
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where @ follows from (A.38), @ follows from (A.37) by noting that W*V2G*(8) — I = W*(V2G*(9) — W* 1)
and @ from the linearity of Y(-) and Y(W* 1) = W*>W* 'W*2 = I. Direct computation gives

ZR{®"D,(f)®} -1 %R{‘I’}Dl(f) %H{‘I’}Dl(f) diag(dg) diag(de,) diag(dgy)
T(VGN8)-I=| LDiOR{®}  Do(f) -1 + | diag(de) diag(duw) diag(dur)
L Dl( { P} Do(f) — I diag(dg,) diag(duv) diag(dw)
where ® := diag(c./|c*|) and
dg = —R{diag(c./|c*|?)7[Dy(f,f*)c* — Do(f)c]/7}; duu = Adiag(u ® u./|(:|3)7
dg, = R{diag(1./|c*|)[D1(f, f*)c* — Dy (f)c]/\/T}; dyyv = Adiag(u © v./|c|3),
dg, = I{diag(1./|c*|)[D1(f, f*)c* — D1 (f)c]//T}; dyy = Mdiag(v ® v/|c|3)

Clearly,
IT(V2GA(8)) = L|os 00 = max {11, I3, TT3 }
with I3, 113, TI3 being the first, second and third absolute row sums of Y (V2G*(8)) — I, respectively.

Bounding IT7.

17 <||-R{diag(c./|c*])"Da(f)/7 diag(c./[c*])} —I|| _ + 2 ||-R{diag(c./[c*[)}D:(£)/ V7|
+ 2| diag(L./[c*[)[D1 (£, £*)c* — D1 (f)c]/v/7||_ + |diag(c./[c*[*) D2 (£, £*)c* — Dy(f)c]/7||

@
<(0.05610 + 2.12X*5) + 2(1 4+ X*4)(0.01236) + 2(0.75038 B* X *~) + 1.14168 B* X *
<0.08561, (A.39)

where @ follows from Eq. (A.11), (A.19), (A.20) and the following bound

. " . * 2 cille
|-R{diag(c./|c NTDy(f) /7 diag(c./|c*])} — I|| < max |c || - 1‘ -+ 0.05610 m ||ci|||cj |
<X* (24 X*7) + 0.05610(1 + X*y)? (A.40)

<1.05610(X*)? 4 2.113X* + 0.05610
<0.05610 + 2.12X *.

Bounding 11 and I13.

Note IT3 and I13 are of the same form. Thus we can bound them together:

max{I13, 113} < Dy (f)R{diag(c./|c*)}l.. /v/7 + [[diag(1./|c*)[D1(f, £*)e* — Di(f)e]ll /vT
+ Do (£) = Ifloc + 2| A diag(u © v./[c|) |

]
<(1 4 X*7)(0.01236) + (0.75038B* X*~) + (0.00755) + 2(0.646 X *)
<II7 (since B*X*y < 107%),
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where @ follows from Eq. (A.11), (A.19)- (A.20) and A < 0.646 X *~g. Therefore,

maximize | T(V2G*(9)) —I|| _ __ < 0.08561 < 1, (A41)
0N~ 00,00
implying the contraction property of ©*(8).
A.4.2 Showing the Non-escaping Property

By the definition of the neighborhood A/*, it suffices to bound the distance between ©*(8) and 6*:

®
10X(8) — 0"[|s <[|©*(8) — ©*(6")||x + [|©*(6") — 0" ||
1
@ * * * *
=||/0 [VeO (1 —1)8" +t0)](6 — 6") dt|x + |©(8") — 0"
®
< mazbéiNm}ZG Vo0 (2)] 50,510 — 6" [|l< + [W*VGCH6") | %

2(0.08561)()(*%/\/5) FAZ X0/V2,

where @ follows from the triangle inequality, @ follows from the integral form of the mean value theorem for vector-
valued functions (see [148, Eq. (A.57)]), ® follows from sub-multiplicative property of || - ||s,% and the fact that
(1—1t)0* +t0) € N* fort € [0,1], @ follows from

0
[W*VG0")| % = || [R{Ac*./|c*|} <A\,

]I{Ac*./‘c*!} %
and ® holds for A < 0.646 X *~ since (0.08561)(X*7o/v/2) + 0.646 X *y < 0.9992X*v,/+/2.
In sum, ©” satisfies both the contraction and the non-escaping properties in A/*. Therefore, by the contraction
mapping theorem, the map ©* has a unique fixed point 0* e N* satisfying ©* (0/\) =0
We continue to show that 8” is a differentiable function of \. Define a function F' : R3* x R — R3* as F (6,)) =

VG*(0) and recognize F'(, \) is continuously differentiable since it has a continuous Jacobian given by

0
OF(0,)) = | 2F(0,)) ZF(@0,))|=|V’GN0) |R{c./lc|}| ]
I{c./|c[}

with a%F (6, \) nonsingular in N'* by (A.41). Then according to the implicit function theorem (see [269, Proposition

A.25)), there is a continuously differentiable function g(-) such that F(g()\), \) = VG*(g(\)) = 0 and

d 0 7] 0

T8N = —(55F 8N, V)7 51 Fg(), A) = —(VQGA(g(A)))_l5VGA(g(A))- (A42)
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Since VG (g()\)) = 0 is equivalent to ©*(g(\)) = g(\), we conclude that 8 = g()\) due to the uniqueness of the

fixed point of ©*. Therefore, 0" is a differentiable function of \ and

KPS S S O N

0

A pA
55 VG (0. (A.43)

Finally, let limy_,o * = 6". Taking limit as A goes to 0 in the equation VG*(8) = 0 yields VG°(0°) = 0 due
to the continuity of VG*(8) in \ and @ and the continuity of 8. Since VG°(8*) = 0 by direct computation and the

solution is unique in N'*, we conclude that lim_ 0 =6° =6 O
A.5 Proof of Lemma 2.4.2

Lemma A.5.1 (Lemma 2.4.2). Let the second fixed point map be the weighted gradient map of the nonconvex pro-

gram (2.15):

1
0(0) =0 - W*V <2||A(f)cy||22 +)\||c||1) (2.21)

and the region N = {0 110 - 0Mx < 35.270/\/5}. Set the regularization parameter X as 0.646.X*~, in (2.21).
Suppose that the separation condition (2.9) and the SNR condition (2.10) hold. Then with probability at least 1 — #

O(0) has a unique fixed point 0 living in N

Proof. The main idea is again to apply the contraction mapping theorem 2.4.1 to the fixed point map:

0(0) = 6 — W*VG(8),

where G is the objective function of (2.15):
1 2
G(0) = 5lIA(f)e —yllz + Alellx

with A = 0.646X*~y. By Theorem 2.4.1, showing the existence of a unique point 6 € N such that @(9) =0 can

be reduced to showing that © satisfies both the non-escaping property and the contraction properties:

(i) ON?) C N

(ii) There exists p € (0, 1) such that [|©(v) — O(W)||x < p||v — W||& for any v, w € N

A.5.1 Showing the Contraction Property

Recall that A'* is a neighborhood centered at 8* and NV is a neighborhood centered at 0> defined respectively via
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X~ 35.2
N =30:]0—-60sx <— d j\/')‘:{ 005 <= }
{o:10 -1 < Zno) an 1 =

Keep in mind that 6> is the unique point in N'* that satisfies VGA(O’\) = 0. To show the contraction of © in ", our

strategy is to show © is contractive in a larger set N that contains N:

. X* +35.2 X
N:{0:||0_9*||<50S+ }

V2 Yo = ﬁ%
Recognize that Nisa neighborhood centered at * but with a radius 35.2v/v/2 larger than that of A™*. Such a
choice is made for the purpose of showing the closeness between the final fixed point solution 6 and 6*. We remark
that the quantity 35.270/+/2 corresponds to the dual atomic norm of the weighted Gaussian noise. Adding such a
noise norm term to the radius of the original neighborhood A'* ensures that the region N is large enough for ©(0)
to be non-escaping. This is reasonable because the second fixed point map (2.21) involves an additive Gaussian noise
and we have shown that the first fixed point map (2.19) (the one constructed in the noise-free setting) satisfies the
non-escaping property in A'*.

Next, we apply arguments similar to those of showing the contraction of ©* in N'*. In particular, we first compute

the expression of Y (V2G(0)) —

TR{®TD:(1)®} 1 ZZR{®}D\(f) ZHPIDi(f)] [diag(de) diag(dea) diag(de)

T(V2G(0) 1= \%Dl(f)R{‘I’} Do(f) -1 0 + dlag(d w) diag(duw) diag(duy)
%Dl(f)ﬂ{é} 0 Do(f) -1 diag(dev) dlag(&UV) diag(&w)

with @ = diag(c./|c*|) and

dg = —R{diag(c./|c*[D)H[A” ()7 Zw + Do(f, f*)c* — Dy(f)c]/7};  duw = Mdiag(u ® u./}c’3),

dg = R{ding(L/|c* [~ A"(F) Zw + Dy (£.£)e” ~ Dy()el/y7h:  duy = Ading(u©v./[e]);

— I{diag(1./|c*)[-A/(F)1 Zw + Dy (£, £*)c* — Di(£)c]/v7}:  duy = Adiag(v o v./|c|)
Comparing the expressions for [T (V2G*(0)) — I] and [Y(V2G(6)) — I] shows that the latter differs in have
additional noise terms in the first row and the first column blocks. We have shown that the first absolute row sum
I3 of [Y(V2G*(0)) — 1] dominates the other row sums. Having additional noise terms will only increase the final
bounds due to the application of the triangle inequality. Therefore, the first absolute row sum (denoted by I1,) of

[Y(V2G(6)) — 1] also dominates and hence achieves the £+ ~, norm. Direct computation gives

Iy <TI} + 2| diag(1./|c*) A’ (£) " Zw]| oo /T + || diag(c./|c*[*)A” (£)F Zw| oo /7
@ ~
< 0.08561 + 2(22.647) + 78.43(1 + X )y

@
< 0.08563,
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where @ follows from I} < 0.08561 and Eq. (A.32)- (A.34), @ follows from X = X* + 35.2 and the SNR
condition (2.10) that X*B*y < 1073 and B*/X* < 10~* hence 2(22.64v) + 78.43(1 + X~)y < 0.00002. Hence,

maximize | VO(0)| x5 < 0.08563 < 1. (A.44)
0cN

This implies the contraction of © in N, since
maximize ||VO(0)| s, < maximize |[VO(0)| s, -
BN 0cN

A.5.2 Showing the Non-escaping Property

16(8) — 05 =[(0(8) — ©(8*)) + (O(8*) — 0V)|
2IVOB)T(0 - 0V + [WVG(0Y) |
<max [VO(B) | [0 — 0% + [ W VG0«

@
<(0.08563) (35.270/V2) +22.770
<35.117y0/V2 < 35.270/V2,

where @ follows from the mean value theorem for some @ on the line segment joining 6 and 6 and @ follows

from (A.44) and (A.45). Eq. (A.45) is given as follows

R{—diag(CA)H(A/(f’\)HZW+D1(fk7f*)c D, (f*) ’\}
HW*VG(G’\)HA = |[W* |R{—A(f))HZw — Do (£, £*)c* + Do(f)c* + Ac>./ | )
° ]I{fA(f’\)HZ(AwfDO(f)‘,f*)c*Jng(f)‘)c A /e o
R~ diag(c’./|c* )7 A'(£) 1 Zw}/ /7
2 R{-A(EM)HZw) s
{—A(f))H Zw}) N (A45)
o || [41.052n/\/7(1 + X*v)vo
16.53470 N
3227’707

where @ holds since VG*(8) vanishes at 6

R{ ding(c)" (D (£, £)c* — Dy (£)c)}
VG 0Y) = |R{-Do(f*, £*)c* + Do (f})c* + Act./|c* |} | = 0.
I{—Do(f*, £*)c* + Do(f)c* + Act./[c [}
@ holds with probability at least 1 — n% by (A.32)- (A.34).

Hence both the contraction and the non-escaping properties are satisfied by © in AN*. Then by the contraction

mapping theorem, we conclude the proof of Lemma 2.4.2. O
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A.6 Proof of Lemma 2.4.3

Lemma A.6.1 (Lemma 2.4.3). The dual polynomial Q*(f) satisfies both the Interpolation and Boundedness proper-

ties with respect to the coefficients {c} } and the frequencies { ;' }. In addition, Q*(f) satisfies first

Q%(f) > 0.887594, () < —2.24483n2,
IQI(f)I <0.0183836, |Q*7(f)| <0.113197n7,
1Q*'(f)] <0.821039n, |Q*"(f)| < 3.40320n2,

and

Qr(HQRN"+1Q*(f)P +1QI(NHIQ7(f)"| < ~1.316313n < 0

for f € N, implying |Q*(f)|" < 0in N, and second,

1Q*(f)| < 0.927615, f € M,
1Q*(f)] <0.734123, f € F.

Here the subscripts R and I denote respectively the real and imaginary parts of Q*(f). Thus q* is a valid dual

certificate to certify the atomic decomposition X* = Z]Z:l cya(fr) such that | x*|| 4 = Zif:l lcs |-

Proof. To show that q* is a valid dual certificate, it is instructive to first relate q* to the derivative of x* with respect
to )\ (where we treat x* as a function of \):
x* —x* d

= li = li =——x
q" = limq* = lim \ O o

(A.46)

where we used the fact that limy_,ox* = limy_,o A(f))c* = A(f*)c* = x* by Lemma 2.4.1. Since x* =

A

A(f)c* =Y, cpa(f}), we compute the derivative ---x* using the chain rule as:

d d d
dAxA—Z(dAue +igy ) (fM +Z ( )) [A/(f*) diag(c®) A(fY) iA(fY)] ﬁaﬁ
(A47)
where A’(f) = [ "(f1) - a’(fk)}Therefore, using Eq. (A.46) and (A.47) we obtain:
q' = - lim [A/(f*) diag(c®) A(f) iA(fY)] %ek
= — [A(f") diag(c”) A(f") iA(f")] lim %e%
= [A/(f*) diag(c*) A(f*) iA(f")] (VQGO(H*))_1%VGO(6*), (A.48)
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where in the second line we again used the fact that limy 0> = 0* by Lemma 2.4.1, and in the last line we used the
expression for de* /dA given in (2.20).

We next compute %VGO (6™) explicitly. Let K (“)(-) denote the ¢-order derivative of the Jackson kernel K (-) (see
Appendix A.1 for more details). Recall that Dy(f', £2) := [K©O(f2 — f))]1<n<ki<m<k and Dy(f) := D(f,f)

are matrices formed by sampling the Jackson kernel and its derivatives. Then we have the following expression for

VG*(8) (see Appendix A.3 for more details)

R{diag(c)(D1(f,f*)c* — Dy (f)c)}
VG (0) = |R{=Dq(f,f*)c* + Do(f)c + Ae./|c[}| . (A.49)
I{—Dy(f,f*)c* + Do (f)c + Ac./|c|}

Therefore, the partial derivative of (A.49) with respect to A is the expanded complex sign vector:

9 0 0 9 0 0
aVG)‘(O’\) = |R{sign(cM)}| := |s} = aVGO(O*) = |R{sign(c*)}| := |sk| - (A.50)
Hsign(@)} ]| |s) Isign(c)}]  |s;
Here s* = c*./|c*|,s* = c*./|c*| and the subscript R and I indicate the real and imaginary parts respectively.

Combining Eq. (A.48) and (A.50), we get

diag(c*) 0
q* = [A/(f*) A(f*) iA(f")] I (V2G2(0*) 7! |s%], (A.51)
1 st

—[87 o, a7

where we have defined the coefficient vectors aur, oy and 3 in (A.51). These coefficient vectors satisfy

diag(c*) 18 0
V2GO(6*) ar = |sk] - (A.52)
o s}
By denoting @ = ap + iay and o = [y, ..., ox)", B = [B1,...,B:]T, we obtain an explicit form for the dual
polynomial Q*(f):
k k
Q*(f) =a(Nfza* = aK(ff — )+ > BK'(ff = f). (A.53)
=1 =1

To show that q* certifies the atomic decomposition x* = S>F_ ¢ra(f}), we need to establish that
1. Q*(f) satisfies Q*(f;) = sign(c}),¢ = 1,..., k (Interpolation);

2. 1Q*(f)] < 1,Vf ¢ T™* (Boundedness).
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A.6.1 Showing the Interpolation Property

The Interpolation property follows from the construction process and is also easy to verify directly by noting

—R{diag(c*) Dy (f*) diag(c*)} R{—diag(c*)¥D;(f*)} [{diag(c*)?D;(f*)}
VRGO = | —R{Dy(f")" diag(c*)} Dy (£*) 0
—I{D (£*)" diag(c*)} 0 Do(f*)

Indeed, the Interpolation property is a result of (A.52): since Dy (f*) € R¥** and D (f*)7 = —D;(f*) (see Ap-

pendix A.1), the last two row blocks in (A.52) read

DR D) o] e _ ]
Dy (E){dingle)} 0 Dy | O s
< D;(f*)(R{diag(c*)} + il{diag(c*)}) diag(c*) '8 + Do(f*)(ar + iar) = R{sign(c*)} + il{sign(c*)}
<= Dy(f)B + Do(f*)ax = sign(c”)

= Q*(f}) =sign(cp),L=1,... k. (A.54)

Furthermore, the first row block of (A.52) is equivalent to
— R{diag(c*)" Dy (f*) diag(c*)} diag(c*) !B + R{— diag(c*) "D, (f*) }a g + I{diag(c*) D, (f*)}as = 0

— R{diag(c*)? (D2(f*)3 + D:(f")a)} =0
— R{GTQ*(f)}=0,=1,... k. (A.55)

A.6.2 Showing the Boundedness Property

It remains to show that Q*(f) satisfies the Boundedness property, for which we follow the arguments of [13]. We

start with estimating the coefficient vectors a and 3 by rewriting (A.51) as

{diag(c*)
I

0 B
o (DV2G0(61)0) ' ® |sy| = |ar] (A.56)
I st ag

where ® = diag ({diag ( L ) R ID . Denoting ® := diag(s*), we further simplify (A.56) as

le* ]

~R{®D,(f")®} R{-2"D.(f")} {2"D:(f*)}] [® '8 0
—R{D,(f*)" &} Dy (f*) 0 ap | = |sh]. (A57)
~{Dy(f*)" @} 0 Dy (f*) a; J
Denote
D, = —R{diag(s*) " Dy (f*) diag(s*) };
D, = diag(s*)" D1 (£*);
B = diag(s*) "' 8.
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The last two row blocks of (A.57) give

ar = Do(f*) " [sh + R{D, (f*)" diag(s*)}B];
ar = Do(f*) ' [st + I{D; (f*)" diag(s*)} 8]

implying

o = Do(f*) "' [s* + Dy (F*)" diag(s*)3] (A.58)
= Dy(f*) " '[s* + Dy (£ 3]
=" — (I—Dy(f*) ")s* + Do(f*) "Dy (F9)7 3.

Without loss of generality, we assume e?'s* = 1. Then

ar=1- [(1 — Dy(F*) st — Do(f*)‘lDl(f*)Hﬁ} - (A.59)

where [-]; stands for the first entry of a vector. The first row block of (A.57) leads to

DsB3 = R{Dar} — {Dioy} = R{D;(ar +ics)} = R{D;a}.

Combining this with (A.58), we get

D, = R{D;Dy(f*) '[s* + D*{' 3]}
= R{D,Dy(f*) " 's*} + R{D, Dy (f*) "}D*/'3
= R{D;Dy(f*) " 's*} + R{D,Dy(f*) " }D*7 diag(s*)3
= R{D,Dy(f*)'s*} + R{D, Dy (f*) '} D! 3.

This implies
(Dy — R{D,Dy(f*)""}D)3 = R{D, Dy (f*) 's*}. (A.60)

A.6.2.1 Bounding |3~

First invoke (A.11) to get

B 1
IDo(F) ™ lloe.00 < T—5 55755
(D1 () | sos0- D1 [lso.00 v/ < 0.01236n/1/7 < 0.00682, "o

IT = D2 /7|s0,00 < 0.0171.
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These inequalities (A.61) immediately lead to

~ ~ —_ i @ a » -
||TI _ D2 + R{D]Do(f*) 1}D{I||oo,oo ST (HI — D2/THOO,OO + ||D1/\/7i||2o,00||D0(f*) 1||00,oo) (A 62)

@
<7 (0.0171 + 0.00682° /(1 — 0.00755)) < 0.017157<r,

where @ follows from the triangle inequality and the sub-multiplicative property of { o, norm and @ follows

from (A.61). This implies that Dy — R{D;Dg(f*) ' }D¥ is nonsingular and well-conditioned. In particular,

1 1.0175
<

i . . ®
Dy — R{D;Do(f*) "IDE) Y| o <
(D2 {D1Do (%) }DY") " |, - r(1-0.01715) = 7

where @ follows from (A.62). Then from (A.60), we have
18] <Dz = R{DDo(E7) DI fow oo IR{DIDo (£) 5" o

@ ~ ~ — = — ~ — *
<[[(Dz = R{D1Do(£*) " }DT) ™ loo,00 D1 llos,o0 Do (%) ™ floc,o0 [18* o (A.63)
31.0175 0.00682/7 < 0.00700

- 7 1-0.00755 — T

where @ follows from sub-multiplicative property of the operator norm || - ||oc,00, and @ follows from Eq. (A.61) and

Is*|loc = 1. This indicates that

18|00 < Hdiag(s*)||oo’Oo ||B||OO < 0.00700/+/7 < 0.00386/n := 3, (A.64)
where the last inequality follows because 7 > 3.289n2 for n > 130 by (A.2).
A.6.2.2 Bounding ||| and R{a; } and |I{c; }|

From (A.58), we have

@ - * *\ *
letll oo <IDo(E*) ™ lloo,oo 18" llos + Do (E*) ™ loo,00 D1 (£) oo o018l

21 0.00682y/7 0.00700 (A.65)
~1-0.00755 ' 1—0.00755 /7
<1.00766 := o™,

where @ follows from the triangle inequality and the fact that || ABx||s < ||Allco,00|Blco,00 %[l co. @ holds since
[[8*/loe = 1.
Second, recognizing that o, = 1 — [(I—Dg(£*) " ')s* — Do (f*) "Dy (f*)Hﬂ]l by Eq. (A.59), we have R{ay } =

1 — [R{(I—Dy(f*) ")s* — Do(f*)_lDl(f*)Hﬁ}]l. We further get an upper bound as follows
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[[R{(X -~ Do(f*)~")s* — Do(f*)"'D:(£*)"B}],|

[(I—Do(f*)~")s* — Do(£*) "Dy (£*) " B

IDo(£*) ™l oo,00 1T = Do (£*) [loo,0018* [loc + D0 (E*) ™" los,00 D1 ()| oc,00 18]l
0.00755 0.00682ﬁ 0.00700

—1-0.00755 + 1-10.00755 /T
<0.00766,

IA® IAe

A

where @ follows from the real part of the first entry of a vector is no larger than the infinity norm of this vector and
@ follows from the triangle inequality and the sub-multiplicative property of infinity operator norm that || ABx||», <
[|A ]| 00,00 1Bl so,00 l|X]|co- The last inequality follows from Eq. (A.61) and (A.64). Combining the above arguments

yields

R{a;} >1—-0.00766 and |I{a;}| < 0.00766. (A.66)

We are ready to show the Boundedness property following the simplifications used in [13]. In particular, fix an
arbitrary point f; € T as the reference point and let f*; be the first frequency in 7 that lies on the left of fj while
f1 be the first frequency in 7 that lies on the right. Here “left” and “right” are directions on the complex circle T. We
remark that the analysis depends only on the relative locations of { f; }. Hence, to simplify the arguments, we assume
that the reference point fj is at 0 by shifting the frequencies if necessary. Then we divide the region between f§ = 0
and f7/2 into three parts: Near Region N := [0,0.24/n], Middle Region M := [0.24/n,0.75/n] and Far Region
F :=10.75/n, f1/2]. Also their symmetric counterparts: —N := [—-0.24/n,0], —M := [-0.75/n,—0.24/n], and
—F = [f*1/2,—0.75/n]. We first show that the dual polynomial has strictly negative curvature |Q*(f)|” < 0in
N = [0,0.24/n] and |Q*(f)| < 1in MU F = [0.24/n, f{/2], implying |Q*(f)] < 1in N UM U F\{f3}
by exploiting |Q*(fy)| = 1 and |Q*(fF)|" = 0. Then using the same symmetric arguments in [13], we claim that
|Q*(f)] < Lin (—=AN)U(=M)U(=F)\{f}. Combining these two results with the fact that the reference point f{ is
chosen arbitrarily from 7™ (and shifted to 0), we establish that the Boundedness property of Q*( f) holds in the entire

T\T*.
A.6.2.3 Controlling Q*(f) in Near Region

For f € N, the second-order Taylor expansion of |Q*(f)| at fi = 0 states

1
Q* (N =1Q° () + (f = Q" () + 5(f = f5)*1Q*(©)I"
= 1+ (= FDIQ DI + 5~ 3)1Q )1 for some € € A, (A.67)

with the second line following from the Interpolation property. We argue that
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O (1) — QRUDQRUEY +QiUQIUEY _ BIGIQRUS) T HAEIQIUS) _ RIGQ'U5)) _
0 QD) 310~ (7] 3 1Q~(f5)]

The last equality is due to (A.55). Together with (A.67), to bound |Q*(f)| strictly below 1, we only need to show the
Q*(f)"” < 0for f € N). Since

concavity of |@*(f)| in Near Region (i.e.,

O ()1 — - QRUIQRUY + QINQIN | Q@KUY +1Q ()P +]QH(NIIQ5 ()
@ (AP ()l ’

we only need to show that

QR(NQRN" +1Q*(F)* +1Q1(NIQ7I(H)"| <.

Recall the expression for Q*(f) given in Eq. (A.53)

Q)= Y. wK(ff—H+ Y, BK'(ff - 1)

freT~ freT*

To bound the real part of Q*(f) in A/ = [0,0.24/n], we observe

W) > R{aK(f)}—a> D |K(f—fOI=BCIK(H) == D |K(f-f)
freT+\{0} freT+\{0}

> Ran} min K(f) = a™Fo(2:5/n, ) = B (ma |K' (/)] + By (2:5/n, /)

(1 — 0.00766)(0.905252) — (1.00766)0.00757 — (0.00386 /n)(0.789569n + 0.01241n)

>
> 0.887594,

where the first inequality follows from an application of the triangle inequality, and the second is from Lemma A.1.2.
The third inequality follows from evaluating Fy(2.5/n, f) and Fy(2.5/n, f) at f = 0.24/n, the numerical bounds
in Table A.1 and Table A.3 of Appendix A.1.5 and Eq. (A.64), (A.65), (A.66), as well as min e K (f) > 0.905252.
This last bound follows from [13, Eq. (2.20), set f. = n — 2] that K(f) > 1 — %Q(n —2)(n +2)f2. Hence

2 2

min K(f) > min 1 - %(n —)n+2)f2>1- %(n — 2)(n +2)(0.24/n)2 > 0.905252.

Similarly, combining Eq. (A.64), (A.65), (A.66), the upper bounds on Fy(2.5/n,0.24/n) in Table A.l and the

upper bounds for max renr | K ) (f)| and max e K”(f) in Table A.3, we get

=" (f) SR{al}?leaju\)/(K”(f) +a™F5(2.5/n,0.24/n) + ﬁm(rjpe%c K" (f)| + F3(2.5/n,0.24/n))

(1 — 0.00766)(—2.35084n2) + (1.00766)(0.05637n2) + (0.00386/n)(7.79273n> + 0.28838n3)

<
< —2.24483n2;
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QTN <[H{an} max K(f) + @™ Fo(2.5/n, 0.24/n) + 5 (max [K'(f)] + F1(2.5/n,0.24/n))

<(0.00766) x 1+ (1.00766)0.00757 + (0.00386,/n2)(0.789569n + 0.01241n)
<0.0183836;

Q1"(f)

<o ma [ (1) + 0™ Fa(2:5/m,0.24/m) + 5 (s | K" ()| + Fa(2:5/m, 0.24/n))

max
feN
<(0.00766)(3.290n2) + (1.00766)(0.05637n%) + (0.00386/n)(7.79273n> + 0.28838n3)
<0.113197n?;

Q"' (f) [K"(f)+ F2(2.5/n,0.24/n))

<a®™ ! . .24 >
<o (max [K'(f)] + F1(2:5/n,0.24/n)) + 5 (max
<(1.00766)(0.789569n 4 0.01241n) + (0.00386/n)(3.290n> + 0.05637n2)
<0.821039n;

Q™" (f)

<o (umas [ (f) |+ Fa(2:5/n,0.24/m) + B (s | K""()| + Fa(2:5/m, 0.24/m))

<(1.00766)(3.290n% + 0.05637n2) 4 (0.00386/n)(7.79273n> + 0.28838n3)
<3.40320n°.

Combining the lower bound on Q% (f) and the upper bounds on Q% (f)”, |Q*(f)'|, 1Q5(f)| and |Q%(f)"|, we arrive

at

Q*(NI" = Qr(NQR" +1Q*(N)* +1QI(HIQI(f)"] < ~1.316313n* < 0in N.

A.6.2.4 Bounding |Q*(f)| in Middle Region

For upperbounding |Q*(f)| for f € M =[0.24/n,0.75/n], we firstly apply the triangle inequality

QNI=1 Y wK(ff =+ Y, BKE'(ff = f)

frerr freT*

<||a||oo(|K<f>|+ ) |K<f—fz>|)+||ﬂ||oo(|K’<f>|+ ) K'(f—f;))
freT=\{0} frer=\{o}

< a®[K(f)|+ B°|K'(f)] + a®Fy(2.5/n, ) + BF1(2.5/n, f), (A.68)

where the last inequality is from Lemma A.1.2. We then follow [13, Eq. (2.29)] to upperbound the first two terms in

the last line

m2(n? —4)f2  minty
6 72

K(f)l <1- and  |K'(f)] < for f € [~1/2,1/2].

The rest of argument consists of defining
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L) = o (1= o — )+ ot 1) + 5y - )

LQ(f) = O400}70(2'5/77/7 f) + ﬂooFl(Z'S/nﬂ f)

with the derivative of L, (f) given by

Ly(f) = —a™ <F2(n23_ I W4’11;f3) +ﬁmw <0, forfeM,

implying that L, is decreasing. Also, Lo is increasing in M by Lemma A.1.2. Hence, by the monotonic
plying g g y y

property, we have

1Q* ()| <L1(0.24/n) + Ly(0.75/n) < 0.919779 + 0.007836 = 0.927615 < 1.

Bounding |Q*(f)| in Far Region.
Recall that fj = 0 is the reference point. To simplify notation, we re-index the frequencies such that ... < f*; <

fi=0< ff<....For f € F=1[0.75/n, f7/2] = [0.75/n, fT — f7/2], by Lemma A.1.3, we have

Z KO = )] S We0.75/n, f1/2) 3 Bul(5(2.5/n) +0.75/n) + > Be(i(2.5/n) + f{/2)

j=0 i>0

$ N Bu(j(25/n) +0.75/n) + 3 Bul(j(2.5/n) + 1.25/n)
j=0 j>0

& W,(0.75/n,1.25/n), (A.69)

where @ follow from the definition of W (f, f) in Lemma A.1.3, @ follows f}/2 = (f{ — f3)/2 > Amin/2 = 1.25/n
and decreasing property of By(+), and ® follows from the definition of W ([, f).
Finally, applying (A.69), (A.64) and (A.65) to (A.53), we arrive at

Q ()] <a™ D IK(f = fO)l + 87 Y IK'(f = f7)]
14 J4

<1.00766W(0.75/n,1.25/n) + (0.00386 /1)W1 (0.75/n, 1.25/n)
<1.00766(0.70859) + (0.00386 /1) (5.2084n)
=0.734123.

This concludes the proof of Lemma 2.4.3. O
A.7 Proof of Lemma 2.4.4

Lemma A.7.1 (Lemma 2.4.4). Under the settings of Lemma 2.4.1, let Q*(f) and Q*(f) be the dual polynomials

corresponding to 6> and 6%, respectively. Then the distances between Q(f) and Q*(f) and their various derivatives
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are uniformly bounded:

|Q*(f) — QM f)| < 28.7343X*B*y, f € N, Q*(f) — QMf)| < 39.3557TX*B*y, f e M,
Q' (f) — QN (f)| < 44.4648nX*B*y, f € N,  |Q*(f) — Q*(f)| < 66.1596X*B*~, f € F,
1Q*"(f) — Q*'(f)| < 140.808n2X*B*y, f € N.

Proof. We exploit the closeness of 8* and 6> (see Lemma 2.4.1) to bound the pointwise distance between Q*(f) and

Q(f). Note

x* — X/\ A
QN - Q*(f) =alH"Z(q* — a*) = a(f)"Z ( 2y (fowA:O) - /O a()"'z (Cftx _ Cftx> dt,

which implies that

d d
A > < H It H ot
QM) = Q ()] < max [alN"Z(5x" — alHB(x!. (A70
We can also obtain similar bounds on the pointwise distances between derivatives of Q*(f) and Q*(f).
Recall from Eq. (A.47), (2.20), and (A.50) that
S = (A ding(c)) AP TA(P)(VCA0Y) (AT1)
ot = AP ding(eh) A(F) iA(F))(VIGY(6) ot (A72)

T T
where p* = |07 R{sign(c*)}” ]I{sign(c*)}T} and p* = [OT R{sign(c)}T I{sign(c*)}”

Multiplying both sides of Eq. (A.71) and (A.72) by —a(f)¥ Z( and then inserting W*2 W*~2 (which equals I)
into the spaces before and after (V2G°(6*))~! (and (V2G*(6*))™1) yield
Hy 4y AL YDA A
—a(f) 12X = A (NE

—a()"(Sx = v ()2

Here

v (f) = [Da(f,£) diag(c*)S™ Do(f,£*) iDo(f, )],
V*(f) = [Dl(f’ f*) diag(c*)s_l DO(f7 f*) ZDO(f7 f*>]a
with Dy(f, f*) a row vector defined by D, (f, f*) := [Ko(f — f), ..., Ke(f2 — £)]. and

(A.73)
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where Y(-) := W2 (~)W*% is a linear operator that normalizes the Hessian matrix so that it is close to the identity.

As a consequence, we bound the integrand of (A.70) as follows

V()"0 — A ()Z
<A (P (0" — P+ I (DE )M + [ () — A ()20

< (HIE [sose 0 = P Moo + 127 (HILIEY = EMlscsc o Moo + 127 (F) = 2 (D1 1EM|so,00 10 e
(A.74)

where the first line follows from the triangle inequality and the second line follows from Holder’s inequality and the
sub-multiplicative property of the £, -, norm. We next develop upper bounds on |[v*(f)||1, [[v*(f) — v (f) |1,

="

— EMlo,000 [IEM lo0,00- [l = p* 11 and || p*]|oc.

=
— ||co,00

Bounding || =% 00,00 and [|Z*||00.00 and [|Z* — ZM| 00 c0-
We note that both Z*~! = T(V2G°(6*))) and 2} ' = T(V2G*(6"))) are close to the identity matrix. More

precisely, we have

= — @ *

IT—=* 1||oo = [I- T(V2GO(9 NMso,00
@
< [T~ diag (e*./le* ) (=D (£)/7) diag (¢* /le*]) o e + 2| (™ /le* /D1 (£)/V7 .o

v ([l diag(c*./|e* D1 (£*)/ VT [l o000 + [T = Do (f*)loc00)

®
< T = (=D2(f)/7)lloo,00 + 2D (£*)/ VTl o0,00
®
< 0.0171 + 2 x 0.00682
< 0.03074,

where a V b := max(a,b). @ follows from definition of =* and @ follows from applying the triangle inequal-

ity to the expression of [I — Y(V2G°(0*))]. ® follows since the infinity norm of any sign vector is 1, bounding
|diag(c*./|c*|) D1(£*)/v/T |00, is equivalent to bound ||D1(f*)/\/7T||cc,co. Finally, ® follows from Eq. (A.11).
This leads to

1 1
=+ < < <1.03172.
1E7 o000 <37 I— = oo — 1—0.03074 = (A73)

According to (A.41), we have

|
1T =2 looe = IIT = T(VZGM(0M))]|s0,00 < 0.08561,

yielding

1 1
Moo < < < 1.09363.
|| H s —1 B HI B E/\ilnoo,oo - 008561 — (A76)

Next, note
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—%* — —2—1 *
IE " =2 oo =IT(V?G(67) = T(VZGH0)) oo 00 < max{ITy, TIo, 3},

where IT}, Iy, IT5 denote the first, second and third absolute row block sums of [T (V2G(0*)) — Y(V2G*(0™))]. We

first bound II; as follows

I, =| diag(c./|c*[) " D2(f) diag(c./|c*|) — diag(c*./|c*[) " Da(£*) diag(c*./[c*])]|oo,00 /T
+2||diag(c./|c*) D1 (£) — diag(c™./[c*) "D (£)|| . o /VT
+ 2|diag (1./]c*]) [D1(f, £*)e* — D1(f)c]||, /v7T
+ || diag(c./[c*|*)? [Da(f, £*)c* — Da(f)c]|loo /7
C[2.19778 X y + 1.14168(X )] + 2[1.48286 X * + LAT604(X*)2] + 2(0.75038) X * B*y + 1.14168X* B*~
<7.81004X* B*y (by B*X*y < 1073), (A7)

where @ follows from combining Eq. (A.19)- (A.20) and (A.78)- (A.79), where (A.78)- (A.79) are given by

|| diag(c./|c*|) " D2 (f) diag(c./|c*|) — diag(c*./|c*|) ¥ Do (£*) diag(c*. /|c*|) | co,00/ T
<||diag(c./|c* ) Da(f) diag((c — ). /||| oo 00 /T

+ || diag(c./[c* )" (Da(f) — Da2(f%)) diag(c”./|c*])[loo,00 /T

+ || diag((e — *)./|e*|) " Da(f*) diag(c”./|e*]) oo 00/
<(1+ X*9)(1.05610)(X*y) + (1 + X*)(0.08558 X *7) + (X*~)(1.05610) (by (A.18) and (A.11))
<2.19778X*y + 1.14168( X *~)? (A.78)

and

| diag (c./le* )" D1 (£) - diag (c"./[e")"" Da(£")]|

VT

< |[diag (./1e )" (1) = Da(E) | V7 + |diag (e = )./l )T Do) /7
<(14 X*7)(1.47604X*y) + (X*7)(0.00682) (by Eq. (A.17) and (A.11))
<1.48286X *~ 4 1.47604(X*~)2. (A79)

We next bound Il and I13:

{1, I3} 2 D1 (f) diag (c./|c*]) — D1 (£*) diag (¢*./|c* )| o0 /VT
+ Do () = Do(f*)|loo,00 + [ diag(1./|c*)[D1 (£, £*)c* — Di(f)c][loo/ VT
+Aluou/lc’ —u out /[P + Aluov./cF —u* O v* /e
(148286 Xy + 1.4T604(X )] + 0.01516X * + 0.75038X* B*y + 2(0.646 X *7)(5.00701) X *~
<2.25636 X* By
<II; (by B*X*y <107?),
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where @ follows from the triangle inequality and @ follows by combining Eq. (A.79), (A.16), (A.19), and (A.80). To

show (A.80), we assume the norm ||u ® u./|c|> — u* ® u*./|c*|3||« is achieved by the /th entry and proceed as

wout| o) g g
lcel® g P T e g
21 A
A lee®  [cp]?
g)iw((%rX*v)Jr (X*v)jt?;((i(;v)+3> - {*7(5.00701)7

where @ follows from |[R{a}| < |a| for all @ € C and @ follows from the triangle inequality. @ follows from

Eq. (A.81) and (A.82) given below:

2 %2 ok * * *
|C€ *(;@ S 1* |C[ *C€| |Ce—tc€| S X 7(2*+X 7) (A81)
|c7 | Izl leg] |z | Cmin
and
1 1 1 1 1 1 1 lce — ¢} leel> el
leo? |73 — = |eof? ( + + )S L1+ +
e e leel  legl] \leel® " lez? T leglled |Cl||ce| 12 et
< x, ( |Cf\2+ |Cf|>
|ce |7 | |7
1 |cel? |Cf|)
X"y (1+ + 1=
mln(]' _X* ) | /|2 |C£|
Xy (X)? 4 3(Xy) +
T 1 X7
(A.82)

where the first line follows from |a® — b3| = |(a — b)(a? + ab + b?)| = |a — b|(a? + ab + b?) for any positive a, b.

_ Mleel=lefll o lee=cj]
leellez | = Teellcs]

lce — ¢;1/|e;] < X*v by (A.10). For the fourth line to hold, note that by (A.10), ‘67 c < X*~, which implies that

The second line holds since |$

by the triangle inequality. The third line follows from

lei| > |ef| —|ei — ;| > (1= X*v|)ck |- The last line follows from |c|/|c}| < (1+X*7).Finally, we get the bound

=" - E’\_lHoo,oo =TI, < 7.81004X* B*y

implying

_ _ _ _ ——1 -
IE* = EMlos,00 <IE o000 lE* ™" = B llos,o01Z 10,00 (A.83)

<(1.03172)(1.09363)(7.81004X * B*y) = 8.81222X* B*y.

Bounding [|p* — p*[|o and [[p*cc-

First recognize that || p*||», = 1 since p* contains either signs or zeros. Assume the £, norm of (p* — p*) is achieved
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by |sign(c}) — sign(c})|, then applying triangle inequalities gives

* A A A A A

Hp* _ pA” Cé‘ G Gy Cy S _ i Gy _ S |cl — CZ|
oo T =
X el el Tegl el Iegl ~Hedl el |7 |
| /\| 1 1 |C; — C2|

| =] st

:|c’ |Cz| |7 |02*C?|

|Cg||ce| ‘Ce|

Sgw < 2X*.

A

Bounding v* (f),v* (), v*(f)" and (u*(f) — v (£)), @*(f) = v (), w*(f) = v ()"
Applying the triangle inequality and the sub-multiplicative property of the norm to (A.74) and (A.73), we get

le*(f) = v MH)
A 1T 1 Ma—1 NT A *
<|[Dy(f,£) — Dy (f, £))7 diag(c)S ™" — D1 (f,£47B||1 + 2| Do(f. £*) - Do(f. £)]]s
<IDa(f,£) = Da(f, £)[1 ]| diag(e)S™ 11 + [Da(f, £) (1] @][1,1 + 2[Do(f, £) = Do(f, £5)ll1;  (A.85)
v ()l
<|IDy (£, £7) diag(c*)S™ 1 + 2[Do(f, £4) 1y < Dy (f, £) 1] diag(c*)S™ |11 + 2[Do(f, £4)ll1,
where ® := diag(c*)S~! — diag(c*)S™! and Dy(f,f) := [KO(f, — f),..., KO (f, — f)]. Similar bounds also
apply to various derivatives of v*(f) and 1/’\( f), which we need in order to bound the distances between derivatives
of Q*(f) and Q*(f). Using (A.10) and 7 > 3.289n2, we have
|(diag(e?) — diag(e*)S |, , <(max |} — ¢ |/|cf)/VT < X*3/v/7 < 0.552X "/
[diag(c*)S™!|, | <(1+ X7)/v/T < 0.552/n,

which we need to continue the bounds in (A.85).

(A.86)

Since f may lie in different regions: Near Region, Middle Region, and Far Region, we next organize our analysis

into three parts based on what region f is located in.
A.7.1 Near Region Analysis

We start with controlling | D, (f, f*) — Dy(f, £*)||1 and [D,(f,f*)||1 for £ = 0,1,2,3 in Near Region. When ¢ = 0,

we have
® -
IDo(f, £%) = Do(f, £%)]1 = ZIK (2 =1 = K(ff = NI < DK (fe = HIIE = £l
¢
®
< (F1(2.5/n70.2404/n) + mag(|K’(f)|> [ — | o
feN
®
< (0.01241n + 0.790885n) (0.4 X v /n)
< 0.321318X ™, (A.87)

273



where @ is due to the mean value theorem with f located between f7 and fg\. @ follows from Lemma A.1.5. To see

this, first note that A({f;}) > 2.5/n by Lemma A.1.4. Second, f € N = [0, 0.24/n] implies that

0<|f = fol <If = F21 + £ = fol <0.24/n +0.4(1073) /n = 0.2404/n.

We also used the definition N = [0,0.2404/n] in @. ® follows from the upper bound on F}(2.5/n,0.2404/n)
in Table A.1, the upper bound on max ..y [K'(f)| in Table A.3, as well as the upper bound on [£* — £ in
Lemma 2.4.1.

Applying arguments similar to those for (A.87), we can control || D,(f,f*) — Dg(f, £*)|: as
IDe(f,£) = Do(f, £t <(Fr41(2.5/n,0.2404/n) + max (KD ODIE = £ . (A.88)

We specialize the above inequality to £ = 1,2, 3 using the upper bounds on Fy(2.5/n,0.2404/n) in Table A.1 and

those on max , ¢ [K“)(f)] in Table A.3 to obtain

D1 (f,£Y) = Di(f, £5)[l <(Fa(2.5/n,0.2404/n) + max K" (HDIEF = £l

<(0.05637n% + 3.290n2)(0.4X*y/n) = 1.338548n X *7; (A.89)
D2 (f, £2) = Da(f, £*)]l1 <(F3(2.5/n,0.2404/n) + max K" (FDIEY = £

<(0.28838n3 + 7.80572n°)(0.4X*v/n) = 3.23764n* X *~; (A.90)
ID3(f,£) = Da(f, £%)[[1 <(Fa(2.5/n,0.2404/n) + max K" (F)DIE* = £]|oo

<(1.671n* +29.2227n*)(0.4X*y/n) = 12.3575n3 X *. (A91)

Furthermore, we can use similar arguments and Lemma A.1.5 to control |D,(f, f)||; for f € N

IDe(f, €)1 < Fo(2.5/n,0.2404/n) + max [K O ()], (A.92)
feN
which specializes to
Do (f, £)|l1 <Fp(2.5/n,0.2404/n) + max |K(f)| < 0.00757 + 1 = 1.00757; (A.93)
JEN
ID1(f, £)||1 <F1(2.5/n,0.2404/n) + max |K'(f)| < 0.01241n + 0.790885n = 0.803295n; (A.94)
feN
D2 (f, £)|l1 <F2(2.5/n,0.2404/n) + max |K”(f)| < 0.05637n? + 3.290n? = 3.34637n?; (A.95)
feN
|Ds(f, £%)|l1 <F5(2.5/n,0.2404/n) + max |K"(f)| < 0.28838n% 4 7.80572n° = 8.0941n°. (A.96)
feN
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With these preparations, we are ready to control ||v*(f)©) — v () ||; and ||v*(f)©||; for £ = 0, 1,2 in Near

Region. Generalizing (A.85) to the /th derivative of v*(f) and *(f) to get

()@ =MDy <IDesa (£, ) = Dy (£, £ || diag(e®)S ™[y
HIDegr (f, 9] | ding(c*) S~ — diag(c®)S ™|y + 2Dy (£, £) — De(f, £)]h;

12 (/) <IDesa(f, £4) diag(c*)S ™ | + 2| De(f, £
(A.97)

Plugging Eq. (A.87), (A.89), (A.94) and (A.86) into (A.97), we obtain

[ (F) = v (Nl SIDa(f,£) = Di(f, £5) |1 [| diag(c*)S ™|
+ Dy (£, £)[l1 ]| diag(c*)S™" — diag(c*)S ™|l + 2| Do (£, ) — Do(f. £)1

0.552X*
n

0.552
<1.338548nX "y~ = + (0.803295n) +2(0.321318X ™) < 1.82494X ™.

(A.98)
Plugging Eq. (A.89)- (A.90), (A.95) and (A.86) into (A.97), we obtain

* ! * . _
[e*(F) = (f) [l <IDa2(f, £) — Da(f, £l diag(c*)S ™1
+ Do (f, £)[1]| diag(c*)S™" — diag(c*)S ™[ + 2(D1(f, £) — Dy (£, £4)[1
552 552X (A.99)
§3.23764n2X*v% 4+ (3.3463702) 22928 | o1 3385480 %)

<6.31147TnX*~.

Plugging Eq. (A.90)- (A.91), (A.96) and (A.86) into (A.97), we obtain

* " * . _
()" =2 ()" 1 <IDs(f, ) — Da(f, £)[h]| diag(c*)S ™ |1
+ D3 (f, £2) 1] diag(c*)S ™" — diag(c*)S ™" |1 + 2[|Da(f, £*) — Da(f, £)[h
5o, 0.552 0.552.X * (A.100)
§12.3575n3xwT + (8.0941n3)T7 + 2(3.23764n% X *)
<17.7646n° X *7.

Similarly, plugging Eq. (A.93)- (A.94) and (A.86) into (A.97), we have

2
v (Pl <|ID1(f, £*) diag(c*)S™ |1 + 2|[Do(f, £)||1 < (0.803295n) +2(1.00757) < 2.45856. (A.101)

Plugging Eq. (A.94)- (A.95) and (A.86) into (A.97), we obtain

552
lv*(£)'[l1 < |D2(f, £*) diag(c*)S™H|1 + 2| D1 (f, £)]1 < (3.34637n2)¥ +2(0.803295n) < 3.4538n.
(A.102)

Finally, plugging Eq. (A.95)- (A.96) and (A.86) into (A.97), we arrive at
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0.552

lw* ()"l < IDs(f, £*) diag(c*)S™ 1 + 2| D2 (f, £*)[1 < (8.0941n) +2(3.34637n?) < 11.1607n>.

(A.103)

We are now ready to control the pointwise distance between Q*“)(f) and Q* ® (f) using

Q"N - NI <N IR v (I, £=0,12. (A.104)

Plugging Eq. (A.98)- (A.99), (A.75)- (A.83) and (A.84) to (A.104) with £ = 0, we obtain for f € N/

Q*(f) — QMNJ)]
<[ (NDE loo,solle” = M+ [ (DIIE" = EMosoolloMoo + 167 (F) = VA OILIE loo,00]10 oo
<(2.45856)(1.03172) (2X*7) + (2.45856)(8.81222X* B*) + (1.82494X *~)(1.09363) < 28.7343X* B*~.

Plugging Eq. (A.100)- (A.101), (A.75)- (A.83) and (A.84) to (A.104) with £ = 1, we obtain for f € N’

Q" (f) = N/
—_ * —_ —_ / —_
<* ) LI lloooo 10" = 27+ 24 () [LIE* = EM o000 oo + 27 (F) = A () 11 1EM o000 10 oo
<(3.4538n)(1.03172)(2X*7) + (3.4538n)(8.81222X* B*) + (6.31147n.X*~)(1.09363) < 44.4648n.X* B*y.

Finally, plugging Eq. (A.102)- (A.103), (A.75)- (A.83) and (A.84) to (A.104) with £ = 2, we get for f € N

Q)" = Q)|
* —% * * —% —_ * " —_
<[ (N I1IE loo,oolle™ = Ml + 5 () I IE = EMloo,00 1Moo + 17 ())" = 2 () 111EM oo o0 107 |0
<(11.1607n%)(1.03172)(2X*7) + (11.1607n%)(8.81222X* B*~) + (17.7646n>X *~)(1.09363) < 140.808n>X*B*~.

A.7.2 Middle Region Analysis

We continue with bounding the pointwise distance between Q*(f) and Q*(f) in Middle Region M = [0.24/n, 0.75/n].
We start with controlling | D,(f,f*) — Dy(f,f*)||1 and |D,(f,f*)||; for £ = 0,1. First note when f € M =
[0.24/n,0.75/n], we have

(@) |f = fol <If = £z + | f3 = fol <0.75/n + 0.0004/n = 0.7504/n,
O |f = fol =If — f&l =15 = fol > 0.24/n — 0.0004/n = 0.2396 /n.

Denote M = [0.2396/n, 0.7504/n]. We combine the upper bounds on F;(2.5/n,0.7504/n) in Table A.1 and the

upper bounds on max ;v | K (f)| in Table A.3 to get
Do (£, £) = Do(f,£%)|l1 <(F1(2.5/n,0.7504/n) + mex K (HDIE = £l
€

(A.105)
<(0.01454n + 2.46872n)(0.4X */n) = 0.993304X *~;
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D1 (f,£2) = Da(f, £5)ll <(F2(2.5/n,0.7504/n) + ma K" (DIE = £l
S

(A.106)
<(0.12675n2 + 3.290n%)(0.4X *y/n) = 1.36670n.X *7.
In a similar manner, we use Lemma A.1.5 to control ||D,(f, f)||; as follows
IDo(f, £)]1 < Fo(2.5/n,0.7504/n) + max | K (f))| < 0.00772 + 0.90951 = 0.91723; (A.107)
fem
ID1(f,£)|l1 < F1(2.5/n,0.7504/n) + max |K'(f))| < 0.01454n + 2.46872n = 2.48326n. (A.108)
fem

To control ||v*(f) — v (f)||1 and ||v*(f)|1 in the Middle Region, we plug Eq. (A.105)- (A.108) into (A.97) to
get

1v*(f) = v D]l <ID1(f, ) — D1(f, £)|1] diag(c)S™ |1 + D1 (f, £)|1]| diag(c*)S™! — diag(c*)S™" |1
+2|[Do(f,£Y) = Do(f, £%)1x

0.552 0.552X*

<1.36670nX *y——— + (2.48326n) +2(0.993304X*y) < 4.11179X*v; (A.109)
n

0.552
v ()l <ID1(f, %) diag(c*)S ™|y + 2[Do(f, £) |1 < (2.48326n) — +2(0.91723) < 3.20522.
(A.110)

Finally, we control |Q*(f) — Q*(f)| in Middle Region by plugging Eq. (A.109)- (A.110), (A.75)- (A.83) and
(A.84) to (A.104) with £ = 0 to get

Q*(f) = QXN < (DlIE ss.cello™ = pMa + 12 (HILIET = Eloo,ocll0* oo
+ () = (O lIE s ,cell 0l

<(3.20522)(1.03172) (2X*7) + (3.20522)(8.81222X* B*v) + (4.11179X *~)1.09363
<39.3557TX*B*y, f € M.

A.7.3 Far Region Analysis

Lastly, we bound the pointwise distance between Q*(f) and Q*(f) in Far Region F = [0.75/n, f{/2]. Again,

we start with controlling ||Dy(f, ") — Dy(f,f*)|1 and |D,(f,f*)|1 for £ = 0,1. First note when f € F =
[0.75/n, fT/2], we have

(a) f—fo>f—f& =15 = fol = 0.75/n — 0.0004/n = 0.74996 /n,
(b) fr — f > —|fi = ff|+ ff = f > —0.0004n + f{/2 > —0.0004/n + (2.5009/n)/2 > 1.25/n.

Further note that { f;} satisfies the separation condition that A({f,}) > 2.5/n. Then, following from Lemma A.1.3

and the upper bounds on W;(0.74996/n,1.25/n) in Table A.2, we have
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Do (f,£%) = Do(f, £4)[l <D (F, /)1 [I£* = £*lo0
<W1(0.74996/n,1.25/n) ||£* — £ 00 < 5.2265n(0.4X*/n) = 2.0906 X *; (A.111)

ID1(f, £*) — Dy (f, £*)[|1 <Wo(0.74996/n,1.25/n)||f* — £* |0 < 48.033n2(0.4X*y/n) = 19.2132nX *7.
(A.112)

Similarly, we can use Lemma A.1.3 to control |Dy(f,f)||; for £ =0,1and f € F:

A113
D1 (f, £%)[|1 <W1(0.74996/n,1.25/n) < 5.2265n. @.113)

Directly plugging Eq. (A.111)- (A.113) into (A.97), we arrive at

1 (f) = v (Nl SID1(f,£) = Du(f,£9) 1]l diag(e*)S™H [l + D1 (f, £)]l1]| diag(c™)S™" — diag(c*)S™"|x
+2HD0(fa fA) _Do(fa f*)Hl

0.552 0.552X*
<19.2132nX Y~ 4 (5.2265n) —
n n

+ 2(2.0906 X *y) < 17.6720X *; (A.114)

0.552
n

% ()l <Dy (£, £) diag(e)S™ |1 + 2[Do(f, £4)[11 < (5.2265n) 2= + 2(0.71059) < 4.30621.

(A.115)
As a final step, we control |Q*(f) — Q*(f)| in Far Region by plugging Eq. (A.114)- (A.115) and (A.75)- (A.84)

to (A.104) to get

1Q*(f) = QXN < (DlE lssccllo™ = pM1 + [ (HILIET = Eloo,0cllp* oo

+ () = A (D IEM o000
<(4.30621)(1.03172) (2X*7) + (4.30621)(8.81222X* B*) + (17.6720X *~)(1.09363)
<66.1596X*B*y, f € F.

This concludes the proof of Lemma 2.4.4. O
A.8 Proof of Lemma 2.4.5

Lemma A.8.1 (Lemma 2.4.5). Under the settings of Lemma 2.4.2, let Q and Q* be the dual polynomials corre-
sponding to 6 and 6", respectively. Then the pointwise distances between Q*(f) and Q( f) and their derivatives are

bounded:

1Q(f) — QMN(f)| < 82.5975B* /X*, f € N, 1Q(f) — QM(f)| < 114.323B*/X*, f € M,
1Q(f) — QN (f)| <180.283nB*/X*, fe N,  |Q(f) — Q (f)| < 162.903B*/X*, f € F,
Q)" — Q '(f)| < 758.404n%B* /X*, f € .

Proof. The expressions q* = x*;\xA and q = % lead to
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- Ao -xY)  w ¥ -x
implying
o () Zw|  |a())"Z(x* — %)|
Q) - QNI < =F—+ 2\ : (A.116)

I (f) 2 (f)

This separates the distance between Q* () and Q(f) into two parts: one is IT; (f) associated with the dual atomic norm
of the Gaussian noise w whose upper bounds were developed in Appendix A.2; the other is IIs( f) corresponding to the
dual atomic norm of x* —%. The latter quantity can be bounded by similar arguments as controlling |a(f)?Z(x* — %)|

in Lemma 2.4.4.

Bounding IT; (f).
Combining Eq. (A.32)- (A.34), we can upperbound IT; (f), II(f)’ and IT; (f)” with high probability (at least 1 —1/n?)
forall f € T:

I, (f) < 6.534y9/A < 10.115/ X *;
I, (f) < 41.052n70/) < 63.458n/X*; (A.117)
I (f)" < 257.94nv /X < 399.288n2 /X *,

where we used A = 0.646 X *~p.

Bounding IT( f).

2(f) = $1Do(/,£)e = Do(f, £)e

1 . 1 o
< Do) = Do(f: D)lsl|e* oo + S 1Po(f B 1]1€ — oo
[ONS] - . 1 . A
< HIDLE DI = Fllclie oo + SIDo(F D1 lle — ¢
2 o 0.4(35.2)y . )
< 0,646X*%< D1 (£, )1 + 35.29|Do (£, )1
® B*(1+ X*v) [14.08 . X

Dy (f,f 2||Do(f, £
= T 0.646X~ ——|D1(f,£)llr +35.2(Do(f £ ) ,

where @ follows from the mean value theorem. For @ to hold, first note that A = 0.646X*~, and 6 € N* by

Lemma 2.4.2. Then, we can upperbound ||&¢ — ¢*||o as

A A
cj — ¢
HC—CAHOC — M

|3 <(35.27) e

[
where the equality follows by assuming the /., norm is achieved by the jth row and the inequality follows by changing

X* t035.2 in (A.10) and defining ¢}, := max; |ch| ® follows from vy = ~ycr . and

max min
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Dax _ e 1G] _ gl g .
=B~ < B*—= < B*(1+ X*).
Chin Cmax |Cj

As a consequence, to control IIy(f), it reduces to bounding || D;(f,)||; and ||[Dg(f,f)||1. For this purpose, we

first note that {A(T'), A(1)} > 2.5/n by Lemma A.1.4. Second, by

~ o . @ ®
IF = £]lco < |If — £*]|oc < 0.4(X* + 35.2)y < 0.0004/n + 1.408 x 106 /n = 0.000401408 /n,

where @ follows from the length of subinterval is no larger than the whole one. @ follows from Eq. (A.10) and @
follows from the SNR condition (2.10). Thus, we can follow the same arguments that lead to Eq. (A.93)- (A.94)
for Near Region, Eq. (A.107)- (A.108) for Middle Region, and Eq. (A.113) for Far Region to develop bounds on
IDe(f. )l

To have a concrete idea, we first show how to control ||Dy(f, f)||; since the upper bounds for ||[Dg(f, )| then

follows by ||f — £*||oc < || — £*||c. First, consider f € N. Then we have

0 < |fo— f <|fo — f&l + |f& = f] < 0.000401408 /n + 0.24/n < 0.240401408 /n.

With some abuse of notation, we denote A := [0,0.240401408 /7). Second, consider f € M. Then we have

(@) |f = fol <If = 31+ 1£2 = fol <0.75/n + 0.000401408 /n = 0.750401408 /n;
O) | = fol =If = £31 = |£2 = fol > 0.24/n — 0.000401408/n. = 0.239598592/n.

Denote M = [0.2396/n, 0.7504/n]. At last, we consider f € F = [0.75/n, ff/2]:

(a) f— fo>f— f& —|f& = fol = 0.75/n — 0.000401408/n = 0.749598592/n;
(b) fi — f > —|f1 — fF] + fF — f > —0.000401408 /n + fF/2 > —0.000401408 /n + (2.5009/n)/2 > 1.25/n.

Hence we can define F := [0.749598592/n, 1.25/n]. Furthermore, we remark that those numerical upper bounds
in Table A.1- Table A.3 do not change when evaluated for the newly defined intervals N, Mand F.
Finally, by directly plugging the upper bounds of | D,(f, f)|| o in (A.93)- (A.94) for Near Region, (A.107)- (A.108)

for Middle Region, and equation (A.113) for Far Region, it follows that

L1001 (14.08 () 8032957 4 35.2(1.00757)) < 72.48255%, f € A;

B* 0.646 n X
I2(f) =5+ L.001 (1408 (2 48326n) + 35.2(0.91723)) < 104.2082, f € M; (A.118)
S001 (1008 (5 2265n) + 35.2(0.71059)) < 152.788%5, f € F.

Similarly, from (A.94)- (A.96), we have an upper bound on I (f)" and II5(f)” as follows
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ta(y <0t (M Do Bl + 3520017 D)
g%% (14n08 (3.34637n2) + 35.2(0.803295n)> < 116. 825n L fEN; (A.119)

ta(r)" <2 (B Ia(s D)l + 35.20Da( D)L )
)'é: (1) ggé <l4n08 (8.0941n%) + 35.2(3.34637n2)> < 359.116712%, FeN. (A.120)

Combining (A.117)- (A.120) for I1; () and II,(f), we can control Q) (f) — Q’\(Z) (f)] in Near region f € N as

follows

Q(f) — Q (f)] < (10.115 + 72.4825)B* /X * = 82.5975B* /X *, f € N;
Q(f) — ( )| < (63.458n + 116.825n) B* /X * = 180.283nB* /X*, f € N;
Q)" — Q' (F)] < (399.288n% + 359.116n%)B*/X* = 758.404n>B* /X*, f € N.

For the case of Middle Region and Far Region, we can upperbound them as:

1Q(f) — QMf)| < (10.115 4 104.208) B* /X * = 114.323B* / X*, f € M;
Q(f) — Q /)| < (10.115 + 152.788) B* /X * = 162.903B* /X *, f € F.

This completes the proof of Lemma 2.4.5. O
A.9 Proof of Proposition 2.4.1

Proposition A.9.1 (Proposition 2.4.1). Let the decomposition X = lezl ¢va(fo) with distinct frequencies T =
{fe} C T and nonzero coefficients {¢;} and set § = (y — X)/\. Suppose the corresponding dual polynomial Q(f) =

a(f)" Zq satisfies the following Bounded Interpolation Property (BIP):

Q(fy) = sign(é),¢ =1,...,k (Interpolation);
1Q(f)| < 1,¥f ¢ T (Boundedness);
then X and q are the unique primal-dual optimal solutions to (2.8) and (2.16), that is, X = x#'°® and §q = q#'°°. Here

the operation sign(c) := c/|c| for a nonzero complex number and applies entry-wise to a vector.

Proof. The uniqueness follows from the strongly convex quadratic term in (2.8). We next show the primal optimality
of X and the dual optimality of g by establishing strong duality. First, q is feasible to the dual program (2.16) because

of the BIP property. Second, we have the following chain of inequalities:
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1 1 N
value of (2.16) = 5 lyl[3 — 5 iy — Aal
Loa CHryA
= 5IDalE + AR (%24}

1 5 R
= 5lly = %liz + Allel

v

1 N .
§||y - XH% + A||x||4 = value of (2.8),

where the second line follows by plugging y = X 4+ Aq; the third line holds due to the Interpolation property; and
the last line holds since ||%X||4 < ||€]|1 by (2.7). Since the weak duality theorem ensures that the other direction of
the inequality always holds, we obtain strong duality. As a consequence, x and q achieve primal optimality and dual

optimality, respectively. This means X = x2°*, § = q8'°" due to uniqueness of the solutions. O
A.10 Proof of Corollary 2.2.1

Corollary A.10.1 (Corollary 2.2.1). Under the same setup as in Theorem 2.2.1, with probability at least 1 — #, the
frequencies and coefficients estimated by the atomic norm regularized minimization (2.8) constitute a global optimum

of the (1-regularized nonlinear least-squares program (2.15).

Proof. Denote by F(x) the objective functions for (2.8) and G(f,c) for (2.15). Assume (£"°",c"°") is a global

optimum for (2.15) with x"°" = A (f"°")c"°", and x8°P = A (£&!°P)c8°P is the global optimum of (2.8). Then

F(XglOb) < F(Xnon) < G(fnon’cnon) < C_{v(f~8}10b7Cgl()b)7 (A121)

where the first inequality uses the optimality of x&!°" to (2.8); the second inequality follows from ||x"°%|| 4 < [|c}°%||,
by (2.7); and the last inequality follows from the optimality of (f*°*, ¢®°™) to (2.15). On the other hand, recog-
nize that ||x21°°|| 4 = [|c'°P||, since {f£'°"} satisfies the separation condition (revealed by Lemma A.1.4 in Ap-
pendix A.1). This leads to G(f&!°P c&l°P) = F(x&°P). Therefore, all inequalities in (A.121) become equalities and

hence G(f7°n, c¢"om) = G(£8°P, c8l°P). This implies the global optimality of (£81°P, ¢&!°P) for the nonconvex pro-

gram (2.15).

A.11 Proof of Lemma A.1.4

Lemma A.11.1 (Lemma A.1.4). Let the separation condition (2.9) and the SNR condition (2.10) hold. Then both the
frequencies T = {f}} returned by the first fixed point map (2.19) and the frequencies T = { fg} generated by the
second fixed point map (2.21) have minimal separations at least 2.5/n. Furthermore, the intermediate frequencies
defined by T = {fNE}?:l with each f; € [f7, £ or [f}, fF] and the second intermediate frequencies T> = {f€}§:1

with each f; € [, fol or [fe, f}] also have minimal separations at least 2.5 /n.:
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min{A(T*), A(T), A(T), A(T*)} > 2.5/n.

Proof. First of all, from Lemma 2.4.1, we have * € N*, implying ||f* — f*||oc < 0.4X*B*~y/n by Eq. (A.10)
and by Lemma 2.4.2, we obtain that & € A", which implies ||f — f|.. < 0.4(35.2) B*y/n by Eq. (A.10). More

precisely, we bound A(T?) as

® .

i#£]
o A R e R A
g : * x| A x| A px
_Igglfz fjl mZaXIfi ff] m?X\fj fj|
®
> A(T*) —0.8X*B*y/n
®
> 2.5009/n — 0.0008/n = 2.5001/n > 2.5/n,

where @ follows from the definition of the separation distance and @ follows from the triangle inequality. ® follows
from that @” is the fixed point solution of the contraction map (2.19). Thus, 0 e N* following from the non-escaping
property by the contraction mapping theorem. This further implies that [|f* — f*|, < 0.4X*B*y/n by (A.10).
Finally, @ follows from that 7™ satisfies the separation condition (2.9): A(T*) > 2.5009/n.

For bounding A(T), first identify that — max; | f; — f| > — max; | f} — 7|, since the inner point f; is included in
the interval [, f] and hence the length of the [f;, f#] is less than the entire interval [f}, f]. Then we immediately
arrive at A(T) > 2.5/n.

For A(T'), we have

A(T) = min |f; - fj
i#]
=minlfi = [} + £ = 7 + £ = il
i#£]
® . .
= min |3 — f7] = max| fy — f] = max|f; = £}
® .
A - 2 - e
®
> A(T*) — 2(14.08) B*y/n,
where @ follows from the triangle inequality and @ follows from the definition of ||[f — £ ... ® follows from that
[ — oo < 0.4(35.2)B*y/n = 14.08B*y/n by (A.10). Finally following from the SNR condition (2.10) and

A(T™) > 2.5001/n, we then have A(T") > 2.5001/n — 2(14.08) x 10~7/n > 2.5/n.
A(T?*) > 2.5/n holds by the same strategy as A(T) > 2.5/n. O
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APPENDIX B
APPENDICES FOR CHAPTER 3
B.1 Proof of Lemma 3.4.1
Lemma B.1.1 (Lemma 3.4.1). The following conditions are necessary for (3.16):
> Qunvp () wi(k) = up(i), Vi € [n],¥p € [1];
3k
> Qijeu(i)wi (k) = vj(4), Vi € [n], Vp € [1];
ik
> Qi (i)vy(j) = wi(k), Vi € [n],Vp € [r]
'7j

or in tensor notation

Qxovyx3wy = uy, Vp € [r];
Qx uyx3w, = v, Vp € [r]; (3.21)
Qxuyxgvy = wr, Vp € [r]

where { X} are the k-mode tensor-vector product [270] whose definitions are apparent from context.

Proof. From the KKT conditions of the constrained optimization (3.20), we have the partial derivatives of its La-

grangian
L(u,v,w,a,b,¢) =q(u,v,w) —a(|[u]|3 = 1) = b(||v[3 = 1) — (w5 — 1)
atu = u;, v = v;, and w = w;, p=1,...,r, must vanish. Therefore,
OL(uy, vy, wy,a,b,c) _ Iq(uy, vy, wy) ogu” = 0
du du P
8£(u;,v;,wz*,,a,b,c) _ aq(u;,v;W;) ot =0 B.1)
ov v P
3£(u;,v;,w;,a,b,c) _ aq(u;7V;7W;) — 2ew* = 0.
ow ow P
H ~_0q(upviwr) _ 0q(ug v wr) _ 9a(upviwr) * i
ence, 2a = (— 25— uy), 2b = (—L52—"=,vy), and 2¢ = ( o , wy). Note that g satisfies the

Interpolation condition and %(Vi’)w) = >, Qijrv(j)w(k), we have that

2a =) Qijeuy(i)vy()wy(k) = q(uj, vy, wy) = 1.
0,4,k
That is a = 1/2. With similar arguments, one can show that b = ¢ = 1/2. The conclusion of this lemma follows

from (B.1). O]
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B.2 Proof of Lemma 3.4.2

Lemma B.2.1 (Lemma 3.4.2). The solution of the least-norm problem (3.22) has the form (normal equation)

Q=) (a}@Vv;@w,+uy @B, w)+u;® v,y (3.23)
p=1

*

with the unknown coefficients {a;, B,

s Yptp=1 being chosen such that Q in (3.23) satisfies (3.21). So we get an

explicit form of a pre-certificate

qg(u,v,w) =(Q,u®vew)

= e, u)(vy, v){wh,w) + (a5, ) (B}, v) (W), w) + (uh, ) (v}, V) (v, w)]. (3.24)
p=1
Proof. First, the Lagrangian form of (3.22) is

1 r
ﬁ(Q, {a;,ﬁ;,’y;};=l) e §||Q||i-‘ — Z (Qxla;XQV;X3W; + Qxlu;XQﬁ;X3W; + Qxlu;><2v;><3'y;)
p=1

1 T

= §||Q||§: - <Q,Za;®v;®w; +u;®B;®W;+u;®v;®'y;>
p=1

with the Lagrangian multipliers {a;g7 ,6';, Y }p=1 to be chosen such that Q satisfies (3.21). Then, by the KKT neces-

sary conditions, the solution of the least-norm problem (3.22) should satisfy

o _PL(Q (a5 By 7 i)
0Q

=0 - (o avi@wr+ @B, 0w, +us v, ®7)).
p=1
B.3 Proof of Lemma 3.4.3

Lemma B.3.1 (Lemma 3.4.3). Under Assumptions Il and III together with r = o(n?/k(logn)?), the following esti-

mates are valid for sufficiently large n:

1 T T
1 T r
1 NG r

where
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A= [a;’... ,a:] U= [U—Tv"' ,u:];

B= [/8;5 ?18:] 7V: [VIF" ,V::I;

C= [71(3 77;(] 7WZ [W{a 7W:]
and the norm || - || is the matrix spectral norm.

Proof. We need to find coefficient vectors {cc, B;, 75} 75— s0 that the tensor

T
Q=) (ap@vi@w)+usep)ew,+u,e v,y
p=1
satisfies (3.21):

QXovyX3wy =y, Vp € [r],
Qxuyxzwy =vy,  Vp € [r],

Qxuyxavy =wy,  Vp € [r]. (B.2)

An iteration scheme. We adopt the following iterative scheme to find such {a;, ,8;7 Vptp=1:

ot = o~ p (Qixavxswy —uj), g€,

Bt =Bl —p(Qhxiupxswh — Vi), q€[r],

Yo =k = p(Qsx1upxavy —wy), g€ [r], (B.3)

initialized by a2 = %u;, ﬁg = %V;, and 72 = %w; with ¢ € [r]. Here the parameter p is a step size to be chosen

later and the tensors

r

L=Y (eev ewu e g ew ey, 0).

p=1
Q=" (v @ w +up© B, @ w; +up @ Vs © )
p=1

r
t

3::Z(aé@vz®w;+u;®,3;®wz*,+u;®vg®'y;). (B.4)
p=1
Note that the above iterative scheme is for theoretical analysis only as we used {avj;, ﬁ;, 5 }p=1 in the definitions of

t ot t
1, Q5 and Q5.

Convergence of the iteration scheme. We next establish the convergence of the iterations (B.3). Plugging the tensor

eigenvalue equations (B.2) into (B.3) followed by subtracting the true solutions from both sides yields for ¢ € [r]
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t+1 t ¢

at — ot =al — af — p[Q] — Qxav)x3W],
t4+1 t ¢

By — By =B, — By — rlQs — Qlx1uyx3wy,
t+1 At t

Vo= =Y, — g — plQ3 — QI xau XV

Then plugging the definitions of Q}, Q% Q% (B.4) into (B.5) and using the following matrix notations

A= [al,--  al] A= af,- 0],
B':=[al,---,al] ,B:=[of, -, 0],
Ct - [’75, afyi] ) C:= [’Yfa T 7'7:] ’

we have

AT A=A A)I-p[(VTV)O (WIW))),
B'" —-B=B'-B)(I-p(U'U)e (W W)]) —pV[(A'-—A)TU) 0 (W'W)],

C*l - C=(C'-C)I-p[(U'U) 0 (V'V)]) = pW{[(A' = A)TU) & (V' V)] + [(UTU) & (B -

Denoting e/, = ||A" — A||, el = ||B" — B||,e’ = ||C! — C|| and

Amin(VTV) © (WTW))
p:=pmin{ Apin(UTU) 0 (WTW)) 5,
Amin((UTU) ® (VTV))

it follows from (B.6) that

et < (1= p)eg,
ey < pIUNIVIIWIPeq + (1 = p)ey,
et < POV Wlleg, + pl[UIPIVIHIWIlep + (1 = p)et.

(B.5)

B)'V)]}.

(B.6)

(B.7)

where we have used triangle inequality and properties of spectral norms such as ||P © Q|| < ||P||[|Q]| **. Convert-

ing (B.7) into matrix form gives

eltt 1-p 0 0 el
ol < louiviwe 15 o | [d)
e PIUWIIVIE plGIIFIVIIWIE 1 =5] |ec

where the lower triangular system matrix share the same value

43Hadamard product P ® Q is a principal submatrix of P ® Q, whose singular values are the products of the individual singular values of P and

Q.
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n=1-p
R R (] ®.5)

n n
c (0,1)

where (B.8) follows from applying Weyl’s inequality to (3.6) in Assumption III and the last line holds for any p €
(07(1 n R(lognn)ﬁ)q)

Conclusion. The error sequence (el, e}, e!) is convergent to (0, 0,0) geometrically with a rate € (0, 1). Thus,

: t t t\
lim (A, B*,C") = (A,B,C).

Convergence of the consecutive differences {|A’ — A*~1||}, {||B! — B7!||},{||C* — C'~!||}. Subtracting the

following two consecutive iterations for { A’} in (B.6):

AT — A= (A - A)I-p[(VIV) 0 (W W)))
Al— A= (AT = A)I-p[(VTV)0 (WIW)])

yields

AT AT = (A" —ATHI-p[(VTV) 0 (WITW))).

Similar manipulations applied to {B‘} and {C'} lead to

B! —-B'=B'-B"H)(I-p[(U'U)e (W W)])-pV[(A'—A"HTU) o (W W)],
Citl - C'=(C'-C"H)(I-p[(UTU) O (VTV)])
—pWA{[(A" = A"HTU) o (VTV)] + [(UTU) o (B -B")"V)]}

Defining &, = [|Af— A!71||,é! = ||Bt —B!~!||,é! = ||C! — C*~!||, we can get the same form as (B.7) and therefore

claim that (é¢, &}, é%) converge to (0,0, 0) geometrically with the same rate n € (0,1) in (B.8).
Bounding the accumulative errors. The geometric convergence of {||C! — C*~!||} implies
|C* —C | <p'THICt - C°
which together with the triangle inequality gives
t—1 t—1 1

Ict = <) et —cof <) nlct -0 < ﬂHCl - .
s=0 s=0

Letting 7~ go to infinity on the left-hand side gives
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1
IC-C° < mllc1 -CY. (B.9)

We next bound ||C! — C°||. From (B.3), we have
Vg — Vg = P(QEx 1y X2V — W) =p (Zm;, WV, ViYW — w;)
implying
C'-C'=pW((UTU)e(VTV)-TI).

Then from Assumptions II and III, we have

|Gt — ) < W (UTU) & (VTV) — 1] < p(l ; ﬁ) r(logn)v/r (B.10)

n

Combine ALL. Finally, combining (B.8), (B.9) and (B.10) and using C, = %W, we have

1 7
C— 1 < +cy/I k(logn)y/r
3 1— r(log n)\/T n
n

)

=2k (log n) (\/; + cT>

n nlb

where the second line follows from the assumption r = o(n?/k(logn)?) which implies 1 — M > 3 fora

sufficiently large n. Similar arguments and bounds apply to |A — 2 U|| and |B — £ V.

B.4 Proof of Lemma 3.4.4

Lemma B.4.1 (Lemma 3.4.4). Under Assumptions I, II, I1I, if 1 < n'? and r < 5fi— for 6 € (0, 5|, then for

sufficiently large n, we have |q(u, v, w)| < 1 in F(9).

Proof. The following lemma is required in the proof of Lemma3.4.4. Let us first admit Lemma B.4.2 to prove
Lemma3.4.4. Since g is the sum of two parts given in (3.29) and (3.30), to bound |g|, we will control these parts

separately.

Lemma B.4.2. Under Assumptions I and I1, if r < n*-2>=1-57< with r. € (0,1/6), then for any integer p > 3,
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1
IO [l2-p <1+ ET(log n)n="e
The same bounds hold for V. and W. Here, we define |H||a—, := sup{||Hx]|, : x € S"~1}.

Proof of Lemma B.4.2. See Section B.4.1. O

Bound absolute value of (3.29).

s 1 T
ZI = gup up vy, V(W W) <D (e = sugp w2 | D (v, v)2 wy, w)?
p=1 p=1
r 1 I T
< (o — §u;’u>2 1 Z<V* )4 a Z(W* w)4
p=1 p=1 p=1

1
= [[(A = 30) o[ Vv | W wls

1
<|A - §U||HVT||2H4||WT||2»4

< 2x(log n) (\[ + c> (1+o(1))

=o(1),

1.25

where the last second line follows from Lemma3.4.3 and LemmaB.4.2 when r < n (by letting r. in “r <

n'25="<" approach to zero). The last line holds for r < K(logsn)

Similar bounds hold for the other two terms in (3.29).

Bound the absolute value of (3.30).  First of all, for any (u,v,w) € F(J), there exists a division of [r] =

., UQ, UQ, such that

[(up,w)| <6, VpeQ,
[(vy, V)| <6, Vp €, (B.11)
[(wp,u)] <8, VpeQ,.

We will denote by Ug,, the submatrix of U forming from those columns of U with indexes in €2,,. Similarly, we can

define Vo, and W, . With these preparation, we have that
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Yo lwwiviviiwiw = > [(upu{vy, vi(wiw)]

p=1 PEQLUR, U,
< 6(IVa, lllWe, | + [0q, lIIWa, | + Ua, [ Va, )

2
n

< 120 max{1, c*r/n}

IN
S

where the first inequality follows from (B.11) and 3 o [(vy,v){wy, w)| < [[Vo,||[[Wgq,||, etc. The second

inequality uses the fact that the spectral norm of any submatrix is smaller than the original one and Assumption II. The

last inequality holds when § < 5; and and r < n/(246¢?).

Combine ALL. Under Assumptions I, IL, IIL, if 7 < n'% and r < 3% for § € (0, 5], we have || < o(1)+ 5 < 1

in F(¢) for sufficiently large n.

B.4.1 Proof of Lemma B.4.2

The proof refines the one for Lemma 4 of [71]. We only prove it for U since the same arguments apply to W and

V. We start with a general integer p > 3.

IO ll2wp = sup U], = [[UTx"], (B.12)
x€S

where we define x* € "~ to be the optimal solution of sup, cg.—1 U x|[2. Further note that

U715 = [Ugx* I} + [Ugex*|7 (B.13)

where S denotes the indices of the largest (in absolute value) L entries of U x* and U g denotes the column submatrix

of U indexed by S. Similar notations apply to its complement set S¢ = [r] \ S.

Bound the first term.

1)7'(log n)

US| < [USXIE < UsUSI <1+ ) [(wisuy)| < 1+ (L - NG

ieS\{j}

(B.14)

Note this upper-bound is independent of p. Here, the first inequality is because |u} " x*| < ||uf||2[|x*||2 = 1 and the
last second inequality follows from Gershgorin’s circle theorem. Finally the last inequality is from Assumption I and

L being the cardinality of the set S.
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Bound the second term. First note that

Sl

. * ]- * * ]‘
gl < 7 3l %P < HIUSUE X3 < 70+ o(1) <

h

for sufficiently large n. The last second inequality follows from (B.14) and an additional assumption on L

(L — 1)7(10\/%’” =o(1). (B.15)

We conclude that

2
max |u; x*|? < rmn|u—rx*|2 <=
i€S° L’

since S consists of the indices of the L largest (in absolute value) elements of U T x*. As a consequence, we have

[Ugex* |2 =" Ju)x*” < ( max|uTx*\p N> %= (H;Eax\uTx*|p UL

igs ¢S
9 L1 - 2
< <> (1 + C\/>> (B.16)
L n

where the last inequality follows from the fact that [|[U .x*||3 < [[Uge||? < [[U]|* < (1 + ¢,/Z)? by Assumption IL.
Furthermore, since (1 + ¢,/Z)? < 4max{1,c*L}, *L < ¢?n25~ 157 from the condition of r < n'2*~1-57 and
1 < ?n02~ 15 for . € (0,1/6), we have (14 ¢,/L)? < 4¢n%25~ 157 for . € (0,1/6). So from (B.16), we

get

21
2 2
U x|} < 4(L) ?n0-25—15re, (B.17)

From (B.13), (B.14), and (B.17), we have

To* 7(logn) 2 L 2 0.25—1.5r,
[U'x*|lp <14 (L—1) NG +4( = oo e
n

By choosing

1 0.5, LS% 0.5— T(+1
L{Q —‘é{ 10

which satisfies the condition (B.15), we have that

1 p 3 b e
[UTS < 14 Sr(logmn " + 4FcPn(i-D+(=Dr.

Then from the assumptions p > 3 and r. € (0, ¢), we get
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3 p p 5 3 p p 5
- 5 5 c< i c P c = 2 — cg_c-
<4 4>+(2 2)7‘_(4 4)67‘ +<2 2>r (2—p)r T

1 P
Ul < 1+ (Grllogn) + 45| .

So, we have

Since 42 ¢? < 7(logn) and (1 +¢)/7 <1+ stforallt > 0, then
T x 1 —re
IO < 1+ Sr(lognyn
p

holds for any p > 3. This completes the proof since [|[U " [|2—,, = ||[U T x*||,, by (B.12).

B.5 Proof of Lemma 3.4.5

(B.18)

Lemma B.5.1 (Lemma 3.4.5). Under Assumptions I, 11, 111, if r < nt-25=157e yith . € (0, %), then for sufficiently

large n, we have

|F(01,02,05)] < |cos(8y)cos(2) cos(f3)| + | sin(6y) sin(h) sin(b3)| + %T(log n)n~"c.

Proof. We start by the angular dual polynomial (3.37)

q(u(01),v(02),w(0s)) = cos(01) cos(f2) cos(f3) + ¢
tgq
+4q
+q

uj,y, z) cos(f7) sin(fz) sin(63)
x,v7,2)sin(0;) cos(ds) sin(63)

x,y,w7)sin(6;) sin(fz) cos(03)

—_— o~~~

X,y,7)sin(fy) sin(62) sin(f3).

To bound ¢, we only need to bound the coefficients ¢(uy,y, z), ¢(x, v}, z), ¢(x,y,w7), and ¢(x,y, z).

We first show that ¢(u},y, z), ¢(x, v}, z), and g(x,y, w?) are close to zero. To see this, we examine

a(x,y.wi) =Y [, x)(vy, y)(wh, wi) + (a5, x) (B}, y) (wp, i)
p=1
+ (ug, x) (v, ) (v, wi))]
=x"[A diag(W w})VT + Udiag(W 'w})B' + Udiag(C 'w})V ']y

1 1
=x' (A diag(W Twi)VT — —uivi + Udiag(W 'w})BT — —ujv; 4+ Udiag(C'w})V' —

3 3

since x L uy,y L v7. This implies
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. 1
0 yow)] <A diog(WTwVT = Juivs

1
+ HU diag(W Tw})BT — gu’fv’f

* 3

1
x| <U diag(CTw}H V' — u’{v’f) y‘ .

We first bound || A diag(W Tw}) VT — Lujvil|.

1
HA diag(W TwH)VT — gu{vf (B.19)

1
< HA diag(W TwH) VT — ;U diag(W Tw}) VT

1 1
+ H?)U diag(W Tw})VT — gu{vf

1 . 1 .
< | = 50 N WV + 101 dine W T~ en) VT
T T T T(logn) \?
<2x(logn) (7’L+Cn1‘5 1+c - + NG 1+c¢c -

oo 47 7o) (Y

where the third inequality first uses the facts || diag(W " w1)|| = 1 and || diag(W "w} —e1)|| = max,1 |(w}, w})|

and then follows from Assumptions I and II and Lemma3.4.3.

Similarly,
2
1 1
HU diag(W wy)BT — gusf < [ZK(log n)g + Tg(\)/g;)] (1 + c\/z> .
The similar arguments also apply to bounding |x " (U diag(C"w$)V T — fu}v})y|. Note that

1 1
x! (U* diag(CTw}) V' — 3ufva> y =x' (Udiag((C — W/3)Tw)V Ty + gXT(U diag(WTw} —e;)VT)y

and the first term can be rewritten as

x" (Udiag((C—W/3) w)V )y = Z x" ((c; —w;i/3) ' wiwv] )y
= Z(XTui)(ViTY)(Ci —wi/3) w})

=x' Z (wi(v;' y)(c; — wi/3) ") wi
i=1

= x" (Udiag(V'y)(C— W/3)") wi,

and so
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. 1 . 1 . *
<" (Ut ding(CTWHVT - JuiviT )y <[l ding(VTY)IIC ~ W3] + 5 U] ding(WTwi )V

Finally, we obtain

laGe,ys wi)l < {Gﬁ(logn)\f + T(l\‘}gﬁ”)} (1 + c\/z>2

0 k(logn)y/r 7(logn) k(logn)r'® 7(logn)r
= n NV n2 " pls

0 k(logn) 7(logn) k(logn) 7(logn)
o n3/8+are’ p5/8—=4re p1/8+ 5. ) 1 +1.5mc

=0(k(logn)n =" 7(logn)n=3") = o(n"2")

with the notation O(f(n), g(n)) := max{O(f(n)),O(g(n))}. The the last second line holds if r < n!-25=1:57 and
the last line follows from the assumption r. € (0,1/6).
The same bound holds for |¢(x, v}, z)| and |g(u},y, z)|.

The coefficient of the last term of (3.37) is ¢(x, y, z) and its absolute value is bounded by the tensor spectral norm

*

of @, and should be close to constant as Q is close to Z;Zl u;‘, ® V; Qwy

, the spectral norm of whichis 1 +O(n="<)

by the following lemma.

Lemma B.5.2. Under Assumptions I and I, and if v < n'-2>=15"< with r. € (0,1/6),

<1+ ZT(log n)yn~ .

r
* * *
g u, ®Vp ®wp
p=1

Proof of LemmaB.5.2.
= s (UTa, (VTb) o (Wo)
(a,b,c)eK

< sup |UTals(VTb)® (WTe)lls/
(a,b,c)eK

,

* * *
Z u, ® v, ® W,
p=1

< sup [[UTalls| VbW vl
(a,b,c)eK
/| U P VA P, [P
1 3

< (1 + gT(log n)n”)

—r 1 2 —re 1 3, —3r
=14 7(logn)n""° + gT(logn) n-"e 4+ §T(logn) n- o

5 )
<1+ ZT(IOg n)yn~"e,
where the first inequality follows from Holder’s inequality and the second inequality follows from Cauchy’s inequality.

The fourth inequality follows from LemmaB.4.2 when r < n!-25=1-57 with . € (0, §). The last inequality holds
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since 17 (logn)?n~" + $7(logn)3n =3 < fn7"e. O

It remains to bound the difference between Q and Z;zl uy @ vy Q@ wy:

I I I
1 1
quu;eav;e@w; <| D(eg—gu)eview+| > uwe B, - v ew,
p=1 p=1 p=1
11, I

+

- * * * ]' *
Zup OV, ® ('Yp - gwp)
p=1

I3

First we bound I1;:

1
I = sup ((A-3U)'a(Vb)o(W'e)
(a,b,c)€K 3

1
< sup ||(A—gU)TXHzII(VTb)@(WTC)Ilz
(a,b,c)€K

1
< sup ||(A—gU)TX||2||(VTb)H4||(WTC)||4
(a,b,c)€K

1
<|lA- gUIIHVTHz%IIWTIIz%

r

< 2k(logn) (\7/177 + cn:5> (14 0(1)) < 8k(log n) max {\T/f, ¢ 13 } < 8k(logn)n =3 = o(n=2")

where the first and second inequalities follows from Cauchy’s inequality and the fourth inequality follows from
Lemma3.4.3 and LemmaB.4.2 when » < n'-2%. The last inequality follows by plugging r < n!-25=1:57¢ with
r. € (0, %)

The same bound also holds for II5 and IIs.

Combine ALL. If r < n'-25=157 with r. € (0,1/6), we have

( |
la(x, vi,2)| = o(n™?"),
la(x,y, wi)| = o(n™"),
5)
lg(x,y,2z)| <1+ zr(log n)n~"e 4 o(n=2"), (B.20)

which together with (3.37) gives

lq(u(6:), v(62), w(65s))|

<| cos(67) cos(62) cos(63)| + | sin(h; ) sin(6s) sin(63)] + ZT(log n)n~"c + o(n=2")

<| cos(67) cos(6z) cos(83)| + | sin(; ) sin(fs) sin(63)] + gr(log n)yn~"e
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—7e

where the last inequality follows from o(n=%"¢) < L7 (logn)n

B.6 Proof of Lemma 3.4.6

Lemma B.6.1 (Lemma 3.4.6). Under Assumptions I, I, III, if r < n'-25, then for any &; € ( e

have

F(01+&1,02 + 62,03 +&3) < 1 (3.42)
for (917927 03) € {(03 Oa 0)7 (077{7’”)’ (’/Ta Oa 71—)7 (71—77(; 0)} and

F(0y+&,00+&,03+&3) <0 (3.43)
for (01,02,03) € {(m, 7, ), (7,0,0),(0,7,0), (0,0, 7)}. Here, equality in (3.42) holds only if &, = & = &3 = 0.

Proof. Recall that

q(x, vy, z)sin(0) cos(02) sin(f3)

F(01,04,605) = cos(01) cos(f2) cos(03) + q(ul,y, z) cos(61) sin(s) sin(fs)
E (B.21)

x,y,w7)sin(6;) sin(fz) cos(03)
+ q(x,y,2)sin(f; ) sin(fs) sin(63).

The points of special interest are the eight vertices of the cube [0, 7] x [0, 7] x [0, 7], i.e
{(91, 0, 93) 1 0; € {0, 7T},i =1,2, 3}
which we classify into two sets:

e The first set of vertices involve an even number of 7: (0,0, 0), (0,7, 7), (m,0,w), (7,7, 0);

e The second set of vertices involve an odd number of 7: (7,0, 0), (0,7, 0), (0,0, 7), (7, 7, 7).

Controlling the first vertex set. For the first set of points, we only show that

F(014+&,02+ 8,05+ &) <1, V€ ( \@3—1’ ﬁ31>U(72r ﬁ?jl’ng \/§3l>

holds for (61, 62, 03) = (0,0, 0). The same arguments apply to the other cases (r, 0, 7), (0, 7, ), (7, 7, 0) since (B.21)
implies
F(&1,82,8) = F(&,m+&,m+ &) = F(r+ 8,86, m+8§) = F(r+ &, m+&,63)

forall £1,£2 &3 € R.
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Let us apply the first-order Taylor expansion to F(61, 69, 63) over some smaller cube [—6y, 6] X [—6g, 6p] X

[—6o, 6o] with 8y € (0, 7/2) to be determined later,

F(61,02,05) =F(0,0,0) + 8T VF(&1,6,83)
217 ||0||1 sup ||VF(§1a£2563)H007

[€1],1€21:1€51<00
-
where 0 = [91 0 93] . Since
iF(&,fz,&a) = —sin(&1) cos(&2) cos(€3) — q(uy,y, z) sin(&1) sin(&2) sin(&3)

(

+q(x,v7,2) cos(&1) cos(&2) sin(€3)
+q(x,y, w7) cos(&1) sin(§2) cos(&3)
+q(x,y,2) cos(&1) sin(§2) sin(&3),

we have

‘ F(&1,&2,&)| <[sin(fo)| + o(1)(|sin(0o) | + 2| sin(fo)|) + (1 + o(1))| sin(6o)?

<[sin(fo)| + | sin(0o)|* + o(1)
<3| sin(6p)] (B.22)

where the first inequality follows from (B.20), and so

lg(ui,y,2)[ =o(1), lg(x,vi,2)[ =o(1), lg(x,y,wi)|=o0(1), la(x,y,2)] =1+ o(1) (B.23)

1.25—ren

under Assumptions I-IIl and r < n'-?® (by letting r.. in “r < n approach to zero). The inequality (B.22)

uses the facts that |sin(6p)|?> < |sin(fp)| and o(1) < |sin(6p)| for sufficiently large n. The same bound holds for

|692 (&1,&2,83) |and |803 (&1,&2,&3) | We therefore have
F(61,62,05) > 1 — 3]|0||] sin(6o)| > 1 — 965. (B.24)

Let us compute the second-order Taylor expansion of F'(61, 6, 63):

1
F(917027 03) = F(0,0,0) + OTVF(O; an) + 50TV2F(£17£27£3)0

where (&1,&2,&3) € [—00,00])3. As a consequence of the construction process of the dual polynomial, we have

F(0,0,0) = 1and VF(0,0,0) = 0, implying

1
F(01,02,05) =1+ §9TV2F(§1,§2,§3)9~
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Therefore, as long as we can find 0 such that the Hessian matrix V2 F is negative definite over the region [—6y, y]?,
then F (01,02, 03) < 1 for any (61,02, 03) € [0y, 0] with equality holds only if (61, 62, 603) = (0,0,0).

We next estimate the Hessian matrix V2F (£, &, €3). Direct computation gives

7F(£1a§25§3) * *
V2F(&1,62,83) = * —F(&1,82,83) *
* * _F(€17£27§3)

whose off-diagonal elements are nonsymmetric partial derivatives of F’, for example,

82

————F(01,05,03) = sin(#;) sin(02) cos(03) — q(ui,y, z) sin(61) cos(f) sin(fs)
06,002

(
+ q(x,y, w7 ) cos(f;) cos(f2) cos(f3)
—q(x,v7,z) cos(61) sin(f2) sin(f3)
(

q
+ q(x,y,2z) cos(61) cos(0z) sin(fs),

which implies by (B.23) that

62

mF(el’ 02,03)| <|sin(fo)|* + o(1)(1 + 2| sin(6o)|*) + (1 4 o(1))|sin(o)|

<[sin(0o)| + [ sin(60)|* + o(1)
<3|sin(6p)|-

The same bound holds for other mixed partial derivatives ‘%;%F(Gl, 0o, 93)‘ withi,j7 =1,2 3 and ¢ # j.

To make V2 F (&1, &2, £3) negative definite, by Gershgorin’s circle theorem and the bound (B.24), we only need

—F(&1,€2,&3) +6]sin(fo)| < —1+ 965 + 660 <0

which holds for 6, € ( _‘/35_1 , ‘/53_1 ), including (#, @) This completes the first part of the proof.

Controlling the second vertex set. Similarly as before, we first show

V2-1
T

F(r+&,m+&,m+83) <0, V|&] <
It follows from the intermediate result (B.24):
F(&1,&,8) > 1-965 >0, V|&] < 6

by recognizing that F/(7 4 &1, 7 + &o, T + &3) = —F (&1, &2, €3), V€1, €2, €3 and choosing 6y = (/2 — 1)/3. Finally,

we claim the same conclusion applies to the remaining three cases since

F(F+€1aﬁ+§2;ﬂ—+€3) :F(W+€1u£27€3) :F(€1,7T+€27£3) :F(§17£277T+§3)
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forall &1,&2,83 € R.

B.7 Proof of Lemma 3.4.7

Lemma B.7.1 (Lemma 3.4.7). Under Assumptions I, II, I1I, if r < n'-25=1-57< with r. € (0, %) then for sufficiently

large m, we have |F(01,02,03)| < 1in Ny(0p) for op = 1/ Wn_owﬂ.

Proof. First, solve for 6 such that

| cos(0)?| + | sin(0)]* < 1 — 4r(logn)n™". (B.25)

To this end, we define f(0) := | cos(#)?| + |sin(#)|? for & € [0, n]. It can be verified directly that f is symmetric
around 7 on [0, 7], symmetric around 7§ on [0, 5], and strictly decreasing on [0, §]. Since 1 —47(logn)n™"= € (0, 1),
there exists a unique @ € (0, §) such that f(w) = 1 — 47(logn)n~" € (0, 1). Thus the inequality (B.25) holds on
(@, 5 —w)U(5 +w,m—w).

To have an approximation of @, we need the following lemma.

Lemma B.7.2. Let [ and g be any two real functions with g being strictly decreasing in some interval (a, 8) and
satisfying g(z) > f(x),Vz € (o, B). Suppose both equations f(x) = b and g(x) = b admit one root in [, f3],

denoted by x y and x4 respectively. Then x4, > xy.

Proof of Lemma B.7.2. Since g(z) > g(xf) > f(xy) = bforany z € [, z¢), g(z4) = b could only happen within
[:Cf, B] O

‘We now recognize that

f(o)<1-— 2%92, for 6 € [0, /4] (B.26)

and g(0) := 1 — 262 is strictly deceasing [0, 7/4]. Clearly,

5 = / SOT(gog n) =057

is the root of g(0) = 1 — 47(logn)n~"< over the interval [0, §]. By Lemma B.7.2, 6, > w. Therefore, (B.25) holds

on (0p, 5 — 0p) U (5 + 0p, ™ — Jp). By (3.47), we obtain

F(91,92, 03) < 1 for (91, 0o, 93) S Nb(éb)
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B.7.1 Proof of Eq. (B.26)

Showing (B.26) is equivalent to showing

: 3
sin®(z) + cos®(z) < 1 — %IQ, Vo € [0,7/4] (B.27)
since sin(x), cos(z) > 0 for z € [0, 7/4]. Before moving on, we need the following lemma to prove (B.27).

Lemma B.7.3. The following inequality

(1 =3) by, (7 43) b0 (BH=8) L (3243)

e ) e ) A T nt2 5 B.28
4-2n— )" 4-(2n)! 4 (2n+ )l FRNCTI) T (B.28)

holds for all x € [0,7/4] and n > 2,

Proof of Lemma B.7.3. Let p equal the expression on the left side of Equation (B.28). A simplification on p yields

2n—1 r2n+2
p(@) = @) 5= T 2@ Eor
32n+1 _ g 32+ 3
h — 32n—1 —-3) - - = 2 d = 3271, 3) — 2‘
where ¢, (z) = ( ) @ T 1)x and g2 () = ( +3) 2n+ 1)(2n+2)x

As functions of x, ¢; and ¢ have roots at

2n(2n + 1)(327-1 — 3) (2n + 1)(2n + 2)(32" + 3)
i\/ 32n+1 -3 and + 32n+2 +3 ’

respectively, provided n > 1. Since 10(3%"~% — 3) > 3?"*1 — 3 and 9(3%" + 3) > (32"+2 + 3) forall n > 2, it

follows that the positive root of ¢; satisfies

2n(2n +1)(3%"~1 - 3) 2n(2n + 1) -
\/ 32n+1 _ 3 Z 10 > V2> 1 forn > 2,

and the positive root of g, satisfies

(2n+1)(2n+2)(3%" +3) (2n+1)(2n+2) 10 _ =«
\/ 32072 1 3 > 9 > §>Z,f0rn22.
Therefore both ¢; and ¢ are positive on [0, 7/4] for all n > 2, and Equation (B.28) holds. O
B.7.1.1 The Proof

Lemma B.7.4. The following statement

3
sin®(z) + cos®(x) < 1 — 2—0372

holds for all x € [0, §].
Proof. Recall that sin®(z) = 1 (3sin(z) — sin(3z)) and cos®(z) =

1 (3 cos(z) + cos(3z)), and therefore
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3 3 ZOO 3 -3 5.
) = +n:5(_1) a@2n—1)1"
and
7 > 32" 43
3 _1_ 2.2 .4 n 2n
cos®(z) =1 5% + g% —|—nE:3( 1) 120,
Thus

3
sin®(z) + cos®(z) < 1 — 5332 + 23 + —at,
for all x € [0, 7/4] since by Lemma B.7.3

32n 1

c- T —3 p2n—1 32“ +3 72
Z(_l)L4(2n,1 " +Z "
n=3

n=3, n odd 4(2n - 1)'x 4(2%)' ! 4(2TL + 1)' 4(2’11 + 2)!

Finally, note that

3
1— 2 3 4_1 2 2h
5% +x +8$ 20% + z°h(z),
with
27
h(z) = —— —x?
(2) 20—|—x—|—8m

being negative in [0, w/4]. So the proof is complete.
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APPENDIX C
APPENDICES FOR CHAPTER 4

C.1 Proof of Proposition 4.3.1

Proposition C.1.1 (Proposition 4.3.1). Under the same setting as in Theorem 4.3.1, for any initial point Uy, g(U) on

Levy(Uy) defined in (4.10) has a Lipschitz continuous gradient with the Lipschitz constant

2

JEUUU) — £(X7)
2(/2— 1)p(U")

L= |28y 2 (00UF) - 1)) + 290K+ 48 104 +

where p(-) denotes the smallest nonzero singular value of its argument.
Proof. To that end, we first show that for any U € Lev;(Uy), |U|| ¢ is upper-bounded. Let X = UU " and consider
the following second-order Taylor expansion of f(X)
1 [
F) = FX) + (VF(X).X = X0 5 [ (T30 4 (1= 9%0)(X - X7, X - Xt
0

> f(X*) + ;/1[V2f(tX* + (1 - X)X - X*, X — X*)dt
0

* «
> (X)) + S IX = X%,

which implies that

00T - X* [ < 2(7(0UT) - f(x)) <

SN

(f(UoUy) — f(X*)) (C.1)

with the second inequality following from the assumption U € Lev(Ujy). Thus, we have

VE(F(UU]) — f(X7)
2(v2 — 1)p(U*)

U0 —X*r

2(V2 — 1)p(U*) ©2

IU]lr < U] # + dist(U, U*) < U] » + < U[r +

Now we are ready to show the Lipschitz gradient for g at Lev ;(Uy):
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IV2(U)|I* = o |[V29(U)](D, D)

= nax |2(Vf(UUT),DD") + [V*f(UUN|(DU'" +UD'", DU’ + UD")|

< QHSﬁaxl (Vf(UUT),DD")| + e V2 f(UUT)(DUT +UD', DU +UD")|
ax <

<2 max [(V/(UUT) = Vf(X*),DD")| + 2| Vf(X")|r + B|DUT + UD[%

IDlr=1

<2B|UUT — X*|[p + 2| VF(X) | F + 46| U]f5

2

V2 OUT) - f(X))
2(V2 — 1)p(U")

<29y 2((U0UT) — F0C) + 25 +48 {107+

= L2

(&)

Here, the last second line follows from (C.1) and (C.2). This concludes the proof of Proposition 4.3.1. O
C.2 Proof of Lemma 4.3.2

Lemma C.2.1 (Lemma 4.3.2). Assume that U1, Uy € R™"*", Then

U, U] — UyUyg ||F > min {p(U;), p(Uz)} dist (U7, Uy).

Proof. Let X; = U, U], Xy = UyU, and their full eigenvalue decompositions be

n n
Xy = ZMPjP} Xy = Zfiqu‘qu
j=1 =1

where {);} and {7;} are the eigenvalues in decreasing order. Since rank(U;) = ry and rank(U;) = rq, we have

A; = 0forj > 7y and n; = 0 for j > ro. We compute || X; — Xs||% as follows

X1 — Xo|| % = [1X4[|F + [1Xol|F — 2(X1, Xs)

_ZA2+Z77J ZZ2>\i77j<Pi,Q,j>2
1=15=1

n n

n
= ZAQ Z (pi,q;)” + Zn? D i)’ = D> 2hini(piyq;)?
i=1 j=1 j=1 i=1 i=1 j=1
® n n
= (\i = m)*(pi> q;)”

1 1

<.
Il

(\f \/ﬁ) (ﬁ+ m)Q (pi,q;)”

M=

Il
-

1

1y

S min (VA vi ) 3 (VA - i) ea)?

i=1 j=1

2
£ min {0 } H\/Xl — \/XQHF,
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where @ uses the fact >-7_ (pi, q;)* = [|pi[l3 = 1 with {q; } being an orthonormal basis and similarly 3", (pi, ;)

= ||lg;||3 = 1. @ s by firstly an exchange of the summations, secondly the fact that A; = 0 for j > r; and n; = 0 for

J > 72, and thirdly completing squares. @ is because {\;} and {n;} are sorted in decreasing order. @ follows from @

and that {,/A;} and {,/77;} are eigenvalues of /X7 and /X3, the matrix square root of X; and Xy, respectively.
Finally, we can conclude the proof as long as we can show the following inequality:

2
H\/x1 — x/XQHF > min U - R} (C.3)

T R:RRT=

By expanding || - ||% in (C.3) and noting that (v/X7,v/X;) = tr(X;) = tr(U; U7 ) and (X3, vVXz) = tr(X3) =
tr(UaUJ ), (C.3) reduces to
X X,) < U, UsR). C4
(VX1,v/Xa) < R:éTPltaTX:LK 1, U2R) (C4)
To show (C.4), we write the SVDs of Uy, Us respectively as U; = P;3,Q/ and U, = P,X,QJ with Py, Py €
R™*7, 21, Yo € R™" and Ql, Q2 € R"*". Then we have /X = P121PI, VX9 = PQEQP;—

On one hand,

T T
RHS of (C.4) R (P13:Q/ ,P>3,Q; R)
= P.%,, P23, Q5 R
R:II{III{aTX=IT< 131, P23, Q, RQy)
= max <P121, P222R> By R+ Q;RQl
R:RRT=I,
= |[(P332) TP By Lemma 4.3.1
On the other hand,
LHS of C.4 = (P2, P/ ,Py3,P;)
= ((Py32) 'P1X1, Py Py)
< [[(PoX2) TP X4 ||PJ Py By Holder’s Inequality
< [[(P2%s) "Pi T .. Since |[P3 Py < [[Paf[|[Py] < 1

This proves (C.4) and hence completes the proof of Lemma 4.3.2.

C.3 Proof of Lemma 4.3.4

Lemma C.3.1 (Lemma 4.3.4). Let U and Z be any two matrices in R**" such that UTZ = Z"U is PSD. Assume

that Q is an orthogonal matrix whose columns span Range(U). Then

1 1
o= 20T < 0w - 22 + (34 555 ) lowT - zaT)aq-

305



The proof relies on the following lemma.
Lemma C.3.2. [125, Lemma E.1] Let U and Z be any two matrices in R™*" such that UTZ =7Z"Uis PSD. Then

U -2) U7} < [uuT - zz7,.

#,
2v/2 -2

Proof of Lemma 4.3.4. Define two orthogonal projectors
9=QQ" and Q,-=Q.Q],
so Q is the orthogonal projector onto Range(U) and Q| is the orthogonal projector onto the orthogonal complement

of Range(U). Then

@
I(U-2)UT |} = [I(U-QZ)U" % + (|2 U %

2|(U-0Z)UT |2 +(2"0.2,UTU)
® 1
< i_2 UUT — (QZ)(QZ)" |3 +(Z'Q.Z,U'U—-Z"QZ)+(Z' Q. Z,Z" QZ)
® 1
<——|UUT —QZZT |2 +(Z"Q.Z,U'U-Z2"QZ)+ (Z" Q. Z,Z" Q7Z)

2v/2 -2

1 1

< N§72||UUT - QZZ"|% + gIIZTQLZII% +2|U'U-2"QZ||3 +(2"0.Z,27 QZ),

(C5)
where @ is by expressing (U — Z)UT as the sum of two orthogonal factors (U — QZ)UT and —Q, ZUT. @ is
because |Q ZUT|%2 = (Q,ZUT,Q,ZUT) = (Q,ZUT,ZUT) = (ZTQ,Z,UTU). ® uses Lemma C.3.2
by noting that UTQZ = (QU)"Z = UTZ > 0 satisfying the assumptions of Lemma C.3.2. ® uses the fact that
[UUT—(QZ)(QZ)" ||} = |[UUT - QZZT Q|}. < |[UUT —QZZT Q||}+(|QZZT Q. ||} = [[UUT - QZZT Q-
QZZ'Q, |2 =||UUT — QZZT"||%. ® uses the following basic inequality that

1 2
SIAlF +2IBl% = 2/ SIAIZIBIE = [All#Bllr > (A,B),

where A=Z7Z7Q,ZandB=U"TU-Z"QZ.

The Remaining Steps. The remaining steps involve showing the following bounds:

1Z"Q.Z|% < |UUT - ZZ 7%, (C.6)
(z'Q.2,2"QZ) < |UU" - QZZ"|?, (C7)
[UTU-2"0z|} < |UUT — QZZ"||3. (C.8)

This is because when plugging these bounds (C.6)- (C.8) into (C.5), we can obtain the desired result:

1
|(U-2)UT |} < SlUUT - 227 |} + <3 + ) I(UUT - 227)QQ " |7

1
2v/2 -2

Showing (C.6).

306



IZT Q. Z|} = (ZZ7Q.,Q.2Z")
2(0,227Q,,0.22" Q)
=1Q.L2Z" Q.| %

1Q.(2Z" —UU")Q, ||

[l®

®
<|zz" - UU"|3,

where @ follows from the idempotence property that @, = Q Q. @ follows from @ U = 0. ® follows from the

nonexpansiveness of projection operator: ||Q) (ZZ" -UUNQ, ||r < |(ZZT -UUNQ, ||r < ||ZZ" -UU" | p.

Showing Eq. (C.7). The argument here is pretty similar to that for (C.6):

(Z"Q,7,27Q7) = (QZZ",2Z7 Q)
=(QZZ'Q,,Q2Z" Q)
=Qz2Z7 Q. |%

1o(ZzZT - UUuT)Q. |7

e

®
<[lQzz" - UUT|,
where @ is by Q; U = 0. @ uses the nonexpansiveness of projection operator and QUU T = UU '.
Showing Eq. (C.8). First by expanding || - [|% using inner products, (C.8) is equivalent to the following inequality
F

[UTU||% + |[UTU - 27 QZ||3 —2(UTU,Z2"QZ) < |UU (|3 +|QZZ |7 — 2(UUT,QZZT).  (C9)
First of all, we recognize that

[UTU|: =) 0i(U)? = [UUT|E;

1Z"QZ|% = (27 02,27 QZ) = (QZZ',ZZ" Q) = (QZZ' Q,QZZ' Q) = | QZZ" ||} < | ZZ' Q| %,

where we use the idempotence and nonexpansiveness property of the projection matrix Q in the second line. Plugging

these to (C.9), we find (C.9) reduces to

(UTU,Z2"QZ) > (UU'T,Q0ZZ") = (UUT,ZZ") = |[U" Z|)%. (C.10)

To show (C.10), let QP be the SVD of U with £ € R”*" and P € R™*"" where 7/ is rank of U. Then

U'U=PX°P', Q=UPX!' and 0=QQ"=UuPx?P'U'. (C.11)
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Now

LHS of (C.10) = (U'U,Z" QZ)

PX?PT ZTUPE?PTU'Z)

e

[l®

2PT(UTZ)PE?PT(U'Z)P)
,GX2G)
[xle>uii

(U
(
(%
(=?

lle

IGII
=|uTz|%,

le Ve

where @ is by (C.11) and @ uses the assumption that Z'U = U'Z = 0. In ®, we define G := P"(U'Z)P. ® is

because |G||2 = [|PT(UTZ)P|% = ||U" Z||% due to the rotational invariance of || - || 7. @ is because

2
152 05 ~2
IZGEF =) :;sz

ij

—ZG Z(ZQ ;) Gy

_ 2
v
4,J
= ||G|%,
where the second line follows from the symmetric property of G since G = PT(UTZ)P = 0and UTZ = 0. O

C.4 Proof of Lemma 4.3.5

Lemma C.4.1 (Lemma 4.3.5). Suppose the objective function f(X) in (Py) is twice continuously differentiable and
satisfies the restricted well-conditionedness assumption (C). Further, let U be any critical point of (Fy) and Q be the

orthonormal basis spanning Range(U). Then

B —
ﬁ+

H(UUT _ U*U*T)QQTHF <

—uUT

Proof. Let X = UUT and X* = U*U* . We start with the critical point condition V f(X)U = 0 which implies
VAX)UU' = Vf(X)QQ" =0

where T denotes the pseudoinverse. Then for all Z € R™*", we have

= (Vf(X),2QQ") =0

308



L (VXY + /1[V2f(tX + (1 - XX — X*)dt, ZQQT) = 0

0

= (Vf(X*),ZQQ") + [/01 V2F(tX + (1 - t)x*)dt} (X -X*ZQQ")=0

4 2 * * ﬂ * T
2 |- (vrx),2QQ7) - (X - X.2QQ7) | < S0 X - X71¢2QQ s
= | o (VX),2QQT) + (X - X1,2QQ7)| < 52X - X £2QQ |

2
2|, (X - X)0Q 1) + (X - X)QQ I} < §+ 1% - XX - X)QQ | r
K 2 * * T * T B * T
& 2 VI, (X - X)QQT) + (X - X)QQT [ < S IX - X7 el(X - X7)QQ

= (X = X")QQ"||F < §IX — X*||r,

where @ uses the Taylor’s Theorem for vector-valued functions [148, Eq. (2.5) in Theorem 2.1]. @ uses Proposi-
tion 4.2.1 by noting that the PSD matrix [tX* + (1 — ¢)X] has rank at most 2 for all ¢ € [0, 1] and rank(X — X*) <

4r,rank(ZQQ") < 4r. @ is by choosing Z = X — X*. @ follows from (V f(X*), (X — X*)QQT) > 0 since

(VX (X - X9QQT) £ (v/(X). X - x*QQ") £ (v/(x*).X) 20,

where (i) follows from XQQ" = UUTQQ" = UUT since QQ is the orthogonal projector onto Range(U). (ii)

uses the fact that
V(XHX* =0=X"Vf(X"),
and (iii) is because V f(X*) = 0,X > 0. O
C.5 Proof of Proposition 4.4.1
Proposition C.5.1 (Proposition 4.4.1). Any critical point (U, V) € X forms a balanced pair in &.

For any critical point (U, V), we have
Vg(U,V) =Z(UVHW =0,

T T
where W = [UT VT] . Further denote W = {UT _VT} . Then
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EWTVg(U, V) +Vg(U,V)TW =0
AW’ E(UVT)W+WT”(UVT)W 0

AL UVT) AL VAUV U] _
SV =V g v } [ } [TV {Vf(UVT)T AL ] [—V] =0
EAUTU-2VTV) +UT (VAUV) - VAUV V4V (VFUV)T —vFUVH)T)U=0

=2\(U'U-V'V)=0
2uTu-VvTv=o,

where @ follows from Vg(U, V) = 0 and @ follows from Vg(U,V) = Z(UV ")W. ® follows by plugging the
definitions of W, W and =(-) into the second line. @ follows from direct computations. ® holds since A > 0. O
C.6 Proof of Lemma 4.4.1

T T
Lemma C.6.1 (Lemma 4.4.1). Let W = [UT VT} with (U, V) € E. Then for every D = [DB DI/] of

proper dimension, we have

1Pon(DW 1) [[F = || Pot(DW )|

First recall
Dy

=
Il
=
Il
w)
I
w)}
I

Vv -V Dv —Dv

By performing the following change of variables
Wl%D, Wl(*]/j, Wg(‘W, Wg(‘\/ﬁ
in (4.29), we have
1 o~ 1 o~ P
[Pon(DW )7 = L [DW T + DW || = - (DWT + DW',DW ' + DW');
1 ~ 1 ~ ~
| Po(DW 1) ||% = Z||DWT ~-DW' |2 = Z<DWT —-DW' ,DW' —DW').
Then it implies that

1 ~ ~ 1 ~ ~

[ Pon(DW )% — || Pog(DW ) ||Z = - (DW' + DW' ,DW' +DW') - (DW' —DW' ,DW' —DW')
4 4
— (DW',DWT) = (D"D,WTW) =0,

since WT W = 0 from 4.27). O
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C.7 Proof of Lemma 4.4.2

T T
Lemma C.7.1 (Lemma 4.4.2). Let W1 = [UlT Vﬂ , Wy = [UQT V;} with (U1, V1), (Us, Vo) € E. Then

[Pon(W1W{ — WoW )% < [|[Pot (Wi W] — WoWJ )2

. — U | = U,
Proof. To begin with, we define W = , Wy = . Then

-V -V,

[Pon(W1W{ — WoW )% — [Pog (Wi W] — W W, )[|3

2 [ Pon(Wi W) = Pon(WoWJ )% = ([Pt (Wi W] ) — Pogr(WaWJ )12

SN 2 2
W, W/ + W, W/ B WoWJ + WoWJ

2 2

W, W] - W, W] W,WJ] - W, W]
2 2

@

F

2 o~~~ o~ o~
- H WIW] - WoW] W, W] - Wo W)
F

F
2

2 2

_ | WiWT - WoW] | WiW] - W W]
2 2

F
2 (WIW] — WoW] W, W] - W,WJ])

= (W, W[, W, W) + (WoW] , WoW, ) — (W, W], WoW, ) — (W, W], W, W, )

—(W W], W, WJ) — (W, W], W, W)

ll®

INe

0,

where @ is due to the linearity of Po, and Pog. @ follows from (4.29). @ is by expanding || - [|%. ® comes from
(4.27) that

W,/ W, =W/W, =0, fori=1,2.
® uses the fact that

W,W] =0, W,W/ =0, W,W] >0  W,WJ = 0.

C.8 Proof of Proposition 4.4.2

Proposition C.8.1 (Proposition 4.4.2). Any (U*, V*) in (4.22) is a global optimum of the factored program (F1):

g(U*, V*) < g(U,V), forallU € R**" V € R"™*".

Proof. From (4.22), we have
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1 o 1 2 2
3 ([U*)3 + V*%) = 3 (HP*WE* OT*X(T,T*)]RHF + HQ*[Q/E* O’"*X(TT’*)]RHF>
o 1 2 2
(vl =T
2 F F
2
=[[v="
F
® *
=[x,
where @ uses the definitions of U* and V* in (4.22). @ uses the rotational invariance of || - ||r. ® is because

IVEH T =25 or(X) = X7+

Therefore,

JOUVAT) S XU+ [V 3)/2 2 £(XF) + AIXAL
< F(X) + AIX].
2 FUVT) + A UVT,
< FOVT) 4 A(UIE + [VI2)/2,

where @ comes from the optimality of X* for (P;). @ is by choosing X = UV '. ® is because [|[UV [,

(IUJ|% + || V]|%)/2 by the optimization formulation of the matrix nuclear norm [65, Lemma 5.1] that

. 1
X = min (O + [VIE):

C.9 Proof of Lemma 4.4.3

Lemma C.9.1 (Lemma 4.4.3). Suppose the function f(X) in (P1) is restricted well-conditioned (C). Let W
T

IN

-
[U'r VT} with (U, V) € X, W* = {U*T V*T} correspond to the global optimum of (P1) and QQT be

the orthogonal projector onto Range(W). Then

T oxnx T T f—a
[(WWT =W WT)QQT|r < 252

Z
Proof. LetZ = v with arbitrary Zy € R™*" and Zv, € R™*". Then
Zv

= (2(X)W,Z) = (0,Z) =0
= (2(X) - E(X*) + E(X*),ZW ) =0

oty -t )
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0 VIX) = VIX)] | o B
- < IVAX)T = VX" 0 +E(X ),sz> -0

N < 0 JIvESx HR = XK= X)) | i) ZWT> 0
S X X L . .
. < _2 SV X + t(Xa X)X - X*)dr| ESET %TD (B, ZWT) — 0

= /1[V2f(X* + (X — X)X = X*, Zy VT + UZy)dt + (E(X*),ZW ') = 0,
0

where the fifth line follows from the Taylor’s Theorem for vector-valued functions [148, Eq. (2.5) in Theorem
T
2.1] and for convenience * = (fol [V2f(X* + (X — X*)](X — X*)dt) in the fifth and sixth lines. Then, from

Proposition 4.2.1 and Eq. (4.29), we have

2 _ -«
Tt a (B(X*),ZW ) + (Pog(WW T —W*W*T) ZWT) | < %HX — X*[| 7 | Por(ZW )| .
N—————
I, (2) 3(2) 5(2)

(C.12)

The Remaining Steps. The remaining steps are choosing Z = (WWT —W*W*T)W T and showing the following

I,(Z) > 0, (C.13)
M(2) = %H(WWT - WWHQQ ', (C.14)
I3(Z) < [(WWT - W*W*)QQ | r. (C.15)

Then plugging (C.13)- (C.15) into (C.12) yields the desired result:

1 —
S IOWWT = W W )QQT [ < S2 X - X (WWT - W W T)QQT

or equivalently,
g —«

<22 7YX — X p

T * * T T
[WWT - Ww Q| < 25—

Showing (C.13). Choosing Z = (WWT — W*W*T)W T and noting that QQT = WTW T, we have ZW T =
(WWT - WW )W 'WT = (WWT - W*W*T)QQ". Then

I,(Z) = (E(X*), ( WWT —W*W*1QQ") = (E(X*), WWT) >0,
where the second equality holds since WWTQQ" = WW T and Z(X*)W* = 0 by (4.25). The inequality is due

to 2(X*) = 0.

Showing (C.14). First recognize that Pog(WW T — W*W*T) = LWWT - WW*T - WWT + W*W*T),

Then
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My(Z) = (Pog(WWT — W*W*T) ZWT)

_ % <WWT —WW T (WWT - W*W*T)QQT> _ % <{;\\7{7\\7T _ W*W*T’ (WWT — W*W*T)QQT> .
Therefore, (C.14) follows from
<vAvavT ~WWHT, (WWT - W*W*T)QQT> - <VAVVAVT, —W*W*T> n <—VAV*VAV*T,WWT> <0,
where the first equality uses (4.27) and the inequality is because
WWT =0, WWT>=0 WW' >0 WW' »0.
Showing (C.15). PluggingZ = (WW T — W*W*—'—)WTJr gives

115(Z) = [Por (WWT = W*W*)QQT)| F,

which is obviously no larger than [|[(WW T — W*W*T)QQ || ¢ by the definition of the operation Pog.
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APPENDIX D

APPENDICES FOR CHAPTER 5

D.1 Proof of Lemma 5.3.1

Lemma D.1.1 (Lemma 5.3.1). Suppose Q@ = [n] X [m]. Let

Qg .~ = min min
|z| <~

((Q’(ﬂf))2 —q(z)q"(x) (¢'(x))*+ (1 q(x))q”(w))
() ’ (1—q(x))?

and

<(q’(w))2 —q(z)q"(x) (¢'(z))*+ (1 q(x))q”(w))

Pay = s max £() ’ 11— q()?

|| <~
Then Fq vy satisfies the restricted strong convexity and smoothness condition:
Qyq, ’Y”G”F [VQFQ vy(X)|(G,G) < Bq-fVHG”QF

Sforany G € R™™ ™ and || X||oo < 7.

Proof of Lemma 5.3.1. We compute the partial derivative of I y in terms of X ; as

OFay q'(Xi ;) q'(Xi )
0X; j

=—ly, = +]].yi,:_ —_—,
X V=X T g(XGy)

2.

which implies

Plox o (0(Xiy) — a(Xig)d"(Kig) | Lo - (¢'(Xij)% + (1 — q(Xi )" (Xi)
90X, ;0X,; Y=Y 2(X; ;) “=" (1 — q(X:7))2
and
PFoxy
(9X,'J6Xk,g_

for all (k, £) # (i, 7). Thus, the bilinear form for the Hessian of V2 Fq, v (X) can be computed as

PFovy
2F E E 2
VFay(X X, 0%, 0

for any G € R™*™. Now since by assumption || X||c < 7, we have

g |Gl < [V2Fax (X))(G, G) < 8,4 G%-
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D.2 Proof of Proposition 5.4.1

Proposition D.2.1 (Proposition 5.4.1). Suppose the function f(X) satisfies the (2r, 4r)-restricted strong convexity
and smoothness condition (5.3) with positive o and . Then for any n X m matrices Z, G, H of rank at most 2r, we

have

b —«
B+«

[V*f(2)[(G.H) — (G, H)| <

a+ 5
Proof of Proposition 5.4.1. This proof follows similar steps to the proof of [78, Lemma 2.1]. First note that the bilinear
form [V2f(Z)|(G,H) = ), ikl azw éZL G, ;jHy, implies [V?f(Z)](G, H) is invariant under all scalings for both
GandH, ie.,
[V2£(2))(aG, bH) = ab[V* f(Z)(G, H)

for any a,b € R. If either G or H is zero, (5.3) holds since both sides are 0.
Now suppose both G or H are nonzero. By the scaling invariance property of both sides in (5.3), we assume
IG||F = ||H||F = 1 without loss of generality. Note that the (2r, 47)-restricted strong convexity and smoothness

condition (5.3) implies

a|G+H[ < [V (X))(G+H,G+H) < §||G+H|%.

Thus we have

[sz( )] (G, H) — (a + f) (G, H)

- (IG5 + 7).

(le); + ||H||%)

which further implies

2[V2(2)] (G.H) - (a + B) (G H)| < B —a=(8-0a) |G p|H|.

D.3 Proof of Lemma 5.4.1

Lemma D.3.1 (Lemma 5.4.1). Suppose f(X) satisfies the (2r, 4r)-restricted strong convexity and smoothness condi-
tion (5.3). For any critical point W of (5.5), let Py € R X(m40) be the orthogonal projector onto the column

space of W. Then

[(WWT — WW* TPy, < g X — X5 -

f+a
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Proof of Lemma 5.4.1. First recall the notation X = UVT, X* = U*V*, and
|IUl & _|U « U e | U
wo o W= (S - [ =[S
It follows from (5.17) and (5.18) that any critical point W satisfies

o oo

which gives

0 V(X
0= (osior Vo)

_ 0 VI(X) = Vf(X¥)
- <[Vf(X)T —Vf(X*)T 0 ] ZW) (D.1)
= (Vf(X) - VfX*) -2 er B(X — X*),Zu V' +UZy,) +O‘2LB (X —X*,ZyV' +UZy)

o T2

Z
for any Z = v € R(»+m)x7  Here the second line utilizes the fact Vf(X*) = 0. We bound T; by first using
Zy

integral form of the mean value theorem for V f(X):

a+p

1
T =/ [V2f(X 4+ (1 = )X")] (X = X", Zu V' + UZy)dt — (X - X*,ZyV' +UZy).
0

Noting that all the three matrices tX + (1 —¢)X*, X — X* and Zy'V " + UZy, have rank at most 2r, it follows from

Proposition 5.4.1 that

g —«
Tl < == X=X 2oV + UZY ||,
which when plugged into (D.1) gives
L
B—a D.2)
< IX = X*| o |ZuV' +UZy| .-

- 2
Now let Z = (WWT — W*W*T )W which gives ZWT = (WWT — W*W*T)Pyy. Here t denotes the

pseudoinverse of a matrix and Py is the orthogonal projector onto the range of W. Utilizing the fact WTW =0
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from (5.7), we further connect the left hand side of (D.2) with H (WWT — W*W*T) Pw Hi by

04‘;5-'2 Za;ﬁjz +2 +B<WWT,ZWT>
_a Z B WWT - WWT (WWT - WW*T) Pyy)
n o 1‘ Ié] <W*W*T7 (WWT _ W*W*T) PW> (D.3)
Za Z /8 <WWT _ W*W*T, (WWT _ W*W*T) PW>
a+p O 2
O wwT - W) P

where the inequality follows because

<\TV*VAV*T,W*W*TPW> =0 (since WTW* =0)
and

<\/7\7*\/7\7*T,WWTPW> - <W*W’*T,WWT> > 0.

On the other hand, we give an upper bound on the right hand side of (D.2):

1X = X[l 2oV +UZY |, < X = X721 20V I + 2 [UZT |2
<X =X [[((WWT = WW*T) Pyw|[

where the last line follows because ||ZUVTHf, + HZVUTHi = ||ZUUTHj, + HZVVTHi7 (since UTU =VTV),

implying 2 ||ZUVT Hf, +2 ||UZI,H§ = HZWT Hf, This together with (D.2) and (D.3) completes the proof. O
D.4 Proof of Lemma 5.4.2

Lemma D.4.1 (Lemma 5.4.2). For any matrices C,D € R"*" with ranks 1 and 1, respectively, let R = arg ming, .o [|C—

DR/||r. Then

|CCT = DD}/ C ~ DR|} = max {2(v2 ~ 1)e%(D), min {2, (C), o2, (D)} }

L )

If C = 0, then we have

|cCT -DDT|[% > o% (D) |C — DRJ%.

Proof of Lemma 5.4.2. When C # 0, the proof follows directly from the following results.

Lemma D.4.2. [6, Lemma 3] For any matrices C,D € R™*" with rank 1 and rs, respectively, let R = arg ming _, [|C—

DR/||r. Then
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|ccT —-DD'||,, > min{o,,(C),0,,(D)} - ||C— DR .

Lemma D.4.3. [102, Lemma 5.4] For any matrices C,D € R™*" with rank(D) = r, let R = arg ming,, [[C —
DR/|| p. Then

|cCT —DDT|[% > 2(v2 - 1)0(D) |C — DR%.

If C = 0, then we have

lcc™ -DDT|;. = DD} =Y oi(D) > 02, (D) 02(D) = 02, (D) |C — DR}..
=1 =1

D.5 Proof of Eq. (5.20)

Proof of Eq. (5.20). We prove the upper bounds for the four terms as follows.

Bounding term I1;. Utilizing the fact that Ay = U — U*R and Ay =V — V*R, we have

I

(Vi(X). auaY)
(VF(X),(U-UR)(V-V'R)")
<Vf(X), X+ X~ URV - URTV*T>

—~

Y (VIX) X =X

(VX)) - VX)X - X)

D)

< —a|X - X*|%,
where () follows from (5.17) and (5.18), (i) utilizes V f(X*) = 0, and (#i¢) follows by using the (2r, 4r)-restricted
strict convexity property (5.3):
1
(VF(X) = VF(X*),X - X*) = / (VX + (1 - 1)XH)] (X — X*, X — X*) dt
0

1
2/ a (X —X* X — X*)dt
0

2
=a|X - X"p,

where the first line follows from the integral form of the mean value theorem for vector-valued functions, and the
second line uses the fact that both tX + (1 —¢)X* and X — X* have rank at most 2r, and the (2r, 4r)-restricted strong

convexity of the Hessian V2 f(-).

319



Bounding term II,. By the smoothness condition (5.3), we have
I, = [V2£(X)] (AUVT FUAY, AuVT + UAI,)
2
<B HAUVT + UAI,HF
2
<28 (|AauVT| HUATH
<29 (J|avvT [+ [uad]]
12
= s[[wa],.
F

where the last line holds because |[DU T ||§, = |DVT ||i for any D € RPX" with arbitrary p > 1 since any critical

point W satisfies UT U = VTV,

Bounding term IIs.

II; = (UA{, AuUT) + (VAY, Ay VT) —2(UAS, ApVT)

2 2 2 2
L N I e I e

2
=[[waT,.
F
Bounding term I1,.

M, — <\TV\TVT, (W — W*R) (W — W*R)T>

@ _ <VAVVAVT,WWT _ W*W*T>

9 <VAVVAVT,WWT _ W*W*T> + <VAV*VAV”,WWT _ W*W*T>

S <\/7\7\/7\7T ~WWT WWT - W*W*T> < 21X — X*|2,
where (7) holds because WTW = 0, and (ii) follows because W*TW* = 0 and (W*W*T WW ) > 0. O
D.6 Proof of Eq. (5.22)
Proof of Eq. (5.22). To show (5.22), expanding the left hand side of (5.22), it is equivalent to show

[UUT — U UL+ [[VVT =V VT2 < 21X - X2

Expanding both sides of the above equation and utilizing the fact UTU = V'V and U*TU* = V*TV*, the
remaining step is to show

tr (UUTU*UT) + (VVIVAVET) > 24 (UVIVUT) .

Thus, we obtain (5.22) by noting that the above equation is equivalent to tr ((U*TU = V*TV)2> > 0. 0O
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APPENDIX E

APPENDICES FOR CHAPTER 6

E.1 The optimization geometry of low-rank matrix factorization
In this appendix, we consider the low-rank matrix factorization problem

1 2
inimi W):=-[|[uvT - X* W E.1
peliinimize  9(W) =3 | [+ o) =

where p(W) is the regularizer used in (6.9) and repeated here:
_ BT Tv |12
p(W) = 1 HU Uu-v VHF

We provide a comprehensive geometric analysis for the matrix factorization problem (E.1). In particular, we show that
the objective function in (E.1) obeys the strict saddle property and has no spurious local minima not only for exact-
parameterization (r = rank(X*)), but also for over-parameterization (r > rank(X*)) and under-parameterization
(r < rank(X*)). For the exact-parameterization case, we further show that the objective function satisfies the robust
strict saddle property, ensuring global convergence of many local search algorithms in polynomial time. As we believe
these results are also of independent interest and to make it easy to follow, we only present the main results in this

appendix and defer the proofs to other appendices.
E.1.1 Relationship to PSD low-rank matrix factorization

Similar to (6.8), let X* = ®X¥ | = Mo dmp; be a reduced SVD of X*, where X is a diagonal matrix with
o1 > --- > o, along its diagonal, and denote U* = dXV?R, V* = UX/?R for any R € O,.. The following result
to some degree characterizes the relationship between the nonsymmetric low-rank matrix factorization problem (E.1)

and the following PSD low-rank matrix factorization problem [104]:

juuT - M|, (E2)

minimize
UeR" X"

where M € R"*"™ is a rank-r PSD matrix.

Lemma E.1.1. Suppose g(W) is defined as in (E.1) with ;1 > 0. Then we have

9(W) = min{’, é} [WWT - WW*T|[2.

In particular, if we choose |1 = %, then we have

g(W) = é [WWT — W W |2+ i [UTUr - VvTVHL
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The proof of Lemma E.1.1 is given in Appendix E.5. Informally, Lemma E.1.1 indicates that minimizing g(W)
also results in minimizing |[WWT — W*W*T ||? (which is the same form as the objective function in (E.2)) and
hence the distance between W and W* (though W* is unavailable at priori). The global geometry for the PSD

low-rank matrix factorization problem (E.2) is recently analyzed by Li et al. in [104].
E.1.2 Characterization of critical points

We first provide the gradient and Hessian expression for g(W). The gradient of (W) is given by

Vug(U,V) = (UV' —X* )V +UUTU-V'V),
Vvg(U,V) = (UV' —=X*)TU - puV(UTU-V'V),

which can be rewritten as

C[OVTexgv] L e
Vg(W) - (UVT _ X*)TU + N’WW Ww.
Ay
Standard computations give the Hessian quadrature form [V2g(W)](A, A) for any A = € R(+m)xr
Av

(where Ay € R™™ " and Ay € R™*7") as

[V2(W)I(A,A) = AV + UA@H? +2(UVT - X", AuAy) + V(WA A),  (E3)
where
V2pW)(A, A) = u(WTW, ETA> Y <\/7\V3T7 AWT )+ (WWT,A4T). (E4)
By Lemma 6.3.1, we can simplify the equations for critical points as follows

Vup(U,V)=UU'U - X*V =0, (E.5)
Vvp(U,V)=VVTV -_X*TU=0. (E.6)

Now suppose W is a critical point of g(W). We can apply the Gram-Schmidt process to orthonormalize the
columns of U such that U = UR, where U is orthogonal and R € O, = {R e R™", R'R = I}.44 Also let
V = VR. Since UTU = VTV, we have UTU = VTV. Thus V is also orthogonal. Noting that Uv'T = I~J\~/'T,
we conclude that g(W) = g(W) and W is also a critical point of g(W) since Vﬁg(W) = Vyg(W)R = 0 and
V{,g(W) = Vvg(W)R = 0. Also for any A € R"+m™)*" we have [V2g(W)](A, A) = [V2g(W)](AR, AR),

44 Another way to find R is via the SVD. Let U = LXR" be a reduced SVD of U, where L is an n x r orthonormal matrix, X is an r X r
diagonal matrix with non-negative diagonals, and R € O,.. Then U = UR = L3 is orthogonal, but has possible zero columns.
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indicating that W and W have the same Hessian information. Thus, without loss of generality, we assume U and V
are orthogonal, but possibly include zero columns. With this, we use u; and v; to denote the i-th columns of U and

V, respectively. It follows from Vg(W) = 0 that
[wil[*u; = X*v;,

[vill>vi = X*Tu,

which indicates that
(ui,vi) € {(VApr, V@) - (VA VAva), (0,0) )

Now we identify all the critical points of g(W) in the following lemma, which is formally proved with an algebraic

approach in Appendix E.6.

Lemma E.1.2. Let X* = @0 = Y7 0;,9, be a reduced SVD of X* and g(W) be defined as in (E.1) with

U
>0 Any W = is a critical point of (W) if and only if W € C with
Vv
C:= {W = g} U =®AY?’R,V=UAY’R,R € O,,Aisdiagonal, A > 0, (X — A)X = 0}. (E.7)

Intuitively, (E.7) means that a critical point W of g(W) is one such that UV T is a rank-¢ approximation to X*
with ¢ < r and U and V are equal factors of this rank-¢ approximation. Let A1, A2, ..., A\, denote the diagonals of
A. Unlike 3, we note that these diagonals A1, A2, . .., A, are not necessarily placed in decreasing or increasing order.

Actually, this equation (3 — A)X = 0 is equivalent to

)‘i (S {O'Z‘, 0}
foralli € {1,2,...,r}. Further, we introduce the set of optimal solutions:
X = {W = [g] ‘U =®x’R,V=US’R,R € OT} . (E.8)

It is clear that the set X’ containing all the optimal solutions, the set C containing all the critical points and the set £
containing all the points with balanced factors have the nesting relationship: X C C C £. Before moving to the next

section, we provide one more result regarding W € £. The proof of the following result is given in Appendix E.7.

A
Lemma E.1.3. Forany A = v e RH™IXT qnd W € € where £ is defined in (6.10), we have
Ay
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IAVUTE + [AVV % = [AuVTE + |AVUT|Z, (E9)

and

V2p(W) = 0. (E.10)
E.1.3 Strict saddle property

Lemma E.1.3 implies that the Hessian of p(W) evaluated at any critical point W is PSD, i.e., VZp(W) = 0 for

all W € C. Despite this fact, the following result establishes the strict saddle property for g(W).

U
Theorem E.1.1. Let g(W) be defined as in (E.1) with ;1 > 0 and rank(X*) = r. Let W = be any critical
A\

point satisfying Vg(W) = 0, i.e, W € C. Any W € C\ X is a strict saddle of g(W) satisfying

1
Amin(V2g(W)) < =5 [[WW T = WW*T|| < —0,.(X"). (E.11)
Furthermore, (W) is not strongly convex at any global minimum point W € X.

The proof of Theorem E.1.1 is given in Appendix E.8. We note that this strict saddle property is also covered in [8,
Theorem 3], but with much looser bounds (in particular, directly applying [8, Theorem 3] gives Amin (V2g(W)) <
—0.10,.(X*) rather than Apin(VZg(W)) < —0,.(X*) in (E.11)). Theorem E.1.1 actually implies that g(W) has
no spurious local minima (since all local minima belong to X’) and obeys the strict saddle property. With the strict
saddle property and lack of spurious local minima for g(W), the recent results [178, 179] ensure that gradient descent
converges to a global minimizer almost surely with random initialization. We also note that Theorem E.1.1 states that
g(W) is not strongly convex at any global minimum point W € X because of the invariance property of g(W). This

is the reason we introduce the distance in (6.12) and also the robust strict saddle property in Definition 6.2.9.
E.1.4 Extension to over-parameterized case: rank(X*) < r

In this section, we briefly discuss the over-parameterized scenario where the low-rank matrix X* has rank smaller
than r. Similar to Theorem E.1.1, the following result shows that the strict saddle property also holds in this case.

’

Theorem E.1.2. Let X* = X0 =7 0,09, be a reduced SVD of X* with ' < r, and let (W) be defined

i=

U
as in (E.1) with 1 > 0. Any W = is a critical point of (W) if and only if W € C with
A%

C:= {W = [3] U =®AY’R,V =WAY’R,RR" =1, A is diagonal, A > 0, (X — A)X = o}
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Further, all the local minima (which are also global) belong to the following set

X = {W = [g} U =&x?’R,V=03"?R RR" = I}

Finally, any W € C\ X is a strict saddle of g(W) satisfying

Amin(VZg(W)) < —% [WWT - WW*T|| < -0, (X*).

The proof of Theorem E.1.2 is given in Appendix E.9. We note that this strict saddle property is also covered in [8,
Theorem 3], but with much looser bounds (in particular, directly applying [8, Theorem 3] gives Amin (V2g(W)) <
—0.10,/(X*) rather than Ay, (V2g(W)) < —0,,(X*) in Theorem E.1.2).

E.1.5 Extension to under-parameterized case: rank(X*) > r

We further discuss the under-parameterized case where rank(X*) > r. In this case, (6.3) is also known as the
low-rank approximation problem as the product UV T forms a rank-r approximation to X*. Similar to Theorem E.1.1,
the following result shows that the strict saddle property also holds for g(W) in this scenario.

’

Theorem E.1.3. Ler X* = ®X¥' = Y7 0:¢;9, be a reduced SVD of X* with v’ > r and 0,(X*) >

U
0r11(X*). % Also let (W) be defined as in (E.1) with i > 0. Any W = is a critical point of g(W) if
A%

and only if W € C with

{U] U=, QAY°R,V = ¥[;, Q]A?R,
A=3[Q,Q,RR" =1, Qc {1,2,...,7},]9] :egr}

where we recall that ®|:, Q] is a submatrix of ® obtained by keeping the columns indexed by Q and X[, Q)] is an
£ x £ matrix obtained by taking the elements of X in rows and columns indexed by ).

Further, all local minima belong to the following set

X :{W = {8] A=%[1:r1:7,R€O,, U= 1:r]AY’R, V=¥ 1: T]Al/QR}.

Finally, any W € C \ X is a strict saddle of g(W) satisfying

)\min(VQ,g(W)) S _(O'T(X*) - 0'7“+1(X*))'

51f Opy =+ = 0p = -+ = 0py Withry < 7 < ra, then the optimal rank-r approximation to X* is not unique. For this case, the optimal
solution set X’ for the factorized problem needs to be changed correspondingly, but the main arguments still hold.
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The proof of Theorem E.1.3 is given in Appendix E.10. It follows from Eckart-Young-Mirsky theorem [271] that
for any W € X, UV T is the best rank-r approximation to X*. Thus, this strict saddle property ensures that the local
search algorithms applied to the factored problem (E.1) converge to global optimum which corresponds to the best

rank-r approximation to X*.
E.1.6 Robust strict saddle property

We now consider the revised robust strict saddle property defined in Definition 6.2.9 for the low-rank matrix
factorization problem (E.1). As guaranteed by Theorem E.1.1, (W) satisfies the strict saddle property for any p > 0.

However, too small a . would make analyzing the robust strict saddle property difficult. To see this, we denote

1 12
Fow) = S [ovT x|

U
for convenience. Thus we can rewrite (W) as the sum of f(W) and p(W). Note that for any W = ecC
\%

— UM
where C is the set of critical points defined in (E.7), W = is a critical point of f(W) for any invertible

VM!

M € R"*". This further implies that the gradient at W reduces to

Vg(W) = Vp(W),

which could be very small if 11 is very small since p(W) = & ||UTU — VTV||2F. On the other hand, W could be far
away from any point in X" for some M that is not well-conditioned. Therefore, we choose a proper w controlling the

importance of the regularization term such that for any W that is not close to the critical points X', (W) has large

gradient. Motivated by Lemma E.1.1, we choose 1 = %

The following result establishes the robust strict saddle property for g(W).

Theorem E.1.4 (Theorem E.11.1). Let Rq,R2, R5, RY, RY' be the regions as defined in Theorem 6.3.1. Let g(W)

be defined as in (E.1) with y = % Then g(W) has the following robust strict saddle property:

1. Forany W € Rq, (W) satisfies local regularity condition:

(Vg(W), W — WR) >, (X*) dist? (W, W) + I99(W)Il. (E.12)

1
481X+ |
where dist(W, W*) and R are defined in (6.12) and (6.13), respectively.

2. Forany W € Ry, g(W) has a directional negative curvature:
1
Amin (V2g(W)) < ja,ﬁ(x*). (E.13)
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3. Forany W € R3 = Ry URY URY, g(W) has large gradient descent:

1

[Vo(W)llr > 1507 2(X5), ¥ W € Ry; (E.14)
39

IVg(W)llr > o= [W]?, ¥ W € RE; (E.15)
800
1

(Vg(W), W) > o [WWT|[L, VW e Ry (E.16)

The proof is given in Appendix E.11.

Remark E.1.1. Recall that all the strict saddles of g(W) are actually rank deficient (see Theorem E.1.1). Thus the
region Ro attempts to characterize all the neighbors of the saddle saddles by including all rank deficient points.
Actually, (E.13) holds not only for W € Rs, but for all W such that ¢,.(W) < %aﬁ/ 2(X*). The reason we add
another constraint controlling the term || W*W™* T || - is to ensure this negative curvature property in the region R also
holds for the matrix sensing problem discussed in next section. This is the same reason we add two more constraints

[W] < 23||W*|| g and [WW T ||z < 2[[W*W*T || for the region Rj.

E.2 Proof of Lemma 6.2.1
Lemma E.2.1 (Lemma 6.2.1). [102, 180] If the function h(x) restricted to a § neighborhood of X* satisfies the

(«, B, 0)-regularity condition, then as long as gradient descent starts from a point xg € B(d, x*), the gradient descent

update

Xt+1 = Xt — I/Vh(Xt)

with step size 0 < v < 23 obeys x; € B(d,x*) and
dist? (x4, x*) < (1 — 2va)" dist? (xq, x*)
forallt > 0.

Proof. Denote ax x» = arg min, g ||x — a’(x*)||. Utilizing the definition of distance in (6.4), the regularity condi-

tion (6.5) and the assumption that p < 23, we have

dist? (xy41,x%) = [T - (X*)H2
< lxe = vVh(xe) = ax, e ()|
— e — ey ()2 22 [ V()2 — 20 31 — i, e (), V(x2)
< (1 = 2wa) dist? (x4, x*) — (28 — v) | VA(x) |
< (1 — 2va) dist? (xq, x*)
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where the fourth line uses the regularity condition (6.5) and the last line holds because v < 2/3. Thus we conclude

x; € B(6) forall t € Nifxq € B(8) by noting that 0 < 1 — 2var < 1 since o8 < 7 and v < 2.

E.3 Proof of Proposition 6.3.1

Proposition E.3.1 (Proposition 6.3.1). Suppose f(X) satisfies the (2r, 4r)-restricted strong convexity and smoothness
condition (6.6) with positive a and b. Assume X* is a critical point of f(X) with rank(X*) = r. Then X* is the

global minimum of (6.1), i.e.,
F(X*) < f(X), VX € R rank(X) < r
and the equality holds only at X = X*.

Proof. First note that if X* is a critical point of f, then
Vi(X*)=0.
Now for any X € R™*™ with rank(X) < r, the second order Taylor expansion gives
* * * 1 e * *
FX) =F(X) + (VFA(X), X = X7) + S [V2FX)](X = X, X = XF)

[V2F(X)](X - X*, X — X*)

where X = tX* + (1 —t)X for some ¢ € [0, 1]. This Taylor expansion together with (6.6) (both X and X’ — X* have

rank at most 27) gives

F(X) = f(X*) = al| X — X3

E.4 Proof of Lemma 6.3.1

Lemma E.4.1 (Lemma 6.3.1). Suppose G(W) is defined as in (6.9) with pn > 0. Then any critical point W of G(W)

belongs to &, i.e.,

VGW)=0 = U'U=V'V. (6.11)

U
Proof. Any critical point (see Definition 6.2.1) W = satisfies VG(W) = 0, i.e.,

\%
VAUVHV4+uU(UTU-V'V) =0, (E.17)
(VAUVT))'U-pv (UTU-VTV)=0. (E.18)
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By (E.18), we obtain
(VAUV ) TU=p(UTU-VTV)VT
Multiplying (E.17) by U and plugging it in the expression for UV f(UV ) from the above equation gives
(UTU-Vv'V)Viv+U'U(UTU-VTV) =0,
which further implies
U'uu’'u=Vv'vv'v.

In order to show (6.11), note that U T U and V ' V are the principal square roots (i.e., PSD square roots) of UT UU ' U
and V' VV TV, respectively. Utilizing the result that a PSD matrix A has a unique PSD matrix B such that B* = A

for any k£ > 1 [271, Theorem 7.2.6], we obtain
vu'u=Vv'v
for any critical point W. O

E.5 Proof of Lemma E.1.1

Lemma E.5.1 (Lemma E.1.1). Suppose (W) is defined as in (E.1) with p > 0. Then we have
o(W) = min{2, 1y [WwwT - wew T2
- 4’8 F
In particular, if we choose y = %, then we have
1 T * *T 12 1 TyT* T2
g(W) = g [WW! =W W[+ 2 [[UTU" = VIV,
Proof. We first rewrite the objective function g(W):

1
g(W) = [OVT U VT + LuTU-VTV[;

v

min{, %} (HUVT UV 4+ i [UTU - VTVHi,>

min{ y, %} <i HWWT _ W*W*Tui i g/(W)> ,

where the second line attains the equality when p = % and ¢’'(W) in the last line is defined as
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1 1
g (W) =5 [UVT U V7| - S [[UUT — U U7,
- i [VVT vV |2+ % [UTU- VTV

We further show g'(W) is always nonnegative:

(W) = % [uvT UV T - i luuT - vy
_ i [VVT - vV T2+ i [UTU-VTV|2.
= LUV UV OO g VTV
— %tr (UTUVTV) - i [z 6 % V-V
_ % [oTu* - VTV*H; n % HU*V*THi
- IouT = VYT
_ % [UTU - VTV >0,

where the last line follows because U* T U* = V*TV*, Thus, we have

oo 1 T (|2
g(W) > mln{z,g} [WWT - W*W*T||
and

1 1
9(W) = S [WWT = WW T[4 2 [[UTU* - VTV

if u= % O
E.6 Proof of Lemma E.1.2

Lemma E.6.1 (Lemma E.1.2). Let X* = ®X¥ " = Sy oid ] be a reduced SVD of X* and g(W) be defined

U
as in (E.1) with p > 0. Any W = is a critical point of g(W) if and only if W € C with
A%

C:= {W = [g} U =®AY?R,V =WAY’R,R € O,, A isdiagonal, A > 0, (X — A)S = o}. (E.7)

We first repeat that X* = ®>XU " = is a reduced SVD of X*. We separate U into two parts—the projections
onto the column space of ® and its orthogonal complement—by denoting U = @Ai/ ‘R, + E; with Ry € O,
E/® = 0 and A, being a r x r diagonal matrix with non-negative elements along its diagonal. Similarly, denote

V = \IlAé/ 2R2 + Eo, where Ry € O, EQT\II = 0, Ay is ar x r diagonal matrix with non-negative elements along
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[8)
its diagonal. Recall that any critical point W = satisfies
A%

Vup(U,V)=UU'U-X*V=0
Vvp(U,V)=VV'V - X*TU=0.

Plugging U = <I>A%/2R1 +E;andV = ‘I’A;/QRQ + E» into the above equations gives

®AY R, + ®A’RE[E, + E\R{ AR, + E,E/E, - ®XAY°R, =0, (E.19)

WA R, + WAY RL,ETE, + EoR] AR, + E.EJ E, — USALPR, = 0. (E.20)

Since E; is orthogonal to ®, (E.19) further implies that

DAY R, + ®A*R,E[E, - ®ZA)°R, = 0, (E21)
E,R/AR; +EE/E; =0. (E.22)

From (E.22), we have

<E1RIA1R1 + ElEIEla E1>
= (R{ AR, E{E{) + ||E1H% =0,

which further implies | E; ||2F = 0 by noting that (R{ A;R, E/ E;) > 0 since it is the inner product between two
PSD matrices. Thus E; = 0. With a similar argument we also have Eo = 0.

With E; = E; = 0, (E.21) reduces to
BAY’R, - BTALY R, = 0.
Since ® is orthogonal and R; € O, the above equation implies that
AY? = SAYPRyR].
Let Q2 denote the set of locations of the non-zero diagonals in Ao, i.e., Az[i,i] > 0 foralli € Q. Then [R{ ]q = [R4 |a

since otherwise EAé/ R, R, is not a diagonal matrix anymore. Then we have

A2 = mAL? (E.23)

implying that the set of the locations of non-zero diagonals in A is identical to €2. A similar argument applied to (E.20)

gives
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AS? = mA72 (E.24)

Noting that (E.23) implies A%/[i,i] = X[i,{]AL/?[i, ] and (E.24) implies AY?[i,i] = S[i, {]A}/[i, 4], for all i €
we have Aj[i,i] = Asli,i] = X[i,i]. Fori ¢ Q, we have A1[¢,4] = Az[i,i] = 0. Thus A; = As. For convenience,
denote A = Ay = Ay with Afi,i] = \;.

Finally, we note that U = ®AY’R; = 3, \i;Rufi,:] and V = BAYR, = 37, Ay, Roli, o] implying
that only [R{ ] and [R. ] play a role in U and V, respectively. Thus one can set R; = Ry since we already proved

[R{]o = [R]]o.

E.7 Proof of Lemma E.1.3

Ay
Lemma E.7.1 (Lemma E.1.3). Forany A = e RHE™IXT 4nd W € € where £ is defined in (6.10), we have

Av
lAvUT %+ [AVVTE = [AuVT[7 + [AvUT |7, (E.9)
and
V2p(W) = 0. (E.10)

Proof. Utilizing the result that any point W € £ satisfies WW=UU-V'V= 0, we directly obtain

AU (|7 + [AvVTE = AuVTE + |AVU T3

since [AyUT |2 = tr (AuU"UAy) = tr (AyV ' VAy) = ||AuV T ||% (and similarly for the other two terms).

We then rewrite the last two terms in (E.4) as

<VAVAT, AWT> n <VAVVAVT, AAT> _ <VAVTA, ATVAV> ¥ <VAVTA7VAVTA>
- <\/7\7TA, WTA + AT\/Z\\’>
1

= (WA+ATW, WA +ATW)

[\

1/~ o _
+3 <WTA _ATW WA+ ATW>
1§~ 2

S HWTA n ATWH
2 F

where the last line holds because <A —AT A+ AT> = (. Plugging these with the factor WTW = 0 into the
Hessian quadrature form [VZp(W)](A, A) defined in (E.4) gives
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VWA, a) > LW a+a W[ >0

This implies that the Hessian of p evaluated at any W € £ is PSD, i.e., VZp(W) = 0.4 O

E.8 Proof of Theorem E.1.1 (strict saddle property for (E.1))

Theorem E.8.1 (Theorem E.1.1). Let (W) be defined as in (E.1) with . > 0 and rank(X*) = r. Let W =
v

be any critical point satisfying Vg(W) = 0, i.e, W € C. Any W € C\ X is a strict saddle of g(W) satisfying

1
Amin (V2g(W)) < =2 [WW T = WW*T || < —0,.(X), (E.11)
Furthermore, (W) is not strongly convex at any global minimum point W € X.

U
Proof. We begin the proof of Theorem E.1.1 by characterizing any W € C \ X. For this purpose, let W = ,
A%

where U = ®AY?R,V = AY?’R,R € O,, A is diagonal, A > 0, (X — A)X = 0, and rank(A) < r. Denote
*
the corresponding optimal solution W* = , where U* = @2 Y/2R, V* = UX'/?R. Let
'V*

k =arg maxo; — \;
i

denote the location of the first zero diagonal element in A. Noting that A; € {o;, 0}, we conclude that

M=0, ¢,U=0, V=0 (E.25)

In words, ¢, and 1), are orthogonal to U and V, respectively. Let & € R" be the eigenvector associated with the
smallest eigenvalue of W T W. Such « simultaneously lives in the null spaces of U and V since W is rank deficient

indicating
0=a" W Wa=a'U'Ua+a'V Va,

which further implies

Ty7T _
{a U'Ua=0, (E.26)

a'ViVa =0.
With this property, we construct A by setting Ay = ¢, and Ay = 1, " . Now we show that W is a strict saddle

by arguing that g(W) has a strictly negative curvature along the constructed direction A, i.e., [V2g(W)](A, A) < 0.

46This can also be observed since any critical point W is a global minimum of p(W), which directly indicates that VZp(W) > 0.
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To that end, we compute the five terms in (E.3) as follows

2
HAUVT + UAI,HF =0 (since (E.26)),

<UVT —X* AuAy ) = A\y —op = —0p  (since (E.25)),

_— ~T _—
where WTW = 0since U'U — VTV = 0, the last two lines utilize A W = 0 (or W' A = 0) because
~T
A W= ad)ZU — angv = 0 (see (E.25)). Plugging these terms into (E.3) gives

2
V2g(W)(A,A) = [|AauVT + UA\T,HF +2(UVT - X", AuAl)
~ ~T ~ T
+u <WTW, A A> +u <WA ,AWT>
+u <W\7\7T, AAT>

= —20k.

The proof of the strict saddle property is completed by noting that
2 2 2 2 2
IAIE = [Avl + 1Av]E = [[éwe [ + [$re |l =2

which further implies

V2(W)(A.A) _ 20,

>\min (V2Q(W)) S >
N 2

1
=—[A-3] = [WWT — W*W*T||,
where the first equality holds because
[A = 3| = maxo; — A; = o,

and the second equality follows since

1
WW' - WW*T = 5Q (A-2)Q",

o[t was

We finish the proof of (E.11) by noting that

o = O'k(X*> > UT(X*).
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Now suppose W* € X. Applying (E.10), which states that the Hessian of p evaluated at any critical point W is

PSD, we have

2
V(WA Al = [apv T +utal +2(U VT - X7, AuAy)
+ V2 (WA, A
2
> [|avv T+ TrAy | +2(UVT - X7 AuAy)

>0

since U*V*T — X* = 0. We show g is not strongly convex at W* by arguing that Apin(V2g(W*)) = 0. For this

purpose, we first recall that U* = dx/2 V* = ¥2/2 where we assume R = I without loss of generality. Let

{e1,es,...,e,} be the standard orthobasis for R", i.e., e, is the /-th column of the r x r identity matrix. Construct
A(iJ)

A(i,j) = IJ ) , where
AV’J

A%,J) — U*eje;l— _ U*eieT A%J) V*eJ U*ez )

7

for any 1 < i < j < r. That s, the ¢-th columns of the matrices A%’j ) and Ag’j ) are respectively given by

O-Jl'/quja = i7
A%ﬂ)[:aﬂ = _Jil/zd)ia =3, )
0, otherwise,
(i) o) Py, L=i,
i, 1/2 .
AV] [:aa = _Ji/ Q;biu Z:]’
0, otherwise,

forany 1 <14 < j < r. We then compute the five terms in (E.3) as follows

N 2 ’
|aG VT U aG T = (ol Pa) (0] — ene] + o] — el )| =0

U VT XA (AL T) =0 (as UPVHT - X = 0),

_— ~T _—

W*TW*, A(z,J)A(l,J)> =0 (as W*TW* = O),

tr(W*TA(m)W*TA(i’j)) = 07
xax T T AT *

(W A A, W) =0,

(
(
(WAL, Auy W)
(WW T AGHAG)

where the last two lines hold because
V/V*TA(M) =U*TU*(eje; —e;e; )= V*TV*(eje] —ee)=0

since U*TU* = V*TV*,
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Thus, we obtain the Hessian evaluated at the optimal solution point W* along the direction A9
[Vzg(W*)] (A(i,j)’ A(Z'J)) =0
forall 1 <4 < j < r. This proves that g(W) is not strongly convex at a global minimum point W* € X O

E.9 Proof of Theorem E.1.2 (strict saddle property of (W) when over-parameterized)

’

Theorem E.9.1 (Theorem E.1.2). Let X* = ®X¥ ' = Sy criqbidzj be a reduced SVD of X* with r' < r, and let

1=

U
g(W) be defined as in (E.1) with 1 > 0. Any W = is a critical point of g(W) if and only if W € C with
\%

C:= {W = [g] U =®AY’R, V= WAY’R,RR" =1, A is diagonal, A > 0, (X — A)X = o}

Further, all the local minima (which are also global) belong to the following set

X = {W = {ﬂ U=o3"?R,V=UX"’R RR" = IT/}

Finally, any W € C \ X is a strict saddle of g(W) satisfying

Amin (VZg(W)) < f% [WWT - W*W*T|| < —0,(X*).

Proof. Let X* = XU = Z:/:l aiqbiw? be a reduced SVD of X* with ' < r. Using an approach similar to that
U

in Appendix E.6 for proving Lemma E.1.2, we can show that any W = is a critical point of g(W) if and only
A%

if W € C with

C= {W = [g] ;U =®AY?R,V = WAY?R,RR" =1, A is diagonal, A > 0, (X — A)X = 0}.

Recall that

X = {W = R;] U=o3"?R,V=0Z"?’R RR' = 1}

It is clear that X is the set of optimal solutions since for any W € X', g(W) achieves its global minimum, i.e.,
9(W) =0.
Using an approach similar to that in Appendix E.8 for proving Theorem E.1.1, we can show thatany W € C\ X

is a strict saddle satisfying

Amin (V2g(W)) < —o, (X*).

336



E.10 Proof of Theorem E.1.3 (strict saddle property of (W) when under-parameterized)
Theorem E.10.1 (Theorem E.1.3). Let X* = ®X¥ ' = Z:;l oid; ;] be a reduced SVD of X* with ' > r and

U
0 (X*) > 0,41(X*). Also let g(W) be defined as in (E.1) with u > 0. Any W = is a critical point of g(W)
\%

if and only if W € C with
C ::{W = {U] ;U =, QAY?R,V = ¥[:, QJAY?R,
A=3[00Q,RR" =1,,Qc {1,2,...,7},|Q =¢ < r}
where we recall that ®[:,Q] is a submatrix of ® obtained by keeping the columns indexed by 2 and X[, Q] is an

{ x £ matrix obtained by taking the elements of . in rows and columns indexed by ).

Further, all local minima belong to the following set

X {W = {g] A=X[1:71:7,R€0,,U=2&[,1:7]AY’R,V =¥[;,1: r]A1/2R}.

Finally, any W € C \ X is a strict saddle of g(W) satisfying

Auin(V2g(W)) < —(0,(X*) = 041 (X*)):

Proof. Let X* = ®X@ " = Z:lzl oid;; be areduced SVD of X* with ' > r and 0,.(X*) > 0,11 (X*). Using
U

an approach similar to that in Appendix E.6 for proving Lemma E.1.2, we can show that any W = is a critical
A%

point of g(W) if and only if W € C with

C :{W = {g] ‘U =8, QAY?R, V = [, QJAYV’R,A =3[0, Q,RR" =1,QC {1,...,7},|Q =¢< r}.

Intuitively, a critical point is one such that UV " is a rank-¢ approximation to X* with / < 7 and U and V are equal
factors of their product UV T,

It follows from the Eckart-Young-Mirsky theorem [271] that the set of optimal solutions is given by

X = {W = [ﬂ U=, 1:7]AYV’R, V=0 1:7JAY’RA=%[1:r1:7,Re OT}.

U
Now we characterize any W € C \ X by letting W = , where
A%
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U = &[;, QAY?R,V = ¥, Q]AY?R,
A =3[0, 0, ReR>*" RR" =1,
Qc{2,....r"}H1Q=0<rQ#{1,2,...,r}.

Let € R" be the eigenvector associated with the smallest eigenvalue of UTU (or V' V). By the typical

structures in U and V (see the above equation), we have

IValz = [Ualff = o7(U)

~ [oj(X*), |2 =randj = maxQ (E.27)
N 07 |Q| < T,
where j > r because Q # {1,2,...,r}. Note that there always exists an index

ie{1,2,....r}i£Q
since 2 # {1,2,...,r} and || < r. We construct A by setting
Ay = ¢1',04T7 Ay = "piaT~

Since i ¢ ), we have

UTAy =UT¢,a’

E.28
ViAy =VTy,a’ =o0. (5:28)

We compute the five terms in (E.3) as follows

2 2
|avvT+ual|| = [avVT[ +|uay] +2u(UTALVT AY) = 202(U),

(UVT —x", auAy) = (UVT =X ¢ ) = — (X", 9] ) = —ou(X"),
<WTW A A> =0 (since W W =0),
<WA AWT> (WTAWTA) —0,

<\/7\7\/7\7T, AAT> — tr (WTAATVAV) —0,

2

where the last equality in the first line holds because UT Ay = 0 (see (E.28)) and HAUVT||2F = HUAI,H =
F

o2(U) (see (E.27)), WTW = 0 in the third line holds since UTU — VTV = 0, and WT A = 0 in the fourth and

last lines holds because
WTA=UTAy-VTAy =0.

Now plugging these terms into (E.3) yields
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[VZg(W)[(A,A) = [AuVT + UAY (5 +2(UVT - X*, AyAy)
Fu(WTW, AT A) + (WA, AWT) + (WWT,AAT))
— —2(0,(X") — G2(U)).

The proof of the strict saddle property is completed by noting that
lAlE = lAavlE + 1Av]E =2,

which further implies

(o2 _,0i(X*) — o7(U)

< = (0r(X7) = 0711 (X7))
where the last inequality holds because of (E.27) and because ¢ < r. O
E.11 Proof of Theorem E.11.1 (robust strict saddle for g(W))

Theorem E.11.1. Let Ry, Ra, R%, RY, RY' be the regions as defined in Theorem 6.3.1. Let (W) be defined as

in (E.1) with pn = % Then g(W) has the following robust strict saddle property:

1. Forany W € Ry, g(W) satisfies local regularity condition:

1 1
(Vg(W), W = W'R) > 550, (X*) dist*(W, W*) + R IVg(W)|% (E.12)
where dist(W, W*) and R are defined in (6.12) and (6.13), respectively.
2. Forany W € Ro, g(W) has a directional negative curvature:
1
Amin (V2g(W)) < —20,(X"). (E.13)
3. Forany W € R3 = Ry URY URY, g(W) has large gradient descent:
1
[Vo(W)llp = {500 (X5), ¥ W € Ry (E.14)
39
IVg(W)llr > o5 WP, ¥ W e Ry (E.15)
1 2
(Vg(W), W) > % [WWT|., YWeRY. (E.16)

Proof. We first establish the following useful results.

Lemma E.11.1. For any two PSD matrices A, B € R"*", we have
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on(A)tr(B) < tr (AB) < ||A| tr(B).

Proof of Lemma E.11.1. Let A = ®1A, <I>1r and B = <I>2A2‘I>;r be the eigendecompositions of A and B, respec-
tively. Here A1 (Ay) is a diagonal matrix with the eigenvalues of A (B) along its diagonal. We first rewrite tr (AB)

as

tr (AB) = tr (A1<1>1T<I>2A2<1>§<1>1) .
Noting that A is a diagonal matrix, we have
tr (A1<I>I<I>2Azq>§q>1) > min A [i, ] - b (@I%Az@;@l)
= o,(A) tr(B).
The other direction follows similarly. O

Corollary E.11.1. For any two matrices A € R"™*" and B € R"*", we have
or(A)|[Bllr < [|AB]z < [[A[[lIB]r-
We provide one more result before proceeding to prove the main theorem.

Lemma E.11.2. Suppose A, B € R"*" suchthat ATB = BTA = 0is PSD. If |A — B|| < gar(B), we have

((AAT-BB")A,A-B) > %(tr((A ~-B)"(A-B)B'B)+||AAT —-BB'|%).

(R1) (R2) (N3)

(E.29)

Proof. Denote E = A — B. We first rewrite the terms (X;), (N2) and (N3) as follows

(Ry) = tr ( (ETE)’+3ETEE B + (ETB)’ + ETEBTB) :
(X)) =tr (ETEB'B),

(Rg) = tr ( (E'E)’ +4E"EE'B+2(E"B)” + 2ETEBTB>,

where ETB=ATB - B"B = B"E. Now we have

340



(%) — 16 (8%) — - (%)

15 7 13
= E'E E'EE'B E'B E'EB'B
o (55 (878" - TETEETB S (B7B)" 4 g5
,/12 E'E+ fETB
56

1
> tr (BT Eo2(B) - 37ETE||E||2
16 112

13 1371
> tr 13 _ 131 o2(B)E'E
16 1122

=0,

1
+tr (12ETEBTB 37ETEET >

where the third line follows from Lemma E.11.1 and the fourth line holds because by assumption ||E| < gar(B).
Now we turn to prove the main results. Recall that y = % throughout the proof.
E.11.1 Regularity condition for the region R,

It follows from Lemma 6.3.2 that W' W*R = RTW*"W is PSD, where R = arg ming o |[W — W*R/||%.
We first perform the change of variable W*R — W™ to avoid R in the following equations. With this change of

variable we have instead W T W* = W*T'W is PSD. We now rewrite the gradient Vg(W) as follows:

0 LOAVARES § 1 VARl

VQ(W) = VUT _ V*U*T 0 w + MW(WTW)
=5 (WWT - WW* )W + 5W*W*TW + (u— 5)WWWV (E30)
1 1o~ —~
=5 (WWT - WW* )W + 5W*W*TW.

Plugging this into the left hand side of (E.12) gives

(Vg(W), W — W*) = 7<(WWT WWT)WW - W)+ (WWTWW - W)

(E31)

N~ N~

-3 L WWT - W W)W, W - W) ¢ (WWT wwT)
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where the last line follows from the fact that W*T W* = 0. We first show the first term in the right hand side of the

above equation is sufficiently large

1
(WWT - WW ) W, W - W*) > T (W-W*T(W-W W*TW*)
1 2
- WWT _ W*W*T
1
> oo (W W) [W — W5 (E.32)
1 T T |2
+E||WW -WW* ||
1 * * |2 1 a7+ T |2
= 20X [W =W + 2 [WWT — W*WT||
where the first inequality follows from Lemma E.11.2 since WTW* = W*TW is PSD and |[W — W*|| <
o/ 2(X*) = ?UT(W*), the second inequality follows from Lemma E.11.1, and the last line holds because
o (W*TW*) =0, (ﬁ*Tﬁ* + V*TV*> = 20, () = 20, (X¥).

We then show the second term in the right hand side of (E.31) is lower bounded by

P 1 P _ -
<W*W*T,WWT> = ST HW*TW* tr (W*TWWTW*>
1 o -
> o ¥ (W*TW*W*TWWTW*) (E.33)
1 P 2
- W*W*TWH
21X~ H F

where the first line holds because HV/\\”TV/\\” = 2||X|| = 2||X*||, and the inequality

— Hﬁ*Tﬁ* + {/*T{/*

follows from Lemma E.11.1.

On the other hand, we attempt to control the gradient of g(W). To that end, it follows from (E.30) that

1 o~ 2
I9g(W)I = 1| (WWT - W W) w+ W W Tw|

12 * * 2 AT+ XA * 2

= WWT —wWw ) w12 [WwTw| (E.34)
W WWT =W T2 [T

< FIWIEIWW T = wWrw [+ 12 (W Wi w|

where the first inequality holds since (a + b)? < <a? + (1 + €)b? for any € > 0.

Combining (E.31)- (E.34), we can conclude the proof of (E.12) as long as we can show the following inequality:

1w
AT [|X#]

LIWWT W > [WWT - W T

To that end, we upper bound ||[W || as follows:
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W < [[W*[| + [W — W*|
< V20, (X7) + [[W — W
< (V2 + 1)ol2(X*)

since [|[W*|| = \/5051/2)(X*) and dist(W, W*) < U$1/2)(X*). This completes the proof of (E.12).
E.11.2 Negative curvature for the region R,

To show (E.13), we utilize a strategy similar to that used in Appendix E.8 for proving the strict saddle property of
g(W) by constructing a direction A such that the Hessian evaluated at W along this direction is negative. For this
purpose, denote

Q= [i;g] , (E.35)
where we recall that ® and W consist of the left and right singular vectors of X*, respectively. The optimal solution
‘W™* has a compact SVD W* = Q(\@Zl/ 2)R. For notational convenience, we denote ¥ = 23, where X is a
diagonal matrix whose diagonal entries in the upper left corner are 71, ...,0,.

For any W, we can always divide it into two parts, the projections onto the column spaces of Q and its orthogonal

complement, respectively. Equivalently, we can write

W= QAR +E, (E.36)

where QXl/QR is a compact SVD form representing the projection of W onto the column space of Q,and E'Q = 0
(i.e., E is orthogonal to Q). Here R € O, and A is a diagonal matrix whose diagonal entries in the upper left corner
are \1,. .., A, but the diagonal entries are not necessarily placed either in decreasing or increasing order. In order to
characterize the neighborhood near all strict saddles C \ X, we consider W such that o,,(W) < \/g or/ ?(X*). Let

k := arg min; \; denote the location of the smallest diagonal entry in A. It is clear that

A < 02(W) < gar(X*). (E.37)

Let o € R” be the eigenvector associated with the smallest eigenvalue of W W.

Recall that i = % We show that the function g(W') at W has directional negative curvature along the direction

A=qpa’. (E.38)

We repeat the Hessian evaluated at W for A as follows
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[V2g(W)I(A, A)

- HAUVT + UA\T,Hi—&—Z <UVT—X*, AUA\T,>—% <3\7\\/‘T, AWT>—% <VAVAT, AWT>—% <VAVVAVT, AAT>

I I I3 14 II5

The remaining part is to bound the five terms.

Bounding terms II;, IT5 and I1,. We first rewrite these three terms:

I = [|AuVT [} + [UAVI} +2(UAY, ApVT),
I = <3VAVT’AWT> = |AuU" |7 + [[AvVTE = [AuV T E - [AvU T3,
I, — <UAITJ7 AUUT> 4 <VAI,, AVVT> _9 <UAI,, AUVT>

< JAVUT[} + [AVVT [} - 2(UAY, AuVT),
which implies
1 1
I, + =11 —1II
1t otis + ot

1 1
< AUV I3+ [UAYIE + |AUTE + [AVVTE - SIAUVTIE - SIAVUT | + (UAY, ApVT)

1 2
= WA} - 5 |avVT —va|

< [WAT|E.
(E.39)
Noting that AT A = aq] qra’ = aa’, we now compute [WA " [|2 as
IWAT|2 = tr (WTWATA) = tr (W Waa')
= o%(W).
Plugging this into (E.39) gives
1 1 )

Bounding terms I, and II;. To obtain an upper bound for the term Ilo, we first rewrite it as follows

m, = (UvT - X*, AUAI,>

0 UV’ —Urv+T
< |:VUT _ V*U*T 0 :| ) AAT>

<WWT —WWHT AAT> - i <WWTAAT> n i <VAV*VAV*T, AAT> .

I I e N I
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‘We then have

1 1 1 /—~, =
200, + 5115 = 5 <WWT —WW*T, AAT> +3 <W*W*T, AAT> . (E41)
To bound these two terms in the above equation, we note that

- 1 (¢, Doy
AAT = aquT:qu:[ kPe OxVi |
; TR (el gl

Then we have

T AAT\ 1 /[ @227  —@X¥'] (@b, v ]\
(wwtaan) = (|0 e hor bl o

and

<WWT ~WWHT AAT> — (QAQ™ —2QA’RET + EET — QiQT7quz>

Ak — Ok

where the last utilizes the fact that ET q = 0 since E is orthogonal to Q.

Plugging these into (E.41) gives

—_

1 _
211, + §H5 = (>\k - Ek). (E.42)

2

Merging together. Putting (E.40) and (E.42) together yields

1 1 1
[Vzg(W)](A7 A) =1I; + §H3 + §H4 + 211, + 51_[5

1 _
< U?(W) + §(>\k —Ek)

1 1,1
< 20n(X) 1 (20n(X) — 20, (X))
1
S _ZUT(X*)’
where the third line follows because by assumption o,.(W) < \/gai/ 2 (X*), by construction A\ < %O’T(X*)

(see (E.37)), and 5, > 7, = 20,-(X*). This completes the proof of (E.13).
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E.11.3 Large gradient for the region R} URY U RY’

In order to show that (W) has a large gradient in the three regions R5 URY URY’, we first provide a lower bound

for the gradient. By (E.30), we have

Vel =+ [(wwT - wew )y wo WewTw
=3 (IO =W W+ [T T TW ) 4 3 (W - T) W W)
= i (H(WWT - WWT) W[5 + HVAV*VV*TwHi) + % (WWTWWT W)
> i [(WWT - WWT) W2,

(E.43)

where the third equality follows because W*T W* = U*TU* — V*TV* = 0 and the last line utilizes the fact that

the inner product between two PSD matrices is nonnegative.
E.11.3.1 Large gradient for the region R}

To show ||Vg(W)||2 is large for any W € R, again, for any W € R™+7)%7 we utilize (E.36) to write
W = QKUQR + E, where Q is defined in (E.35), QXl/QR is a compact SVD form representing the projection of
W onto the column space of Q, and ETQ = 0 (i.e., E is orthogonal to Q). Plugging this form of W into the last

term of (E.43) gives

[(WWT - WWT) W[} = |QA"*(A - £)R + QA "REE” + ERTAR + EETEHi
- HQK” A -)R+QA’REET Hi (E.44)
+||ERTAR + EE"E||},
since Q is orthogonal to E. The remaining part is to show at least one of the two terms is large for any W € R by

considering the following two cases.

Case I: HEH% > Lo, (X*). As E is large, we bound the second term in (E.44):

|ERTAR + EE"E|%. > o7 (RTAR+ E'E) |E|%

= o} (W) |E|} (E.45)
1.4 1.

> 32 3 *) 3 *

> (320 (X) = oK),

where the first inequality follows from Corollary E.11.1, the first equality follows from the fact WTW = RTAR +

EE, and the last inequality holds because by assumption that 02(W) > 10, (X*) and ||E||fF > oo, (X*).
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Case II: ||E||% < 5£0,(X*). In this case, we start by bounding the diagonal entries in A. First, utilizing Weyl’s

inequality for perturbation of singular values [271, Theorem 3.3.16] gives
or(W) = min},”*| < Bz,
K2

which implies
. y1/2 L oyjoineny 2 1725k
min\;"" > 0,.(W) — |E|j2 > 50r (X*) — =0 (X*), (E.46)
K3
where we utilize ||E|j2 < ||E||r < %O’i/Q(X*). On the other hand,

dist(W, W*) < HQ(X”2 ~TR+ EHF

—1/2  <1/2
<||Q@®"* =SR]+ Bl
which together with the assumption that dist(W, W*) > o/ 2(X*) gives
_ — 2
HA1/2 . 21/2H > o_i/?(x*) _ *UA/Q(X*) —_ §0i/2(x*)
F 5 )
We now bound the first term in (E.44):

|Q@A"* (A - =R+ QA"’REE"| > minX,”|(A - Z)R + REET]|,

> min};” (||(A - S)R| . - |[REET|,

)
1 2 1 2)\3 4 3/2 (v *
Z<ﬁ‘5><<ﬁ+ﬁ‘5>5‘g5>”r/ x)

(E.47)

and

B-Sle= | - %)

= Z (53/2 —XW)Z (53/2 +X}/2)2

i=1

v

_ r _ 2
(72 4+ min2l) |3 (712 - X%)
! =1

= (E}/Q + manj/Q) HXUQ — il/ZHF

> (w 5) 0.
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Combining (E.43) with (E.44), (E.45) and (E.47) gives

> 3/2 *
VoWl > - o32(x).

This completes the proof of (E.14).
E.11.3.2 Large gradient for the region RY
By (E.43), we have
IVg(W)llp = 5 [[(WWT - WW*T) W[,
Now (E.15) follows directly from the fact |[W|| > 22|W*|| and the following result.
Lemma E.11.3. For any A, B € R™*" with |A|| > «||B|| and o > 1, we have
|(AAT ~BBT) Al = (1 - )lAl"

Proof. Let A = &1 A, RI and B = <I>2A2R;r be the SVDs of A and B, respectively. Then

|(AAT ~BBT) A[|, = |@:1A] - @430 @A, |
> HA? - <1>1T<1>2A§<1>2T@1A1HF
> [[AT = ASA|

1 3
> (1- )l

O
E.11.3.3 Large gradient for the region RY’
By (E.30), we have
(Vg <; WWT - WWT)W + ;W*W*TW,W>
1 T *NAT* |
> ; (WWT - W*W*T) W, W) Ea8)
> : (IWWT5 — [WW T, [WewT| )
2
- L ww
where the last line holds because [W*W*T ||z < L |[WW T || .
O
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E.12 Proof of Theorem 6.3.1 (robust strict saddle for G(W))

Theorem E.12.1 (Theorem 6.3.1). Define the following regions

Ry:= {W - dist(W, W*) < ai/2(x*)}7
1 1/2 * T 20 *YRT* T
Rot = {W o, (W) <\ Loty ww T < 2pwewe T, L
/ : * 1/2 * 20 * 1 1/2 * T 20 *NAT* |
Ry : = LW - dist (W, W) > o/ 2(X°), [WI < 20 [, (W) > 1 20200, [Ww T < 20 pwrew T
20, .. 20 10, e,
Ry = {W s [WI > 3w = 25VaI [ [WW e < W W
10, o, 20, .
Ry = (W WW e > Ww e = e

Let G(W) be defined as in (6.9) with 1 = % Suppose f(X) has a critical point X* € R™*™ of rank r and satisfies
the (2r, 4r)-restricted strong convexity and smoothness condition (6.6) with positive constants a = 1 —c¢,b =1+ ¢

and

3/2 /~rx
oy F(X*)
—_ 6.14
PR e
Then G(W) has the following robust strict saddle property:
1. Forany W € Ry, G(W) satisfies the local regularity condition:
1
(VG(W), W — W*) >q,(X*)dist?(W, W*) + X ||VG(W)||2F , (6.15)
where dist(W, W*) and R are defined in (6.12) and (6.13), respectively.
2. Forany W € Ry, G(W) has a directional negative curvature, i.e.,
Amin (V2G(W)) < =0, (X*). (6.16)
3. Forany W € R3 = R4y URY URY, G(W) has large gradient descent:
IVG(W)|r 2 0l/*(X*), VW eRy; (6.17)
IVGW)llr 2 W], VW eRg; (6.18)
IVG(W)||r 2 on(X*) (IWWT £)2, YW eRY. (6.19)

Proof. Throughout the proofs, we always utilize X = UV T unless stated otherwise. To give a sense that the geometric

result in Theorem E.11.1 for g(W) is also possibly preserved for G(W), we first compute the derivative of G(W) as
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VFUVV

VE(W) = {(W(UVT))TU

} + UWWTW. (E.49)

A
Forany A = Yl e R +m)x7algebraic calculation gives the Hessian quadrature form [V2G(W)](A, A) as
Ay
[VZG(W)I(A,A) = [VF(UV)(AuVT + UAy, AuV' +UAY) E50)
+2AVI(UVT), AgAy) + [Vo(W))(A, A) '
where [V2p(W)](A, A) is defined in (E.4). Thus, it is expected that G(W), VG(W), and V2G(W) are close to
their counterparts (i.e., (W), Vg(W) and V2g(W)) for the matrix factorization problem when f(X) satisfies the
(2r, 4r)-restricted strong convexity and smoothness condition (6.6).

Before moving to the main proofs, we provide several useful results regarding the deviations of the gradient and

Hessian. We start with a useful characterization of the restricted strong convexity and smoothness condition.

Lemma E.12.1. Suppose [ satisfies the (21, 4r)-restricted strong convexity and smoothness condition (6.6) with pos-
itive constants a = 1 — cand b =1+ ¢,c € [0,1). Then any n x m matrices C, D, H with rank(C),rank(D) < r

and rank(H) < 2r, we have

(Vf(C)=Vf(D) - (C-D),H)<c|C-Dl|H|p.

Proof of Lemma E.12.1. We first invoke [8, Proposition 2] which states that under Assumption 6.3.2 for any n x m

matrices Z, D, H of rank at most 27, we have
[V2£(2)](D,H) — (D, H)| < c|D||p [H] . (E.51)
Now using integral form of the mean value theorem for V f, we have

(VS (C) - V[ (D) - (C-D),H)

/1 [V2f(tC+ (1 -t)D)] (C—D,H) — (C — D,H)dt
0

</1I[V2f<t0+<1—t)D)] (C-D,H) - (C - D,H)| dt
0

1
s/ c||C =D [H| dt = ¢||C Dl | H]| ..

0

where the second inequality follows from (E.51) since tC + (1 — t)D, C — D, and H all are rank at most 2r-.
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The following result controls the deviation of the gradient between the general low-rank optimization (6.9) and the

matrix factorization problem by utilizing the (2r, 4r)-restricted strong convexity and smoothness condition (6.6).

Lemma E.12.2. Suppose f(X) has a critical point X* € R"*™ of rank r and satisfies the (2r, 4r)-restricted strong

convexity and smoothness condition (6.6) with positive constants a =1 — cand b =1+ ¢,c € [0, 1). Then, we have

IVG(W) = Vg(W)|p < c||[WWT - WWT|| [|[W].

Proof of Lemma E.12.2. We bound the deviation directly:

IVG(W) = Vg(W)|z = Anax (VG(W) - Vg(W),A)

= | Bax (Vf(X),AuV") — (X -X* AyVT)
+ <Vf(X), UAI,> . <x - X*,UAI,>

= max (Vf(X) - VA(X) - (X - X). AuV)

+(V(X) - VA(X*) - (X~ X"), UAY,)
< X e+ Joad]
< mmax X =X <HAUV I, +uay F)
< UVT = X7 (V] + U]
< WWT - WWT ¢ [W],

where the last equality follows from Assumption 6.3.1 that V f (X*) = 0 and and the first inequality utilizes Lemma E.12.1.

O

Similarly, the next result controls the deviation of the Hessian between the matrix sensing problem and the matrix

factorization problem.

Lemma E.12.3. Suppose f(X) has a critical point X* € R"*™ of rank r and satisfies the (2r, 4r)-restricted strong

convexity and smoothness condition (6.6) with positive constants a = 1 — candb =1+ ¢,c € [0,1). Then, for any

Ay
A= e R the following holds:

Ay
T T2
IV’ G(W)[A, A] - V2g(W)[A, A]| < 2¢[[UVT —X*|,, HAUAVHF te HAUVT + UAVHF .
Proof of Lemma E.12.3. First note that

V2G(W)[A, A] — V2g(W)[A, A]
=2 <Vf(X), AUAI,> ~9 <x — X, AUAI,> FIVZA(X)(AuVT + UAT) — HAUVT + UAI,H? .
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Now utilizing Lemma E.12.1 and (6.6), we have

VEG(W)[A, A] - V2g(W)[A, A]| <2 |(VF(X) - V(X"), AuAy ) — (X - X", AuAy)|
+ v reauyT + val) - 4oy +va])

<2 |UVT =X, [|avay| +e|auvT+ UA\T,Hi

We provide one more result before proceeding to prove the main theorem.

Lemma E.12.4. [125, Lemma E.1] Let A and B be two n x r matrices such that ATB = BT A is PSD. Then

1

[(A-B)AT|. < Ve 1)

|aAT BB}

E.12.1 Local descent condition for the region R,

Similar to what used in Appendix E.11.1, we perform the change of variable W*R — W™ to avoid R in the
following equations. With this change of variable we have instead W T W* = W*T W is PSD.

We first control (VG(W) — Vg(W), W — W*)]| as follows:

[(VG(W) = Vg(W),W - W*)| < (V(X),(U-TU"VT) — (X - X*,(U-U")VT)|
+[(VA(X),U(V-V)T) - (X - X" U(V-V")T)
<e|X =X*p (I(U-UH)VTp + OV = V) F)
< WWT - WWH ||p |[WW - WHT|

IN

- WWT W*W*T 2
< s B

where the second inequality utilizes V f (X*) = 0 and Lemma E.12.1, and the last inequality follows from Lemma E.12.4.

The above result along with (E.31)- (E.32) gives

(VG(W). W = W) 2 (Vg(W), W = W) = (TG(W) = Vg(W), W = W")

> (Vg(W),W-W*) — ——[WW —wWWT|
> (Vg(W), ) Wﬁ_l | I
> 1160T(X*)dlst (W, W)+ 5 HWWT wWwWT ||
1 W T
X [ w WHF (E.52)
_ # T _ * *T(2
s VW W

1 . ST

> gor(X ) dist? (W, W*) + ﬁ [WWT — W*W*T ||

1 P 2
o HW*W*TWH
411X+ || F
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where we utilize ¢ < &

On the other hand, we control |[VG(W)||r with Lemma E.12.2 controlling the deviation between VG (W) and

Vg(W) as follows:

IVGW) 2 = [Vg(W) + VG(W) — Vg(W)3
2 IV (W) 2 +20 [ Vg(W) — V(W)

IN

IN

20 exrx T 12
T [Vg(W)[7 + 20| W2 |[WWT - W*W e
(E.53)

o~ o~ 2
% |(WWT - W W) W WWTW| 4 20¢ W2 [WWT - W W T[]

5 100 T _wwr ) w2 HA*A*T H2
(19 g9 +20¢ >||(WW WW) W[ 425 |[W W w |

5 100 * * * /\*/\*
< (3559 *+ 50 (V2 + XX [WWT = WW*T 2+ 25| W W T W2,

where the first inequality holds since (a + b)? < +£<a? 4 (1 + €)b? for any ¢ > 0, and the fourth line follows

from (E.30).

Now combining (E.52)- (E.53) and assuming ¢ < % gives

(VG(W),W — W*) > iar(x*) dist*(W, W*) +

2

260X ||
This completes the proof of (6.15).

E.12.2 Negative curvature for the region R,

Let A = qza ' be defined as in (E.38). First note that

2 9 2
HAUVT + UA\T,HF <2|AuVT|%+2 HUA\T,HF

2
<2(|WAT| =203(W) < 0,(X*),
F T

where the last equality holds because o,.(W) < \/T Y 2(X*) Also utilizing the particular structure in A yields

1 1
HAUA;;HF ~2 H¢k¢2HF )
Due to the assumption 22 [W*W*T ||z > [[WW || p, we have
2
UV =Xl < L IWWT - WW T
\/§ 20 *NRT* *NRT* 39\/>
<5 (19||W W g+ [WW*T[|p) = —= || X" p.

Now combining the above results with Lemma E.12.3, we have
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VEG(W)[A,A] < V2g(W)[A, A] + [V2G(W)[A, A] - VZg(W)[A, A

1
< -0 (X + 2 [UVT X ‘AUA\T,HF

Ie |

2
te HAUVT +UAT HF

1
< — 30 () + SO VEX |+ ey (X)
1
S _EUT(X*)7
where the last line holds when ¢ < WH(TH This completes the proof of (6.16).

E.12.3 Large gradient for the region R5 U R} U RY’

To show that G(W) has large gradient in these three regions, we mainly utilize Lemma E.12.2 to guarantee that

VG(W) is close to Vg(W).
E.12.3.1 Large gradient for the region R

Utilizing Lemma E.12.2, we have

IVG(W)l
> [[Vg(W)llp = [[VG(W) = Vg(W)|
> [VgW)[p = c[WWT = WW*T| || W]|

10 * * * *
IVg(W)llp = e(5 ITW*W e+ W W) [W]

v

20
TOU?”(X*) *2HX*HF g V2IX|2

> 3/2 X*

Y

where the fourth line follows because ||[W*W*T HF = 2| X*||p and [W]| < 22 V/2||X*||*/2, and the last line holds

ifc < o/2(X")

< 100 W This completes the proof of (6.17).

E.12.3.2 Large gradient for the region RY

Utilizing Lemma E.12.2 again, we have
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where the fourth line holds if ¢ < —

IVG(W)ll
> VoWl — e ([WWT |, + [W W) [W]

39 10
> W2 —c| = ||[W*W*T W*W*T A%
> 800” [ C ( 9 H HF+ H ||F> W]
39 ; 19
> [W|? — =2 || X o |W
> 800|| [*—c 9 X[ - W
39 ; 19
> 22 IWIIB — =2 IXH| W
> 800|| [ 150 (X[ [[W|
1
> — W72,
50
op/2(X*) he last follows from the fact th
100Waﬂdt e last follows trom the fact that
20 20
W ZIwWE| > 20X *||M/2.
W] > 19|| | > 19\fll |

This completes the proof of (6.18).

E.12.3.3 Large gradient for the region R/’

To show (6.19), we first control [{VG(W) — Vg(W), W)]| as follows:

(VG(W) = Vg(W), W)
=2|(Vf(UV"), UV") —(UVT —X* UV")|
<2|[UVT =X OV

19 1 19
< 2 VAIWW T3 [WW T [l = 5 V2 [WW T3,

where the first inequality utilizes the fact V f(X*) = 0 and Lemma E.12.1, and the last inequality holds because

and

by noting that

[UVT =X, < 2 [WWT - Ww T,
V2 (9
< 5 (G5 IWwW o W)
_19v2 T
= IWWi,

IWW |7 = [UUT 5 + [VVT[E + 2|0V T
> 4OV

[OUTE + (IVVTE -2V 5 = [UTU - VTV]} > 0.
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Now utilizing (E.48) to provide a lower bound for (Vg(W), W), we have

(VG(W), W)
> (Vg(W), W) — [(VG(W) = Vg(W), W)

19
> g IWWTE — 55 V2 WW T

2

"“o"“

> SIWWTE,

W

5

where the last line holds when ¢ < %. Thus,

1 1 T3/2
W > _ - W) W —IWW

where we utilize [W|| < (|WW T ||F)1/2. This completes the proof of (6.19).
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APPENDIX F
APPENDICES FOR CHAPTER 8
F.1 Proof of Proposition 8.2.1

Proposition F.1.1 (Proposition 8.2.1). Ler f(x,y) = ijl [i(x,y;) be an objective function as in (8.3) and let g(z)
be as in (8.7) withz = (x*,...,x’,y1,...,y). Suppose that each f; has Lipschitz gradient, i.e., V f; is Lipschitz

continuous with constant L; > 0. Then Vg is Lipschitz continuous with constant
2
Ly=L+ =,
' K
where L := max; L;, w := Zi;j Wj;, and Wj; and p are the DGD+LOCAL weights and stepsize as in (8.5).
Proof. Let L = max; L; and
0 = (0x1,...,047,0y,,...,0y,).
First, for any z and §,, and using the symmetry of W = {w;;}, we have

i vxfl(x1 + 5x1,Y1 + 5}'1) - fol(xlaYI) + 42;‘]:1 wli(6x1 - éx‘)

_ foJ(XJ+5x~’7YJ+5 ) _VXfJ(XJ’yJ)+4ZL']_ in((st _6XL)
Vg(z +96,) —Vyg(z) = v 'y
g( ) g( ) Vyfl(xl+6x1,y1+6y1)—Vyfl(X17yl)

L Vyfi(x? +8,0,y5+68y,) = Vyfi(x',ys) i

Then with some rearrangement, denoting V f; = V[x] f; and using the triangle inequality, we can obtain
y

Vfl (Xl + 6x17Y1 + (syl) - Vfl (le yl) Z1I=1 wli((sxl - 6x7)
IVy(z +d,) — Vg(2)|, < : +4 :
va(XJ + 6xJ7yJ + 6YJ) - va(XJ7 yJ) 2 Z;jzl wji((st — 6x7) 9
J s ) J o/ 2 J | J 2
xJ 2
< ZLE |:5y.7':|H2+4 Z (Zwﬂ> ||6xJH2+4 Z iji(sxi
7j=1 Jj=1 =1 J=1]l2=1 2

J J
§L|5z||p+<4mjaXZwﬁ> [[0x - 6x1]||F+4<mJaxiji> 1[0 -+ ]|,

i=1 =1

where in the last line we use
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i=j

2
SISt <l sl W= W s ],
7= 2

< [Wi[[ga - Ga]lly

J
< (oS o sl
i=1

since [[W|| < max; >, wj; = max; 27]:1 wj; in view of that W' is symmetric, w;; = 0 and w;; > 0 by (8.6).

J ~
. . s - ) J o ) J o G 2uigi Wi w
Finally, using the definition of wj; (8.6), we have max; > ;" ; wji = max; > 7, wji = max; =FI—— =: {2,

-
F

w w 2w
L L+4(>+4(> =L+ =,
I 4p 4p I

and further by the inequality < ||6z|| F, we obtain that Vg is Lipschitz continuous with constant

O
F.2 Proof of Theorem 8.2.4
Theorem F.2.1 (Theorem 8.2.4). Let p > 0, and consider an objective function h where:
1. infgpn h > —o0,
2. h satisfies the Lojasiewicz inequality within B,
3. h is twice-continuously differentiable, and
4. |h(x)| < Lo, |[Vh (X)|| < Ly, and ||V2h(x)||, < L2 for all x € B,
Suppose the gradient descent stepsize
"< ! . (8.8)
Lot 1B Gk

Suppose x(0) is chosen randomly from a probability distribution supported on a set S C B, with S having positive
measure, and suppose that under such random initialization, there is a positive probability that the sequence {x(k)}
remains bounded in B, and all limit points of {x(k)} are in B,

Then conditioned on observing that {x(k)} C B, and all limit points of {x(k)} are in B,, gradient descent

converges to a critical point of h, and the probability that this critical point is a strict saddle point is zero.

Proof. The proof involves constructing a function % such that E(x) = h(x) for all x € B, but where hhas a globally
Lipschitz gradient.

To do this, first define a window function w : R™ — R,
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1, x|l < p

w(x)=42— @ + 5 sin (Lﬂxu , o p<|Ix|l < 2p
0, [IxI[ = 2p,
where ||| = ||-||5. Note also that
0, Ixl <p
Vo (x) = § 2% sin® ("”,j‘”) , p<ixl<2p
0, %] = 2p
and
0, =l <p
. . . 2
Vi (x) = —ﬁ sin? (’T”;‘“) I+ (p\lil\B sin? (””;‘”) - pzﬁiuz sm( ngn)) xx", p<|x||<2p,
0, %]l >2p

where I denotes the n-by-n identity matrix. It is easy to verify that w € C? and |w (x)| < 1. To bound the gradient

Vw, we have

2 2
g ()]
p x|l P p

For the Hessian V2w, we have

2 2 2 2 4+2
V2| < H sin? <7T||X||> IH I  sin? <7T||X||) o am . sin( 7r|x> xTx|| < +2 T
plIx|| p plIx|| p o2 1|l p p
Now, define
h(x), x| < p
h(x)=h(x)wx)= h(x)(2—@+%sm(%)), p < |Ix| <2p
0. Il > 20,

We have the following properties for R
e Since h = hin B, I satisfies the Lojasiewicz inequality in B,,.
e Since h,w € CQ,iNL € C?.
e Since infgn» h > —oco and infgr w > —o0, infrn h> —oo.
e To globally bound the Lipschitz constant of the gradient of 1, note that

HVQEH - Hw-V2h+Vh~(Vw)T+Vw~(Vh)T+h-V2wH

[w| ||[V2h]| + 2 |V [ VA + |h] || V]|

AL,  (4+2m)L
L2+—1+¥.
p p

IN

IN
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Now consider the gradient descent algorithm with stepsize p satisfying (8.8). Define

Ty, = {x(0) € B, : all {x(k)} C B, and all limit points of {x(k)} are in B,

when gradient descent is run on h starting at x(0) }

and

T; = {x(0) € B, :all {x(k)} C B, and all limit points of {x(k)} are in B,

when gradient descent is run on / starting at x(0)}.

Similarly, define

= {x(0) € B, : {x(k)} converges to a strict saddle when gradient descent is run on h starting at x(0) }

and

Y5 = {x(0) € B, : {x(k)} converges to a strict saddle when gradient descent is run on I starting at x(0)}.

Using the above properties, we see that Theorem 8.2.2 can be applied to i~L, and so we conclude that >+ has measure
Zero.

Now, after running gradient descent on A from a random initialization as in the theorem statement, condition on
observing that {x(k)} C B, and all limit points of {x(k)} are in B,,, i.e., that x(0) € T},. Because {x(k)} C B,
and all limit points of {x(k)} are in B/, and because {x(k)} matches the sequence that would be obtained by running
gradient descent on h, we can apply Theorem 8.2.3 to conclude that {x(k)} converges to a critical point of h, and
since this critical point belongs to B, and h = h inside B, we conclude that this is also a critical point of A.

Finally, using the definition of conditional probability, we have

P(x(0) € S, NT})
P(x(0) € Tn)
P(X(O) € ZE N Tz)

Px(0) e Th)

P(X(O) S ZHX(O) S Th) =

where the second equality follows from the fact that h = h inside B,: if a sequence of iterations stays bounded inside
B, and converges to a strict saddle when gradient descent is run on h, the same will hold when gradient descent is run
on h, and vice versa. Since Y5 has zero measure and because x(0) is chosen randomly from a probability distribution

supported on a set S C B, with S having positive measure, P(x(0) € X7 NT3) = 0. Also, by assumption,

P(x(0) € T},) > 0. Therefore, P(x(0) € ¥4|x(0) € T},) = —%— = 0.

nonzero
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F.3 Proof of Proposition 8.2.2

Proposition F.3.1 (Proposition 8.2.2). Let f(x,y) = Z}]:1 fi(x,¥;) be as in (8.3). Suppose the topology defined by
W is connected. Also suppose there exist X* (which is independent of j) and y7, j € [J] such that
(x*,y}) € arg min f;(x,y;), Vj € [J]. (8.12)
X,¥;j

Then g(z) defined in (8.7) satisfies
min g(z) = min f(x,y),
z X,y

and g(z) achieves its global minimum only for z with x! = --- = x7.

Proof. First note that

J J J J
ming(z) =) <fj(xjayj‘) + > wjillx — Xlll%) > min f;(x),y;) = fi(x*,y}) = min f(x,y).
=1 i=1 j=17Yi j=1 4
F.1)
On the other hand, we have
J J
min g(z) = min <fj(Xja.Vj) + D wjillx’ — Xz|§>
j=1 i=1
J J
. j J_ Si2
<, Y (fﬂx% i)+ Dol —x ||2>
: j=1 i=1
J
—min Y £ (x,,) = min £x.y)
y i
Thus, we have
min g(z) = min f(x,y).
z X,y
The proof is completed by noting that (F.1) achieves the equality only at z with x* = --- = x” since the topology
defined by W is connected. ]

F.4 Proof of Proposition 8.2.3

Proposition F.4.1 (Proposition 8.2.3). Let f(x,y) be as in (8.3) and g(z) be as in (8.7) withz = (x*,...,x7,y1,...,y 7).
Suppose the matrix W is connected and symmetric. Also suppose the gradient of f; satisfies the following symmetric

property:

(Vfi(%,5),%) = (Vy, [i(%,¥),¥5) (8.13)
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forall j € [J]. Then, any critical point of g must satisfy x! = -+ = x”.

Proof. The critical points of the objective function in (8.7) satisfy

J

Vi 9(z) = Vs f5(x7,y;) + > 2wji(x) —x') =0, (F.2)
=1

Vyig(z) = Vy, fi(x),y;) =0,V j € [J]. (F.3)

Now taking the inner product of both sides in (F.2) with x/ and also the inner product of both sides in (F.3) with

y7 and using the property (8.13), we have

J
Z iji<xj,xj — xi> =0
i=1

for all j € [J]. Using the symmetric property of W, we then have

J J ) )
SN wiillx — x| = 0.

j=1i=1

Therefore,
x! =x7, ifw;; #0

for any i, j € [J]. Since the topology defined by W is connected, we finally have

O
F.5 Proof of Theorem 8.2.7
Theorem F.5.1 (Theorem 8.2.7). Let Cy denote the set of critical points of (8.3):
Cr={xy:Vf(x,y) =0},
and let Cy denote the set of critical points of (8.7):
Cy = {z :Vy(z) = O}.
Then, for any z = (x',...,x7,y) € Cy withx' = --- = x7 = x, we have (x,y) € Cy. Furthermore, if (x,y) is a

strict saddle of f, thenz = (X, ...,X,y) is also a strict saddle of g.

Proof. We rewrite C as:
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J
Cr=q9xVy: vafi(X7Yj) = O’Vyg'fj(xvyj) =0,Vj € [J]

Jj=1

The critical points of the objective function in (8.7) satisfy

J
Vi g(2) = ViS5 (0, y;) + > 2w + wyi)(x) —x') =0,
=1

Vyig(z) = Vy, f;(x,y;) =0,V j € [J].

With this, we rewrite C, as

J

Cy= {z V()T y) D 2w+ wi) (3 —x') = 0,Vy, f5(x7,y;) =0,Y j € [J]}_
=1
Thus, for any z = (x*,...,x7,y) € Cg with x! = ... = x/ = x, we have that (x,y) is a critical point of (8.3),

ie., (x,y) € Cy. In what follows, we check how the Hessian information (especially the smallest eigenvalue of the
Hessian) of (x,y) is transformed to z.

T
At any point (x, y), the Hessian quadratic form of f for any gy and ¢y = {q; e q;'J] is given by

2] [p)-Sen(z] 2]

At any point z, the Hessian quadratic form of g for any q = {qL e qL q; e q;J] is given by
J b b J
gt @) = 3 V4|33 4 320l -
j=1 Ay; 1 19y; j=1

Now suppose )\min(VQ f(x,¥)) < 0 (where A, denotes the smallest eigenvalue), i.e., there exist gx, gy such

ax dx
that [V2 f(x,y)]( ) ) < 0. Choosing qy1 = -+ = Qys = qx, we have [V2¢(z)](q,q) < 0, i.e.,

qy Qqy
)xmin(Vzg(z)) < 0. O
F.6 Proof of Theorem 8.3.1

Theorem F.6.1 (Theorem 8.3.1). For any data matrix Y, every critical point (i.e., every point where the gradient is
zero) of problem (8.14) is either a global minimum or a strict saddle point, where the Hessian has at least one negative

eigenvalue.

Proof. Denote by h(U, V) = 1|[UVT — Y||%. Let C denote the set of critical points of h:

C={(U,V):(UV' -Y)V=0, (UV'-Y)'U=0}.
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Our goal is to characterize the behavior of all the critical points that are not global minima. In particular, we want to
show that every critical point of A is either a global minimum or a strict saddle. Towards that end, we first recall the

following result concerning the degenerate critical points.

Lemma F.6.1. [206, Theorem 8 with X = 1] Any pair (U, V) € C that is degenerate (i.e., rank(UV ) < r) is
either a global minimum of h (i.e., UV = Y, where Y, is a rank-r approximation of Y) or a strict saddle (i.e.,

Amin(V2R(U, V)) < 0).

Note that the above result holds for any matrix Y. When rank(Y) < r, then Y, = Y. It follows from
Lemma F.6.1 that the behavior of all degenerate critical points is quite clear. For the remaining non-degenerate criti-
cal points, using the same argument in cite[Theorems 2—4]nvx:zhu2017global, we first establish the following results

concerning the critical points that are also balanced (i.e., UTU = VTV).

Lemma F.6.2. [93, Theorems 2—4] Any pair (U, V) € C satisfying UTU = VTV is either a global minimum of h

or a strict saddle.

The above result also holds for any matrix Y. With this result, we now show that non-degenerate critical points

behave similarly to degenerate ones.

Lemma F.6.3. Any pair (U, V) € C that is non-degenerate (i.e., rank(UV ") = r) is either a global minimum of h

or a strict saddle.

Proof of Lemma F.6.3. Suppose (U, V) is not a global minimum of h. Let UV" = PXQ" be a reduced SVD of
UV . Since rank(UV ") = 7 and both U and V have only r columns, we know rank(U) = rank(V) = . Denote
byD = (UTU)'UTPEY2and G = (VTV)~1'VT QX2 With this, we have

DG =(U'U)"lUTPEQ'V(V'V) I =1,
and
U=UD=P3'?2 V=VG=Qx2
The above constructed pair (U, V) satisfies
OV — UV, TTO=VTV.
Since (U, V) € C, we have
Vhy(U, V) = Vhy(U,V)D =0, Vhy(U,V) = Viy(U, V)G = 0,

which implies that (U, \Nf) is also a critical point (but not a global minimum since by assumption (U, V) is not a
global minimum) of h. Since (fJ, \Nf) is also balanced, it follows from Lemma F.6.2 that there exists Aﬁ and 5\7

such that
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[V2h(U,V)|(A,A) < 0.

Now construct Ay = AgD~!and Ay = AVG_l. Then, we have

[VZh(U, V)](A,A) = [AuVT + UAJ|Z +2(UVT - Y, AyAy)
= |AgVT +UAL|% +2(UVT — Y, AgAl)
= [V2h(U, V)](A,A) <0,

which implies that (U, V) is a strict saddle. O

Lemma F.6.2 together with Lemma F.6.3 implies that any pair (U, V) € C is either a global minimum of / or a

strict saddle.
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APPENDIX G
APPENDICES FOR CHAPTER 10

G.1 Implementations and Numerical Experiments

G.1.1 Implementations: Closed-form Updating Formula

In this section, we discuss and give closed-form expressions for the iterates of Bregman gradient descent (Algo-
rithm 3) and Bregman alternating gradient descent (Algorithm 4), respectively. Both Bregman proximal minimization
(Algorithm 5) and Bregman proximal alternating minimization (Algorithm 6) are similar to standard (alternating)
proximal minimization in that the existence of closed-form solutions depends on the specific form of the objective
function f. Therefore, in this part we mainly focus on deriving closed-form expressions for Bregman gradient descent
Algorithm 3 and Bregman alternating gradient descent (Algorithm 4), respectively.

For simplicity and generality, let us consider a fourth-degree polynomial objective function f.*’ This is because
a fourth-degree polynomial objective function can cover a number of matrix factorization problems, such as matrix

PCA, matrix sensing and matrix completion.
G.1.1.1 Closed-form Updating Formula for Bregman Gradient Decent

By Lemma 10.3.1, to obtain the second-order convergence of Bregman gradient descent for a fourth-degree poly-
nomial objective function, it is sufficient to set the Bregman distance kernel h(x) to be (i.e., using (10.22) with d = 4
anda=0c=1)

1 1
h(x) = ZlIx[2 + §||X||§ +1.

Now let us consider the main step (10.18) of Bregman gradient descent (Algorithm 3):
1
x! = arg min f(x* 1) + (Vf(x*71),x —x"71) + ;}Dh(x,xe_l).
Theorem G.1.1. Suppose the objective function f(x) is any fourth-degree polynomial. By Lemma 10.3.1, the Bregman
distance kernel h can be set according to (10.22) with d = 4 and o = o = 1. Then there is a closed-form updating

formula for the main step (10.18) of Bregman gradient descent (Algorithm 3) which is given by

xt = 7|23zt (G.1)

where

4Tt is not difficult to consider an arbitrary dth- or (d1, dz)th-order of polynomial objective function. The only issue in this case is that there
might be no closed-form updating formular (e.g., Theorem G.1.1) in solving the optimality condition of the updating formula (10.18) in Bregman
gradient descent (Algorithm 3) or (10.19) in Bregman alternating gradient descent (Algorithm 4), but one can nevertheless solve the optimality
condition using line-search algorithms.
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2= (34 DXL = V()
and 7(-) is defined in (G.4).

Remark G.1.1. Therefore, we can view Bregman gradient descent (10.18) as standard gradient descent equipped with

an adaptive choice of stepsize (see (G.1)).

Proof of Theorem G.1.1. First of all, the first-order optimality condition of (10.18) is given by letting gradient of the

objective function of (10.18) vanish
NV — Va1 + Va(xh) = 0,

which together with the fact VA(x) = (||x||3 + 1)x gives the new optimality condition:

(=03 + Dx" = (x5 + Dxt =V Fx). (G.2)

Thus, we can conclude that the closed-form update for Bregman gradient descent (Algorithm 3) is

Xt = by (X DX = ) = et (@)

where the scalar ¢, depends on the norm of current iterate
2= (X + DX - ()
and is chosen so that the new optimality condition (G.2) is satisfied when we plug in (G.3). That is,
(tem1z’ " |3+ 1) (temrz"") = 2,
By multiplying z‘~! on both sides, we get that t,_, should satisfy the following cubic polynomial equation
Iz 38+t =1 =0,
which can be shown to have a unique real solution with a closed-form expression (see Lemma G.1.1). Finally, com-

bining Lemma G.1.1 and (G.3), we get the update step (10.18) in closed-form is

14

x' = (||l 13z

9

where z‘71 = (||x71|2 + 1)x* "t — nV f(x*~1) and 7(-) is given in (G.4). O

Lemma G.1.1. For any a > 0, the following cubic polynomial
at* +t—1=0

has a unique real solution depending on a, that is,
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3 2/3 3
0) = V2 (9va +V3V2Ta+4)"" — 2\67 G4

62/3 Q/\/Ew /a3 (27a + 4) + 9a?

where T(a) is a decreasing function on a > 0 satisfying lim 7(a) = 1and lim 7(a) = 0.
a—0t a—» 00

(*
|

Proof. Since ¢/,(t) = 3at> +1 > 0 for any a > 0 and any ¢ € R, ¢,(t) is a strictly increasing function of ¢. Then
noting that ¢,(0) = —1 and ¢, (1) = a > 0, we can conclude that ¢, (¢) = 0 has a unique real root lying within (0, 1]

in view of the continuity of ¢, (-). Then by direct computations, this unique real root is given by

V2 (9va+V3vaTat 4)" 293
62/3 \/ V3B @Ta+ 4 + 94

The limit property is obtained by directly taking the limit of the function 7(a).

t=r7(a):=

Now we show the decreasing property of the solution 7(a) with respect to a. This can be shown using the implicit

function theorem that the following implicit equation holds
3 + 3at*t'(a) +t'(a) = 0.

Directly solving this equation, we get

tS
t'(a) = T3Pl < 0 forany a > 0 and ¢t > 0.
By identifying that
dr(a)
t'(a) =
(a) da ’
we obtain that 7(a) is actually a decreasing function of a. O

G.1.1.2 Closed-form Updating Formula for Bregman alternating Gradient Decent

Now let us consider the case where the objective function f(x,y) is a (4,4)th polynomial. Recall the main

step (10.19) of Bregman alternating gradient descent (Algorithm 4):

1
! =arg min(Vf (/¥ ). -7 4 LD} ey,
X

. _ _ 1 _
y! =arg min(Vy f(x’, ¥y 1),y - ¥ 1>+5D§‘i(y,yZ Lxb).
Yy

By recognizing the similar structure in the main step (10.18) of Bregman gradient descent Algorithm 3 and the main
step (10.19) of Bregman alternating gradient descent Algorithm 4, we can easily use Theorem G.1.1 to derive the
closed-form updating formula for the Bregman alternating gradient descent Algorithm 4 where the objective function

f(x,y) is a (4, 4)th polynomial.
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Corollary G.1.1. Suppose the objective function f(x,y) is any (4, 4)th-degree polynomial. By Lemma 10.3.1, the

bi-Bregman distance kernel h(x,y) as

1 1 1 1
nex,y) = (gl + i+ 1) (G918 + SIvIE +1).
Then there is a closed-form updating formula for the main step (10.19) of Bregman alternating gradient descent

Algorithm 4 which is given by

x =725t 13)z5 ",
¢ £—1)2y,,0—1 (G-5)
y =7(lz, l2)z,
with
—1 £0—1)2 -1 n =1 4—1
z, = (”X || + 1)X - — _ vxf(x Y )a
? (y=H2/a+ly=t3/2+1)
—1 0—1)2 -1 n I |
z, =y le+Dy - Vy x5y ),
. ? (=274 + [Ix“[3/2+1)
and 7(-) defined in (G.4).
Proof. The proof of Corollary G.1.1 is similar to that of Theorem G.1.1. [

When the objective function f(x,y) is a (2, 2)th-degree polynomial, we can further simplify the closed-form
updating formula (G.5) in Corollary G.1.1. We note that the importance of the (2, 2)th-degree polynomial objective
functions comes from that it can also cover a massive number of matrix factorization problems, such as nonsymmetric

matrix PCA, nonsymmetric matrix sensing and nonsymmetric matrix completion.

Theorem G.1.2. Suppose the objective function f(x,y) is any (2, 2)th-degree polynomial. By Lemma 10.3.1, we can

set the bi-Bregman distance kernel h(x,y) as

1 1
exy) = (53 +1) (lvI+1). 66

Then there is a closed-form updating formula for the main step (10.19) of Bregman alternating gradient descent

Algorithm 4 which is given by

<! =xt-1 _ — 2 Vaf(x,L vt ),
ly“=Hz/2+1
€ _ -1 n ¢ -1 G.7)
= = v X, ).
Y g )

Remark G.1.2. In view of the closed-form updating formula (G.7), Bregman alternating gradient descent can be
viewed as the standard proximal alternating linearized minimization (a.k.a. alternating gradient descent) equipped

with the ability of adaptively choosing the proximal regularizer parameter.
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Proof of Theorem G.1.2. Recall the main step (10.19) of Bregman alternating gradient descent (Algorithm 4):

1
x! =arg min(V, f(x1, y*™ 1), x —x1) + =D} (x,x" Ly,
) ! (G.8)

. _ _ 1 _
y! =arg min(Vy f(x', 1),y - ¥ 1>+5Di(y,yz Lxh).
Yy

and the first and second Bregman distances are respectively defined as as (see Definition 10.2.3):
Dy (x,x Ly ) =h(x,y ) = h(xTLy ) = (Vih (XL y ) x = xh),
Di(y,y"hx) =h(x",y) = h(x',y"") = (Vyh(x',y" ),y —y™)

Now combining (G.8) and (G.10), we get the optimality conditions that should be satisfied by (x*, y*):

(G.9)

NV f (X7 y 1) + Vah(xh, y 1) = Vieh(x 71y ) = 0;
NVy f(x5,y") + Vyh(x,y") = Vih(x,y" 1) = 0;
Finally, we obtain the closed-form updating formula (G.7) by combining the optimality conditions (G.10) and

(G.10)

1
vantxy) = (5IvIE+1)

1
Vyhix,y) = <2||x||§ ¥ 1) y.

G.1.2 Numerical Experiments on Low-rank Matrix Factorization

G.1.2.1 Low-rank Matrix Factorization Problem
As we have discussed in Section 10.3.3, the Burer-Monteiro factorization method [119,159] transforms the original
large-scale rank-constrained matrix optimization problem (10.23):

minimize  ¢(X) subject to rank(X) < r,
XeS? or XeRnxm

into a smaller-scale (nonconvex) problem (10.24):

minimize f(U) := ¢(UUT) or minimize  f(U,V):=¢(UVT).
UGRILXT‘ UER’I’LX’V‘7V€R’ITLXT'

From Corollary 10.3.3, when the original objective function ¢(X) in (10.23) is any lower-bounded dth or (d;, ds)th-

degree polynomial satisfying the (2r, 2—10)—RIP and we set

« o « o « o
h(U) = < |[U|%+ S |[UIF +1 or A(U,V)=(—[Ug +5|UlIz+1) ( =IIVIE+SIVIF+1
d 2 dy 2 dy 2
(G.11)

for any o, o > 0, then applying Algorithms 3 and 5 to minimizey f(U) in (10.24) or applying Algorithms 4 and 6 to

minimizey v f(U, V) in (10.24), we can almost surely solve (10.23) to global optimality from a random initializa-
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tion.

The global optimality results (i.e., Corollary 10.3.3) hold for any lower-bounded finite-degree*® polynomial ob-

1

jective function ¢(X) satisfying (27, 55)-RIP. Now for convenience, let us consider the best rank-r approximation

problem of the optimization form

1
minimize  =[|X — X*||% subject to rank(X) < 7. (G.12)
Xesn or XeRnxm 2

In this case of (G.12), we know that the original objective function ¢(X) satisfies (2r, §)-RIP for any positive integer
rand any § > 0 by recognizing that V2¢(X) = L. Therefore, the global optimality theory (i.e., Corollary 10.3.3) can
directly apply to this case.

Now recall that the motivation behind the BM factorization comes from the high computational/storage cost of
solving large-scale matrix optimization problems, particularly those involving rank constraints. We therefore are more
interested in the BM formulation of the rank-r approximation problem (which is the matrix factorization problem),
that is

1 1
inimize f(U) := = |[UUT — X*||3 inimi ~UvVT — X*|%. G.13
mivimize /(U) := 5| G 1 I @19

G.1.2.2 Implementations and Experiments

In (G.13), we identify that f(U) is a fourth-degree polynomial and f(U,V) is a (2, 2)th-degree polynomial.
Therefore, we can use the closed-form updating formulas given in Theorem G.1.1 and Theorem G.1.2 to solve
minimizey f(U) (for the symmetric case) and minimizey v f(U, V) (for the symmetric case), respectively. More

precisely,

e we use the closed-form updating formula (i.e., (G.1) with x = U* (for the symmetric case) to perform Bregman

gradient descent (Algorithm 3) on the symmetric matrix factorization problem in (G.13), and

e use the closed-form updating formula (G.7) with (x*,y?) = (U* V) for the nonsymmetric case to per-
form Bregman alternating gradient descent (Algorithm 4) on the nonsymmetric matrix factorization problem

in (G.13).

e Moreover, to verify the global optimality theory of Algorithms 3 and 4 in solving Burer-Monteiro factorization
problems (G.1.1) (see Corollary 10.3.3), we will plot the optimality distances ||UZUET — X3#||% (for symmetric
case) and ||[U*V* T X ||% (for nonsymmetric case) as a function of the number of iterations. This is because
all the second-order stationary points of (G.13) correspond to the best rank-r approximation of X*, denoted by

X7 (cf. [6,206]).

48Clearly, the finite-degree of the polynomial ¢(X) directly implies the finite-degree of the polynomial f(U) or f(U, V).
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Now we compare the performances of the standard (alternating) gradient descent and the Bregman (alternating)
gradient descent in solving the symmetric and nonsymmetric matrix factorization problems in (G.13). For setting
up the parameters, we set the dimensions as n = m = 50, rank as r = 2, and for convenience we generate the
ground truth matrix X* with rank(X*) = 5. We define X} as the best rank-r approximation of the ground truth X*,
which can be obtained via SVD. In term of the choices of the stepsizes (a.k.a. regularizer parameters) 7, we remark
that we manually tune the stepsizes 7) to achieve the best performances for all the algorithms. In term of standard
(alternating) gradient descent, because by (10.5), to ensure the sufficient decrease property, the stepsize should be less
than L% where L is the global Lipschitz gradient constant for the objective function to be minimized. However, for
the matrix factorization problem, there is no global Lipschitz constant. Therefore, tune the stepsize for each different
initialization. In sharp contrast to standard (alternating) gradient descent, Bregman (alternating) gradient descent is not
sensitive to the choice of the “stepsize” 1. This is because, as described in Remark G.1.1 and Remark G.1.2, Bregman
(alternating) gradient descent uses a kind of adaptive stepsize according to the current iteration U”* (see (G.1)). To
illustrate of such ability of adaptively-choosing stepsize, we generate two random initialization points: one is close
to the origin and the other is far away from the origin (and hence has large norms). Figure Figure G.1 shows that
when initialized at a point having a large norm, the performance of (alternating) gradient descent degrades drastically,
while Bregman (alternating) gradient descent maintains a stable and favorable performance regardless of the size of

the initialization.
G.1.2.3 More Experiments for Algorithm 6

Finally, we are interested in deriving a closed-form expression of Bregman proximal alternating minimization

(Algorithm 6) for the nonsymmetric matrix factorization problem:
e . 1 T * |12
minimize -||UV ' — X*||%. (G.14)
UcRnXxr VeRmxXxr 2

Theorem G.1.3. Suppose f(U, V) is the objective function of (G.14) . Set the bi-Bregman kernel h(U, V') according

to (G.6). Then the closed-form updating formula of Bregman proximal alternating minimization (Algorithm 6) is given

by
" " T -
Uf — ( X*vf—l +U€—1) ( VZ—l Vf—l +I
V112, /2 + 1 V112 /2 +1
[ 1%/ | 1%/ » (G.15)
V= (77 x*Tut +V‘—1> (" Ut v —|—I>
[U4)%/2 + 1 [U1%/2+1

Proof. The proof directly can be obtained by combining the optimality conditions of the main step (10.21) of Algo-

rithm 6 (with (U, V) set as (G.14)) and
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Figure G.1: Comparing standard (alternating) gradient descent and Bregman (alternating) gradient descent in solving
symmetric and nonsymmetric matrix factorizations in (G.13). In particular, we set up the symmetric matrix factoriza-
tion experiments as follows. (a): We initialize U° with each entry drawn from N0, 1); (b): We initialize U° with
each entry drawn from A (0, 100). We note that in both cases (a) and (b), we have tuned the stepsizes of both algo-
rithms to achieve optimal performance. We observe that when the current ||U|| is large, the convergence of gradient
descent becomes very slow; while Bregman gradient descent is not sensitive to the norm of the current ||U|| ¢ and still
converges quickly to the global optimum. The same phenomenon happens in non-symmetric matrix factorization. (c):
We initialize U° and V° with each entry drawn from A/ (0,1); (d): We initialize U and V° with each entry drawn
from A/(0,100). Similar to the symmetric case, we have tuned the stepsize of both algorithms to achieve optimal
performance in both cases. We observe that the performance of (alternating) gradient descent degrades drastically
and even fails (see (d)), while Bregman (alternating) gradient descent maintains a stable and favorable performance
regardless of the size of the initialization.
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1
vanty) = (glvIE+1) x
1 2
Vyh(x,y) = §||x||2 +1)y.
[

Remark G.1.3. Now we can compare the closed-form updating formula (G.15) of Bregma proximal alternating min-
imization with that of standard proximal alternating minimization in solving (G.14), which is given by
-1
U= (X VUt (v VI 1)

(G.16)
¢ *Tr7e -1 TARY, -t

\% :(nx U+ V )(nU U +1)
Therefore, we can view the closed-form updating formula (G.15) of Bregman proximal alternating minimization
as that of standard proximal alternating minimization equipped with adaptive stepsize according to the norm of the

current iteration V1 or U*.

We will compare the performances of standard proximal alternating minimization and Bregman proximal alternat-
ing minimization in solving the nonsymmetric matrix factorization problem (G.14). For convenience, we set up the
experiments exactly the same as that of the the first experiment (see Figure Figure G.1) except for those closed-form
updating formulas. To verify our convergence theories, we plot the optimality distance HUZV[T —X%||% as a function
of the number of iterations. In the experiments (see Figure Figure G.2), we observe that both standard and Bregman
proximal alternating minimizations achieve amazingly satisfying performance in solving the nonsymmetric matrix
factorization problem (G.14). Further, both algorithms can maintain a stable and favorable performance regardless
of the size of the initialization. In our understanding, this findings can be explained by Equation (10.17) (similar
results hold for standard proximal alternating minimization if we replace the L -adaptive-Lipschitz gradient condition
by the standard L -Lipschitz gradient condition), which essentially claims that the amount of sufficient decrease is

independent of the (adaptive) Lipschitz constant L ¢, hence allowing more flexibility in tuning 7.
G.2 Proof of Lemma 10.2.1

Lemma G.2.1 (Lemma 10.2.1). Supposef € C? is globally lower bounded and satisfies the L ¢-adaptive Lipschitz
gradient condition for some Bregman distance kernel h € C?, which is assumed to be o-strongly convex and super-
coercive. Then the updating formula (10.18) for Bregman gradient descent (Algorithm 5) and (10.20) for Bregman

proximal minimization (Algorithm 5) are both well-defined and respectively satisfy:
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Figure G.2: Comparing standard proximal alternating minimization and Bregman proximal alternating minimization
in solving the nonsymmetric matrix factorization problem (G.14). In particular, we set up experiments as follows. (a):
We initialize U° and V° with each entry drawn from A/(0,1); (b): We initialize U and V with each entry drawn
from A/(0,100). We note that in both cases, we have tuned the proximal regularization parameter 7 for both standard
and Bregman proximal alternating minimization algorithms to achieve optimal performance. We observe that both
algorithms can maintain a stable and favorable performance regardless of the size of the initialization.

Algorithm 3 :  f(x*~!) — f(x*) > <1 - Lf) %er —x"713 (10.10)
n

Algorithm 5 :  f(x*~!) — f(x*) > 2£||xe —x7h8. (10.11)
n

Proof. We first show (10.10). For simplifying notations, denote x* := x* and x‘~! := x~. For the well-definedness,
it suffices to show the solution of (10.10) exists and is unique. First, since the objective function is continuous (as

f,h € C?), its level set
Levy(a) == {x: ¢(x) < a}

is closed for any a € R, where ¢(x) := f(x7)+(Vf(x7),x—x")+ %Dh(x, x 7). Second, when h is super-coercive,
we will show the objective function ¢(x) is coercive, which would imply the boundedness of the level set Levy(a).
Then combing the closedness of the level set, we can view (10.10) as a minimization of a continuous function over a
compact level set and hence the solution must exist. The uniqueness follows from the strong convexity of ¢ because

V2¢ = V2h and h is strongly convex. Now, we show ¢ is coercive.
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=——+4(a,x)+b

||X”2(77||X||2 ()

Therefore, we have

6(x) > [l (n’”ﬂf”) - |a|2) T

Together with that h(x)/||x||2 > n||al|2 for some large enough ||x||2 by the super-coercivity of h, this shows that ¢ is
coercive.

For the sufficient decrease property of (10.10), using definition of global optimality, we have

F) = F(x) + (V) x—x7) + %Dh<x,x->

1
> f(x7)+(VFxT),xT —x7) + 5Dh(x+,x_)
1
> fT) = LyDu(xt,x7) + D (xx7) (G.17)
1
= f(xt) + (77 - Lf) Dp(xT,x7)
1 o _
> )+ (5 - 1) Gl = xI3
n 2
where the second inequality is by the general descent lemma (10.9) with y = x~,x = x™ and the last inequality
follows from the o-strong convexity of h.
We now show (10.11). Its well-definedness follows in the same way by showing that the objective function
of (10.11) is coercive (by using the same analysis as (G.17) combined with the lower-boundedness of f) and strongly

convex (since (f, h) satifies L s-adaptive Lipschitz gradient condition and n € (0,1/Ly)). And the sufficient decrease

property follows from the definition of global optimality,

) = f(x)+ %Dh(& x") > f(x")+ EDh(XﬂX’) > f(x")+ %HX* —x |3
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G.3 Proofs in Section of Stylized Applications
In this section, we collect the proofs omitted in the section of Stylized Applications.

G.3.1 Application to Polynomial Objective Functions

Lemma G.3.1 (Lemma 10.3.1). Suppose f(x) (or f(x,y)) is any coercive and lower-bounded dth-order (or (dy , d2)th-

order) polynomial function with d, dy, ds > 2. Set the Bregman (or bi-Bregman) distance kernel h to be
e o @ o e o

h(x) = =[xl + S Ix13+1 or h(x,y) = (= [xl5* + 5[5 + V(- lylls* + Sllyl3 +1) (G.18)

d 2 dy 2 da 2

Sforany a,o > 0. Then (f(x), h(x)) (or (f(x,y), h(x,¥))) satisfies Assumptions 10.2.1- 10.2.4.

Proof. We classify the proof into two parts according to two different cases of (f, h).

Showing (f(x), h(x)) satisfying Assumptions 10.2.1- 10.2.4. First, any dth-degree polynomial function f(x) can

be represented as

d
= (Ap,x® (G.19)
k=0
where ® denotes the tensor product operator, x®* := x ®x®- - - ®x (total k times), and the coefficients of kth-degree
monomials are arranged as A, € R™ x R x --- x R™ (total k times). For convenience, we denote x®° = 1 and
Ao € R. Further, due to super-symmetric tensors x®¥ (i.e., the (i1, s, - - , iz )th entry of x®* is invariant respect to
the order the indices i1, 92, ..., i), we can assume A for k£ > 2 as super-symmetric tensors since otherwise we can

replace A as its super-symmetric part. For example, when k& = 2 (i.e., A3 is a square matrix), the super-symmetric
part for Aj is (Az + A5 )/2. Similar definitions can be easily extending to a general natural number k > 2.
Now, we show that polynomial f with the particular Bregman distance kernel h(x) = $||x||3 + §||x||§ +1

in (10.22) satisfies all Assumptions 10.2.1- 10.2.4.

Showing Assumption 10.2.1. First of all, let us compute the Hessian of h(x):

V2h(x) = Sd(d - 2)[xll§ %" + (Salxls T + 27 ) L

T
X _
= a(d - 2)|x[|§> WW + (x5 +0) I, (G.20)

Therefore, we have V2h(x) is well-defined in the whole domain x € R™ for all d > 2, implying that h € C2. Second,

. h(x) . (a g1 O 1 > . o
lim ——* = lim —|lx + —||xl|[o + —— ] > lim 9 = 00,
Ixll2=o0 X2 Ilx]l2—o0 a2 5 I ([l I\MHWQH‘

implying the super-coercivity of h. Finally, following from (G.20), we can lower bound the Hessian as
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V2h(x) = (allx]|3 2 + o) I, = oI, (G21)
indicating that h(x) is o-strong convex. This completes the proof of showing Assumption 10.2.1 holds.

Showing Assumption 10.2.2. First, the lower-boundedness of f follows by the assumption. Second, Since any
polynomial function satisfies the KL property, f is a KL function by Remark 10.2.1. This completes the proof of

showing Assumption 10.2.2 holds.

Showing Assumption 10.2.3. By definition of L ;-adaptive Lipschitz gradient condition, it suffices to show that there

exists a constant L ; such that
LiV?h(x) £ V2f(x) = 0 forallx

Towards that end, we first bound the Hessian spectral norm of f. Since f is a dth-degree polynomial function (i.e., in

the form (G.19)), we can compute its Hessian matrix as (using the super-symmetry of Ay)

d
VQf(X):Zk(k‘—l)Ak X1 X X9gX X3X '+ Xp_9X (G22)
k=2

where X, denotes the kth-mode tensor-vector product [76] for any Nth-order tensor A and any vector x € R"™ so that

n

Axpx = > Alin, ik, dyikrs, - in)x()) (G.23)

Jj=1 . . . .
2157 5tk —152k+15""" HUN

Using the triangle inequality and by definition of tensor spectral norm, we can bound the spectral norm of V2 f(x) as

d
IV2F) <> k(k = 1)[| AR X1 X XX X3 X+ Xp_p X]|
k=2

I
M= 1= 1=

k(k—1) max (A X1 X X9 X X3X- Xp_2 X,y @ 2)
lyll2=1.||z]2=1

(G.24)
k(k—1) max Ap X1 X X9 X X3X - Xp_2X Xp_1y Xj 2
lyll2=1,lz]l2=1

< D k(e = D)l Axlllx]3~

>
U

2

where the second line follows from the definition of matrix spectral norm, the third line follows from the definition of
kth-mode tensor-vector product (G.23), and the fourth line follows from the definition of a general Nth-order tensor,

that is,

H.AH = i Iﬁlale_.A X1X1 X9Xg: - XN XN.
Xill2= K3
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Therefore, by (G.24), we have

d
IV2F ) <>kl — DAL+ [Ix[1372) (G.25)
k=2
Meanwhile, from the first line of (G.21), we have
V2h(x) = (allx|s % + o)L, (G.26)

Combing (G.25) and (G.26), we finally get that (f(x), h(x)) satisfies L s-adaptive Lipschitz gradient condition for

any
d 11

Le> k(k—1 ——07-

2 Sk e 2,2

Showing Assumption 10.2.4. It directly follows from the coercivity assumption of f and Remark 10.2.2.

This completes the proof of showing that ( f(x), h(x)) satisfies Assumptions 10.2.1- 10.2.4.

Showing (f(x,y), h(x,y)) satisfying Assumptions 10.2.1- 10.2.4. First, any (d;, da)th-degree polynomial function

f(x,y) can be represented as

di da

Fxy) =D (A x¥ @y®) (G.27)
i=0 j=0
where the coefficients of (i, j)th-order monomials are arranged as A; ; € H2:1 R™ x Hi:l R™. For convenience, we
denote x®° = y®% = 1 and Ay ¢ € R. Further, due to super-symmetric tensors x®* and y®7, we can always assume
A; j fori > 2or j > 2 as bi-super-symmetric tensors, i.e., those entries A; ;(k1,--- , ki, kiy1,-- - , ki+;) have the
same value despite the order of (k1, ko, - - - , k;) and the order of (k;11,kiy1,- -+ , ki)
Due to the symmetric structures between h(x,y) and h(y) and by a similar argument as in the proof of showing

(f(x), h(x)) satisfies Assumptions 10.2.1- 10.2.4, it suffices to show that
Part 1 h(x,y) is bi-super-coercive and o-strongly bi-convex;
Part2 (f(x,y),h(x,y)) satisfies bi-adaptive Lipschitz gradient condition,

and the remaining parts of Assumptions 10.2.1- 10.2.4 can be directly obtained from the given assumptions on f(x,y)

and h(x,y).

Showing Part 1. First of all, we observe that
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~—

h(x,y

lim > lim =[xl = o0,
lIxllz—c0 [|X]|2 [|x]l2—00 2H |
h
lim (x.y) > lim —||y||2 =00
lylla—o0 [[¥]l2 llx[l2—c0 2

which implies that h(x, y) is bi-super-coercive. It remains to show that h(x, y) is o-strongly bi-convex. Towards that

end, we compute the partial Hessians of h(x,y). Similar to (G.20), we have

« g X )(—r
VE(xy) = (VI + SIv1E + 1) (ot — 2l + (a7 o)1) ©29)
: Tl T

V2 h(x, :(O‘xd1+”x2+1>( s YV d22+01) (G29)
sohxy) = (I + 5 i3 (da =Dy~ e+ (el 4+ ) L

This then implies that

2
vyyh‘(xay) t UIm~
Therefore, h(x,y) is o-strongly bi-convex. This completes the proof of Part 1.

Showing Part 2. We first bound the partial Hessians spectral norms of f(x,y). Similar to (G.24), we bounded

V2, f(x,y)| as (using the bi-super-symmetry of A; ;)

dq do
Vi f Gy <D 0D il = D Aij X1 X Xa X+ XX Xig1 ¥+ Xit; Y|
i=2 j=0
0 | (G.30)
S i@ = DA x5 1y 11
Similarly, we bounded || V2 f(x, y)|| as
dl d2
Vo FEIII <Y D 30 = DI XX Xa X X X Xap1 ¥ Xigj 2 Y|
i=0 j=2
4 d (G.31)
s i j—2
<D 6 = DI Iy 127>
i=0 j=2
Now, similar to (G.25), we obtain from (G.30) and (G.31) that
dl d2
V2G| < (4 I8+ Iy l8) S0 it — DAl G.32)
=2 j=0
d1 d2
IV5y Foe ) < (U Il (T + Iy 152 72) D> 36 = DAl (G.33)
1=0 j=2

Further, using (G.28) and (G.29), we can further bound
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_ o
VLh(xy) = (allxlg? + o) (d|y||§2 + 1) I, (G.34)
2
Viyhix,y) = (Flixl +1) (allyl$ > +0) 1 (G.35)
yy ) = \d, 2 2 m .

Then, combining (G.32)- (G.35), we have (f(x,y), h(x,y)) satisfies (L1, Lo)-bi-adaptive Lipschitz gradient condi-

tion for any

Ly > T % 1 - max{l,
Dito §=0 i(i — 1)[|Aq 5

1
= — rP— max{l,
Do =0 it — 1)[[ Al

eSS

Ql— Q=
L O+
o8
—

and

1
T A max {1,
D im0 2jen (1 — D[l Ai ]

Y%

Ly

o &~
—

Q= Ok
el& 9l

1
==z I max{l,
Zi:() jzzj(] - 1)HAi7j |

This completes the argument of showing Part 2,

Combining all the above, we finish the proof of showing that (f(x,y), h(x,y)) satisfies Assumptions 10.2.1-
10.2.4. O

G.3.2 Application to Any Objective Functions with a Polynomial-order Hessian Spectral Norm

Lemma G.3.2 (Lemma 10.3.2). Suppose ||V2f(x)|| < C1+Cal[x[|972 (or || V2, f(x,¥)|| < (C1+Ca| x5 *)(C5+
Callylls*) and |V £ (x,9)II < (Cs+Colx[|3*)(Cr+ Cslylly =) in the whole domain with d. dy, dy > 2 for some
positive constants C to Cy. Set the Bregman (or bi-Bregman) distance kernel h according to (10.22) for any o, 0 > 0.
Then (f,h) (or (f(x,y), h(x,y))) satisfies the L g-adaptive (or (L1, L2)-bi-adaptive) Lipschitz gradient condition for

any Ly > max{%, %} and any Ly > max{% 2 O, %} and any Ly > max{Cs, Cedi Cr %}

T a? a o’ o

Proof. We will show the adaptive Lipschitz condition and bi-adaptive Lipschitz condition, respectively.

Showing the adaptive Lipschitz condition. By definition of adaptive Lipschitz condition, it suffices to show that
there is a Ly > 0 such that

LiV?h(x) £ V2 f(x) = 0
in the whole domain. In one way, by assumption of f(x), we have

IV2£ ()l < C1 + Callx]|5 >
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in the whole domain with d > 2 for some positive constants C7, Cs. In another way, by direct computations, h(x)
in (10.22) satisfies that
V2h(x) = (a|x||57% 4 o)1, forany d > 2,
in the whole domain. Therefore, it is clear to see that
LiV?h(x) £ V2 f(x) = 0
in the whole domain for any Ly > max{%, %}
Showing the bi-adaptive Lipschitz condition. By definition of adaptive Lipschitz condition, it suffices to show that

there are L1, Lo > 0 such that

leixh(xa y) :l: Vixf(xv Y)

0,
L2V§zyh’(xv y) + V§,yf(X, y) 0

Y 1Y

in the whole domain. In one way, by assumption of f(x,y), we have

IV24 S, 3) < (€1 + Callxlg =) (s + Cally )

IV2y £, 9 < (Cs + Collxlg*) (€2 + Csllyllg=™2)

in the whole domain with d;,ds > 2 for some positive constants C; to Cs. In another way, by direct computations,

h(x,y) in (10.22) satisfies that for any dy,ds > 2,

_ « g _ [0
V3ey) = (allxl +0) (VI + FIvIE+1) 1 = (alxlg > +o) (vl +1) 1,

«

« g _
Vi hxy) = (g Gl 1) (alyl + o)1= (5

Ixg+1) (allyl +) ,

Therefore, it is clear to see that

leixh(xﬂ y) * Vixf(X, y)
L2v§1yh(x7 Y) + v?/yf(xv Y) t

Y

)

0
0.

for any L, and Lo satifying

Ll > max{qy @ac?n C4d2 }7
(6]

g
Cut €1 €4

L, Zmax{CE, )
Q

)
g g
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G.4 Analysis of Algorithms 3-6
G.4.1 Convergence Analysis of Algorithm 3

For completeness of the proof, we still collect the convergence analysis of Algorithm 3 here, despite providing it

in the main context.

Algorithm 10 Bregman Gradient Descent
1: Input: A Bregman kernel i with L V?h(x) £ V2 f(x) = 0 in the whole domain; Set 7 € (0, L%)

2: Initialization: x°

3: Recursion: Iteratively generate a sequence {x‘},cn via

1
x! = g(x'1) = arg min(Vf(x' 1), x — x°) + EDh(x,xefl) (10.18)

G.4.1.1 First-order Convergence of Algorithm 3

Theorem G.4.1. Under Assumptions 10.2.1— 10.2.4, Algorithm 3 with arbitrary initialization converges to a critical

point of f in (10.1).

Proof. First, it is clear that Algorithm 3 is well-defined in view of Lemma 10.2.1. Then in view of Theorem 10.4.1
and the assumption that f is KL function, it is sufficient to prove that {x’}scy is a gradient-like descent sequence for

f (see Definition 10.4.1), i.e., to show:
(C1) Sufficient decrease property: f(x) — f(x**1) > py [|x*F! — XZHE , V£ € N for some p; > 0;
(C2) Bounded gradient property: ||V f(x“1)||, < pa ||x™ —x*||,, V£ € N for some py > 0.

Condition (C1) follows from (10.10) in Lemma 10.2.1. Condition (C2) holds because by the optimality condition

Vi) 4+ (VA(x) — Vh(xY))/n = 0, (G.36)
we have
1 (B
IV ) = IV H) = Vhxc) < "”7(7)||x“1 N

where the inequality follows from Assumption 10.2.4, h € C2, and the fact any function in C? admits a locally
Lipschitz gradient on any bounded set (see Footnote 40). Therefore, by continuing this argument, we claim that f has

a locally ps(B)-Lipschitz gradient on B, and we have ||V f(x‘*1) || < (””T(B) + pf(B)) [l — x|, O
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G.4.1.2 Second-order Convergence of Algorithm 3

Theorem G.4.2. Under Assumptions 10.2.1- 10.2.4, Algorithm 3 with random initialization almost surely converges

to a second-order stationary point of f in (10.1).

Proof. To show the second-order convergence from the first-order convergence, it suffices to show that Algorithm 3
avoids strict saddles. We define (10.18) as x* = g(x’~!) and compute the Jacobian Dg. By the definition of g, we get
Dg(x*) = 0x**1/0x". Then we apply the implicit function theorem to the optimality condition (G.36) and in view

of the nonsingularity of V2h, we obtain that Dg is continuous and given by
Dg(x") = [VZh(x")] " (V2h(x") — V2 f(x).
Since the above analysis holds for all x* € R”, this further implies that Dg(x) is continuous and given by
-1
Dg(x) = [V*h(g(x))]  (V*h(x) = nV*f(x)) . (G.37)
To show the avoidance of strict saddles, by Theorem 10.4.2, it suffices to show the following conditions:

Showing g is a C! mapping. This follows from the continuity of Dg in (G.37).

Showing det(Dg) # 0 in the whole domain. By the positive definiteness of V2h and V2h + nV2f,

det(Dg(x)) = det([VZh(g(x))]™!) det(V2h(x) — nVZf(x)) > 0.

Showing any strict saddle of f lies in A,. First for any strict saddle x*, we have x*1 = x! = x* satisfies the

optimality condition (G.36), so x* is a fixed point, i.e., g(x*) = x*. Plugging g(x*) = x* into (G.37):

Dyg(x*) =[V2h(x*)] " (V2h(x*) — nV2 f(x*))
~[V2h(x*)] 75 (V2h(x*) — nV2f(x*))[V2h(x*)] 72
=1 — [V2h(x*)] V2 f(x")[V2h(x*)] % =1 n@

with “~" denotes the matrix similarity. Therefore, Dg(x*) has an eigenvalue strictly greater than 1 since ® has a

negative eigenvalue. This is because ® is congruent to V2 f(x*), which has a negative eigenvalue. O
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G.4.2 Convergence Analysis of Algorithm 4

Algorithm 11 Bregman Alternating Gradient Descent

1: Input: A bi-Bregman kernel h(x,y) with both LV} h(x,y) + Vi, f(x,y) = 0 and LyVi h(x,y) £

Viy f(x,y) = 0in the entire domain; Set 7 € (0, min(z-, 7).
2. Initialization: (x°,y")
3: Recursion: Iteratively generate a sequence {x*, y*}sen via

x’ =arg min(Vyef(x Ly 1), x = x 7 + — Dy (x,x iy,
X

. _ _ 1 _
y' =arg min(Vy f(x", vy ),y —y* 1>+5Di(yyy‘ Lx)
Yy

(G.38)

G.4.2.1 First-order Convergence of Algorithm 4

Theorem G.4.3. Under Assumptions 10.2.1— 10.2.4, Algorithm 4 with arbitrary initialization converges to a critical

point of f in (10.12).

Proof. First of all, in view of Lemma 10.2.2, we immediately conclude that Algorithm 4 is well-defined:

Proposition G.4.1. Under Assumptions 10.2.1- 10.2.4, Algorithm 4 is well-defined.

Now, by Theorem 10.4.1 and the assumption that f is KL function, it is sufficient to prove that {(x*, y*)}sen is a

gradient-like descent sequence for f (see Definition 10.4.1), i.e., showing:

(C1) Sufficient decrease property;

(C2) Bounded gradient property.

Condition (C1) directly follows from Lemma 10.2.2.

To show Condition (C2), we start with the optimality condition (G.39) for the first-block of Algorithm 4

vxh(XJra Y) = Vxh(x, Y) - anf(Xv y)’

which implies

1
Vs f (x,¥)]l2 = EHVxh(XJr,Y) = Vxh(x,¥)ll2

<

B
M”)ﬁ — x]fs
n

< 208 1y - eyl

where the second line follows from Assumption 10.2.4, h € C2, and Footnote 40.
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Using a similar analysis for the optimality condition for the second-block of Algorithm 4

Vyh(xt,y ") = Vyh(xt.y) - ¥y fx*,y),
WwWe can get
B
19 £t 3)lls < phf?)w vl

implying

IVy eyl < IVy FFy)ll2 + IVy F(xF.y) = Vi f(x, )2

(B
< 20 B) ot e+ oy (Bt —xlla

- (/’ff’) +pf<8>) 1y — Gyl

where the second line follows from Assumption 10.2.4, f € C2, and Footnote 40.

Combing the above two, we get an equivalent version of the bounded gradient property

19669l <NV f G lle + 9y £ 3)]l:
< (2”77(3) +pf(6>) 16t y) = ()2

Therefore,

IV Gty < (2”*3(8) n 2pf<6>) 16ty *) — (9l

G.4.2.2 Second-order Convergence of Algorithm 4

(G.40)

Theorem G.4.4. Under Assumptions 10.2.1- 10.2.4, Algorithm 4 with random initialization almost surely converges

to a second-order stationary point of f in Equation (10.12).

Proof. Following from (G.38), we denote

(x",y) = g1(x,y)
(Xa y+) = g2 (Xa Y)

(G.41)

The mappings g1, g2 are well-defined in the whole domain R™ x R™ in view of strong convexity and coercivity of

the objective function in (G.38). Then Algorithm 4 can be viewed as iteratively performing the following composite

mapping for ¢ = 1,2,...
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where the mapping g is defined as the composite mapping of g1, g2:

g:=gaog (G.43)

To compute the Jacobian matrix Dg, we first compute Dg; and Dgo. Then we will use the chain rule to get Dg.

Now we compute Dg; (x,y) using (x*,y) = g1(x,y). First of all,

oxt  oxt
Dgi(x,y) = [8’(‘; %YT]
m

Then by the first-order optimality condition (G.39) of Algorithm 4:

Vxh(x",y) = Vxh(x,y) = nVxf(x,¥)
Now apply the Implicit function theorem to (G.39)

oxt

2 2 2
vxxh(x+7 Y) Ox T = vxxh(x7 Y) - nvxxf(XJ’)
2 pixt S h 2 pixt 2
vxx (X ’Y) ay—r - vxy (X7 y) - vxy (X ’Y) - vayf(X, y)

which implies (since V2h; is positive definite in the whole domain) the following Jacobians are continuous and given

by
oxt 2 b oon—1 (o2 2
8)(7T = vxxh(X uY) (vxxh(x7 y) - nvxxf(x’ y))
ax+ 2 + —1 2 2 + 2
i Vi h(xT y) H(Vih(x,y) — Vi hi(xT,y) — 0V, f(x,))

Therefore, Dg; is continuous and given by

[oxt  oxt
Dgl (X7 y) = 66< %YT]
_ [Vikh(xty)™t 0
~| 0 L,
_vixh(xv Y) - Uvixf(X7 Y) viyh(x7 Y) - v?{yh(x+7 y) - inyf(X7 Y) (G 44)
0 I, ’

Similarly, we have Dgs is continuous and given by
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(1, o
Dga(x,y) = | ay* oy*
| ox T oy "
_In 0
10 V3 h(x,yt)7!
I I, 0

G.45
V2 h(x,y) — V2h(x,yt) — V2 f(xy) V2 h(x,y) — nV2 f(x,y) (G.49)

Finally, using the chain rule, we get Dg is continuous (since continuity is closed under composite and product

operations) and given by

Dg(x,y) = Dg2(91(x,y))Dg1(x,y). (G.46)

By Theorem 10.4.2, to show that the mapping g can almost surely avoid the strict saddles, it suffices to show the

following conditions:
1. gisaC! mapping;
2. det(Dg) # 0 in the whole domain;

3. Any strict saddle of f is an unstable fixed point of g.

Showing ¢ is C! mapping. This follows from the continuity of Dg in (G.46).

Showing det(Dg) # 0 in the whole domain. To show det(Dg) # 0 in the whole domain, by using the chain rule
Dg = DgaDg

and noting that each Dy is a squared matrix, it suffices to show both Dg; and Dgs are nonsingular in the whole do-
main. Since Dg; is a block upper-triangular matrix (see (G.44)), it suffices to show both of its diagonal block matrices
are nonsingular. The first diagonal block is V2, h(xT,y) (V2 h(x,y) — nV2, f(x,y)), which is nonsingular in
the whole domain because of h is strongly bi-convex (implying V2, h is positive definite in the whole domain and
hence nonsingular in the whole domain) and (f, h) satisfies (L1, Lo )-bi-adaptive Lipschitz gradient condition (imply-
ing V2, h(x,y) —nV2,f(x,y) is positive definite in the whole domain for any n < L% and hence nonsingular in the
whole domain). Therefore, we obtain that Dg; is nonsingular in the whole domain. Using a similar analysis and in
view of (G.45), we can show that Dgs(x,y) is nonsingular in the whole domain. This shows that det(Dg) # 0 in the

whole domain.

Showing any strict saddle of f lies in .A,. By definition, we want to show each strict saddle (x*,y*) of f satisfies

Log(x*,y*) = (x*,y%)
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2. max; |[A;(Dg(x*,y*))| > 1
The first part comes from that (x,y) = (x*,y ™) = (x*, y*) satisfies the first-order optimality condition of (G.38):

Vih(x*,y%) = Vxh(x*,y*) — 0V f(x*,¥")
Vyh(x*,y*) = Vyh(x*,y") = nVy f(x*,y")

which definitely hold since any strict saddle (x*, y*) is also a critical point of f:
(Vaf (x%), Vy f(x",¥7)) = (0,0)

Further, (x*,y*) is the unique point satisfying the above first-order optimality condition by Proposition G.4.1.
Now we show the second part, that is, the maximum eigenvalue of magnitude for Dg(x*,y*) is greater than 1. To

simplify notations, we make the following notations;

{Fn F12} _: |:v>2cxf(X*ay*) viyf(X*,y*)
Fa1 Foo Vo (x5, y%) Vi, f(x*5%)

and

H, = vixh(X*ay*)
H, := Vi h(x*, y*).

Now we are ready to compute Dg(x*,y*) by plugging
xFy") = (xy) = (x"y")
to (G.46) and using the above notations:

| 0 I, —H'Fi;  —nH'Fo
. o n n 1 1
Dg(x*,y*) = {_nH;FQl I, - anlez] [ 0 Ln

= (I - [0 ] [Fll Flﬂ) (I —n {Hll } {Fll F12]>
V2]712 (y*)_1 F21 F22 0 F21 F22
H ! F,;, F 0 0] [F; F
11— 1 B 11 12 2 B ~ 11 12
n |: HQ 1:| |:F21 F22 * 77 H2 1F21H1 1 0 F21 FQQ

I nH;? Fi1 Fpo
—772H2_1F21H1_1 7’]H2_1 F21 F22

-1
I %Hl Fii Fio
Fgl %Hg F21 F22

-1
_ FHl ] FHl —Fn —F1o ]
F21 %Hg lI_I2 - F22

n
This implies
1 =1r1
“H; —Fqy —Fi2 ~H;
D *7 *\—1 — | n
9"y [ %HQ - F22:| [Fm IHJ
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Note that to show that Dg(x*,y*) has an eigenvalue with magnitude larger than 1, it suffices to show that the

equation
det(Dg(x*,y*) ™" — puI) =0

has a solution p € (0,1).

Towards that end, note that det(Dg(x*,y*)~! — uI) = 0 is equivalent to

_1 _1 1

~“H; —Fyy —F2 ~H;
det n n —ul | =0
! o] [ gl )

rl 1
1y, iH, - Fyy —Fio
< det | |7 — n =0
© ( L Fgl 717H2:| " |: %HQ - F22:|)

[+ (1= p)Hy + pF1y pF 12
< det | |” =0
‘ ( L Foi %(1 - wHz + MF22]>
/i1 11— pHy 4 pFyy VEF 12 ]) ({wn D
— det ( [VI det ( | " det | VF -0
‘ ( i Im}) ‘ <[ VHF21 51— pHy + pFa ¢ L,
[+(1— p)Hy + pF1y VEF12
< det | |" =
‘ ( I ViFa1 21— p)Hy + MF22])

Therefore, we obtain that Dg(x*,y*) ! has an eigenvalues within (0, 1) is equivalent to the event that

I(p) = [,17(1 — wH; + puFqq ViF 15 ]

VirFa1 7%(1 — w)Hy + pFo

is a singular matrix for certain p € (0,1). Towards that end, we first observe that J(u) is a real-symmetric and
continuous (with respect to 1) matrix and hence all eigenvalues of J(u) are real-valued (by the symmetry of J (1)) and
are continuous functions of y ( [230, Theorem 5.1]). In particular, the minimum eigenvalue Apin (J(12)) is real-valued
and continuous function of p.

Now, we observe that

1
: +Hy
lim J(,LL) = |:77 lH :| )
n 2

u—0+
Fll F12 V%lf(X*ay*) V%Qf(X*vy*) 2 * Kk
J(1) = = =V f(x*,
(1) [F21 Fao V3 (x5 y*) Vi f(x*,y") 657
First, since J(0T) is positive definite (as h; and hy are strongly convex), we have
Amin (J(0T)) > 0.
Second, since (x*,y*) is a strict saddle of f, we claim that

Amin(J(1)) < 0.

Finally, since Amin (J (1)) is a real-valued and continuous function of u, we get Ayin(J(1t)) = 0 for some 1 € (0,1).
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This completes the argument of showing Algorithm 4 can almost surely avoid the strict saddles. Then together

with the first-order convergence Theorem G.4.3, we obtain the second-order convergence of Algorithm 4. O

G.4.3 Convergence Analysis of Algorithm 5

Algorithm 12 Bregman Proximal Minimization

1: Input: A Bregman kernel i with L V?h(x) £ V2 f(x) = 0 in the whole domain; Set € (0, L%)

2: Initialization: x°

3: Recursion: Iteratively generate a sequence {x‘},cn via

x1 = g(x%) := arg min f(x) + %Dh(x,xe) (10.20)

X

G.4.3.1 First-order Convergence of Algorithm 5

Theorem G.4.5. Under Assumptions 10.2.1— 10.2.4, Algorithm 5 with arbitrary initialization converges to a critical

point of f in (10.1).

Proof. First of all, Algorithm 5 is well-defined in view of Lemma 10.2.1. Then, by Theorem 10.4.1 and the as-
sumption that f is a KL function, it is sufficient to prove that {x‘},cy is a gradient-like descent sequence for f (see

Definition 10.4.1), i.e., to show:
(C1) Sufficient decrease property: f(x) — f(x*1) > py [|x*+! — XZHE , V£ € N for some p; > 0;
(C2) Bounded gradient property: ||V f(x“1)||, < p2 ||x™ —x*||,, V£ € N for some py > 0.

Condition (C1) follows from (10.11) in Lemma 10.2.1. Condition (C2) holds because by the optimality condition

V) + (VAT - Vh(x"))/n =0, (G.47)
we have ||[Vf(x*1)|s = %HVh(x”l) — Vh(xY|2 < #er+1 — x"||2, where the inequality follows from
Assumption 10.2.4, h € C2, and Footnote 40. O

G.4.3.2 Second-order Convergence of Algorithm 5

Theorem G.4.6. Under Assumptions 10.2.1- 10.2.4, Algorithm 5 with random initialization almost surely converges

to a second-order stationary point of f in (10.1).

Proof. To show the second-order convergence, we define (10.20) as x’ = g(x*~!) and compute the Jacobian matrix
Dg. By the definition of g, we have Dg(x’) = 9x‘*!/0x’. Now we apply the implicit function theorem to (G.47)

and in view of the nonsingularity of V2h + V2 f, we obtain that Dg is continuous and given by
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Dg(x") = (V2h(x"1) + nV2f(xT1)) 7' V2h(x").

Noting that the above argument holds for any x* € R™, we therefore have that Dg(x) is continuous and given by

Dyg(x) = (V?h(g(x)) + 1V f(9(x))) " V?h(x). (G.48)

By Theorem 10.4.2, to show the mapping g can almost surely avoid the strict saddles, it suffices to show the

following conditions:
Showing g is a C! mapping. This immediately follows from the continuity of Dg in (G.48).

Showing det(Dg) # 0 in the whole domain. Due to the positive definiteness of V2h and V2h 4+ nV2f,

det(Dg(x)) = det ([v2h(g(x)) + V2 f(g(x))] ‘1) det (V2h(x)) > 0.

£+1 L

Showing any strict saddle of f lies in .A,. First for any strict saddle x*, we have x = x" = x* satisfies the

optimality condition (G.47), indicating x* is a fixed point, i.e., g(x*) = x*. Now plugging g(x*) = x* to (G.48), we

have
Dyg(x*) =[V2h(x*) + 9V f(x*)] 7' V2h(x")
~VER(E) + VR ()] T2 (VPR () [VPA(xT) + VA f (x)) 2
=L [V?h(x") + V2 f ()] AV () V2R + V2 ()] 72 =T - @
where “~" denotes matrix-similarity. Clearly, we know Dg(x*) has an eigenvalue strictly greater than 1 since

V2 f(x*) has a negative eigenvalue and is congruent to ®.
Combining the above three and Theorem 10.4.2, we show that Algorithm 5 can almost surely avoid strict saddles.

Finally, combining this with the first-order convergence, we obtain the second-order convergence of Algorithm 5. [

G.4.4 Convergence Analysis of Algorithm 6

Algorithm 13 Bregman Proximal Alternating Minimization
1: Input: A bi-Bregman kernel h(x,y) with both LiV2 h(x,y) + V2, f(x,y) = 0 and LyVi h(x,y) £

V2, f(x,y) = 0 in the entire domain; Set 7 € (0, min(L%, L%))
2. Initialization: (x°,y")
3: Recursion: Iteratively generate a sequence {x’, y’}sen via

1
x' =arg minf(x,ye*l) + *D;ll(X,Xéfl; yeil),
n

X

. (G.49)
y’ =arg min f(x{y) + 5D,2L(y,y£_1;xe)
y
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G.4.4.1 First-order Convergence of Algorithm 6

Theorem G.4.7. Under Assumptions 10.2.1— 10.2.4, Algorithm 6 with arbitrary initialization converges to a critical

point of f in in (10.12).
Proof. First of all, as a direct consequence of Lemma 10.2.2, we are guaranteed Algorithm 6 is well defined.
Proposition G.4.2. Under Assumptions 10.2.1- 10.2.4, Algorithm 6 is well-defined.

Now, in view of Theorem 10.4.1 and the assumption that f is KL function, it is sufficient to prove that { (x?, y*)}sen

is a gradient-like descent sequence for f (see Definition 10.4.1), i.e., satisfying
(C1) Sufficient decrease property;
(C2) Bounded gradient property.

Condition (C1) directly follows from Lemma 10.2.2.

To show Condition (C2), we start with the optimality condition of the first block of Algorithm 6

Vxh(xt,y) = Vxh(x,y) = 0V f(x",y), (G.50)

and get that

1 *
IVxf(x",¥)ll2 = 5\\Vxh(x+»y ) = Vxh(x,5)ll2

< ph(B) ||X+ -

= XH2
n

where the second line follows from Assumption 10.2.4, h € C2, and Footnote 40.
Now using the same argument on f € C?, we get f has a locally p(B)-Lipschitz gradient on the set B, and

therefore

IV f 5y D)l < IVaf (7,5 7) = Vaf (T y)ll2 + [V f (T, ¥) 2

< By = ylla+ 22 ot — x
< (os®)+ 52 )16 3 )l

Using a similar analysis to the optimality condition for the second-block of Algorithm 6

Vyh(x",y") = Vyh(x",y) —nVy f(x",y7),

we can get
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B
IV, £ty )l < ”’;(7)||y+ vl

Therefore, combining all, we get

IV, y )2 IVef (xTy )2 + 1V f(xF, 7)1

G.4.4.2 Second-order Convergence of Algorithm 6

Theorem G.4.8. Under Assumptions 10.2.1— 10.2.4, Algorithm 6 with random initialization almost surely converges

to a second-order stationary point of f in (10.12).

Proof. Following from (G.49), we denote

(X+7 Y) =0 (Xa y)

(G.51)
(Xa y+) =92 (Xa Y)

The mapping ¢, g2 are well-defined in the whole domain R™ x R™, in view of strong convexity and coercivity of
the objective function in (G.49). Then Algorithm 6 can be viewed as iteratively performing the following composite

mapping for { = 1,2,...
(x"y") = g(x""y (G.52)
with the mapping g defined as the composite mapping of g;, gs:

0= 02001, (G.53)

To compute the the Jacobian matrix Dg, We first compute Dg; and Dgo. Then we will use the chain rule to get
Dg.

Now we compute Dg; (x,y) from (x*,y) = g1(x,y). First of all,

ax+t axt
Dgi(x,y) = | 9x"  9y"
0 L.

Then recall that the first-order optimality condition (G.50) for the first block of (6) is given by

Vxh(xT,y) = Vxh(x,y) = nVxf(xT,y)

Now apply the Implicit function theorem to (G.50)
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(V2 h(xT,y) + Ve f(xt

ox™t

))

Y = Vich(x,y)
Yy

oxT
oxt
(vixh(x+a y) + nvixf(x+ )) W = viyh(x7 y) - viyh(x+7y) - nviyf(x+a y)

implying (since V2h; is positive definite in the whole domain) that the following Jacobians are continuous:

oxT
ax T
oxt
oy T

— (V2,h(x",y) + V2 f(xt,y) T Vih(x,y)

Therefore, Dg; is continuous and is given by

Dgi(x,y) =

= (V2eh(xt,y) + V2 f(xT,3)) T (V2 h(x,y) — V2 h(xT,y) — V2, f(xT,y))

[oxt  oxt
oxT oyT
0 I,
(V3™ y) + 15 (6%, 9))
I
M2 2 o2 + o 2 +
Vxxho(xm) Viyh(x,y) nyh(f \Y) = 1V F(X7,Y) (G.54)

Similarly, we have Dgs is continuous and given by

Dgs(x,y) =

I, 0

6y+ ayt
LoxT  Oy'
_In

(V2ha(y*) + V2, f(x,y1)) "

L,

Finally, combining (G.54) and (G.55), we get the expression of Dg:

Dyg(x,y) = Dg2(91(x,y))Dg1(x,y).

_vgxh(xa Y) - Vzlxh(xa y+) - nvixf(x7 y+) viyh(xa Y)

0 (G.55)

(G.56)

Further, since continuity is preserved by product and composite operation, we get Dg is continuous and hence g € C*.

By Theorem 10.4.2, to show that the mapping g can almost surely avoid the strict saddles, it suffices to show the

following conditions:

1. gis C* mapping;

2. det(Dg) # 0 in the whole domain;

3. Any strict saddle of f is an unstable fixed point of g.
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Showing ¢ is C! mapping. This is because Dg in (G.56) is continuous by the implicit function theorem.

Showing det(Dg) # 0 in the whole domain. Because
Dg(x,u) = Dg2(91(x,5)) Dg1(x,y)

with Dg; and Dgs being square matrices, it suffices to show the global non-singularity of both Dg; and Dg,. Since
Dy, is a block upper-triangular matrix in view of (G.54), it suffices to show both of its diagonal block matrices are
nonsingular. The first diagonal block is (V2 h(x",y) + nVZ, f(xT,y)) ' V2, h(x,y) in (G.54), which is nonsin-
gular in the whole domain because of h is strongly bi-convex (implying V2_h is positive definite in the whole domain
and hence nonsingular in the whole domain) and (f,h) satisfies (L1, Lo)-bi-adaptive Lipschitz gradient condition
(implying V2, h(x,y) +nV2, f(x,y) is positive definite in the whole domain for any 1 < L% and hence nonsingular
in the whole domain). Therefore, we obtain that Dg; is nonsingular in the whole domain. Use a similar analysis and
in view of (G.55), and we can show that Dgs(x,y) is nonsingular in the whole domain. This shows that det(Dg) # 0

in the whole domain.

Showing any strict saddle of f lies in .A,. First of all, we show that for any strict saddle (x*,y*) of f, we have

Then this implies (x*,y*) is a fixed point the mapping ¢ = g2 o g1, i.e., g(x*,y*) = (x*,y*). Clearly x =
x*,xT = x*,y = y* satisfies the first-order optimality condition (G.50). Combining the well-definedness of g; by

Proposition G.4.2, this implies that

g(x"y") = (x5, 57).
The same analysis can be used to show that

g2(x",y") = (¥, y7).
This completes the proof of showing (x*,y*) is a fixed point of g.

It remains to show that the Jacobian matrix Dg(x*,y*) has an eigenvalues with magnitude greater than 1. To

simplify notations, we make the following notations;

{Fn F12} o |:v>2cxf(X*ay*) viyf(X*,y*)
Fa1 Foo Vo (x5, y%) Vi, f(x*5%)

and
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H, := V2 h(x*,y%)
H, := Vi h(x*, y*).

Now we are ready to compute Dg(x*,y*) by plugging
xFy") = (xy) = (x"y")

to (G.56) and using the above notations:

Dg(x*,y*) =Dg2(x*,y*)Dg1 (x*,y7)
-( J [
(Hy +nFa2)"

e ] ) ([ T)

_ (H1 +nFq1) 7t 0 H, -—nFi
|(Hy +nF11) ' (—nFa21)(Hy +nF32)~!  (Hy +nF2) 'Hy L.
_ [ (Hi +nFu1)~! 0 I, H, -—nFi
|[(Hy +nF1) ' (- T]F21)(H2 +nF22)™! (Ho + nFag)? H, L.
_ _Hl + 77F11 0 Hl 777F12
nFa1 Hs +nFa H,

Second, we transform the problem of showing that Dg(x*, y*) has an eigenvalue of magnitude greater than 1 as

the problem of showing that
det(Dg(x*,y*) — uI) =0

for some p of magnitude greater than 1. Using the properties of det(-), we further have

det(Dg(x*,y*) —ul) =0

—1
H1 =+ 77F11 0 Hl —77F12
— det —pl| =
’ ( nF21 H; + ’7F22] [ H, : !
[H; —nFis H, +nFn1 0
— det — =0
( L H, :| |: ’17F21 H, + 77F22
(1—-p)Hy — unF1q —nF12
< det =0
( I —pnFay (1 —p)Hz — punFao
(n—1)H; + unFyy nF 12 })
<= det =
( pnF 21 (n— 1)Hy + punFay
det -In (,u' - 1)H1 + W?Fll \//jT]F12 I” B =0
; Vil ViNF21 (1 — 1)Ha + unFao Vil
i —1
I, (p—1H; + pnFqy VEnF 12 L,
<= det det det =0
¢ ( I \/ﬁImD ¢ ({ VENF21 (= 1)Hy + pmFas ] ) Vilm
(n—1)H; + pnFpy VHNE 12
<= det =0
¢ ( VinFar (n— 1)Ha + pnFas

Therefore, the problem reduces to showing that
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I(p) = (= 1)Hy + pnFq VENF12
VENF 21 (1 — 1)Hy + pnFoo

is a singular matrix for some ¢ > 1. Note that J (1) is a symmetric and continuous (with respect to 1) matrix and hence
all the eigenvalues are real-valued (by symmetric structure of J(u)) and continuous functions of 4 (by [230, Theorem
5.1]). In particular, the minimum eigenvalue A, (J(1t))) is also a real-valued and continuous function of p.

Now we observe J(u) in two special cases:

F,, F V2 y*) Vi f(x*y* . ok
11 12]_ [ wxf (X5, y7) v/ (x5, y7) = V2 f(x*,y%),

I =n {le Fy| Vo f(x5y%) Vo f(x*,y*)

p—oo g H, + Tlez}
First, since (x*,y*) is a strict saddle of f, we have
Amin (J(1)) < 0.
Second, by the assumption that both H; &+ n¥'1; and Hy + nF4, are positive definite matrices, we have
Amin (J(N)) >0
for some sufficiently large number N. Finally, since Apmin (J(1))) is a real-valued and continuous function of p, we
conclude that there must be p € (1, N) such that A\y,in (J (1)) = 0 for some sufficiently large number N > 1.
Therefore, we have shown that Algorithm 6 can almost surely avoid the strict saddles. Combining this with the

first-order convergence Theorem G.4.7, we obtain the second-order convergence of Algorithm 6. O
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APPENDIX H
APPENDICES FOR CHAPTER 11

H.1 Proof of Theorem 11.5.2

Definition H.1.1 (KL property). [212, 241] We say a proper semi-continuous function h(u) satisfies Kurdyka-

Lojasiewicz property, if for any limiting critical point @ of h(u), there exist § > 0, 6 € [0,1), C' > 0, s.t.
Ih(u) — h(w)|® < C dist(0,0n(n)), Y u € B(T,s)

where Oh(u)) denotes the subdifferential of h at u. In particular, when h(-) is differentiable, we further have Oh(u)) =

{Vh(u)} and hence the KL property becomes
|h(u) — h(@)|" < C||VA(u)|2, ¥u e B(,0)

We mention that the above KL property (also known as KL inequality) states the regularity of A(u) around its
critical point u and the KL inequality trivially holds at non-critical point. There are a very large set of functions
satisfying the KL inequality. In particular [213, Theorem 5.1], any proper lower semi-continuous function satisfies
the KL property once its function graph is a semi-algebraic set, i.e., is a subset of R" defined by a finite sequence
of polynomial equations. Therefore, a very large set of functions should satisfy the KL inequality, since the semi-
algebraic property functions are sufficiently general, including but never limited to any polynomials, any norm, quasi
norm, ¢y norm, smooth manifold, etc. For more discussions and examples, see [213,239]. Clearly, the objective

function f(U, V, W) is semi-algebraic as it is a polynomial function.
Lemma H.1.1 (Uniform KL property). The objective function in eq. (11.7) satisfies the KL property. Further there

exist 6 > 0, Ok € [0,1), Ckr > 0 such that as long as dist((U, V, W), L(Uy, Vo, Wy)) < o, we have

|F(U,V, W) = F|"" < Ckr|[VF(U,V, W) r (H.1)

with f being limiting function value defined in Part (i) of Theorem 11.5.1.

Proof. First recognize the union | J; B((U;, V;, W;), §;) forms an open cover of £(Uy, Vo, Wy) with (U;, V;, W;

~—

representing all points in £(Uy, Vo, W) and §; to be chosen so that the the following KL property of f at (ﬁi Vi, Wz) S
E(UQ, ‘707 Wo) holds:

£(U,V, W) = F|" < GIIVF(U,V,W)||p, V(U,V,W) € B(T;, V,, W,),5;)

where we have used all f(U;, V;, W;) = f by Part (iii) of Theorem 11.5.1. Then due to the compactness of the set
L(Uy, Vo, W) (from Part (iv) of Theorem 11.5.1), it has a finite subcover, that is, | J}_, B((Uy,, Vi,, W), 6k.)
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for some positive integer p. Now combining all, we have for all (U, V, W) € [J'_, B(Uy,, Vi, W), 6k, ),

|F(U,V, W) = F|"" < Ck|VF(U,V, W) (H.2)

with 0, = max?_, {0y, } and Cc;, = max?_,{Cy, }. Finally, since | J{_, B((Uy,, Vi, Wk,), dx,) is an open cover

of £L(Uy, Vo, Wy), there exists a sufficiently small number d so that

p
{(U,V,W) : diSt((UaVaW)v‘C(UOaVO?WO)) < 60} C U B((ﬁkkamwkz%ékz)

i=1

Therefore, eq. (H.2) holds for any (U, V, W) in the dg-neighborhood of £(Ug, Vo, Wy). O

Proof of Theorem 11.5.2. First of all, in view of that
khm diSt((Uk, Vi, VV]Q7 E(Uo, Vo, Wo)) =0
— 00

and the definition of the convergence, there exits a positive integer & so that dist((Uy, Vi, W), L(Ug, Vo, Wy)) <

dg for all k& > kg. Now using Lemma H.1.1, we have that

—19KkL
|f(Ur, Vi, W) = FI 7" < CrrlIVf(Uk, Vi, Wi) |l p, Yk > k. (H.3)

In the following we will restrict our iterates { (U, Vi, W) }ken to k& > ko. The remaining analysis is discussed case

by case.

Case I. f(Uy,VN,Wy) = f for some finite N > 0. Then by Part (i) of Theorem 11.5.1, we immedi-
ately have f(Uy, Vi, W) = f(Ugs1, Vi1, Wie1) = f forall K > N. Therefore, by Lemma 11.4.7, we get
that (U, Vi, Wg) = (Un, Vi, Wy),Vk > N, hence the sequence {(Uy, Vi, W) }ren converges to the point
(Un, VN, Wy)in N steps. By knowing that any limit point of {(Uy, Vi, W) }ren is a critical point of f by Part
(iv) of Theorem 11.5.1, we therefore have that in this case Algorithm 7 converges to a critical point of f in a finite

number of steps.

Case II. (Uy, Vi, W) > f for any finite k. The key is to rely on the following inequality (which can be easily
obtained by using Jensen’s inequality to the concave function h(x) = z'~% for § € [0, 1) with domain = > 0):

T2 — T1

]
)

xé_g - xi_e >(1-0)

Vo, > 0,20 >0 (H4)
Setting x5 = f(Uy, Vi, W) — f > 0and 21 = f(Upt1, Vs, Wig1) — f > 0ineq. (H4):

(U Vie Wi) = ' = (f(Upar, Viess, Wiss) = 10 > (1 — 0) LT Vie Wi) = F (Ut Vi, W)

(f(Uk, Vi, Wy) = f)°
(H.5)
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In the subsequent argument, we choose 6 = 0, in (H.5). From eq. (H.1) and Lemma 11.4.7, we can further lower

bound f(Uy, Vi, W) — f(Uss1, Vir1, Wit 1) and upper bound ( f(Uy, Vi, W) — f)% . to obtain from eq. (H.5)

21— 9KL))
CkL

that (denote I'y := 1 — O, ' :=

(F(Uk, Vi, W) = O = (f(Uks1, Vg, Wig) — )T
ST, [(Ukt15 Vier1, Wii1) = (Ug, Vi, W) |17

- IVf(Uk, Vi, Wi)|

o Lo [(Ukt1, Vigr, Wipn) — (Uk, Vi, W) |7

T V2L, [[(Ug, Ve, Wi) = (Ug—1, Vi1, W) || e
Iy <|(Uk+17vk+17wk+1) — (Uk, Vi, Wi 1%
V2L, \ Uk, Vi, W) — (Up1, Vi1, Wi )|

+ [(Uk, Vi, Wi) = (Up—1, Viem1, Wi )|l P — [[(Ug, Vi, Wy) — (Uklyvklawkl)”F>

I
= \/572(2||(Uk+1,Vk+1,Wk+1) — (Ui, Vi, W)l r = (U, Vi, W) = (Ug—1, Viee1, Wis1) || )
g

Repeating the above inequality and summing up them from kg to N, we get

(f(Ukoﬂvkako) - ?)Fl - (f(UN+17VN+1aWN+1) - ?)Fl

((UN+17VN+17WN+1) (Un, VN, Wy)l|lF

*fc
N

~ [1(Ukg Virg» W) = (Uso—1, Vg1, Wiy )l + D (1(Uk1, Vipr, W) — (Uk'7Vk'7Wk)||F)>
k=Fo

Letting N go to infinity and since limy o0 f(Unt1, VNi1, Why1) = f by Part (i) of Theorem 11.5.1, we have

N
lim > [[(Upyr, Vierr, Wiaa) = (Ug, Vi, Wi ||

N—o00
k—Fko
I _
<1 (Uky Vg, Wiy) — (Ugg—1, Vigg—1, Wi —1) || 7 + ﬂ%(f(Ukako,Wko) — f)ttxr
9
< ||(Uk07Vk07Wko) — (Ukg—1, Vieg—1, Wio—1) || F
1-0xrp
(Ukys Vigs Wiy) — (Upy—1, Vig—1, Wio—1) || o ©* (H.6)

\f 2L,
where in the last line we have used eq. (11.10) and eq. (H.1). Now we observe that the last line of eq. (H.6) is finite,
which shows that the sequences {(Uy, Vi, W) }ren is Cauchy and hence is a convergent sequence. Then using the

same arguments as Case I, we know that the unique limit point of this Cauchy sequence is also a critical point of f.

Convergence rate. We have showed that {(Uy, Vi, W)} is convergent to a unique critical point (U, V, W).
In other words, the limit point set £(Ug, Vo, Wy) is a singleton containing this unique critical point (U, V, W).

Now, we are ready to further bound the convergence rate of the process (Uy, Vi, W) — (U, V, W). The key is to
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utilizing the finite length inequality eq. (H.6):

> Ukt Ve, Wiat) = (U, Vi, Wi [l < 1[(Uiky, Vieg, Wik) = (Ukg—1, Vig—1, Wiko—1) || 7
k=ko

1-6kr

+ | (Ury, Vig, Wiy) = (Urg—1, Vig—1, Wio—1)[| p "

1
3 — (CKL\/ELQ)SKL
with a := A1—0n)

We divide the following discussion into two cases based on the value of the KL exponent 6.

Case I: 0x;, € [0,1].  Since 0k € [0,1], we have % > 1. For simplifying notations, define P, =

Yoo i l(Uit1, Vig1, Wig) — (U;, V;, W,) || p. From eq. (H.6), we know that

1-6pr

Py, < Pyy—1 — Py + a[Pry—1 — Py, ] 7xc (H.7)

Since by Part (ii) of Theorem 11.5.1 P;_;— P, — 0 as k — o0, there exists a positive integer k1 such that Pr,_1— Py <

1, for all kK > k;. Then combining (H.7) and the fact 15;% > 1, we have
P, <(1+a)(Py1— Pr), V> k

with k := max{ko, k1 }, which further gives that

1 _
Y L VE>T
+

P, <

Note that % € (3,0),aa = —Sa-ee— > 0. Therefore, we show a linear convergence rate of {P:} ie.

P < O((5+2)F7%), Vk > k. Then using that

[(Uk, Vi, Wi — (U, V., W)||p = (U, Vir, W) (Ui, Vi, W) ||r < P

— lim
k—o0

by the triangle inequality, we are guaranteed that the convergence rate is linear:

S — 1+a)\" " —
(U Ve W)~ OV W)r <0 (502) ). w=F

15}‘31; L < 1. Using a similar analysis as in Case I, we can deduce from eq. (H.7)

CaseIl: 01 € (3,1). Inthis case,

and the fact % < 1 to obtain that

1-0kr

0 _
P < (14 a)[Pyy — ) 7x0, Vk > F. (H.8)
Then, using eq. (H.8) and following a similar argument as in [213, Theorem 2], we get that

1-20p 1 1-2057

P TKL — plIRE > 6 VR >k (H.9)
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for some positive &, which implies that

126041 1-20p7 1-20p7
1-6 1-0 1—0 - _
I i > (k—Fk)¢, V> k

-6k

implying Py < [(k — k)¢]"¥xz-T, Vk > k. Finally, using the fact that ||(Uy, Vi, W) — (T, V, W)||r < P, we

arrive at a sub-linear convergence rate of { (U, Vi, W)} O
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