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Resumo

As redes sem fios de sexta geragdo (6G) impdem requisitos rigorosos ao nivel da camada fisica,
em particular no que respeita a comunicagdes ultra-fidveis de baixa laténcia (URLLC). Esta deve
ser inferior a 1 ms, e com uma fiabilidade superior a 99 999%. Os esquemas convencionais
de codificacdo com cddigos longos sdo incompativeis com estas restri¢des devido aos atrasos
inerentes a descodificacdo e ao uso de entrelacadores. Esta dissertacdo desenvolve técnicas de
processamento de sinal e de codificacao de baixa complexidade, direcionadas para comunicacoes

maquina-a-maquina (MTC) com cddigos curtos.

A primeira contribui¢ao demonstra a viabilidade de sistemas massive multiple-input multiple-
output (mMIMO) codificados, integrando cddigos lineares aleatérios (RLC), multiplexagem
espacial baseada em zero-forcing e descodificagao baseada em guessing random additive noise
(GRAND). Os resultados evidenciam diminuicdes significativas da laténcia face aos c6digos po-
lares do 5G, alcangando também ganhos de codificacdo assinaldveis, especialmente para valores

elevados de relagado sinal-ruido (SNR).

A segunda contribuicdo aplica 0 GRAND ao nivel dos simbolos da modulacdo em siste-
mas mMIMO com constelacdes arbitrdrias, através de ordenagdo das antenas e restricado dos
padrdes de erro, reduzindo a complexidade em mais de 90% sem perda de desempenho face a

descodificacao de médxima verosimilhanca (ML).

A terceira contribuicao introduz variantes do GRAND com restri¢des para cédigos LDPC
de bloco curto, permitindo reduzir mais de 99% dos padrdes de erro candidatos mantendo a
optimalidade ML.

Por fim, sdo desenvolvidas sequéncias de assinatura com soma tnica para acesso aleatorio

em canais aditivos ruidosos, permitindo identificacdo dos utilizadores.
Palavras-chave: Comunicagdes ultrafidveis de baixa laténcia (URLLC), Massive MIMO

(mMIMO), Descodificagio GRAND, Codifica¢do de bloco curto, Acesso aleatério sem conces-

Sao

il



Abstract

The emergence of sixth-generation (6G) wireless networks imposes physical-layer requirements,
particularly ultra-reliable low-latency communication (URLLC), demanding sub-millisecond la-
tency and reliability exceeding 99+999%. Conventional long-blocklength coding schemes are
incompatible with these constraints due to inherent decoding delays and interleaving latency.
This dissertation develops low-complexity, high-reliability signal processing and coding tech-
nigues tailored for short-blocklength wireless machine-type communications (MTC).

The rst contribution demonstrates the feasibility of coded massive multiple-input multiple-
output (mMMIMO) systems by integrating random linear codes (RLCs), zero-forcing spatial
multiplexing, and guessing random additive noise decoding (GRAND). Results show signi cant
reliability and latency improvements over comparable 5G polar codes, achieving signi cant
block error rate (BLER) gains and reduced decoding time, particularly at high signal-to-noise
ratios (SNRs).

The second contribution extends symbol-level GRAND to mMIMO with arbitrary constella-
tions through antenna-reliability ordering and constrained error enumeration, reducing decoding
complexity by over 90% while preserving maximume-likelihood (ML) performance.

The third contribution introduces constraint-based GRAND variants for short low-density
parity-check (LDPC) codes, including set-partitioning, Sieving-GRAND, and largely con-
strained GRAND, enabling over 99% reduction in candidate error patterns while maintaining
ML optimality.

Finally, uniquely decodable Bose Chowla Lindstrém signature sequences are developed for
grant-free random access over noisy adder channels, enabling reliable user identi cation and
collision resolution.

Keywords: Ultra-reliable low-latency communication (URLLC), Massive MIMO (mMIMO)),

Guessing random additive noise decoding (GRAND), Short-blocklength coding, Grant-free
random access
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Chapter 1

Introduction

1.1 Context and Motivation

1.1.1 6G Wireless and Machine-Type Communications

The transfer from fth-generation (5G) wireless networks to sixth-generation (6G) systems
signi es not only an increase in data rates and spectral e ciency but also a signi cant qualitative
transformation in wireless communication. While earlier generations of mobile networks were
fundamentally designed around human-centric tra ¢ patterns, future 6G systems are being
architected for a world in which machines, rather than humans, dominate both the volume and the
criticality of communication ows [1]. This transformation is driven by the rapid convergence of
autonomous systems, distributed intelligence, immersive environments, cyber physical control
loops, and large-scale industrial automation. In such environments, wireless communication
ceases to be an auxiliary data pipe and instead becomes a deterministic control substrate for
physical processes.

As discussedin[1], emerging 6G applications, including autonomous vehicles, collaborative
robotics, industrial digital twins, mobile augmented reality, distributed sensor fabrics, and tactile
internet systems, impose communication requirements that extend far beyond high throughput.
These systems demand deterministic latency, extreme reliability, and massive device density,
and often simultaneously. In many control-centric scenarios, the value of information is not
measured by its bit rate but by its timeliness and its impact on system stability. Update intervals
below one millisecond, packet-loss probabilities below 1@nd jitter on the order of tens of
microseconds are not exceptional requirements, but normative design constraints.

The inadequacy of incremental 5G evolution to meet these requirements has been widely
acknowledged. Despite major advances in 5G, including exible orthogonal frequency division
multiplexing (OFDM) numerologies, massive multi-input multi-output (mMIMO), and low-
latency scheduling, its architectural foundations remain rooted in human-centric broadband

1



Introduction

Figure 1.1: Overview of emerging 6G use cases such as robotic surgery, autonomous vehicles,
drones, underwater communication, recon gurable factories, satellite links, and IoT that demand
unprecedented reliability and very low latency. The gure was created by using gures available
on the internet.

communication, characterized by bursty but predictable tra c, latency tolerance in the tens of
milliseconds, and dominant downlink ows [1],[2]. These assumptions fundamentally collapse
in machine-type environments, where short periodic packets, random access, and ultra-high
reliability de ne the tra c fabric.

This insight motivates a broader re-evaluation of the foundational principles of communi-
cation theory itself. In [3], the authors argue that 6G cannot be realized through incremental
extensions of Shannon's classical framework. Shannon theory assumes ergodicity, in nite block-
lengths, and independence between communication and control. However, 6G systems operate
in precisely the opposite regime: nite blocklengths, non-ergodic channels, strict delay budgets,
and deep integration with sensing, actuation, and learning. The notion of communication
e ciency is therefore undergoing a rede nition from maximizing bits per second per Hertz
to maximizing the relevance, freshness, and control utility, that is, the task-level usefulness of
information in supporting control and decision making of delivered information.

This paradigm shift introduces new communication concepts such as semantic commu-
nication [3], goal-oriented communication, and task-aware networking, in which packets are
prioritized not only by quality of service (QoS) class but by their marginal utility to a control
or inference task [4], [3]. Metrics such as age of information (Aol) and age of loop (AoL)
are replacing classical throughput as the dominant performance indicators, revealing that the
physical layer must now be optimized not for average rates, but for information timeliness and
the stability of the closed-loop control system [1]. These ideas fundamentally reshape the role of
coding and decoding in future networks: coding is no longer just a mechanism for approaching
asymptotic capacity, but a tool for ensuring deterministic reliability under strict latency con-

2



straints [5]. With the emergence of 6G, there is increasing interest in rethinking the fragmented
landscape of channel coding schemes used in di erent communication scenarios, motivating
research into uni ed and adaptable coding frameworks [6].

Another de ning feature of the 6G principle is the deep integration of communication and
sensing, commonly referred to as integrated sensing and communication (ISAC) [7]. Unlike
previous generations, where sensing and communication were treated as disjoint systems, 6G
systems must support joint communication, sensing control loops sharing spectrum, hardware,
and signal processing infrastructures. This integration introduces new theoretical challenges,
including joint waveform optimization, tradeo s between sensing precision and decoding reli-
ability, and fundamental limits on parameter estimation under simultaneous data transmission
[3]. These challenges directly a ect the design of modulation, coding, and detection algorithms,
particularly in URLLC and critical machine-type systems.

Machine-type communications (MTC) emerged in 5G as a new service category distinct from
enhanced mobile broadband (eMBB). However, 6G MTC transcends the conceptual boundaries
of 5G. In 5G, MTC was divided into massive MTC (mMTC) serving a large number of low-
power, low-rate devices and ultra-reliable low-latency communication (URLLC) serving a small
number of devices with extreme reliability and latency constraints. While this classi cation was
adequate for early internet of things (IoT) and industrial automation, it does not generalize well
to the heterogeneity and scale of 6G applications [2].

As shown in [2] future 6G machine-type systems must simultaneously support dense of
autonomous robots and unmanned aerial vehicles (UAVS), ultra-low-power zero-energy sensors,
immersive haptic interfaces, safety-critical industrial controllers, and autonomous mobility in-
frastructures. These systems do not fall cleanly into either mMTC or URLLC. Instead, they
require hybrid service classes that combine: extreme reliability of the order of T , Hlib-
millisecond deterministic latency, massive device density, three-dimensional coverage, energy-
neutral operation. To address this gap, [2] proposes a new service taxonomy for 6G MTC,
including dependable critical MTC (cMTC), broadband cMTC, scalable cMTC, globally scal-
able mMTC, and zero-energy mMTC. Unlike traditional QoS classi cations, these categories
are de ned not only by latency and reliability, but also by energy neutrality, synchronization
accuracy, predictability, security, and information freshness. In dependable cMTC, for example,
deterministic latency with bounded jitter and application-level reliability approaching 1’ 10
implies per link physical-layer reliabilities approaching 1 10 well beyond the targets of
classical URLLC.

The architectural consequences of these requirements are profound. In [1] demonstrates
that future systems must concurrently support sparse bursts from millions of devices and tightly
synchronized communication among small subsets of critical nodes. This convergence mitigates
the classical separation between massive access and critical communication. Random access
must be grant-free and collision-resilient; metadata signaling, that is, the control information

3



Introduction

required for device identi cation, synchronization, and decoding, must be ultra-compressed,
and decoding must operate reliably in the nite-blocklength regime.

Random access emerges as one of the most severe bottlenecks. In currentlong-term evolution
(LTE/4G) and 5G NR systems, grant-based access requires multi-step handshake procedures
that alone exceed the entire URLLC latency budget. Grant-free random access removes this
overhead but introduces severe challenges of preamble collision, inter-user interference, and
unreliable channel estimation under short packets. New paradigms such as unsourced random
access, compressed-sensing-based activity detection, and multi-antenna covariance estimation
are therefore required to scale access under extreme density [1]. These techniques intrinsically
rely on sparse signal processing and code-detection co-design, reinforcing the need for new
short-packet coding paradigms.

Energy e ciency constitutes another core constraint in large-scale MTC. In UAV-assisted
and aerial loT deployments, 6G must support both URLLC-grade reliability and stringent
battery constraints. UAVs operate as airborne relays, mobile base stations (BS), and sensing
platforms, but their energy consumption is dominated not only by propulsion but also by
communication, sensing, and processing. Finite-blocklength theory becomes critical in this
setting, as achievable throughput and decoding reliability are fundamentally constrained under
short-packet transmissions, which directly impacts the ability to meet latency requirements [3].
The integration of non-orthogonal multiple access (NOMA), cognitive radio, and joint power
allocation demonstrates that signal processing, multiple access, and coding must be co-designed
to meet URLLC and mMTC requirements simultaneously [3], [9].

These observations lead to a central conclusion: 6G MTC represents a fundamentally new
communication regime, in which classical asymptotic coding theory, long-packet assumptions,
and code-speci ¢ decoders can no longer serve as reliable design foundations. Instead, 6G
demands short-blocklength-optimized, universal decoding, low-latency, and energy-aware signal
processing and coding techniques. This dissertation proposes an ensemble of techniques that
address such problems.

1.1.2 URLLC and Finite Blocklength Communication

URLLC systems operate under hard real-time constraints where even a single packet error or
millisecond-scale delay can trigger system-level failure. Applications such as factory automa-
tion, tele-surgery, intelligent transportation systems, smart grids impose end-to-end delays below
one millisecond and reliabilities exceeding 99¢999% or 99¢99999% [10], [2].

The third generation partnership project (3GPP) URLLC speci cation targets the successful
transmission of a 32-byte packet within a 1 ms user-plane latency with reliability above®.. 10
However, as demonstrated in [10], many industrial and medical use cases demand even stricter
conditions, with end-to-end delays well below 1 ms and reliability exceeding 1° 1These

4



constraints place URLLC far beyond the feasible operating region of conventional LTE and
5G-NR physical layers, which rely on long blocklengths, retransmission-based reliability, and
iterative decoding processes with unpredictable latency.

At the heart of URLLC physical-layer design lies a con ict between latency and reliability.
On the one hand, low latency mandates the use of very short packets, often consisting of only
a few tens or hundreds of bits. On the other hand, high reliability traditionally requires strong
channel coding consistent with Shannon's channel coding theorem, which guarantees arbitrarily
small error probabilities at a nite rate 1' = :e= 'Y C°, where : information bits are encoded
into = bits that constitute a codeword, and C denotes the Shannon capacity of the underlying
channel, only in the limit =1 1°, long blocklengths, and sometimes multiple retransmissions.
These mechanisms are inherently incompatible with hard real-time constraints. Even a single
hybrid automatic repeat request (HARQ) round trip in LTE-based systems consumes several
milliseconds, already exceeding URLLC latency budgets [10]. As a consequence, URLLC must
rely on one-shot decoding, where the packet must be decoded correctly in a single transmission
opportunity with extremely low block error probability. This requirement eliminates the safety
net of time diversity and retransmissions that underpins classical broadband reliability, and it
places pressure on the joint design of modulation, coding, detection, and decoding.

Paper [10] provides a systematic comparison of the most promising short-block coding
families for URLLC, including BCH, tail-biting convolutional codes (TB-CC), turbo codes,
LDPC codes, and polar codes. Under optimal ML decoding, extended BCH (eBCH) and
high-memory TB-CCs approach the nite-blocklength normal approximation limits and exhibit
exceptional error performance due to their large minimum distances. However, their decoding
algorithms, such as ordered-statistics decoding (OSD) for BCH or high-memory Viterbi decod-
ing for TB-CC, are computationally prohibitive for real-time URLLC operation. In particular,
OSD is a near-ML soft-decision decoding algorithm that exploits the reliability information of
the received symbols by ordering them according to their estimated reliabilities and generating
multiple candidate codewords through a structured reprocessing of the least reliable positions,
selecting the codeword with the minimum Euclidean distance to the received signal. More
practical decoders, such as cyclic redundancy check (CRC)-aided polar successive cancellation
list (CA-SCL) decoders and iterative LDPC belief-propagation (BP) decoders [11], 0 er a more
favorable complexity-performance trade-o . Nevertheless, even these state-of-the-art solutions
fall short of the theoretical nite-blocklength performance limits at ultra-low block error rate
(BLER) targets (e.g., 10—10), revealing a persistent performance complexity gap in the
URLLC regime. For instance, decoding short LDPC codes of blocklength = = 128 using BP
results in a performance loss of approximately 1.5 dB relative to ML decoding. As reliability
requirements become increasingly stringent, this gap emerges as a critical limiting factor in
mission-critical communication systems [10].

The limitations of classical block coding are further ampli ed by the architectural constraints
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of 6G. In dense machine-type environments, URLLC services must coexist with massive con-
nectivity. As shown in [2], reliable cMTC must guarantee deterministic latency and bounded
jitter even under extreme spatial density and high interference. These conditions invalidate
many assumptions underlying 6G URLLC, which was primarily designed for a small number
of high-priority users. Beyond coding, multiple access and random access constitute additional
physical-layer bottlenecks for URLLC. Grant-based access introduces handshake delays incom-
patible with sub-millisecond operation, while grant-free access creates collision, interference,
and detection challenges under short-packet operation [1]. These access-layer constraints di-
rectly impact decoding reliability because short packets carry insu cient redundancy to tolerate
unresolved collisions or channel-estimation errors.

Energy e ciency further complicates URLLC design in UAV-assisted and loT-dense net-
works. In cognitive UAV-aided URLLC and mMTC systems, nite blocklength e ects sig-
ni cantly degrade the achievable throughput predicted by Shannon capacity, and imperfect
successive interference cancellation (SIC) signi cantly increases the error probability due to
error propagation [8]. Even when sophisticated power-allocation strategies yield large improve-
ments in average performance, achieving strict URLLC deadlines under interference remains
fundamentally di cult [12].

Collectively, these results lead to a critical conclusion: URLLC is not merely a demanding
service class; it is a fundamentally new physical-layer operating regime in which asymptotic
coding theory, iterative decoding, and retransmission-based reliability mechanisms lose their
validity. Instead, URLLC requires decoding strategies that can deliver near-ML reliability at
extremely short blocklengths with deterministic latency and bounded complexity. This con-
clusion forms the direct motivation for the noise-centric and constrained decoding frameworks
developed in this dissertation.

In the short-blocklength regime relevant to URLLC, nite-blocklength e ects become fun-
damental to reliability analysis. In particular, channel dispersion captures the variability of the
information conveyed over nite-length transmissions and introduces a non-negligible penalty
relative to the asymptotic capacity limit [13]. Consequently, achievable rates depend not only
on channel capacity but also on blocklength, reliability requirements, and latency constraints.

From a broader theoretical perspective, [3] argues that non-asymptotic analysis must become
a central core of 6G communication theory. Almost all machine-type applications operate under
nite blocklength, time-varying channels, and non-ergodic conditions that invalidate long-term
averaging assumptions. Consequently, performance must be evaluated using: 1) outage-limited
metrics, 2) dispersion-aware bounds, 3) short-horizon reliability guarantees, 4) task-oriented
information measures.

Codes must now be optimized not for asymptotic distance growth but for nite-length dis-
tance spectra (i.e., the distribution of the codeword weights), error- oor behavior, and decoder
determinism. Decoders must deliver predictable latency and bounded complexity rather than

6



average-case e ciency. The practical impact of nite blocklength theory is further illustrated

in UAV-assisted URLLC systems. Finite blocklength-based throughput expressions more accu-
rately capture the degradation induced by short packets, imperfect SIC, and fast-varying aerial
channels. Even when sophisticated joint power-allocation strategies drastically improve energy
e ciency, meeting strict URLLC deadlines under interference remains a strong challenge [12].

The lesson from these works is that nite-blocklength information theory is not merely a re-
nement of Shannon theory for URLLC, it is the only valid theoretical framework for the design
of 6G mission-critical communication systems. This realization directly motivates the develop-
ment of near-ML decoding strategies with bounded complexity, short-code-optimized decoding
frameworks, and noise-centric universal decoders, all of which constitute the methodological
foundation of this dissertation.

1.1.3 Limitations of Short-Block Coding and of Traditional Decoders

In this regime, the performance of coding schemes is no longer governed by asymptotic distance
spectra but by nite-length e ects, structural weaknesses of code graphs, and the computational
limits of practical decoders.

Paper [14] provides a system-level diagnoses of these di culties. It highlights that while
contemporary systems such as 5G New Radio and DVB-S2/S2X [15] rely on powerful coding
families including LDPC and polar codes, their near capacity behavior is achieved only under
su ciently long blocklengths. When packet sizes shrink due to stringent latency, signaling,
and scheduling constraints, several detrimental e ects emerge simultaneously: 1) reduction
in coding gain due to fewer parity constraints, 2) a larger number of short cycles in LDPC
Tanner graphs, which destroy the independence assumptions underlying belief-propagation, 3)
error propagation in successive-cancellation-based polar decoding, which becomes increasingly
destructive as blocklength decreases, and 4) ampli cation of burst errors in mmWave and satellite
channels, where short packets encounter severe fading outages. As a result, the gap between
theoretical capacity and practical performance signi cantly widens in the nite-length regime.
Paper [14] explicitly demonstrates that, for short blocklengths, neither LDPC nor polar codes
operate close to their Shannon limits, even under optimistic decoding assumptions.

From a decoder complexity standpoint, [14] also provides a detailed breakdown of the
computational burden associated with short-block LDPC and polar decoding. For LDPC codes,
belief-propagation decoding, whether viathe sum-product algorithm (SPA) or its approximations
(min-sum (MS), normalized min-sum (NMS), and o set min-sum (OMS)), incurs a complexity
that scales with: 1) the density of the parity-check matrix, 2) the number of iterations required
for convergence, and 3) the degree distribution and girth of the code graph. In short-block
scenarios, reduced girth (i.e., the presence of short cycles in the Tanner graph) and dense con-
nectivity (i.e., higher node degrees and increased edge density in the parity-check matrix) yield
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highly non-linear convergence behavior, forcing either a large number of iterations (violating
latency constraints) or premature termination with elevated error oors (violating reliability
requirements).

For polar codes, deterministic channel polarization enables low complexity encoding and
successive cancellation (SC) decoding. However, SC decoding su ers from severe sequential
error propagation, particularly at short blocklengths. Enhanced schemes such as successive-
cancellation list (SCL) and CRC-aided SCL (CA-SCL) decoding dramatically improve error
performance but at the cost of exponentially growing list-induced complexity and decoding
latency [14]. Simulation results reported in [14] indicate that polar codes can achieve a per-
formance gain of approximately 03 08 dB over LDPC codes for blocklengths between 256
and 1024 bits. This gain is obtained only by increasing the list size, which directly undermines
deterministic latency guarantees.

These observations are fully consistent with the large-scale URLLC benchmarking results
reported in short blocklength codes for ultra-reliable low-latency communications [10]. Under
optimal maximum-likelihood decoding, extended BCH codes and tail-biting convolutional codes
exhibit the best nite-length performance, often approaching the normal-approximation bench-
mark. However, these gains are obtained at the cost of prohibitively high decoding complexity,
rendering such decoders infeasible for real-time URLLC operation.

More practical decoding schemes, such as CA-SCL for polar codes and layered OMS decod-
ing for LDPC codes, achieve acceptable performance only at moderate BLER tardejs At0O
the extreme URLLC regime of 10 10 &, a persistent and irreducible gap remains between
theoretical ML performance and feasible decoder realizations [10].

This performance complexity gap represents one of the most severe unresolved challenges
in 6G physical-layer design. The strategic outlook of channel coding toward 6G reinforces
this conclusion. In [16], next-generation systems are expected to satisfy several stringent
performance requirements, summarized in Table 1.1.

Table 1.1: Key performance requirements for next-generation URLLC systems

Requirement Target Value

End-to-end latency Y 100 's

Reliability 99¢99999%

Throughput Multi-Gbps to Thps

Energy e ciency | Strict constraints across heterogeneous devices

Under these conditions, existing 5G coding solutions, LDPC for data channels and polar
codes for control channels, are not intrinsically designed for the joint optimization of ultra-
reliability, ultra-low latency, and nite decoding complexity. Although they o er excellent



throughput and asymptotic e ciency, they do not scale favorably into the short-packet, ultra-
reliable regime with bounded and predictable decoding latency and complexity required by 6G
mission-critical services [16].

Taken together, the results of [10], [14], [16] reveal a consistent and deeply structural
problem. Existing channel coding paradigms, even in their most advanced 5G forms, are
not fundamentally suited for the ultra-short, ultra-reliable, and ultra-low-latency regime of 6G
machine-type communication.

This realization forms the intellectual bridge from traditional short-block coding theory to
the universal and noise-driven decoding frameworks that underpin the guessing random additive
noise decoding (GRAND) family of algorithms and the constrained ML decoding techniques
developed in this dissertation.

While short blocklength channel coding theory reveals the fundamental limits of reliabil-
ity under latency constraints, it is the computational complexity and determinism of decoding
algorithms that often decide whether these limits can be approached in practice. In classi-
cal broadband systems, decoding latency and complexity are secondary concerns compared to
throughput and spectral e ciency. In URLLC, however, decoding becomes a real-time control
operation, where variability of execution time directly translates into violations of latency guar-
antees. As a result, the decoding process itself emerges as one of the most critical components
of the 6G physical layer [10], [16], [L7]. The central di culty lies in the fact that reliability
and complexity are intrinsically coupled. To achieve ultra-low block error rates at short block-
lengths, decoders must operate near-ML performance. However, ML decoding is, in general,
an NP-hard problem whose worst-case complexity grows exponentially with blocklength. Ev-
ery practical decoding algorithm, therefore, represents a compromise between: 1) proximity
to ML performance, 2) predictability of execution time, 3) energy e ciency, and 4) hardware
implementability. In URLLC systems, this trade-o becomes extreme because:

" blocklengths are short (often <200 bits),
target BLERs are extremely low (P0 10 7),
" latency budgets are deterministic and tight (Y 1 ms),

" energy constraints apply across heterogeneous devices [10], [2].

Under these constraints, even modest increases in average decoding iterations or list sizes can
exceed the system's latency budget.

1- Limitations of Iterative Decoding at Short Blocklengths

Iterative message-passing decoders such as belief-propagation for LDPC codes and Turbo
decoding have been extraordinarily successful in broadband systems. Their performance relies
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on the statistical independence of messages exchanged along sparse Tanner graphs over many
iterations. However, as shown in [14] and reinforced in [16], short-block LDPC codes violate
the core assumptions that underpin iterative decoding. At short blocklengths, Tanner graphs
necessarily contain a large number of short cycles, message passing independence collapses,
convergence becomes highly irregular, and error oors emerge at moderate to high SNR. To
counteract these e ects, the decoder must: 1) increase the number of iterations, 2) perform
layered or ooding schedules, 3) use normalized or o set min-sum re nements. Each of these
remedies directly increases decoding latency and power consumption [14]. More critically,
the required number of iterations becomes highly variable across channel realizations, making
deterministic latency guarantees impossible. Moreover, the computational burden of check-
node and variable-node updates scales with the density of the parity-check matrix and the
number of edges in the Tanner graph. Even for moderate blocklengths (e.g., 128 256 bits),
iterative decoders can require thousands of arithmetic operations per iteration. This creates a
severe mismatch with the energy and hardware constraints of battery-limited IoT and embedded
URLLC devices [16].

2- List Decoding of Polar Codes and Latency Explosion

Polar codes represent another basis of modern cellular coding. Their theoretical appeal
lies in their capacity-achieving property under successive-cancellation decoding in the limit of
in nite blocklength. In practice, however, URLLC performance is achieved only through SCL
decoding, often aided by CRC concatenation [10], [14]. SCL decoding improves reliability by
maintaining multiple candidate decoding paths and selecting the most likely at the end of the
decoding process. More importantly, SCL decoding latency is inherently variable:

~ the number of surviving paths uctuates with noise realization.
~ path metric updates involve frequent memory sorting and pruning.

" hardware pipelines stall under worst-case path proliferation.

As a result, while CRC-aided SCL (CA-SCL) decoders deliver excellent error performance
at short blocklengths, they cannot guarantee deterministic execution time under all conditions,
a property that is absolutely mandatory for URLLC control loops [17].

3- Performance-Complexity Tradeo s in URLLC

The benchmarking results in [10] reveal a striking phenomenon, as BLER targets move
from 10% to 10° and below, the decoding complexity required to approach ML performance
increases sharply. For example:

" LDPC decoders require disproportionately more iterations to suppress rare error events.

" Polar CA-SCL decoders require large list sizes to avoid catastrophic early path decisions.
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" BCH and TB-CC decoders require near exhaustive search to reach ML-like performance.

This phenomenon represents a performance complexity wall: beyond a certain reliability
threshold, incremental increases in decoding e ort yield diminishing reliability gains but explo-
sive increases in latency and energy consumption. This wall is not an implementation artifact;
it is a direct consequence of operating in the nite-blocklength extreme reliability regime [10],

[14], [16].

4- Decoder Universality Versus Code-Speci ¢ Architectures

A nal and deeply structural limitation of classical decoding frameworks is their tight
coupling to speci c code families. LDPC decoders are tailored to speci ¢ parity-check matrices;
Turbo decoders rely on particular convolutional structures; polar decoders require recursively
de ned generator matrices. This code-decoder dependence becomes a critical drawback in 6G,
where:

" multiple short-block codes may coexist across services,
" grant-free access introduces dynamically varying code ensembles,

" non-terrestrial networks, UAVs, and industrial subsystems impose heterogeneous wave-
form and coding requirements [17].

In such environments, the need to deploy multiple, code-speci ¢ decoders increases: hardware
redundancy, con guration overhead, recon guration latency, system fragility.

As argued forcefully in [17], decoder universality is no longer optional; it is foundational.
The paper demonstrates that classical decoders fail not merely due to insu cient coding gain, but
due to their structural rigidity and dependence on code algebra. The comparative benchmarking
of approximate exhaustive decoding (AED), GRAND, ordered statistics decoding (OSD), bit-
ip decoders, and belief-propagation variants in [17] con rms that universal, noise-centric, or
automorphism-based decoders consistently outperform code-speci c iterative decoders in the
short-packet, ultra-reliable regime. More importantly, they o er: greater adaptability across
code families, more predictable execution pro les, superior suitability for heterogeneous URLLC
environments.

5- Fundamental Implication for 6G Physical-Layer Design

The main message of [10], [14], [16], and [17] is that in URLLC the dominant obstacle to
achieving theoretical reliability is not the lack of good codes, but the lack of decoders that can
approach ML performance with deterministic latency and bounded complexity. This insight
shifts the core of 6G physical-layer design from coding theory to decoding architecture and
algorithmic structure. It implies that: i) further incremental improvements to LDPC and polar
code constructions will yield diminishing returns, and ii) breakthroughs must instead emerge
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from new decoding paradigms that are: universal, noise-driven, near-ML in performance, and
energy-e cient in hardware.

This realization provides the precise conceptual entry point for the noise-centric universal
decoding philosophy embodied by the GRAND family of algorithms, which forms the central
methodological backbone of this dissertation.

1.1.4 Massive MIMO for Spatial Multiplexing

In classical broadband wireless communication, reliability is typically achieved through a com-
bination of time diversity, frequency diversity, and coding across large blocklengths. However,
URLLC explicitly prohibits the use of time-domain diversity via retransmissions and long inter-
leaving due to hard latency constraints. As a result, spatial diversity provided by multi-antenna
systems becomes the dominant reliability resource for 6G mission-critical machine-type com-
munication [13]. Massive MIMO systems can simultaneously support high spatial multiplexing
gains and signi cant reliability improvements through array gain and spatial combining. In
URLLC scenarios, the system design prioritizes the use of spatial degrees of freedom to en-
hance reliability rather than to maximize throughput.

The fundamental principles of massive MIMO are established in [18]. As the number of
base-station antennas grows large, two key asymptotic phenomena may arise under favorable
propagation conditions:

1) Channel hardening: the e ective channel gains concentrate sharply around their mean
values due to the law of large numbers, transforming a highly random fading channel into
a gquasi-deterministic communication link.

2) Favourable propagation: user channel vectors become asymptotically orthogonal, en-
abling strong inter-user interference suppression using simple linear processing.

While both e ects are enabled by large antenna arrays, they are distinct phenomena and
need not occur simultaneously. Together, these e ects allow mMIMO systems to achieve:
highly predictable signal-to-interference-plus-noise-ratio (SINR), reduced dependence on power
control, strong robustness to small-scale fading, and simultaneous support of many users with
high reliability [18]. These properties are particularly attractive for URLLC, where deterministic
latency and reliability must replace stochastic performance guarantees. Channel hardening
directly aligns with the URLLC requirement that system behaviour be dominated by worst-case
bounds rather than average-case statistics.

Another critical advantage of mMIMO is its extreme power-scaling capability. By exploiting
array gain, user transmit power can theoretically scale inversely with the number of base-station
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antennas (1<#) under perfect channel state information (CSI), and inversely with the square
root of the number of antennas (1# ) under imperfect CSI [18]. This makes mMIMO a
physical-layer enabler of energy-neutral mMMTC and battery-limited URLLC devices, including
dense loT deployments and UAV-assisted communication.

However, the classical bene ts of MMIMO were derived primarily under asymptotic capacity
analysis, assuming in nite blocklengths, perfect channel state information, ergodic fading, and
average-rate optimization.

These assumptions are not present in the URLLC regime. This limitation is addressed in
[13], which provides one of the most de nitive treatments of what mMIMO actually delivers
under the operational constraints of URLLC.

1- Massive MIMO Under Finite Blocklength Constraints

Paper [13] shows that, in URLLC, massive MIMO primarily serves as a source of spatial
reliability rather than throughput enhancement. Since time- and frequency-domain diversity
are severely constrained by sub-millisecond latency budgets, spatial processing becomes the
dominant mechanism to achieve ultra-high reliability. Using a nite-blocklength information-
theoretic framework, the authors characterize the achievable block error probability in the uplink
as a function of the number of base-station antennas, the quality of channel state information,
pilot contamination, and the adopted linear combining scheme. In particular, maximum-ratio
combining (MRC) and minimum mean-squared error (MMSE) are analyzed, and it is shown
that only MMSE processing enables the error probability to vanish asymptotically with the
number of antennas, whereas MRC does not su ce. Zero-forcing (ZF) is also a linear detection
technique that exploits the spatial degrees of freedom in mMIMO systems to cancel interference
and decouple the multi-antenna channel into approximately independent parallel links.

Critically, the study reveals that pilot contamination becomes more destructive under nite-
blocklength operation than under asymptotic models. In classical mMMIMO theory, pilot contam-
ination limits the achievable SINR but does not fundamentally destroy capacity growth. Under
nite blocklength, however, pilot contamination in ates the dispersion of the e ective channel
and drives the error probability into regimes that violate URLLC reliability targets by orders of
magnitude [13].

As it is well-known in wireless communication:

" MRC ampli es both desired signal and interference, causing residual interference and
pilot contamination to dominate the error probability oor.

© ZF cancels multiuser interference by projecting the received signal onto the null space
of interferers; however, under imperfect CSI and nite blocklength, noise enhancement
prevents the error probability from vanishing asymptotically.
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"~ MMSE detection actively suppresses both noise and interference, restoring the property
that the block error probability vanishes as # ! 1, even under imperfect CSI [13], [19].

This result has implications for 6G URLLC design: MMSE processing is not an optional
performance enhancement for URLLC; it is a necessity.

The collective insights of [13], [18], [19] lead to several decisive conclusions:

1) Spatial diversity is the dominant reliability resource for URLLC, replacing time and
frequency diversity.

2) Finite-blocklength e ects fundamentally change mMIMO behaviour, invalidating classical
capacity-based insight.

3) Pilot contamination and imperfect CSl become rst-order URLLC impairments, as chan-
nel estimation errors directly increase the dispersion of the e ective channel and dominate
the block error probability under nite blocklength constraints.

4) MMSE detection is mandatory for URLLC-grade reliability.

Most importantly, these conclusions reveal that mMIMO alone cannot guarantee URLLC relia-
bility. Instead, it must be tightly integrated with:

" nite-blocklength coding,

" near-maximum-likelihood (near-ML) detection and decoding strategies that are robust to
rare noise realizations,

" deterministic low-latency digital processing chains.

This observation completes the theoretical justi cation for shifting part of the URLLC
reliability burden from channel coding and spatial processing to universal, noise-driven decoding
architectures, which is precisely the role played by the GRAND-based decoding frameworks
developed in this dissertation.

1.1.5 The Limitations of Code-Centric Decoders for Short Blocklengths

Digital communication theory has historically approached error correction through a code-
centric decoding paradigm: one rstdesigns an algebraic code with desirable distance properties,
and then constructs a decoding algorithm specialized to exploit the structure of that particular
code. This approach has proven extraordinarily successful in long-blocklength broadband sys-
tems, where iterative message passing, trellis-based decoding, and list decoding can operate over
thousands of symbols with manageable complexity and near-capacity performance. However,
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as the preceding sections have demonstrated, the operational regime of 6G URLLC violates
the fundamental assumptions that enable the e ectiveness of code-centric decoding. Short
blocklengths, extreme reliability targets, deterministic latency constraints, massive connectivity,
and stringent energy limitations collectively create a setting in which code-centric decoding
becomes structurally ill-suited, not merely suboptimal [10], [14], [16], [L7]. The failure of
classical decoders in this regime is not a consequence of poor engineering, but a fundamental
manifestation of the mismatch between asymptotic coding principles and nite, ultra-reliable
operation.

1- Dependence on Long-Block Asymptotics

Most modern decoding algorithms, belief-propagation for LDPC codes, iterative decoding
of Turbo codes, and successive cancellation for polar codes derive their theoretical guarantees
from asymptotic behaviour as blocklength tends to in nity. In this limit:

" Tanner graphs become locally tree-like,
" message independence assumptions hold approximately,
" law of large numbers e ects suppress statistical uctuations,

" error probabilities decay exponentially with blocklength as predicted by Shannon's theory.

As a result, the theoretical justi cation for message-passing, list-based, and trellis-based
decoders evaporates. These algorithms continue to operate, but their convergence behaviour

becomes unpredictable, their error oors rise sharply, and their worst-case latencies become
unbounded [10], [14].

2- Problem of Traditional Coding of Short Codes

At moderate target BLERSs (e.g., 30, many classical decoders perform adequately at short
blocklengths. However, URLLC pushes systems into error-probability regimes as low as 10
107 , where decoding failures are dominated by rare noise events, and this creates a fundamental
di culty, including for our methods. In this extreme reliability regime:

" iterative decoders require disproportionately more iterations to suppress rare errors,
" list decoders require exponentially larger candidate sets,

" trellis-based decoders require large constraint lengths to achieve extremely low error prob-
abilities at short blocklengths, leading to exponential growth in state-space complexity.

Paper [10] explicitly demonstrates this phenomenon in its comprehensive benchmarking
study: for all practical LDPC and polar decoding con gurations, the complexity required to
push BLER below 16 rises superlinearly, while the performance gap to ML decoding remains
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stubbornly non-zero. This behaviour exposes a fundamental structural fragility: code-centric
decoders are optimized for typical noise realizations, not for the tails of the noise distribution that
dominate ultra-reliable operation. In URLLC, decoding failure is governed by the extreme value
behaviour of the noise rather than its average statistics. Classical decoders are not inherently
designed to handle this regime e ciently.

3- Latency Variability

URLLC systems require deterministic worst-case latency guarantees, not just favourable
average latency. However, even when classical decoders exhibit acceptable average complexity,
their worst-case execution time is unbounded or prohibitively large:

" LDPC belief-propagation decoders exhibit iteration counts that uctuate widely with
channel realization,

" polar CRC-aided successive cancellation list (CA-SCL) decoders show variable path
growth and pruning behaviour,

" turbo decoders require unpredictable numbers of iterations to converge.

As shown in [17], this variability is not an incidental implementation artifact; it is intrinsic to
the stochastic nature of iterative and list-based decoding. In a real-time control system, a single
outlier decoding event that exceeds the latency budget is su cient to destabilize the entire control
loop, regardless of how rare such events may be. Thus, from the perspective of URLLC system
safety, average-case decoding complexity is irrelevant; only worst-case complexity matters.
Classical code-centric decoders are fundamentally incompatible with this requirement.

4- Inherent Rigidity of Code-Speci ¢ Architectures

Perhaps the most profound limitation of code-centric decoding lies in its structural rigidity.
Classical decoders are designed for a speci c algebraic structure, optimized for a single code
family, and ne-tuned for speci ¢ blocklengths, rates, and parity-check matrices.

In 6G machine-type networks, multiple short-block codes may coexist dynamically, grant-
free access may induce unknown or rapidly changing code ensembles, heterogeneous devices
may employ di erent coding strategies depending on energy, latency, and reliability require-
ments, and non-terrestrial and aerial networks introduce further diversity in waveform and
coding formats [2], [17].

Deploying a separate, code-speci ¢ decoder for each of these possibilities is not only infeasi-
ble from a hardware perspective but also incompatible with the recon gurability and scalability
demands of 6G. The paper [17] demonstrates that this rigidity alone disquali es classical decod-
ing architectures from serving as the universal physical-layer backbone of future machine-type
networks.
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5- The Mismatch Between Code-Centric Decoding and URLLC

The weaknesses of classical code-centric decoders in URLLC can be summarized as follows:

1) Dependence on long-block asymptotics, which collapse in the nite-blocklength regime.

2) Reliance on average-case performance metrics and stochastic latency, which is inadequate
for ultra-reliable communication, where rare noise realizations can dominate the block
error probability, and latency must satisfy deterministic URLLC deadlines.

3) Severe energy ine ciency and unpredictability, incompatible with battery-limited plat-
forms.

4) Rigid dependence on speci ¢ code sizes, incompatible with heterogeneous and recon g-
urable 6G environments.

These limitations are not marginal engineering issues; they are fundamental mismatches between
the design philosophy of classical decoding and the operational realities of 6G URLLC.

6- The Noise-Centric Decoding Paradigm

This noise-centric decoding philosophy reverses the traditional logic: instead of searching
for the codeword that best ts the received signal, one searches for the most likely noise
realization that could have produced the received word from some valid codeword. Such a
transformation aligns the decoding process directly with the maximum-likelihood principle,
because ML decoding is fundamentally equivalent to nding the most probable noise vector
consistent with a valid codeword.

This noise-centric viewpoint possesses several properties that classical code-centric decoding
lacks:

" universality across all linear block codes, because it only requires a code membership test,

" natural compatibility with short blocklengths, where rare noise patterns dominate.

As formally demonstrated in [20], [21], [17], decoders based on this paradigm, especially
GRAND, can achieve ML decoding performance across a wide range of codes with substantially
lower and more predictable complexity than classical code-centric decoders in the short-block
URLLC regime.

7- A New Decoding Paradigm

The analysis above shows that the traditional, code-centric decoding paradigm is misaligned
with the nite-blocklength, ultra-reliable, and deterministic-latency requirements of 6G URLLC.
This observation is reinforced by recent work on noise-centric decoding, in particular the
GRAND framework introduced in [20]. In contrast to conventional iterative or list-based
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decoders, GRAND formulates maximume-likelihood decoding as an ordered search over channel
error patterns rather than over codeword structure. This simple but fundamental change of
viewpoint leads to a universal decoding strategy applicable to arbitrary linear block codes,

including short LDPC, polar, BCH, and RLCs [20], [17].

The performance and complexity results reported in [20] and extended in [17] demonstrate
that, in the short-blocklength regime of interest for URLLC, GRAND and its variants can achieve
frame error rates extremely close to maximum-likelihood decoding while maintaining an average
complexity that decreases rapidly with signal-to-noise ratio. Moreover, soft-input variants
such as symbol-reliability GRAND (SRGRAND) [22] and ordered reliability bits GRAND
(ORBGRAND) [23] exploit soft channel information to further reduce the number of required
noise guesses and thus the decoding e ort. These properties directly address several of the key
shortcomings identi ed for classical decoders.

A rst book on GRAND appeared in 2023 [21], providing an overview of the rst noise-
guessing algorithms and their variants, including guessing random additive noise decoding
with abandonment (GRANDAB), ORBGRAND, and SRGRAND. The book also provides and
account of the combination of GRAND with MIMO, as well as symbol-level GRAND, both
of which are techniques explored in the present dissertation. That work describes hardware
architectures and shows that GRAND-based decoders rely on simple and repetitive processing
steps that can take advantage of parallelization for e cient test-error-pattern (TEP) generation
and testing. It is shown that such decoding technigues can have bounded worst-case decoding
latency, making them well-suited for URLLC deployment.

A more recent book on GRAND appeared in 2026 [24], 0 ering a more comprehensive and
updated overview of the algorithms underpinning noise-guessing decoding, and also focusing
on hardware implementation aspects. The implementation aspects are, in fact, very relevant,
and some noise-guessing techniques have been developed in tandem with their hardware imple-
mentation [25].

Taken together, [20], [17], [22], [23], and [21] clearly indicate that the most promising path
forward for 6G URLLC decoding is to abandon purely code-centric designs and adopt noise-
centric, universal decoding strategies with carefully controlled complexity. This dissertation is
positioned precisely along this direction: it adopts GRAND-style noise-centric decoding and
develops constrained, implementation-oriented variants tailored to RLCs and short LDPC codes.

1.1.6 Universal Decoding

1- Universality in the GRAND Framework

Decoder universality is a central property of the GRAND family of algorithms. In [20] it
is shown that GRAND can achieve channel capacity when used with random codebooks, and
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that its operation depends only on the ability to test whether a candidate vector belongs to the
codebook. This test can be performed by a simple syndrome check for linear block codes. As
a result, GRAND is inherently agnostic to the internal algebraic structure of the code and can
be applied without modi cation to BCH, LDPC, polar, CRC-aided, and RLCs [20], [17]. The
survey in [17] extends this observation and evaluates multiple universal decoding techniques,
including GRAND variants and ordered-statistics-based decoders, across a wide range of short
blocklength codes and operating conditions relevant to URLLC. The results con rm that noise-
centric universal decoders, and in particular GRAND and its soft-input variants, consistently
provide near-maximume-likelihood performance across di erent code families without code-
speci ¢ algorithm redesign.

2- Universality Under Finite Blocklength and URLLC Constraints

In the short blocklength regime, universality must be achieved without sacri cing reliability
or violating strict latency. Numerical results in [20], [17] show that:

" GRAND variants achieve frame error rates close to ML decoding for short BCH, LDPC,
and polar codes;

" soft-input variants such as SRGRAND and ORBGRAND approach or match OSD with
signi cantly reduced complexity [22], [23];

" the average number of codebook membership queries decreases sharply as SNR increases,
which is precisely the regime in which URLLC typically operates [20], [21].

Because the noise-guessing order in GRAND-type decoders is deterministic and parametrizable
(e.g., through the abandonment threshold in GRANDAB or ORBGRAND), system designers
can impose explicit bounds on worst-case complexity and latency. This property aligns directly
with URLLC requirements and is di cult to achieve with classical iterative decoders.

3- Universal Decoders in 6G

From a 6G system perspective, decoder universality provides several critical advantages:

1) A single decoding algorithm can be reused across multiple services and code families,
simplifying base-station and edge-hardware design.

2) New codes or short-block con gurations can be adopted without redesigning the decoder
core, which is essential in evolving 6G deployments.

In this dissertation, decoder universality is adopted as a core design principle. GRAND-type
algorithms, particularly ORBGRAND and SRGRAND-inspired constrained variants, are used as
universal decoding engines for both structured short LDPC codes and for RLCs. This positions
universal, noise-centric decoding as a cornerstone of the proposed 6G URLLC physical-layer
architecture.
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1.1.7 Noise-Centric Decoding Paradigm

1- Maximum-Likelihood Decoding via Noise Guessing

For memoryless channels and linear block codes, ML decoding can be interpreted as the
search for the most probable noise vector that transforms a valid codeword into the received
word. GRAND formalizes this interpretation by explicitly ordering and testing candidate noise
patterns instead of navigating the structure of the code [20]. Given a received vector y, GRAND
generates a sequence of test error patterns e in decreasing probability order, formsy e, and
checks whether the result belongs to the code. The rst pattern that passes the membership
test corresponds to the ML solution. This formulation is conceptually simple but powerful:
it separates the noise-search process from the code structure, which is used only to perform a
membership test. GRAND is therefore naturally universal across linear block codes [20], [17].

2- Performance of GRAND in the Short-Blocklength Regime

The ML optimality of GRAND for random codebooks is proved in [20], where it is shown
that GRAND is capacity-achieving when used with random linear codes in the limit of large
blocklengths. More importantly for this dissertation, simulation results in [20], [17] demonstrate
that, at short blocklengths relevant for URLLC, GRAND and its variants closely match the
performance of exhaustive ML decoding and high-order OSD, i.e., OSD implementations that
test high-order combinations of the least reliable bits and therefore approach ML performance
at the cost of rapidly increasing complexity, for Bose-Chaudhuri-Hocquenghem (BCH), polar,
and CRC-aided codes. In particular:

" In [20] hard-input GRANDAB already outperforms classical algebraic decoders for BCH
codes at moderate SNR,;

" ORBGRAND and SRGRAND reach near-ML frame error rates comparable to OSD of
order 2, but with markedly lower average complexity [22], [23];

" the performance advantage is especially pronounced in the ultra-reliable regime, where
iterative decoders exhibit error oors and increasing iteration counts [17].

3- Complexity and Latency Behaviour of GRAND

A key metric for GRAND-type decoders is the number of codebook membership queries
per decoded block. Each query consists of applying a test error pattern to the received word
and performing a syndrome check for membership. In [21] provides a detailed analysis of both
worst-case and average complexity for several GRAND variants. It is shown that:1) worst-case
complexity can be bounded by parameters such as the maximum Hamming weightin GRANDAB
or in ORBGRAND; 2) average complexity decreases rapidly with SNR because typical noise
realizations are corrected using only a few of the lowest-weight patterns; 3) soft-input variants
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such as ORBGRAND and SRGRAND exhibit substantially lower average complexity than
hard-input GRANDAB at the same error rate [22], [23], [21].

4- GRAND in the Context of Universal Decoding

The comparative study in [17] shows that GRAND-based decoders provide a compelling
balance between universality, near-ML performance, and controlled complexity when compared
with other universal or semi-universal decoders such as OSD. While OSD can reach ML
performance, its combinatorial growth in complexity with reprocessing order makes it less
suitable for real-time short-packet URLLC. GRAND variants, especially ORBGRAND [23]
and SRGRAND [22], achieve similar reliability with more favourable and better structured
complexity scaling.

Moreover, the modular architecture described in [21] con rms that GRAND can serve as a
practical universal decoding core in 6G systems, able to support both structured and unstructured
codes through simple membership tests.

1.1.8 Random Access and Grant-Free Communication in 6G

While much of classical communication theory focuses on the reliable transmission of payload
data, 6G machine-type communication is increasingly dominated by an often-overlooked but
fundamentally limiting factor: metadata and access signalling. In dense loT and mission-critical
control systems, the information required to coordinate communication itself, including access
requests, scheduling grants, pilot assignments, acknowledgments, and synchronization, can
exceed the size of the payload data by orders of magnitude [1]. As a result, random access is
no longer a higher-layer concern alone but directly impacts physical-layer e ciency and latency

in 6G systems. In conventional LTE and 5G NR systems, access is predominantly grant-based,
relying on multi-step handshake procedures that include: random access preamble transmission,
random access response, scheduled uplink transmission, and contention resolution.

Even under ideal conditions, this control-plane exchange introduces latencies on the or-
der of several milliseconds, rendering it fundamentally incompatible with the sub-millisecond
deadlines of URLLC [1]. Grant-based access also scales poorly in dense mMTC environments
because the probability of preamble collision grows rapidly with the number of simultaneously
active devices.

To resolve these limitations, 6G must adopt grant-free random access as a default operating
mode for both URLLC and mMTC [1], [2]. In grant-free random access, devices transmit their
data packets immediately without waiting for scheduling grants. This eliminates handshake
latency but introduces a new and far more severe physical-layer challenge: collision resolution
and multiuser detection under extreme uncertainty, short packets, and massive concurrency.

1- Unsourced and Massive Random Access
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The unsourced random access paradigm, highlighted in [1], fundamentally rede nes user
identi cation and data association. Instead of decoding both message and user identity, the
receiver decodes only a set of transmitted messages, with user identity resolved at higher
protocol layers. This abstraction is particularly well-suited for 0T systems in which a very large
population of low-power devices sporadically transmit short updates. Unsourced random access
systems are typically modeled as: a sparse activity pattern, a very large number of potential
users, extremely short transmitted messages, and strict latency constraints.

Compressed-sensing-based activity detection, covariance-based detection in mMIMO, and
joint detection decoding algorithms have been proposed as candidate solutions [1]. However,
these methods critically depend on accurate noise modeling, e cient sparse recovery, and robust
decoding in the presence of strong multi-user interference.

When short packets and nite blocklength constraints are imposed, these challenges intensify
dramatically. The results in [1] demonstrate that joint activity detection and data decoding must
be performed under severe dispersion and overhead constraints, where even a few extra control
bits can drastically reduce access e ciency.

2- Multi-user Detection Under Finite Blocklength and URLLC Constraints

In grant-free access, multiple users transmit simultaneously without coordination. The base
station must therefore solve a joint multiuser detection and decoding problem under unknown
user activity, short packets, severe interference, nite blocklength e ects, and ultra-low-latency
requirements.

This problem is more di cult than traditional single-user decoding. The receiver must
determine: i) which users are active, ii) which signals belong to which users, and iii) what data
each user transmitted, all within microsecond-scale deadlines. Paper [1] shows that classical
matched Itering and interference cancellation are insu cient in ultra-dense access scenarios.
Even small levels of channel estimation error or residual interference can greatly impact short
packets. Similarly, iterative multi-user detection algorithms such as expectation maximization or
belief-propagation-based detectors su er from unpredictable convergence times, making them
unsuitable for deterministic URLLC operation. Finite blocklength theory further exacerbates
this di culty. As shown in [5] and reinforced by [13], short packets dramatically reduce the
reliability margin available for collision resolution and interference suppression. With little
redundancy in each packet, even a single unresolved collision or detection error can cause
catastrophic packet loss.

Once again, the limitations of classical iterative, correlation-based, and interference cancel-
lation based random-access schemes become evident in short-packet scenarios. Inthe grant-free
random-access setting considered in this work, the fundamental resolution to the collision prob-
lem is to redesign the signalling itself so that collisions are resolvable at the physical layer. This
requirement leads naturally to the use of uniquely decodable signature sequences. By assign-
ing each terminal a Bose Chowla Lindstrém (BCL) signature sequence with the unique-sum
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property, the superposition of a bounded number of simultaneously active users produces a sum
that uniquely identi es the corresponding active set. In other words, the collision pattern is
encoded combinatorially in the algebraic structure of the sum itself. This signature-based for-
mulation fundamentally shifts grant-free random access from a probabilistic collision-avoidance
problem to a structurally resolvable multi-user identi cation problem, thereby enabling reliable
short-packet random access under the stringent latency and reliability constraints of 6G.

1.1.9 Research Objectives and Contributions

The previous sections highlighted the stringent requirements of sixth-generation (6G) URLLC
and the limitations of existing channel coding and decoding techniques when operating under
short-blocklength constraints. Although modern coding schemes can achieve near-capacity per-
formance, their decoding complexity and latency remain signi cant obstacles to meeting the
demanding requirements of future wireless systems. These challenges become even more pro-
nounced in mMMIMO systems and grant-free machine-type communications, where reliability,
scalability, and computational e ciency must be achieved simultaneously. The main objective

of this dissertation is to develop signal processing and channel decoding techniques that enable
reliable and low-latency communications for future 6G wireless systems while maintaining prac-
tical computational complexity. In particular, this work investigates how noise-centric decoding
strategies can be adapted and accelerated to support short-blocklength communications, massive
MIMO scenarios, and grant-free random access.

These objectives are addressed through four main technical contributions. First, this disser-
tation demonstrates the feasibility of integrating GRAND with coded massive MIMO systems
employing random linear codes to achieve low-latency decoding. Second, it proposes symbol-
level constrained GRAND together with antenna sorting techniques that signi cantly reduce
decoding complexity while maintaining ML-equivalent performance. Third, it develops con-
strained GRAND algorithms for short LDPC codes, eliminating the vast majority of infeasible
candidate error patterns and enabling practical ML-level decoding. Finally, it investigates
BCL-based uniquely decodable signature sequences for reliable user identi cation in grant-free
random access systems over the noisy adder channel.

The following section provides the technical background required to understand these con-
tributions by reviewing the coding schemes, decoding algorithms, communication models, and
mathematical concepts used throughout this dissertation.
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1.2 Technical Foundation

This section provides the theoretical background needed for understanding the articles that
describe the proposals made in this dissertation. The section covers RLCs, LDPC codes,
mMIMO models, QAM modulation, noise-guessing decoding (GRAND), and uniquely decod-
able signature constructions such as Lindstrém and BCL sequences. This chapter establishes
the mathematical tools used throughout the thesis.

1.2.1 Random Linear Codes

Arandom linear codes (RLC) is a fundamental error-correcting code used in digital communica-
tions and data storage to enhance reliability by detecting and correcting errors that occur during
transmission or storage. These codes operate on xed-length sequences known as codewords,
where each element is randomly selected from an alphabet of size @. The set of elements from
which the codewords are formed corresponds to a nite eld, also known as a Galois Field,
denoted as GF*@?°. In the special case where @ = 2, the code is referred to as a binary random
linear code, and its codewords consist of binary digits (bits). The eld GF(2) contains only two
elements, 0 and 1, and all arithmetic operations within this eld adhere to the rules of binary
arithmetic [26].

A binary block code consists of codewords of length =, meaning each contains = elements
from GF(2). Consequently, there are a total ofp@ssible words. However, not all codewords
are valid within a speci ¢ encoding scheme; only a carefully selected subset is utilized for
transmission, based on prede ned encoding rules. The encoding process involves mapping a
length message : consisting of a ¥)1— Q—+++—0into a codeword of length = constituting
Xp = »l—b—oe eV,

a Xp
—_— RLC |——

Figure 1.2: Encoding process of a random linear code (RLC), mapping an information message
a into a binary codewordpx

Since each information bit is an element of GF(2), the number of possible input message
sequences is given by 2leading to 2 codewords. The resulting block code is denoted as a
1=—:9 block code, where [27]:

" =represents the length of the codeword after encoding,

" . is the number of information bits in the original message,
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" The remaining *= :° bits are parity check bits, added to introduce redundancy for error
detection and correction.

(= ) bits  bits
Iz } | {z }
Parity bits Message bits

Figure 1.3: Structure of a codeword in a systematic linear block code.

The code rate is de ned as: _
= . (1.1)

Since = j :, the code rate is always less than 1. A lower code rate indicates a higher level of
redundancy, which improves error correction performance at the cost of reduced transmission
e ciency. A block code is classi ed as systematic if the original : information bits remain
unchanged within the nal codeword, with the parity check bits appended to them. In contrast,
a nonsystematic code does not retain the original bits in their unmodi ed form; instead, the
codeword transforms encoding.[28]

A systematic linear (=—:) block code is speci ed by a : = generator matrix, 1G° which is
composed of two submatrices: a: 1= :°submatrix P that is called the parity matrix and a
. identity matrix |  [29]:

h |
G= P j I
?0-0  ?0-1 %=1 10 0
710 711 ?1=:12 01 0 (1.2)
?.10 7111 ?1=12 00 1
| {z | Xz }
Parity matrix Identity matrix

If a generator matrix 1G° for a 1=—:° random linear codes are provided in systematic form,
and the associated parity-check matrix *H° is shown below:

h i
H= 1-. j PT
10 0 %o ?1-0 £ 1-0
60 1 0 21 211 11 (1.3)
00 1 %=1 ?1-=:1 t1-=:1

It is straightforward to verify that G H= 0.
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1.2.2 Syndrome-based Error Detection and Correction

One method for detecting potential transmission errors in linear block coding is syndrome
error detection. It provides the foundation for several error-correcting codes, such as BCH and
Hamming codes, and is essential to digital communications and storage systems. The codeword
Xp = » 13— b— e« =¥, taken from the GF(2), is transmitted through a noisy channel; therefore,
the received codeword includes some possible errors, which are di erent from the transmitted
codewords. The received vector and an error vector, also called error pattern, that a ects the
received vector are denoted by ¥ GF12° and, e 2 GF12° respectively. Therefore, the received
vector can be expressed by [29]:

Yo =Xp, €° (1.4)

A syndrome vector is the result of multiplying the received vector by the transpose of the
parity-check matrix. The result shows whether an error has occurred and, in some cases, where
the error is located.

s=y, H 2F% (1.5)

Remark: In this section, vectors are written in row form for notational convenience; this is
equivalent to the column-vector convention used elsewhere in the thesis, g‘rﬁceyHy)bO) .

The received vector is subjected to a detection operation. If the result is an all-zero vector,
the received vector is regarded as a valid codeword; if not, the decoder has discovered errors.

S=Vp H) =

(1.6)
=1xp,e° H) =e H+

If the error vector is the all-zero vector, the syndrome vector will also be all-zero, indicating
that the received vector is a valid codeword. When the syndrome vector has at least one nonzero
component, it can identify errors in the receiving vector [28].

1.2.3 Low-density Parity Check Codes

Robert G. Gallager introduced the low-density parity-check (LDPC) codes in his 1960 PhD
dissertation. Gallager's pioneering work proved that these codes can approach the Shannon
limit. LDPC codes were not extensively utilized because of their computational complexity,
which was beyond the capabilities of current technology in the 1960s. Interest in LDPC codes
resurfaced in the late 1990s and early 2000s with the work of MacKay, Luby, and others [30],
[31], [32], [33], who noticed, apparently independently of Gallager's work, the advantages of
linear block codes with sparse (low-density) parity-check matrices.
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LDPC codes are linear block codes that are built by creating a sparse parity-check matrix H,
which means that most of its elements are zeros, with only a few ones scattered throughout. A
regular Gallager code is a low-density parity-check code that has a length of = and each column
of H has the same weightFand each row has the same weight i the number of ones per
row and column is allowed to vary, the result is known as an irregular LDPC code. These codes
are generated at random based on these constraints [34], [29], [11].

To create an ensemble of 1= low-density codes, the matrix is split intg Bubmatri-
ces, with a single 1 in each column. The rst of these submatrices has all of its 1s in descending
order, i.e., the 8'th row has 1s in columns 18 }°H through 8 F A The other submatrices
are just column permutations of the rst. An ensemble of =—Hz% codes is the outcome of
randomly permuting the columns of a matrix's bottom A submatrices with equal probabil-
ity assigned to each permutation. This ensemble yields two signi cant results: the minimum
distance between member codes and the probability of decoding error [34]. Here is an example
of an LDPC parity-check matrix based on this structure for = = 20=8-Fa = 4 [34]:

1111 0000O0O0O0O0O0O0O0O0O0O00O0
0000111 1000WO0O0O0O0TO0UO0TU 0O
000O0OOOOOOTZ11T11100O0O0O0TO0O0
0 000OO0OOOOO OODOOTZ1I111000
0 00O0OOO0OO0OODOODOOOOO0O 0 1 1 1
100 01 0001000 100O0O0 0 0
01000 100O0T1IO0O0O0O0OO0OTO0T1O0TO0
001 00O0OT11IO0O0O0O0OO0OO0OT1O0O0O0T1FQO0
000 100O0O0OO0OOT10O0OD0TU1T0TU0O01
00000001000 1000O0T1000
100 00 1 000O0O0T1ITO0TO0TO0UDO0UO0 1 0
01 0000100O010O0O0O0OT1QO0OTG OO
001 0O0O0OO0OT1O0O0O0OO0TZ1IO0UO0TO0O0O0 1
000 100O0O0OT1D0O0O0OTO0T1O0O0T10O00O0
000O0O100O0O0OT1IO0UO0TO0OTZ1TQ0O0TUO0SO

Figure 1.4. Example of a LDPC parity-check matrix 1= = 20— : = b=B—-F, = 4°.

1.2.4 Quasi-regular LDPC codes

A quasi-regular LDPC code is de ned by its parity-check matrix and follows two basic principles
[30], [31]:
" Generate sparse columns for H randomly, ensuring that each has the same weight F

~ Any newly generated columngk,, must have an overlap of at most 1 with each previously
accepted column.

The overlap between two columns of the parity-check matrix is de ned as the number of row
positions in which both columns contain a value of one. The design constraint requires that any
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newly added column share at most one common nonzero entry with each previously accepted
column. If a new column shares two or more ones in the same row positions with an existing
column, the overlap constraint is violated.

In their standard construction, LDPC codes are non-systematic, meaning that the information
bits do not appear explicitly in the transmitted codeword, but are instead distributed across all
codeword positions through the parity-check constraints. However, when creating short LDPC
codes, the second restriction is eased, allowing up to two overlaps. These overlaps are e ciently
checked using the inner product between columns in the extended magrx bH— j—lnv4. A
new column is rejected if it violates the described constraints. A simple way of testing whether
a new column is admissible is by checking whethggHex F 2l j 2.

el NeoNeoNeol NoloNoNeol NolNoNeol NoNoNoNoNo]
[cNoNoNeoll NeloNoNoNeoNoNoNol NoNoll —NolNoN
POOFRPROOO0OO0ODO0OO0OO0OO0O0OFrRPROOPFrROOO
el NeoNeoNeoNoNol NeoloNoNoNoNoNoNoNoN i o]
OO0OO0OFRPRPFPOOOOO0OO0OOPFRPOOORFROOO
[eNoNoNooNoNol SeolloNol Neoll JleoloNol o Ne]
OO0 O0OO0OFrRPROORPRPFRPOOODODOORrROOOO
OO0 O0OO0OFrRPROPFPOOOFRPROPFPOOOOOOO
POOOO0OO0OO0ORPROO0OO0OO0OORrRrFRPOOOOO
[cNeoNeoNeol el NeoNeoNeoloNoNoNoNoNoNol el
OO O0OOFRPRPFRPROPFPOOOOOOOORFrROOO
OO0OPRPOORPFPOOOOOOFrRPROOOOOO
OPFRPO0O0O0O00O0OO0OFrRPROO0OO0OOFrR,rFPROOOO
POOORFROORFRPROORFRPROODOOOOOOO
[cNeoNeol NeloNoNel i HeloNoNeoNoNoNoNoNoN
OO O0OFrRPOOPFRPOOOPFRPROOOFrRPROOOOO
el NeoNoNeoNoNoNoll NeloNoNol ool NolNoNo]
OO0 O0OO0OO0ORPRPFPOOORPRPFPOOOOOOOO
[cNoNeol NelloNoNoNoNeoNoNoNoNoNoNall Ul i e 0
OO0 O0OO0OO0OFrRPROPFRPROORFRPROOOOOOORrO
OO0 O0OO0OO0OO0OPFrRPOFRPFPOPFPOOOOOOOO
OO0 0000000 O0ORrRPFPOFRPOOFRPROOO
OO0 000000 O0OFrRrORPPFPOOFRPROOOO
e eoNoNeoNoNoNoNoNoNoNoNoNol JNoNoNoN i
Il ol eNeoNeoNoNoNol NelloloNolNoNoloNoNoNoN
POOFRPROORPROFRPROOOODOOOOOOO
OO0OPRPOO0OO0OO0OOFrRPROORFRPROFRPROOOOOO
OPRPOFRPOO0OO0ORFRPROO0OO0OO0ODO0OO0OO0OO0ORFrOOO
OO0 O0OO0OO0OO0OPrROO0OO0OORrROOORrR,ROROO

0
0
0
1
0
1
0
1
0
0
0
0
0
0
0
0
0
0
1
0
X (=

Figure 1.5: Example of a quasi-regular LDPC code matrix 30-:

;
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1.2.5 Massive Multiple-Input Multiple-Output (mMIMO)

Multiple-input multiple-output (MIMO) technology has been extensively explored over the last
two decades and implemented in numerous wireless standards because it has the potential to
dramatically increase the capacity and reliability of wireless networks. While early research on
the problem focused on point-to-point MIMO links, in which two devices with multiple antennas
communicate with each other, the focus has shifted in recent years to more practical multi-User
MIMO (MU-MIMO) systems, in which a base station with multiple antennas simultaneously
serves a set of single-antenna users and the multiplexing gain is shared by all users [35]. Massive
MIMO systems, also known as large-scale antenna systems, have been suggested in [36] and [37]
to serve many users simultaneously on the same frequency and time resource, obtain signi cant
gains, and simplify signal processing.

The mMIMO technique is based on the phase-coherent but computationally simple process-
ing of signals from all antennas at the base station. The mMIMO may boost capacity tenfold or
more while improving radiated energy e ciency by a factor of 100. The mMIMO's aggressive
spatial multiplexing leads to a large increase in capacity. The key idea that enables the enormous
gain in energy e ciency is that with a large number of antennas, energy can be directed with
extraordinary precision into small regions of space [38].

Figure 1.6 illustrates a general massive MIMO communication model. The transmitted
signal vector X = »5G-++*+34 2 CH ! passes through the channel matrix H 2' ¢
and is received asy = pHp—eeeHL 2 C* 1 In mMIMO systems, either #jj # + or
#' ii # ). Inthis dissertation, an uplink scenario is considered, and therefore the base station
is equipped with a much larger number of receive antennas than the number of simultaneously
transmitting user antennas, i.e., ## ). The complex MIMO model can be represented as

[19]

y120 — H 120X120 . n 120_ (1.7)

where n2° = »5— eee—=1); denotes the additional noise at the receiver. The items #ahd
n are independent random variables drawn from the complex normal distribution CN 10— 1°.
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Figure 1.6: General massive multiple-input multiple-output (mMMIMO) model, wherg # -
or# ji# y.

Since the decoding algorithms considered in this dissertation operate on real-valued vectors
and matrices, here we show how the complex-valued MIMO system can be converted into its
equivalent real-valued representation [19]. This transformation splits the real and imaginary
components of the transmitted symbols, the received signal, the noise vector, and of the channel
matrix itself, allowing the detection problem to be formulated with real-valued linear algebra,
while preserving the information contained in the original complex model. The equivalent
real-valued representation is given by

" # " . L H # " #
Rfyg _ RfH'?g IfH g  Rfxg Rfng 1.8)
Ifyg IfH '2°g RfH'%g Ifxg ° Ifng '
where Rf g and If g denote the real and imaginary components, respectively.
This may be simply stated as the real-valued MIMO model:
y = Hx  ne (1.9)

For the real channel matrix H 248 2#) x 2 R¥ 1 andy,andn2 R* 1.

1.2.6 Generalized Quadrature amplitude modulation (QAM)

Quadrature amplitude modulation (QAM) is a widely used digital modulation scheme that
conveys information through the joint variation of the in-phase and quadrature components of
a transmitted signal. Because the techniques developed in Chapter 3 can be applied to general
QAM constellations, a brief overview of the main QAM constellation structures is provided here.
The evolution of QAM constellations has led to di erent geometric arrangements of constellation
points, each o ering di erent trade-o s between spectral e ciency, error performance, and
implementation complexity. QAM was developed as an improvement over classical amplitude
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modulation in the development of digital modulation schemes throughout the late 1950s and
early 1960s. In 1960, C. R. Cahn presented the rst QAM design, which is today known as the
Type | constellation. This design arranged constellation points along a circular geometry and
established the foundation for subsequent QAM developments. Hancock and Lucy developed
an enhanced version of Cahn's concept, known as the Type Il constellation, in which points were
dispersed throughout many concentric rings. When compared to Type I, this structure performed
better (in terms of error rates) since it permitted more points on outer circles and fewer on interior
ones. Later, in 1962, Campopiano and Glazer introduced the Type Ill constellation, which
included QAM constellations in the shape of ordered squares. Despite having a little worse
performance than Type I, the Type lll design was much easier to decode and apply, which made
it useful for practical applications. Many further advancements in QAM constellations utilized
in contemporary digital communication systems were made possible by these early designs [39],

[40], [41], [42], [43], [44].

Figure 1.7: Type |, Type Il, and Type Ill QAM constellations.

The QAM family has garnered a lot of interest lately in wireless networks because of its
potential to deliver high data rates with enhanced bandwidth and power e ciency. The spectral
e ciency associated with an "-QAM modulation scheme can be expressed as

[= o0, *— »hits/s/Hzva— (1.10)

where ', denotes the bit rate and " is the constellation size. This expression highlights the
fundamental trade-o in QAM systems: increasing the constellation order improves spectral
e ciency, but at the cost of reduced noise robustness and higher implementation complexity.

Square QAM (SQAM), rectangular QAM (RQAM), cross QAM (XQAM), star QAM, and
hexagonal QAM (HQAM) are the primary members of the QAM family. SQAM is usually
preferred for even powers of 2 QAM constellations. Odd power-of-2 constellations like RQAM
are favored for improved rate and channel adaptation. However, because of its greater average
and peak outputs, RQAM s not adesirable option. Thisis addressed by proposing a cross-shaped
constellation called cross QAM (XQAM), which is created by arranging the outer corner points
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Figure 1.8: Gray-coded 16-QAM.

of RQAM in a cross shape and deleting them, lowering the average energy of the constellations.
High data rates at low energy consumption further steered research toward HQAM, a more
power-e cient two-dimensional (2D) hexagonal constellation. [45].

SQAM usually takes a perfect square shape for the even power of 2 signaling points 4, 16, 64,
256, 1024, 4096, etc. This arrangement maximizes the minimum Euclidean distance between
points for a given average symbol power, enabling e cient transmission with a straightforward
ML detection process. Compared to "-ary PSK, "-ary QAM needs a lower carrier-to-noise
ratio, making it a preferred modulation scheme in many wireless communication systems and
IEEE standards. Lower-order QAM schemes imply reduced spectral e ciency but are more
resilient to noise and distortion, aiding in better cell overlap control and improved bit error
rate (BER) / symbol error rate (SER) performance. On the other hand, higher-order QAM
constellations provide higher data rates but demand tighter SER / BER constraints, introduce
greater intercell interference, reduce coverage range, and increase hardware complexity [44].

The information bits of "-QAM modulations are encoded as variations in the signal's phase
and amplitude. A sequence of information symbols, each containing : bits of information
1: = log,t"°°, is sent by the "-QAM modulator. These symbols are selected from the
set < 2 fl—-2-eee—"g. The information symbols are Gray-coded to limit incorrect receiver
decisions to single-bit errors. In any "-QAM constellation, the transmitter constellation's
adjacent symbols should not di er by more than one bit to limit incorrect symbol choices to
single-bit errors. To do this, the input symbols are typically converted to Gray-coded symbols
and then mapped to the intended QAM constellation. A Gray-coded example of a 16-QAM
constellation is shown in Figure 1.8.
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1.2.7 Guessing Random Additive Noise Decoding (GRAND)

Recent coding techniques such as LDPC codes, Turbo codes, and polar codes have shown
remarkable performance in terms of approaching the Shannon limit for long code lengths [34],
[46], [47], [48], [49]; nevertheless, these capacity-approaching and capacity-attaining strategies
perform poorly in the short-to-medium block length regime. [50]. This problem is particularly
important for contemporary communication systems like 5G URLLC, loT, and augmented
reality, which require extremely ultra-reliable and low-latency connections. Guessing random
additive noise decoding (GRAND) presents a compelling decoding technique.

GRAND is a class of decoding algorithms that can decode any block code, provided a
membership test is available to determine whether a candidate word is a valid codeword. It
was initially suggested in 2018 for hard-detection channels [51], [20]. GRAND is a maximum
likelihood decoding technique particularly t for short-length random linear codes with high
code rates. Unlike traditional decoding methods that rely on the structure of the codeword
itself, GRAND focuses on the noise a ecting the transmitted signal [20]. Notably, the only
prerequisite for GRAND is the existence of a membership test to determine whether a given
word is a legitimate codeword. Since it is a universal decoder, it may be used for binary or
multi-level codes, whether they are random or have some mathematical structure (such as polar
codes, BCH codes, Hamming codes, etc.) [52] [23]. A brute force comparison of the received
codeword with every codeword in the codebook is far slower than guessing the noise. This
signi cant reduction in search time is made possible by the noise's low entropy, which results in
a manageabile list size for potential error patterns a ecting a codeword. It may also be the result
of some prior knowledge about the noise's statistics, which can speed up the search [53].

GRAND has two primary variants: hard input and soft input. Hard-input GRAND uses
binary decisions (e.g., 0 or 1) based on the received signal to estimate the noise, but soft-
input GRAND takes into account soft information, such as probabilities or likelihoods, derived
from the Euclidean distance of the received signal to the constellation points or decision regions,
making itmore exible and potentially more accurate in noisy situations. The primary distinction
between the two lies in the sequence used to infer the channel-induced noise [54].

In particular, this technique uses all types of codes and has been shown to attain channel
capacity across a wide range of nite-state and memoryless channels. It represents a major
theoretical breakthrough because of its universality and independence from the code structure
[20]. Expanding on the original idea, the symbol reliability GRAND (SRGRAND) algo-
rithm enhances GRAND by incorporating soft information about symbol reliability, such as
log-likelihood ratios obtained from the channel. SRGRAND uses these con dence levels to
prioritize which noise patterns to guess, giving more attention to bits considered less reliable.
This approach signi cantly improves both decoding speed and error-correction performance,
speci cally in noisy settings like AWGN channels. While it introduces extra complexity due to
the use of soft data, SRGRAND retains the capacity-achieving of GRAND and suggests practical
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improvements by lowering the number of required guesses [22]. ORBGRAND addresses this
challenge by assigning each candidate error pattern a logistic weight derived from the reliability
information of the received bits. The error patterns are then searched in increasing order of this
weight, providing an e cient approximation to the optimal ordering while prioritizing the most
likely noise patterns. This strategy can substantially reduce the number of guesses required
to identify a valid codeword while retaining the maximum-likelihood decoding principle of
GRAND [23].

GRAND is a universal decoding method for high-rate and short-length channel codes such as
random linear codes (=, :) with a well-speci ed encoding framework that exempli es structured
codes. GRAND is a noise-centric decoding method [20] that estimates channel-induced noise
in transmitted codewords by producing test error patteédswhich are subsequently applied
to the received vector £§ from the channel. The resultant vectgyly é° is then assessed for
codebook membership [54]. GRAND achieves capacity when utilized with random codebooks,
as seenin [20].

The purpose of the decoder is to estimate the transmitted codewaiglen the received
word y,. The core idea of GRAND is to identify the error pattérthat distorted the transmitted
codeword during transmission, sincg ¥ X, €. Instead of decoding the codeword directly,
GRAND generates and tests possible error candidate error paétemdecreasing order of
likelihood. Each candidate is applied to the received word to obtain a codeword candidate, and
this is checked for codebook membership.

For linear block codes, this membership is e ciently veri ed using the parity check matrix
H2 F;: = , which de nes the codebook as: C xp 2 F; : Hx{o =0 . Given areceived word
yb, GRAND tests error patterrésby checking: si? = Hy) =H x) e’) =He),whichisthe
0 vector only if e is O or e is a valid codeword; in both casg2\C. If this condition is satis ed,
the error patter is estimated to be the correct noise pattern, and the estimated codeword is:

R =Yyp &

Every error pattern has a syndrome that is not exclusive to it. The number of unique
syndromes is only 2 *° and the number of possible error patterns with up to C errors is
& -

- (1.11)
g=0 O
where C is the maximum number of errors considered. Therefore, inferring the correct error
pattern using s results in ML decoding. As explained in Algorithm 1, for a given xed
value of C, GRAND tries to decode g™y iteratively examining error patterns in decreasing
probability order.
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Figure 1.9: Visualization of GRAND error pattern enumeration for a block length = = 6. Each
subplot corresponds to error patterns of a given Hamming weight. The x-axis indexes error
patterns in order of generation, and the y-axis shows the bit positions a ected by the error. This
illustrates the principle of GRAND: systematically guessing possible noise patterns in increasing
order of likelihood (here, increasing Hamming weight) until a valid codeword is found.

Algorithm 1 GRAND for Random Linear Codes

1 Input: yp=Xp €

2: Output: Rp=yp &

3: & Generate Error Patterns

4: if sty,® = H!x), e’)°=0then « Syndrome check
5: Output: ,=yp & * Valid codeword found
6: else

7 Go back to Step 3

8: Output: Ry =y, €

9: end if

Figure 1.9 illustrates the principle of the GRAND algorithm. For a block length of = = 6, all
possible error patterns are generated and ordered by Hamming weight. The algorithm proceeds
by applying these candidate noise patterns to the received word, starting from the most likely
(low-weight) errors. The gure shows the structure of these error patterns: each row (subplot)
corresponds to patterns of a xed Hamming weight, and within each row, the dots indicate the
bit positions that are ipped in a given pattern. This systematic exploration of noise patterns
underlies the decoding process of GRAND, where the rst candidate that produces a valid
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codeword is declared the decoder output.

1.2.8 Bose-Chowla-Lindstréom Code

In current wireless systems, particularly sensor networks and machine-type communications,
numerous devices (terminals) are linked but broadcast only intermittently. Traditional grant-
based random access systems, which need devices to wait for permission before sending, are
unable to ful ll the ultra-reliable low-latency communication (URLLC) requirements of 5G

and beyond. To address this, grant-free random access enables devices to broadcast without
delay [55], [56], [57], [58]. However, this results in collisions, which occur when many devices
broadcast concurrently. Instead of deleting collision packets, physical layer network coding
(PLNC) can use the total of these signals to extract useful information as long as it can
uniquely identify which devices were active [59], [60], [61]. This necessitates the employment

of uniquely decodable (UD) signature sequences, which allow the identities of the sending users
to be uniquely identi ed by adding a subset (< out of A) of user sequences. While orthogonal
sequences (such as Hadamard or Zado -Chu) and pseudo-orthogonal sequences (such as Gold
codes) are commonly utilized, they are not ideal for this application. In short, from a sum,
one can uniquely determine the terms involved in it, and this is known as the signature coding
problem [62], [63], [64], [65]. There are two types of UD sequences: those acquired by the
Chang-Weldon construction [64], which is connected to the Cantor and Mills construction [66],
and those obtained by the Lindstrom construction [63], [64], [67].

Lindstrom sequences are completely dependent on an algebraic construction based on Galois
elds, which was initially presented by Bose and Chowla in [68], hence in this work, we will
refer to such sequences as Bose-Chowla-Lindstrom (BCL) sequences.

The length of the sequence is =1A—<° <logA bits for a system with A users, of which <
are active [63], [67], [68], assuming that:

1e (1.12)

BCL sequences are not necessarily binary. Due to their construction from integers that can
be transferred onto various Galois elds [63].

The purpose of the BCL construction is to produce a set of A C integers that have UD
sums for each group of < out of these A integers. This con guration is called BCL*A—<°. The
construction requires that A be a prime power, which means that it has the®favhefe 8 is an
integer and ? is a prime number. Building a code for C users begins with building a code for A
users, where A C and is selected as a prime power. After that, the A C integers are eliminated,
which is equivalent to muting the A C users, resulting in a nal set of C users. The prime number
theorem demonstrates that A ful lls the upper bound Alogfe
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In the construction, let U be a primitive element of the Galois eld GP1Aneaning that
all elements of the eld can be expressed as powers of U: &FEA0—U—U—eee UL,
Primitive elements always satisfy U | 1. Let-Vy—e+e++—\be elements of GF'A°. De ne
integers 3— 3— e ¢ *—3uch that:

U¥=U, Vg for 8=1-2—eee—_Ae (1.13)

Python's Galois eld library can compute both U angiv@lues. Because U s always a
nonzero element in GF*A, each 8 has a correspondinyaue. Given U j 1, we havegx 0,
and given primitive elements' characteristics, 0 ¥ 3A< 1. The integers 3—3—e¢+* 3
have a critical property: their <-term sums are unique. This means that no two alternative
combinations of < elements give the same sum. This can be formally expressed as:
G G
305 = 35,00 1—Q—cce=@ =fl1—b—c°=<D (1.14)
8=1 8=1
This equation implies that if two subsets of < components provide the same total sum when
combined, they must be equal (up to reordering). In other words, no two unique <-sized
selections of the gvalues can provide the same result.

Each integer gis converted to binary and added with an extra 1 to create a binary codeword
xs This additional bit allows the base station (BS) to detect how many users are participating in
a transmission (i.e., the collision level).

Since each @Y A 1, it needs at most dlogl A" 1°e bits to de ne in binary:

=1A— <0 =|og,!A° 1° | 1 (1.15)

Giventhat A 2logC, we can derive an upper bound for =1C—<° as follows:

=1A-<° <log,A 2 (1.16)
<dlog ,Ae , 2
<1 log ,A°, 2

This codeword design provides that for any <, the binary sums of < di erent codewords
are unigue. That is, no two distinct groups of < users yield the same sum, which is essential
for reliably identifying active users in multi-user communication systems when using non-
orthogonal identi cation sequences.
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1.3 Thesis Structure

This dissertation is organized as follows:
Chapter 2 URLLC with Coded Massive MIMO via Random Linear Codes and GRAND

This chapter investigates the integration of RLCs with GRAND decoding in mMIMO sys-
tems. Using zero-forcing spatial multiplexing and di erent QAM mapping schemes, it demon-
strates that using RLCs with GRAND signi cantly outperforms 5G polar codes in both block-
error rate (BLER) and decoding latency. The results show substantial decoding-complexity
reductions.

Chapter 3 Constrained Symbol-Level Noise-Guessing Decoding with Antenna Sorting for
Massive MIMO

Chapter 3 expands GRAND into a symbol-level constrained framework for mMIMO systems.
An antenna-reliability sorting method and a novel lightweight membership test are introduced
to fast prune infeasible noise patterns early. This yields over 90% complexity reduction while
maintaining ML-equivalent performance. Importantly, the proposed techniques constitute gen-
eral decoding mechanisms that apply to a wide class of linear block codes and are not inherently
tied to a particular coding structure.

Chapter 4 Largely Constrained ML-Level Decoding of Short LDPC Codes

Building on the constraint-driven decoding ideas, this chapter adapts GRAND to short LDPC
codes. It proposes three di erent techniques to remove the number of error patterns that need
to be tested: 1) set partitioning, a general constraint mechanism applicable to any linear block
codes, 2) sieving, and 3) large-constraint methods that eliminate more than 99% of infeasible
patterns before enabling practical ML-level decoding for short LDPC codes.

Chapter 5 Uniquely Decodable Signature Sequences Over the Noisy Adder Channel

This chapter proposes using BCL-based UD signature sequences that are constructed through
an algebraic method combining related Galois elds. These sequences guarantee <-sum unique-
ness, enabling reliable user identi cation under noisy collisions in grant-free random access
systems.

Chapter 6 Conclusions and Future Work

The nal chapter summarizes the dissertation's contributions and outlines avenues in coding
theory, URLLC, and multiuser random access.
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