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Abstract

The use model of mobile networks has drastically changed in recent years. Next generation de-
vices and new applications have made the availability of high quality wireless data everywhere
a necessity for mobile users. Thus, cellular networks, which were initially designed for voice
and low data rate transmissions, must be highly improved in terms of coverage and capacity.
Networks that include smart entities and functionalities, and that allow to fulfil all the mobile
networks’ new requirements are called heterogeneous networks. The gains introduced by these
networks are basically due to the reduction of the distance between transmitters and receivers,
which increases the network capacity per unit area, the ubiquitous coverage and the spectral
efficiency. One key component in heterogeneous networks is femtocells. Femtocells are low range,
low power mobile base stations deployed by the end consumers, which underlay the macrocell
system and provide a solution to the problem of indoor coverage for mobile communications.
Femtocells drop off the macrocell load and, therefore, macrocells can devote their resources
exclusively to outdoor and mobile communications. Furthermore, the energy consumption de-
creases significantly because femtocells have very low transmission powers and are active only
when needed. Femtocells can reuse the radio spectrum and, thereby, they allow increasing the
spectral efficiency. Moreover, under appropriate algorithms for interference control, they give a
viable alternative to the problem of spectrum static allocation.

In the case of femtocells reusing the spectrum, it must be guaranteed that the interference
they generate does not affect the performance of the underlaying macrocellular system. To this
end, we propose to model the femtocell network as a decentralized system and to introduce a
learning algorithm in each femto node, providing self-organization capabilities, that perfectly fit
with the femtocells deployment pattern. We thus introduce a multiagent learning algorithm that
performs the radio resource management in the femtocell system, so that femtocells control the
interference they generate at macrouser in a decentralized and uncoordinated manner. Femto-
cells, then, are able to maintain their interference under a desirable threshold as a function of
the environmental situation they perceive.

In distributed systems, learning can be a long process. For this reason, we introduce a
new cooperative method, known as docitive algorithm, where agents exchange information that
allow them to accelerate their learning process and increase its precision. We also present a
learning technique based on Fuzzy Inference Systems, which allows femtocells to represent the
environment they perceive and the actions they can perform in a continuous way. In this way,
agents have more accurate behaviors and better adapt to the environmental conditions. Besides,
we extend the learning method to partial observable environments in order to provide a 3GPP
standard compliant solution, which does not rely on the existence of an X2 interface between
macro and femto nodes. This means that agents do not have a complete representation of the
surrounding environment and do not receive any feedback from the macro network. Finally,
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since the proposed solutions are software-based self-optimization algorithms to be embedded in
integrated circuits, we present a study regarding their implementation requirements in terms
of computation and memory demands, in order to determine if they fit in state of the art
communication processors.



Resumen

El modelo de uso de las redes méviles ha cambiado drasticamente en los iltimos anos. La
aparicion y rapida adopcién de dispositivos de tltima generacion y, con ellos, nuevas y multiples
aplicaciones, ha convertido en una necesidad para los usuarios méviles la disponibilidad de servi-
cios de datos inaldmbricos de alta calidad en todo momento y lugar. Por tanto, las redes méviles,
originalmente disenadas para la transmision de voz y bajas tasas de datos, han de ser mejoradas
en términos de cobertura y capacidad. Las redes que incluyen nuevas e inteligentes entidades y
funcionalidades, las cuales permiten cumplir con los requisitos anteriormente mencionados, son
denominadas redes heterogéneas. Las ganancias introducidas por estas redes son debidas a la
reduccién de la distancia entre el transmisor y el receptor, aumentando asi la capacidad de la red
por unidad de area, la cobertura total y la eficiencia espectral. Un componente clave en las redes
heterogéneas son las femtoceldas, las cuales son estaciones base de comunicaciones moviles de
bajo rango de cobertura y potencia de transmisién, instaladas por los usuarios. Estas estaciones
base se ubican de forma subayacente respecto a las macroceldas y proporcionan una solucién
para los problemas de cobertura de servicios méviles en interiores. Las femtoceldas disminuyen
la carga de servicios que deben proporcionar las macroceldas, por tanto éstas pueden dedicar sus
recursos exclusivamente a las comunicaciones exteriores. Por otra parte, el consumo de energia
total del sistema disminuye notablemente ya que la potencia de transmisiéon de las femtoceldas
es muy baja y s6lo estan activas cuando son necesarias. Las femtoceldas pueden reutilizar el
espectro radioeléctrico, por lo tanto, permiten aumentar la eficiencia espectral y, con el uso de
algoritmos apropiados de control de interferencia, brindan una alternativa viable al problema de
la asignacién estatica del espectro.

En el caso particular en el cual las femtoceldas reutilizan el espectro, se debe garantizar que
la interferencia generada por ellas no afecte el rendimiento del sistema macrocelular subyacente.
Para ello, se propone modelar la red de femtoceldas como un sistema descentralizado e introducir
un algoritmo de aprendizaje en cada femtocelda, brindandoles, de esta forma, capacidad de auto
organizacién, lo cual encaja perfectamente con el modelo de despliegue de las femtoceldas. Con
este fin, se introduce un algoritmo de aprendizaje multiagente para realizar la gestién de recursos
radio, de modo que las femtoceldas controlen la interferencia que generan a los usuarios asociados
a las macroceldas de manera descentralizada y sin coordinacién. Las femtoceldas, por tanto, son
capaces de mantener su interferencia bajo un umbral en funcién de la situacién del entorno que
perciben.

El aprendizaje en sistemas distribuidos lleva tiempo, razén por la cual se introduce un nuevo
método de cooperacion, conocido como algoritmo “docitive”. Este algoritmo contempla el in-
tercambio de informacion entre agentes, lo que les permite acelerar el proceso de aprendizaje y
aumentar su precisiéon. También se presenta una técnica de aprendizaje basado en sistemas de
inferencia difusos, el cual permite representar el entorno percibido por los agentes y las acciones
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que estos pueden realizar, de forma continua. De este modo, los agentes tienen comportamientos
ma&s precisos y una mayor capacidad adaptativa. Ademds, se amplia el método de aprendizaje
para entornos con observaciones parciales, con el fin de proporcionar una solucién compatible
con los estdandares 3GPP, que no dependa de la existencia de una interfaz X2 entre macroceldas
y femtoceldas. Por ltimo, ya que las soluciones propuestas son algoritmos de auto optimizacién
para ser incorporados en circuitos integrados, se presenta un estudio con respecto a sus requi-
sitos en cuanto a exigencias de calculo y de memoria, a fin de determinar si se ajustan a los
procesadores de comunicacién actuales.
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Chapter 1

Introduction

1.1 Current situation overview

In the last four years, global mobile data traffic has increased more than 130% per year and it
is predicted to continue augmenting in the coming years, i.e. from 2012 to 2016, at a compound
annual growth rate of 78% [1]. This significant growth in the mobile data traffic comes as a
clear result of the proliferation of data-oriented devices, i.e. smartphones, tablets, laptops with
mobile broadband, etc., and, with them, the emergence and availability of abundant services

and applications.

High quality and fast mobile data everywhere is becoming a necessity for many network
users. In order for operators and service providers to supply the increasingly required traffic,
they need to plan and deploy highly efficient future networks. The concept of future networks
involves the integration of smart, flexible, scalable, robust and environment aware functionalities
able to improve the spectral efficiency per unit area. New challenges that need to be addressed by
future networks include timely data retrieval, automatic managements of systems and elements,
mobility, reliability, automatic identification of new network entities, scalability, efficient energy
management and security [2]. To cope with the mentioned issues, the 3rd Generation Partnership
Project (3GPP) standardization body has developed the Evolved Packet System (EPS) which
consists of the Long Term Evolution (LTE) wireless mobile broadband technology for radio access
and the System Architecture Evolution (SAE) for the non-radio aspects, as part of release 8 [3].
Currently, 3GPP is addressing the LTE-Advanced (LTE-A), whose standards are defined in
3GPP release 10 [4].

It has been observed [5] that since 1957 there has been a million fold increase in wireless
capacity. If broken down into constituent components, a 25-times improvement is due to a wider
spectrum, a 5-times gain to chopping the spectrum into smaller slices, a 5-times enhance is due

to advances in modulation and coding schemes and a 1600-times increase is due to reduced cell

1
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sizes and transmit distances that allow efficient spatial reuse of spectrum. Currently, wireless
cellular systems with one Base Station (BS) can achieve a performance close to the optimal,
characterized by information theoretic capacity limits. Further gains, therefore, depend on the
development of advanced network topology and transmission techniques. LTE-A offers high
spectral efficiency, low latency and high peak data rates, which are achieved mainly thanks
to concepts such as higher order Multiple-Input Multiple-Output (MIMO) techniques, carrier
aggregation, heterogeneous networks and self-organization strategies. The work presented in this

thesis focuses on these last two concepts.

Heterogeneous networks integrate new techniques and low-power smart nodes (small cells),
i.e. femtocell and picocells, into traditional cells, i.e. macrocells, microcells, metrocells and re-
peaters [6]. This topology decreases the distance between nodes and users, and provides greater
capacity at a lower cost per bit. Furthermore, with the introduction of low power nodes, cov-
erage holes in the macrocell system can be eliminated, indoor and cell-edge coverage enhanced,
the network capacity in hot spots can be improved and broadband mobility services added [7].
A large amount of traffic can be offloaded from macrocells to small cells, which do not intro-
duce high network overhead and may highly reduce the global network energy consumption.
Small cells can be either deployed by operators, i.e. picocells, or users, i.e. femtocells, and may

potentially share the same spectrum with traditional cells [8].

Despite all these positive aspects, the insertion of new underlying cells brings complex chal-

lenges in terms of, e.g., interference, handover, backhauling and self-organization.

e Interference: Traditionally, interference in cellular networks is mitigated via frequency
reuse schemes. Using these schemes reduce the spectral efficiency per area unit and in-
volves a careful planning. Thus, frequency reuse schemes are not suitable in heterogeneous
networks. The trend is then to develop specialized and competent intercell interference
coordination techniques that allow multiple cells to coexist while working on the same

frequency band [8].

e Handover: The co-existence of multiple cells highly increases the number of vertical
and horizontal handovers in the cellular networks, which comes at the expense of system
overhead. Also, the probability of handover failures and unnecessary handovers in scenarios
consisting of numerous cells increases, hence causing degradation of services, reduction in
throughput and an increment in blocking probability and packet loss. New techniques able
to consider future trends and provide efficient handover phases processes—i.e. network

discovery, handover decision, and handover execution—need to be provided [9].

e Backhauling: The introduction of small cells in the cellular network context requires high
performance and flexible backhaul solutions that must be cost-efficient, easy to deploy and

able to provide uniform end-to-end performance. Technologies defined for backhaul include



Chapter 1. Introduction 3

millimeter-wave, microwave, optical fiber, category 5/6 Local Area Network (LAN) copper
cable and Digital Subscriber Line (DSL) technologies. For outdoor small cells, Line of
Sight (LOS) millimeter-wave and microwave or fiber is recommended. On the other hand,
for indoor small cells, it is recommended to reuse existing copper and fiber infrastructure
and to take advantage of the users DSL connection. In any case, the selection of the
backhaul technology in every scenario implies careful analysis in order to guarantee a
better relation between cost and Quality of Service (QoS) [10].

e Self-organization: Coexistence and management tasks of various types of nodes in the
mobile network require self-responsive and intelligent forms of organization, in such a way
that entities have the ability to understand and react to the environment in an autonomous
manner. Furthermore, in cellular networks, the growing number of different types of nodes
implies a notable increase in the number of network parameters with complex interdepen-
dencies that have to be considered and optimized. This can be achieved by introducing
the concept of self-organization, deeply studied and applied in multiple branches of science
and technology. The concept of self-organization was first introduced by Ashby in [11] and
recently defined as the global order emerging from local interactions, where systems aim
at finding a structure with function through coordination [12]. Then, components of self-
organized systems must be able to evolve behaviors without planning actions, changing its
structure and function as a result of the sum of all the interactions of its components and
the environment as a whole. Currently, self-organizing capabilities contemplated in wire-
less systems can be classified in self-configuration, self-optimization and self-healing. The
introduction of these capabilities would allow operators to reduce Operational Expendi-
ture (OPEX) and Capital Expenditures (CAPEX) and to enhance scalability, robustness,

performance and QoS of the network.

In the context of new tendencies in the use of mobile networks we are analyzing, it is worth
mentioning that it is estimated that in mobile networks two thirds of calls and over 90% of
data services occur indoors. Hence, it is important for cellular operators to provide good in-
door coverage not only for voice services, but also for high speed data services. Some surveys,
however, show that 45% of households and 30% of businesses experience poor indoor coverage
problems [13]. Improving indoor coverage and service quality will generate more revenue for op-
erators and enhance subscribers loyalty. These improvements are proposed to be achieved with

the introduction of the innovative concept of femtocell technology.

Femtocells are short-range, low-power, low-cost cellular BSs designed to serve very small
areas, such as a home or an office environment, providing radio coverage of a certain cellular
network standard, e.g., Universal Mobile Telecommunications System (UMTS), Worldwide In-
teroperability for Microwave Access (WiMAX), LTE. They are connected to the service provider

via broadband connection, e.g., DSL or optical fiber. Due to these characteristics, they can be
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deployed far more densely than macrocells, so that the femtocell spectrum can be reused more
efficiently than in only-macro networks. Femtocells enable reduced distance between the trans-
mitter and the receiver, and reduced transmit power while maintaining good indoor coverage,
since penetration losses and outdoor propagation attenuation insulate the femtocell from sur-
rounding femtocell and macrocell transmissions. Besides, as femtocells serve around 1 to 5 users,
they can devote a larger portion of their resources to fewer users compared to large coverage
macrocells. Indoor subscribers are served through the user-installed femtocell, providing high
data rates and reliable traffic, while the operator reduces traffic on the macrocell, thus focusing
only on outdoor and mobile users. It is also worth mentioning that femto BSs only need to be
switched on when the users are at home, or at work, so that their use is greener than macrocells,
and that they can provide significant power savings to the User Equipment (UE). In fact, the
Path Loss (PL) to the femto BS is much smaller than the one to the macro BS, and so is the
required transmitted power from the UE to the femto node. This would increase the battery life
of UEs, which is one of the biggest bottlenecks for providing high speed data services in mobile

networks.

From the operators’ perspective, since a large amount of traffic can be offloaded from macro-
cells, macrocell sites can be reduced, which would result in important CAPEX savings in the
radio access network and in the backhauling. This will also lead to associated savings on the
OPEX. Preliminary studies have shown that the 60000 USD /year maintenance of a macrocell
reduces to 10000 USD /year for an equivalent capacity femto network [5] and that self-optimizing
femtocells enable further reductions in OPEX. As for the business case, many issues are still
open, since even though femtocells offer savings in site lease, backhaul and electricity costs for
operators, they incur strategic investments due to the competition with ubiquitous Wi-Fi. There-
fore, operators will have to decide to aggressively price femtocells, despite tight budgets and high
manufacturing costs. In February 2009 the Small Cell Forum (formerly Femto Forum) [14]—a
non-profit membership organization in charge of representing the operators point of view with
the goal of marketing and promoting femtocell solutions as well as input in standardization
activities—published the research conducted by a US-based wireless telecommunications con-
sultancy (Signals Research Group—SRG), which used data that had been provided by a group
of mobile operators and vendors. They found that femtocells can generate attractive returns for
operators by significantly increasing the expected lifetime value of a subscriber across a range

of user scenarios. Since then, numerous reports on business cases have been published in [14].

From the subscribers’ perspective, femtocells will offer users a single billing account for land
line phones, broadband connections and mobile phones, besides improved voice and data services
and reduced dropped calls. Femtocells can act as the focal point to connect all domestic devices
to a home server and act as the gateway for all domestic devices to the Internet. Numerous

applications regarding localization, security, health and information mobility, to name just a
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few, are being proposed to be carried by femtocells [15].

Despite these announced economic and technical benefits provided by this new technology,
the deployment of femtocells will also cause some problems to operators. To achieve the expected
spectral efficiency, macro and femto layers should operate in the same frequency band, so that
interference becomes more random and harder to control, and the Radio Resource Management

(RRM) task is much more complicated than in traditional cellular networks.

Current state of the art femtocell products incorporate all the functionalities of a typical BS,
thus, they only require a data connection like, e.g., the DSL, through which they are connected
to the mobile operator’s core network. The capabilities include a maximum transmission power
up-to 20 dBm; UMTS/High Speed Packet Access (HSPA) indoor coverage; and 4-8 simultaneous
voice calls or data sessions. Very basic plug and play functionalities are implemented, including

auto-configuration and activation.

This thesis deals with the introduction of femtocells in heterogeneous networks. In more
detail, some of the above mentioned challenges are considered and combined, resulting in an
intercell interference coordination approach based on self-organization techniques, as detailed in

the following section.

1.2 Problem statement

Femtocell technology faces several issues that may be common to all heterogeneous networks
components or particular of this technology. These issues need to be solved urgently, before

femtocells expected mid-term massive deployment. Some of these issues are summarized below.

1. Interference management and coexistence with heterogeneous networks: Femtocells can
share their operating frequency band with the existing macro network, or can operate
in a dedicated frequency band. The interference management is more challenging in case
of co-channel operation, but this option is more rewarding for the operator due to the
increased spectral efficiency. The 3GPP LTE-A standard ensures intracell orthogonality
among macrocellular users and mitigate intercell interference through fractional frequency
reuse. However, since femtocells will be placed by end consumers, their number and position
will be unknown to the network operator, so that the interference cannot be handled
by means of a centralized frequency planning, which generates a distributed interference

management problem.

2. Self-organization: Considering that the home will be the basic unit at which femtocells
will be deployed, self-organization is essential to the femtocell mass deployment and man-

agement, for two main reasons. First, it will be unfeasible to foresee a centralized node



1.2. Problem statement

managing radio resources of femtocells, due to their huge number and unknown position,
so that femto nodes need to have the capability of making all RRM decisions. Second, self-

organization will reduce signaling burden on the backhaul, resulting in improved capacity.

3. User’s access privileges, open versus closed access: Femtocells can be deployed in a Closed
Subscriber Group (CSG) fashion, which implies that only registered users may establish
connection with them. Alternatively, femtocells could be characterized by open access,
so that they can serve all the operator’s subscribers. The closed access option is more
challenging from the interference point of view, since a macrouser may be located in the
coverage area of a femtocell, thus receiving interference from it, while having forbidden
access to it. On the other hand, security issues related with the open access scheme and
the backhaul, which may result in the bottleneck of the traffic served by the femtocell, may
preclude this option. Hybrid privileges may represent the optimum solution, but further

research is needed in this field.

4. Handover: From the timing perspective, the handover from macrocell to femtocell is not
an issue, since the user has plenty of time to make the handover, when the QoS perceived
by the macrocell is acceptable. On the other hand, handover from femtocell to macrocell
has to be very quick. In case of open access femtocells, other issues come up. In current
Second-Generation (2G) and Third-Generation (3G) systems, mobiles use neighbor lists
(broadcasted by the current cell) to learn where to search for potential handover cells.
Such protocols do not scale to the large number of femtocells that overlay the macrocell,
motivating the proposal of novel handover algorithms for heterogeneous networks that take

into account the presence of femtocells.

5. QoS provided by the backhaul: Backhaul dimensioning and corresponding resource alloca-
tion are important aspects of femtocell network design, since femtocells are expected to be
deployed at massive scale and a shared backhaul may easily become the traffic bottleneck.
Towards this objective, reducing the signaling load is also a challenge. Further research on

joint backhaul and radio access design is required.

6. Timing and Synchronization: Femtocells will require synchronization to align received
signals, minimize multi-access interference, ensure tolerable carrier offset, and correct han-
dover of users from and to the macro network. On the one hand, the intercarrier interfer-
ence arising from a carrier offset causes loss of subcarrier orthogonality. In Time Division
Duplex (TDD) systems, femtocells will require an accurate reference for coordinating the
absolute phases to forward and reverse link transmissions, and bounding the timing drift.
Both these issues apply to macro BSs as well, but the low cost burden and the difficulty of

synchronizing over backhaul make the synchronization an important issue for femtocells.

7. Low cost: Despite the savings foreseen thanks to the adoption of femtocells, the operators
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will have to face the competition with the ubiquitous Wi-Fi. This is why the cost issue

will be a central factor for the actual deployment of femtocells.

8. Low power consumption: Keeping the output power of femto BSs low is desirable from in-
terference management and electromagnetic pollution perspectives. However, maintaining

both coverage and capacity with low output power is a challenge.

The main scope of this thesis is to investigate the autonomous RRM coordination of femto-
cells, from the point of view of the aggregated interference they may generate at macrocell users.
The interpretation we give to autonomous decisions relies on the theory of self-organization. More
precisely, we implement self-organization through Machine Learning (ML) techniques, specifi-
cally following a Reinforcement Learning (RL) formulation, since these algorithms allow to learn
online from environmental sensed information and based on this to take actions. Environmental
information includes any kind of information related with the surrounding scenario in which
the femtocell is operating. The concept of self-organization based on learning techniques is then
applied in such a form that each femtocell is considered as a component of a complex system
able to adjust to the interference circumstances of the surrounding environment. Femtocells are
therefore modeled as a decentralized system, lacking of a central authority and working in a
coordinated fashion to find a stable and reliable behavior function. However, in some cases,
some cooperative techniques are required in order to successfully and efficiently accomplish the
learning processes. Also, efficiency in learning approaches is highly related with the possibility of
including expert knowledge in the learning algorithms design, in order to improve the accuracy
in the representation of the environment and the potential actions the femtocell may take, i.e. a
detailed interpretation in the environment and actions by the learning entity brings interesting
gains in terms of precision. In addition, sometimes it is not feasible for the learning entities to
have all the information required for the environmental representation, therefore the available
information for them is another topic to be considered. This thesis covers and presents solutions

regarding these issues.

The work presented in this thesis focuses on femtocells with closed access, i.e. they can
be accessed only by registered users in their CSGs. Also, femtocells work in co-channel op-
eration with the macrocells and both systems have Orthogonal Frequency Division Multiple
Access (OFDMA), as in 3GPP LTE-A. In order to find out the impact of femtocell deployment
on the macrocell layer, and of femtocells among each other, we use a system level simula-
tion approach, including accurate radio propagation models [13, 14]. This thesis was developed
under the framework of the Integrated Project (IP) Broadband Evolved Femto Networks (Be-
FEMTO) [16], therefore, references regarding the functional architecture, use cases, femtocells
requirements, etc. proposed in the project and approved by many industrial partners such as
Sagemcom, NEC, Telefonica, docomo, Qualcomm, mimoOn, etc, will be found throughout the

text.



8 1.3. Objectives

1.3 Objectives

Self-organization techniques based on ML approaches are introduced to perform the RRM pro-
cedures for coexistence of macro and femto networks. In particular, we propose to map the
femtocells onto a multiagent system [17], where each femto BS is an intelligent and autonomous
agent that learns [18] by directly interacting with the environment and by properly utilizing
the past experience, as it is presented in Figure 1.1. Multiagent systems are characterized by
the following: i) the intelligent decisions are made by multiple and uncoordinated nodes; ii)
the nodes partially observe the overall scenario; and iii) their input to the intelligent decisions
process are different from node to node since they come from spatially distributed sources of
information. The reason for proposing a multiagent system is found in the impossibility for the
femto network to be managed by means of a centralized node, due to the number of femtocells

and the lack of information to the network operator regarding their location.

The environment in which the multiagent system is operating is dynamic due to the charac-
teristics of the mobile wireless scenario e.g., existence of lognormal shadowing, fading, mobility
od user, etc, and to the cross dependencies of actions made by the multiple agents. We model
the natural evolution of the environment through states and the multiagent system, through
a stochastic game. A stochastic game is the extension of Markov Decision Processes (MDPs),

which are the natural model of a single agent scenario, to multiple agents [19].

Real scenarios formed by simultaneously performing multiple agents commonly present
highly dynamic and unstable behaviors. This occurs because the policy learnt by an agent
at a given moment may not be valid anymore when the environment switches to a new state
due to potential actions performed in parallel by other agents in the system. This characteristic
does not allow to define a probabilistic state transition model, therefore, we propose to solve
the stochastic game through Time Difference (TD) RL algorithms, presented in Chapter 3. RL
paradigm is based on learning from interactions with the environment through actions, where
knowledge is built based on the observed consequences when a given action is executed. In this
context, we focus on the paradigm of independent learning [20] where each femtocell (agent)
learns independently a power allocation strategy for interference avoidance. The interactive

learning dynamics will be evaluated in terms of system performances and speed of convergence.

We solve the interference management problem from femto to macro systems in Chapter 4
through Q-learning, which is a form of TD RL. When implementing multiuser scheduling in the
macro network, femto nodes need to be able to react to instantaneous changes of macrouser
allocation per frequency band. This problem can be solved at femtocell level by exploiting the
knowledge of the frequency distribution planning of the macrocell, which can be obtained via
the X2 interface and by reusing the acquired knowledge for the different frequency bands instead

of learning from scratch. This is also covered in Chapter 4.
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Figure 1.1: General interpretation of the proposed learning-based solution.

To speed up the self-organization and learning process, which is a critical issue of all learning
algorithms, in Chapter 5 we propose an unprecedented cooperative paradigm, according to
which more expert agents facilitate expert knowledge dissemination, helping other agents to
learn, thus mimicking our society-driven pupil-teacher paradigm. We refer to this paradigm as
docitive radio [21], from Latin docere (to teach), and cognoscere (to know), and to the femtocells
implementing it as “docitive femtocells”. Different levels of cooperation among femto nodes
[22, 23] are proposed, taking into account the signaling overhead that this would imply over the
backhaul.

In RL algorithms, the state of the surrounding environment and available actions to the
agents are commonly represented by discrete sets. The TD algorithms are based on quantifying,
by means of the Q-function, the quality of an action in a certain state. Therefore, to be able to
learn from the past, the Q-values have to be stored in a representation mechanism. The lookup
table is the most commonly used and the most direct method when memory requirements are
not a problem. However, when the number of state-action pairs is large or the input variables
are continuous, the memory requirements may become unfeasible, so that there is a need for
a more compact representation mechanism, such as a neural network. On the other hand, the
neural network representation mechanism may result in intractable computational complexity
for detailed or continuous state or action representations. In addition, the definition of state
and action spaces highly depends on the scenario and may significantly affect the performances.
To solve these problems and build a system capable of working independently of the scenario
and the system designer criterion, in line with Self-organized Networks (SON) requirements, in
Chapter 6 we introduce a Fuzzy Q-learning (FQL) scheme, which combines the advantages of
Fuzzy Inference System (FIS) and multiagent RL. In particular, the FIS allows to generalize the

state space and to generate continuous actions [24]. Furthermore, it reduces the learning period
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since previous expert knowledge can be naturally embedded into the fuzzy rules, which results

in more adaptable and accurate learning algorithms.

In order for femtocells to have a picture of the surrounding environment they need to receive
some information regarding the performance perceived by the macrouser. This information is
proposed to be conveyed through a X2 interface between femtocells and macrocells. The exis-
tence of the mentioned interface, however, has not been considered yet in last standardization
release 11 [25], therefore, femtocells will be supposed to perform under a partial information
scheme. In this case the learning processes rely on a set of state beliefs, locally built and main-
tained by the femtocells, who take actions based on them. The theoretical framework considered
in this case is that of Partially Observable Markov Decision Process (POMDP) and it is presented
in Chapter 7.

Computational requirements have also to be discuss to evaluate the feasibility of the proposed

schemes. This is studied in Chapter 8.

In this thesis we focus on stand-alone femtocells for residential sector, connected to the op-
erator’s network via a traditional wired backhaul and on networked femtocells for large indoor
spaces and dense urban deployments. Stand-alone femtocells are not supposed to exchange in-
formation to carry out a certain task, but they may interact with the macro BS by means of
the X2 interface, as considered in BeFEMTO functional architecture, with respect to the inter-
ference perceived by the macrousers. On the other hand, networked femtocells are stand-alone
femtocells interconnected through a X2 interface, introduced in 3GPP release 10 for some par-
ticular cases, i.e. mobility enhancement between femtocells when the target cell is an open access
femtocell or for closed/hybrid access femtocells with the same CSG ID. Then, femtocells with
X2 interface among them may exchange information for e.g., location information, performance

estimation, etc.

1.4 State of the art

The work presented in this thesis embraces multiple areas of interest. In what follows, a summary
of the state of the art in literature and with respect to standardization, self-organization and

RRM in femtocell systems, is presented.

e Standardization efforts: Driven by the increasing interest in femtocells and to guarantee
products’ interoperability, the Small Cell Forum [14] has emerged and closely collaborates
with 3GPP, 3GPP2, Next Generation Mobile Networks (NGMN), as well as with the
broadband forum. Its current focus is on the development and adoption of small cells for
the provision of high-quality 2G, 3G and Fourth-Generation (4G) coverage and services

within residential, enterprise, public and rural access markets.
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Femtocells, or Home eNodeBs (HeNBs), following the 3GPP nomenclature, have been in-
cluded in standards since release 8, which covers basic HeNB architectures with focus on
how H(e)NB are accommodated into the operator core network. Release 8 introduced the
access control mechanisms for HeNBs: open, closed and hybrid and the concept of CSG in
TS 25.467 (UTRAN architecture for 3G Home Node B). Advances in standardization are
reflected in release 9, where the HeNB architecture and support are included in T'S 36.300-
870 (The UTRAN Overall description). TR 23.830 release 9 includes roaming support for
access control, handover from macro to femtocells, IP Multimedia Subsystem (IMS) en-
abled HeNB, etc. Release 10 TS 36.300 introduces the X2 interface between HeNBs and
provides HeNB mobility enhancements including intra-CSG/inter-CSG in a HeNB Gate-
way (HeNB GW). Release 11 presents HeNB security features for UE mobility scenarios
in TS 33.320.

Other significant technical specifications and reports are: TS 22.220 (Service require-
ments for H(e)NB), TR 23.830 (Architecture aspects of H(e)NB), TR 23.832 (IMS as-
pects of architecture for HeNB), TS 25.467 (Universal Terrestrial Radio Access Net-
work (UTRAN) architecture for 3G HeNB), TS 25.367 (Mobility procedures for HeNB),
TS 25.469 (UTRAN Iuh interface HeNB Application Part signaling), TR, 25.820 (3G HeNB
study item), TR 25.967 (Frequency Division Duplex (FDD) HeNB RF requirements),
TS 32.581-2-3 (HeNB Operation, Administration and Maintenance (OA&M) concepts and
requirements), TS 32.583, TR 32.821 (Study of Self-organizing networks related OA&M
interfaces for HeNB), TR 33.820 (Security of H(e)NB) and TR 36.921 (FDD HeNB radio

frequency requirements analysis).

Parallel activities in NGMN [26] and 3GPP [27] on self-configuring and SON have been
achieved for some time now. Release 8 includes SON functionalities regarding initial
equipment installation and integration, i.e. Automatic Neighbor Relation (ANR), self-
configuration of the Evolved NodeB (eNB), the Mobility Management Entity (MME) and
automatic Physical Cell Identity (PCI) configuration. The SON functions developed in re-
lease 9 are designed to optimize deployed LTE networks. This includes requirements, goals
and parameters of SON use cases, i.e. interference reduction, automatic configuration,
mobility robustness and load balancing optimization, inter-cell interference coordination,
etc., which have been captured in TR 36.902 [28]. Release 10 introduces SON functions
to enhance interoperability between small cells and macrocells and includes the recom-
mendations provided by NGMN. Summarizing, new functionalities such as coverage and
capacity optimization, enhanced inter-cell interference coordination, cell outage detection
and compensation, self-healing functions, minimization of drive testing and energy savings,
are introduced. Release 11 SON functions are related to the automated management of
heterogeneous networks. It includes mobility robustness optimization enhancements and

inter-radio access technology handover decision optimization [29].
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e Literature: From the scientific point of view, the number of peer-reviewed publications

dedicated to femtocells is already quite high. Among the first publications about femto-
cells are [13, 30-51]. These contributions have targeted solutions for the most pertinent
problems reported by product developments and standardization activities: market impact
and business model [30, 31], evaluation of performance through system level simulations
[32, 33|, performance of WiMAX-based femtocells [34-36], self-optimization and organi-
zation [37-39], interference avoidance [40-47, 52] and access control [13, 42, 48-51]. More
specifically, [32] presents a method for power control for pilot and data that ensures a con-
stant femtocell radius in the downlink, and its theoretical performance is evaluated through
system level simulations. Reference [38] presents two interference mitigation strategies,
based on open-loop and closed-loop control, which adjust the maximum transmit power of
femtocell users to suppress the cross-tier interference at the macrocell BS. Those strategies
are evaluated through simulation results. Reference [39] presents two dynamic frequency
selection algorithms that permit the smart selection of an operating band, among the
available ones, to the generic femtocell. In [45], the authors propose a dynamic resource
partitioning to mitigate the downlink femto to macro interference. In this case femtocells
are denied access to downlink resources assigned to closer macro users. On the other hand,
in [46], the authors propose an opportunistic channel scheduling scheme that determines
optimal channel and power allocation to femtocell users in order to manage the uplink

interference from macrocell users to femtocells.

Open versus closed access policies have been investigated in [53], the effect of the number
of femtocells on the capacity of a macrocell have been described in [54], and examinations
of interference impacts involving various combinations of femtocells and macrocells can be
encountered in [55]. The conclusion from these studies is that a closed co-channel femtocell
can lead to significant interference problems for all parties, particularly if the femtocell does
not adaptively change its transmit power in order to minimize its interference on existing
networks [55]. Tradeoffs associated with different levels of open access are investigated
in [49], where the level of open access is adaptively controlled as a function of factors
including the instantaneous load on the femtocell. In fact, while a closed femtocell can be
problematic, in an environment with high density of mobile stations a completely open
femtocell can also suffer problems, because it will potentially force the sharing of limited
femtocell wireless bandwidth and internet backhaul capacity among a significant number

of mobile stations.

Downlink power control in femtocells working in CSG mode and deployed in co-channel
operation is a key area of research. Recent contributions in this field include a power control
scheme based on macrouser Reference Signal Received Power (RSRP) reports, presented
in [56] and in [57]. The authors improve the power control proposed by 3GPP in [58],

which is based on femtocells Signal to Interference Noise Ratio (SINR) measurements, by
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introducing a macrouser proximity control. In [59], the authors introduce a game theory-
based universal power allocation algorithm to be execute simultaneously at each BS to
satisfy user demands. A general analysis regarding the development of femtocells up to

date and an evolution forecast for this technology in coming years is presented in [60].

A central point is the interference management in OFDMA femtocells, which is why the
Small Cell Forum [14] presented a study regarding this [61] and concluded that interfer-
ence between femtocells and between macro and femtocells remains the most detrimental
performance factor. This important issue is also given significant emphasis by 3GPP [62].
The requirements exposed by the Small Cell Forum found their input into 3GPP 3G HeNB
and LTE HeNB activities. Due to the importance of this issue, many contributions can be
found. To give some examples, in [44], the authors introduce an uplink capacity analysis
and interference avoidance strategy based on feasible combinations of average number of
active macrocell UEs and femtocell BSs per cell-site. Reference [63] proposes a decentral-
ized interference control based on potential games. Some guidelines on spectrum allocation
and interference mitigation based on self-configuration and self-optimization techniques are
presented in [41]. A distributed and dynamic carrier assignment method for downlink in-
terference avoidance is proposed in [52]. In [64] a downlink interference management in
OFDMA networks, based on distributed gradient descent method is presented and in [65]
the authors present an algorithm based on game theory to mitigate femto-to-macrocell

cross-tier interference.

In literature, multiple examples of self-organized techniques can be found. In [66], the au-
thors propose an adaptive frequency reuse and deployment for OFDMA cellular networks
based on a self-organizing framework. Biologically inspired mutually coupled oscillator
techniques have been applied for automatic synchronization in sensor networks [67]. Also,
transmission power selection in distributed sensor networks through consensus average
methods have been proposed in [68]. More in particular, multiple references can be found
in literature regarding self-organizing femtocells, to name a few, in [69] the authors pro-
pose two approaches for inter-cell interference control based on messages exchanged by
the femtocells or measurement reports coming from the users. In [70] the authors propose
solutions to automatically tune parameters such as radio spectrum, pilot power, resource
blocks, and access control mechanisms for optimal performance for enterprise femtocells.
Reference [71] summarizes the BeFEMTO project proposed interference mitigation algo-

rithms for macro-femtocell coexistence, which are based on distributed learning algorithms.

e European projects: Among the projects related to the topic, we highlight the Integrated
Project (IP) BeFEMTO (Broadband Evolved Femto Networks) [16], and the Specific tar-
geted Research Project (STREP) FREEDOM (Femtocell-based Network Enhancement by

Interference Management and Coordination of Information for Seamless Connectivity) [72],
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led by SAGEM Communications SAS and Universitat Politecnica de Catalunya (UPC),
respectively, and funded in the framework of the 4th call of the 7th Framework Program
of European Union. The activities planned in both these projects, aim to provide a new
vision of a femto-based broadband network, giving solutions to the major open issues of
the femtocell technology, promising new advances beyond the state of the art and signif-
icant impact on standardization bodies. We also emphasize the work carried out in the
context of the Celtic initiatives HOMESNET (Home Base Station: An Emerging Network
Paradigm) and Winner+ (Wireless World Initiative New Radio +), where femtocells are
studied in the context of spectrum sharing concepts between operators, with macrocells
as the primary system and femtocells as the secondary one. ARTIST4G (Advanced Radio
Interface Technologies for 4G Systems) is a FP7 project building upon the 3GPP LTE-A
standard [73]. The main project objective is to improve the ubiquitous user experience
of cellular mobile radio systems by satisfying the requirements of high spectral efficiency
and user data rate across the whole coverage area, fairness between users, low cost per
information bit, and low latency. Regarding self-organization applied to wireless networks,
the SOCRATES (Self-Optimisation and self-ConfiguRATion in wirelEss networkS) Euro-
pean funded FP7 project stands out [74]. This project is aimed at the development of
self-organization methods to enhance the operations of wireless access networks, by inte-
grating network planning, configuration and optimization into a single, mostly automated

process requiring minimal manual intervention.

1.5 Outline of the thesis

This section gives a brief overview of the contents of the following chapters, which are summa-

rized in Figure 1.2.

Chapter 2

This chapter presents the scenarios considered to validate the proposed solution following the
3GPP recommendations and the scenarios considered in the BeFEMTO project. It also summa-
rizes the system model, the simulation parameters for the macrocell and femtocell systems and
the enhanced system functional architecture, based on the 3GPP release 10 EPS recommenda-

tions.

Chapter 3

This chapter summarizes the main concepts related to multiagent learning systems based on

RL. Then, it presents a study to select one TD learning method proposed to be implemented
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‘Which scenarios to consider in order to study the
interference problems in femtocell systems?

Chapter 2

How to improve the speed and precision of the
learning approach?

Chapter 5

How to implement SON through ML?
How to implement online learning?
How to desing a TD approach?
Chapters 3 and 4

[How to incorporate previous knowledge in the learning
process and to increase precision and performance
through a better state and action representation?

Chapter 6

How to learn proper policies without the support of

the X2 interface between macrocells and femtocells?

Chapter 7

Is it possible to implement the proposed solutions
in state of the art communication processors?

Chapter 8

Figure 1.2: Thesis main contributions.

in the femtocell BSs to perform the interference control. Once the learning approach is selected,

a study regarding the design of the learning process is presented. This study consists of the

selection of three important parameters, i.e. learning rate, discount factor and action selection

policy.

Results related to this chapter have been submitted for possible publication to:

e A. Galindo-Serrano and L. Giupponi, “Designing an Online Learning Method for Interfer-

ence Control”, submitted to Dynamic Games and Applications Journal.

e M. Simsek, A. Czylwik, A. Galindo-Serrano, L. Giupponi, “Improved Decentralized Q-

learning Algorithm for Interference Reduction in LTE-femtocells”, in Proceedings of IEEE
Wireless Advanced 2011, 20-22 June 2011, London, UK.

Chapter 4

This chapter presents the different state and cost representations used by the learning approaches

proposed in this thesis. Then, simulation results are presented for different scenarios, in terms

of algorithm ability to fulfil the constraints over the time and macrocell and femtocell systems

performance. Furthermore, in order to represent the state of the environment, femtocells require

some information from the macrocell system. Hence, a study regarding the implementation of

the proposed approach in 3GPP systems is carried out and a strategy to handle the multiuser

scheduling, based on transfer learning, is introduced.

The work of this chapter has been published in the following papers:



16 1.5. Outline of the thesis

A. Galindo-Serrano, L. Giupponi, G. Auer, “Distributed Femto-to-Macro Interference
Management in Multiuser OFDMA Networks”, in Proceedings of IEEE 73rd Vehicular
Technology Conference (VTC2011-Spring), Workshop on Broadband Femtocell Technolo-
gies, 15-18 May, 2011, Budapest, Hungary.

e A. Galindo-Serrano and L. Giupponi, “Distributed Q-learning for Interference Control in
OFDMA-based Femtocell Networks”, in Proceedings of IEEE 71st Vehicular Technology
Conference (VTC2010-Spring), 16-19 May 2010, Taipei, Taiwan.

e A. Galindo-Serrano and L. Giupponi, “Distributed Q-learning for Aggregated Interference
Control in Cognitive Radio Networks”, IEEE Transactions on Vehicular Technology, vol.
59, no. 4, pp. 1823-1834, May 2010.

e A. Galindo-Serrano, L. Giupponi, “Aggregated Interference Control for Cognitive Radio
Networks based on Multi-Agent Learning”, in Proceedings of the 4th International Confer-
ence on Cognitive Radio Oriented Wireless Networks and Communications (CROWNCOM
2009), 22-24 June 2009, Hannover, Germany.

Chapter 5

This chapter introduces a novel cooperative technique among learning entities in order to facil-
itate them to deal with common problems in decentralized multiagent systems. The proposed
technique is known as docition. Docition allows agents to speed up the learning process and
to create rules for unseen situations based on expert knowledge exchange among learners. This
chapter focuses on introducing the concept of docition and its working taxonomy. The contents
of this chapter are the results of a joint work with Pol Blasco and it covers the initial stages
of the research regarding the docitive approach. Further and deeper results will be part of Pol
Blasco Ph.D. thesis.

The following articles deal with the contents of this chapter:

e A. Galindo-Serrano, L. Giupponi and M. Dohler, “Cognition and Docition in OFDMA-
Based Femtocell Networks”, in Proceedings of the Global Telecommunications Conference,
2010 (IEEE GLOBECOM’10), Dec. 2010, Miami, USA.

e P. Blasco, L. Giupponi, A. Galindo-Serrano and M. Dohler, “Energy Benefits of Coop-
erative Docitive over Cognitive Networks”, in Proceedings of the 3rd Furopean Wireless
Technology Conference 2010 in the European Microwave Week, Sept 26 - Oct. 1, Paris,

France.

e A. Galindo-Serrano, L. Giupponi and M. Dohler, “BeFEMTQO’s Self-Organized and Doc-

itive Femtocells”, in Proceedings of Future Network and MobileSummit 2010 Conference,
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16-18 June 2010, Florence, Italy.

e A. Galindo-Serrano, L. Giupponi, P. Blasco and M. Dohler, “Learning from Experts in
Cognitive Radio Networks: The Docitive Paradigm”, in Proceedings of the 5th Interna-
tional Conference on Cognitive Radio Oriented Wireless Networks and Communications
(CROWNCOM 2010), 9-11 June 2010, Cannes, France.

e L. Giupponi, A. Galindo-Serrano, P. Blasco and M. Dohler, “Docitive Networks—An
Emerging Paradigm for Dynamic Spectrum Management”, IEEE Wireless Communica-
tions Magazine, vol. 17, no. 4, pp. 47-54, Aug. 2010.

e L. Giupponi, A. Galindo-Serrano and M. Dohler, “From Cognition To Docition: The Teach-
ing Radio Paradigm For Distributed & Autonomous Deployments”, Computer Communi-

cations, Elsevier, Aug. 2010.

e M. Dohler, L. Giupponi, A. Galindo-Serrano and P. Blasco, “Docitive Networks: A Novel
Framework Beyond Cognition”, IEEE Communications Society, Multimdia Communica-
tions TC, E-Letter, January 2010.

Chapter 6

In this chapter, a novel solution to the basic discrete state and action representation in RL
methods is proposed. The combination of FIS and RL, called FQL, allows a more compact and
effective expertness representation mechanism, the avoidance of subjectivity in the algorithm
design, the independence of the scenario and the designer criterion, in line with SON require-
ments, and the possibility of speeding up the learning process by incorporating offline expert
knowledge are some of the advantages introduced by this solution with respect to traditional

Q-learning.

Obtained results have been published in:

e A. Galindo-Serrano and L. Giupponi “Q-learning Algorithms for Interference Management
in Femtocell Networks”, submitted to EURASIP Journal on Wireless Communications and

Networking.

e A. Galindo-Serrano, L. Giupponi, M. Majoral, “On Implementation Requirements and
Performances of Q-Learning for Self-Organized Femtocells”, in Proceedings of the IEEE
Global Communications Conference (IEEE Globecom 2011), second Workshop on Femto-
cell Networks (FEMnet), 5-9 December, Houston, USA.

e A. Galindo-Serrano, L. Giupponi, “Downlink Femto-to-Macro Interference Management

based on Fuzzy Q-Learning”, in Proceedings of the Third IEEE International workshop
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on Indoor and Outdoor Femto Cells (IOFC’11), May 13, 2011, Princeton, USA. BEST
PAPER AWARD.

Chapter 7

The main limitation of the approach presented in previous chapters is the assumption of the
existence of an X2’ interface between macrocells and femtocells, through which macrocells com-
municate to the femtocell the degree of interference at macrousers. X2’ interface has not been
standardized in last 3GPP release 11. This chapter presents a completely autonomous solution,
where a femtocell network does not require any information from the macrocell network. The
proposed solution relies on the theory of POMDP, which furthermore avoids the signaling burden
on the backhaul network introduced by the signaling overhead over the X2’ interface required

for the Q-learning implementation.

Results regarding contents of this chapter appear in:

e A. Galindo-Serrano and L. Giupponi, “Managing Femto to Macro Interference without
X2 Interface Support Through POMDP” | submitted to Mobile Networks and Applications
(MONET) Journal. Special Issue on Cooperative and Networked Femtocells.

e A. Galindo-Serrano and L. Giupponi “Managing Femto-to-Macro Interference without X2
Interface Support”, submitted to 23rd Annual IEEE International Symposium on Per-
sonal, Indoor and Mobile Radio Communications (PIMRC 2012).

e A. Galindo-Serrano and L. Giupponi, “Distributed Q-learning for Aggregated Interference
Control in Cognitive Radio Networks”, IFEE Transactions on Vehicular Technology, vol.
59, no. 4, pp. 1823-1834, May 2010.

e A. Galindo-Serrano and L. Giupponi, “Decentralized Q-learning for Aggregated Inter-
ference Control in Completely and Partially Observable Cognitive Radio Networks”,
in Proceedings of IEEE Consumer Communications € Networking Conference (IEEE
CCNC 2010), 9-12 January 2010, Las Vegas, USA. BEST CONFERENCE PAPER
AWARD.

Chapter 8

Since proposed learning approaches are supposed to be embedded in femtocell BSs, this chapter
presents a study regarding the possibility to incorporate them in state of the art communication
processors. To this end, an analysis regarding the learning approaches memory and computa-

tional requirements is performed.
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Results presented in this chapter appear in the following publications:

A. Galindo-Serrano and L. Giupponi, “Managing Femto to Macro Interference without
X2 Interface Support Through POMDP” | submitted to Mobile Networks and Applications
(MONET) Journal. Special Issue on Cooperative and Networked Femtocells.

A. Galindo-Serrano and L. Giupponi “Q-learning Algorithms for Interference Management
in Femtocell Networks”, submitted to EURASIP Journal on Wireless Communications and

Networking.

A. Galindo-Serrano, L. Giupponi, M. Majoral, “On Implementation Requirements and
Performances of Q-Learning for Self-Organized Femtocells”, in Proceedings of the IEEE
Global Communications Conference (IEEE Globecom 2011), second Workshop on Femto-
cell Networks (FEMnet), 5-9 December, Houston, Texas, USA.

A. Galindo-Serrano, L. Giupponi, G. Auer, “Distributed Femto-to-Macro Interference
Management in Multiuser OFDMA Networks”, in Proceedings of IEEE 73rd Vehicular
Technology Conference (VTC2011-Spring), Workshop on Broadband Femtocell Technolo-
gies, 15-18 May, 2011, Budapest, Hungary.

A. Galindo-Serrano and L. Giupponi, “Distributed Q-learning for Aggregated Interference
Control in Cognitive Radio Networks”, IEFEE Transactions on Vehicular Technology, vol.
59, no. 4, pp. 1823-1834, May 2010.

Chapter 9

This chapter summarizes the main results of the thesis and possible future lines of research

directly related to this work. Some preliminary results on a work carried out with Dr. Eitan

Altman, and described in this section, have been submitted to the 6th International Conference
on Performance Evaluation Methodologies and Tools (VALUETOOLS 2012).
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Chapter 2

Scenarios and Simulation Parameters

As introduced in Chapter 1, the aim of this thesis is to give a solution for the interference problem
in macrocell and femtocell coexisting systems, being compliant with the 3GPP recommendations
and following the framework of the BeFEMTO European project [1], under which this thesis

has been carried out.

In this chapter, the scenarios considered to validate the proposed solution are presented.
First, the urban and suburban deployment models proposed by 3GPP for the study of interfer-
ence between LTE-based macrocell and femtocells [2] are presented in Section 2.1. Second, the
scenarios considered in the BeFEMTO project, from the femtocell business model point of view,
considering the future trends of femtocell networks deployment [3], are introduced in Section 2.2.
Third, Section 2.3 summarizes the system model, the two scenarios defined for simulations, i.e.
single-cell and multicell scenarios, following the 3GPP recommendations, and the simulation pa-
rameters for the macrocell and femtocell systems. The single-cell scenario is a simpler scenario
where the proposed solutions are proven to correctly perform, while the multicell scenario is an
extension of the first one to a more complex and realistic deployment. Finally, the enhanced
system functional architecture, based on 3GPP release 10 [4] EPS recommendations, including

the support to the solution proposed in this thesis, is presented in Section 2.4.

2.1 3GPP scenarios

This section briefly describes the scenarios proposed by 3GPP technical report [2] for the study
of interference between LTE-based macrocell and femtocell systems. In what follows, the 3GPP
nomenclature is adopted, then macrocells are referred to as eNBs, femtocells as HeNBs and
macro and femto users as UEs. The 3GPP technical report analyzes a suburban model and two

dense-urban models, as presented below.

27



28 2.1. 3GPP scenarios

2.1.1 3GPP suburban modeling

A suburban model is considered when HeNBs are assumed to be deployed inside houses located
within the eNB coverage area. Specifically, in this model houses are represented as a 2 dimen-
sional squared 12x12 m shapes, as presented in Figure 2.1. Houses are deployed following a
random uniform distribution within the eNB coverage area, subject to minimum separation of
35 m to the eNB and assuming a non-overlapping constraint. The HeNBs are installed randomly
within houses and it is assumed that they are always “active”, i.e. there is at least one active
call. The density of HeNBs per eNB is variable.

With respect to the UEs distribution, in each house the HeNB UEs are randomly dropped
within a specified distance from the center of the house and with a minimum separation from
the HeNB of 20 cm. HeNB UEs have a 10% probability of being outdoor around the house. All
UEs associated to the eNB are assumed to be randomly dropped within the eNB coverage area

and therefore they also may be inside a house containing a HeNB.

Figure 2.1: Suburban modeling.

2.1.2 3GPP dense-urban modeling

In [2] two urban models are proposed by 3GPP, i.e. Dual Stripe and 5x5 Grid models. They

are described in the following subsections.

Dual Stripe model

A Dual Stripe model is defined as a dense HeNB deployment model and it considers HeNBs to

be installed inside the apartments forming the block of apartments. As it is shown in Figure 2.2,



Chapter 2. Scenarios and Simulation Parameters 29

[ Apartment

10 m

10 m ° ,o.\

10 m User equipment  HeNB

Figure 2.2: 3GPP Dual Stripe femtocell block model.

each block of apartments has 2 stripes, separated by a 10 m wide street. Each stripe has 2 rows
of A = 10 apartments with squared form and size of 10 x 10 m. Around the 2 stripes there is
also a 10 m wide street, so that, the total block size is 10(A 4 2) x 70 m. The streets around the
blocks of apartments and between the two stripes are necessary to make sure that the HeNBs
from different femtocell blocks are not too close to each other. In each eNB sector, one or several
femtocell blocks are randomly dropped assuming that the femtocell blocks are not overlapping
with each other. For each femtocell block, the number of floors fl, is chosen randomly between
1 and 10.

An occupation ratio, p,., which can vary from 0 to 1, is introduced and determines whether
inside an apartment there is a HeNB or not. Also, each HeNB has a random activation parameter
which determines the moment in which it is switched on. In Figure 2.2, active HeNBs are

represented by red dots, and HeNB UEs are represented by blue dots.

HeNBs are randomly located in the apartments and it is assumed that there is only one
UE per HeNB, which is dropped randomly in the active HeNB coverage area with a minimum
separation from the HeNB of 20 cm. eNB UEs are dropped uniformly and randomly throughout

the indoors/outdoors eNB coverage area with a minimum separation of 35 m to the eNB BSs.

5 x 5 Grid model

This model is a simpler alternative for HeNB urban deployment. HeNBs are located in apart-
ments distributed in 5 x 5 grids of 25 apartments, as shown in Figure 2.3, with fI number of

floors. The apartments’ size is 10 mx10 m and are placed next to each other.

The HeNB and its associated UEs are dropped randomly and uniformly inside the apartment
area. Similar to the Dual Stripe model, an occupation ratio and an activation parameter are
defined. They respectively determine the presence or not of a HeNB inside an apartment and
the probability whether the HeNB is active or not.
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0 mI r

> |
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Figure 2.3: 5 x 5 apartment grid

2.2 HeNB networks deployment models proposed by the Be-

FEMTO project

The strategic scenarios for HeNB systems are studied by 3GPP, the Small Cells Forum [5] and
by several European projects such as FREEDOM [6] and BeFEMTO. As already mentioned,
this thesis has been developed under the framework of the BeFEMTO project, where different

residential, enterprise and mobile scenario models are studied. In order to introduce the HeNB

scenarios considered in the work presented in this thesis, in what follows we summarize the
BeFEMTO'’s vision of broadband evolved HeNBs, which includes four major themes:

e Indoor Standalone HeNBs: This strategic scenario refers to HeNBs installed at homes

located in urban and suburban areas. Standalone HeNBs work without exchanging any
information with other neighboring HeNBs. HeNBs installed at homes will guarantee to
the users a broadband service, similar to the one available in urban areas, thanks to their
fast backhaul connection through a fix line such as DSL or optical fiber. New interesting
services regarding localization, health services, advanced learning and security will be
available for HeNBs owners as well as the advantage of having a reduced radiation exposure.
HeNBs installed at homes, using advanced Radio Frequency (RF), interference control and
RRM procedures and co-existing with eNBs are the key enablers in the achievement of a

significant enhancement in the spectral efficiency [7].

Indoor Networked HeNBs: Networked HeNBs are formed by networking standalone HeNBs
through a X2 interface, as introduced in 3GPP TS 36.300, release 10. Each HeNB ought
to be connected to at least one other HeNB. This strategic scenario is considered for
large confined (indoor) spaces such as enterprises, shopping malls, airports, stadiums and

dense urban HeNB deployments, enabling localized and high quality coverage and ded-
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icated capacity. The Networked HeNBs are also enablers for local communications with
the advantages of resource efficient communication, low latency, controlled security, and
support of a high level of QoS, particularly for deployment in large indoor environments

with planning restrictions.

e (Qutdoor Fized Relay HeNB: This scenario is considered for mainly enhancing cell-edge
capacity and reliable coverage. BeFEMTO proposes to use and adapt the fixed HeNB

technology enhanced with self-optimization operation for fixed relay HeNB.

e Qutdoor Mobile HeNB: BeFEMTO aims at developing a viable mobile HeNBs technology
to provide large coverage and availability in environments such as public transport (buses,
trains, etc). The Mobile HeNB theme enables the transport industry to offer a better user

experience while on the move, as well as provisioning of local and special services.

The work presented in this thesis focuses on the Indoor Standalone HeNBs and the Indoor

Networked HeNBs deployment models.

2.3 System model and simulation scenarios

In this section, first, the system model is introduced and second, the two scenarios considered to
validate the algorithms proposed in this thesis are presented. A dense-urban HeNB deployment
model is considered, since it is more complex in terms of interference management, where HeNBs
are located following the Dual Stripe model presented in Subsection 2.1.2. First, a so called
single-cell scenario is presented. It consists of a single eNB and a block of apartments where
the HeNBs are located. Second, an extension of this scenario to a more complex one, consisting
of multiple eNBs and blocks of apartments within the eNBs coverage area is presented. This is

referred to as multicell scenario.

2.3.1 System model

In general, we consider | M| = M eNBs providing service to its U, associated UEs and coexisting
with N HeNBs. Each HeNB provides service to its Uy associated UEs. An OFDMA downlink is
considered, where the system bandwidth BW is divided into R Resource Blocks (RBs). A RB
represents one basic time-frequency unit formed by 12 subcarriers of width Af = 15 kH z, thus
being 180 kHz wide in the frequency domain, for a duration of one slot, so it is 0.5 ms long in

the time domain [8].

We assume that both eNBs and HeNBs operate in the same frequency band and have the
same amount R of available RBs, which allows to increase the spectral efficiency per area through

spatial frequency reuse. The work presented in this thesis focuses only on the downlink operation.
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We denote by p/'f" = (p{’F7 . ,pR £y and p™ (pT’M, . ,p"Rl’M) the transmission power
vector of HeNB f and eNB m with p,n’ and p,” denoting the downlink transmission power of
eNB and HeNB in RB r, respectively. We assume that the R RBs in both systems are defined
according to a proportional scheduling policy. The maximum transmission power for eNB and
HeNB BSs are PM_and PI

max?

respectively, where Er PR M PM and Er 1 pr F< PE .

The SINR at UE «™ € U, allocated in RB r of macrocell m is:

SINR]" = h%% (2.1)
T M °
Z Pk MhMM 4 ZpT,FhFM
k=1,k#m
with m =1,..., M. Here, h%%r indicates the link gain between the transmitting macro BS m
and its UE u™; h%% denotes the link gain between the transmitting macro BS k£ and UE «™

in eNB m; h%}ﬂn indicates the link gain between the transmitting HeNB f and UE «™ of eNB

m; finally, o2 is the noise power.

The capacity of eNB m is:

R
BW
cmM=3%" —— logy (1+ SINE}") (2.2)
r=1

withm=1,..., M.

The SINR at UE u/ € U allocated in RB r of HeNB f is:

Fppr
SINR] = i (2.3)

meMhmfr+ Z pPFhif, + o
k=1kf

with f = 1,..., N. Here, hfff , denotes the link gain between the transmitting HeNB f and
its UE uf; hmfr indicates the link gain between the eNB m and UE u/ in HeNB f and hk Fr

denotes the link gain between the transmitting HeNB k and UE u/ of HeNB f.

The capacity of HeNB f is:

R
ohF = ﬂlog 14 SINRS (2.4)
Tzl R 2( )

with f =1,...,N.

Finally, the total system capacity is given by:

M

N
Crow = »_, C™M+) " ChF (2.5)

m=1 f=1
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2.3.2 Single-cell scenario

The so called single-cell scenario is deployed in an urban area and is modeled as shown in
Figure 2.4. We consider M = 1 eNBs with radius D = 500 m and F' = 1 blocks of apartments
with fl = 1 floors. Each HeNB provides service to its U; = 1 associated HeNB UEs, which is
randomly located inside the HeNB area with a minimum separation from the HeNB of 20 cm.
eNB UEs U,, = 1 is located outdoor and also randomly between the 2 stripes of apartments
in order to consider a difficult situation in terms of interference management. We consider that

HeNB UEs are always indoors.

Figure 2.4: Single-cell system proposed layout.

2.3.3 Multicell scenario

The simulation area consists of a 2 tier hexagonal cell distribution, which translates into M = 19
eNBs with radius D = 500 m and F' = 10 blocks of apartments, three of them are located in
the F1 sector of the central eNB coverage area, where statistics are analyzed, and the rest are
randomly located inside the other eNBs coverage area. The eNBs are placed at the junction of
3 hexagonal cells. Each cell is considered as a sector and therefore, a eNB serves 3 sectors. This
scenario is deployed based on the frequency reuse scheme 1 x 3 x 3 as shown in Figure 2.5. The
channel is divided into 3 segments: F'1, F'2, F'3, and each segment is assigned to each sector. This
scheme is very simple from the operator’s point of view and it mitigates intercell interference

by reducing the probability of slot collision by a factor of 3. However, the sector capacity is also
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reduced by a factor of 3 [9]. For each sector, the azimuth antenna pattern is modeled as [2]:
) 0
Az(0) = —min [12 (—) ,Azm] (2.6)
0345
where 0355 = 70° is the angle from central lobe at which the gain reduces to half the maximum

value and Az,, = 20 dB is the maximum possible attenuation due to sectorization.

UEs are located outdoors and randomly within the hexagonal system. Statistics for eNB

system are taken from UEs served by sector F'1 of central eNB.

Figure 2.5: Multicell system proposed layout.

2.3.4 Simulation parameters

We consider the eNB and HeNB systems operating at 1850 MHz and to be based on LTE.
Therefore, the frequency band is divided into RBs. For simulations, we consider an amount of
RBs R = 6, which corresponds to the minimum LTE implementation and corresponds to a
channel bandwidth of BW = 1.4 MHz. The antenna patterns for eNB, HeNB and eNB/HeNB
UEs are omnidirectional, with 18 dBi, 0 dBi and 0 dBi antenna gains, respectively. The shadowing
standard deviation is 8 dB and 4 dB, for eNB and HeNB systems, respectively. The eNB and
HeNB noise figures are 5 dB and 8 dB, respectively. The transmission power of the eNB is
46 dBm, whereas the HeNB adjusts its power over all its RBs through the learning scheme to a

total maximum value of PX_ =10 dBm.

max

The considered PL models are for urban scenarios and are summarized in Table 2.1. Here, d
and dipqoor are the total and indoor distances between the eNB/HeNB and the eNB/HeNB UE,
respectively. The factor 0.7dinq00r takes into account the penetration losses due to the walls inside

the apartments. WPy, = 15 dB and WP;, = 5 dB are the penetration losses of the building
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external walls and of the walls separating the apartments, respectively. Finally, w, represents

the number of walls separating apartments.

Table 2.1: 3GPP path loss models for urban deployment.

eNB to outdoors PL(dB) = 15.3 + 37.6log,, d

eNB/HeNB UEs

indoors PL(dB) = 15.3 + 37.6log,o d + WPous

UE in the same | PL(dB) = 38.46 + 20log,, d + 0.7dindoor + wp WPin
apartment stripe

HeNB to UE outside the PL(dB) = max(15.3 + 37.6 log, d, 38.46 +
¢NB/HeNB UEs apartment stripe 2010g,o d) + 0.7dindoor + wp WPin + WPous
UE inside a dif- PL(dB) = max(15.3 + 37.6 log,, d, 38.46 +
ferent  apartment 201og,y d) +0.7dindoor +wp WPin +2 WPyt

stripe

We also consider the 3GPP recommendation of frequency-selective fading model specified
in [10] (urban macro settings) for eNB to UE propagation, and a spectral block fading model
with coherence bandwidth 750 kHz for indoor propagation. Relevant simulation parameters for
eNBs and HeNBs are summarized in Table 2.2 [2].

2.4 Functional architecture

In this section we present the EPS functional architecture proposed by 3GPP’s release 10 [4].
This architecture is extended so that our proposed solution, based on learning, can be supported.
To this end, one new architecture component is introduced, i.e. the Local Femtocell GateWay
(LFGW) and a new interface between HeNBs and eNBs is added, i.e. the X2’.

Figure 2.6 shows in black the most important architecture components and the relationships
among them, as standardized by 3GPP, and in orange the newly introduced entity and interface,
as contemplated in the BeFEMTO project deliverable D 2.2 [11]. In what follows, we summarize

the architectural components main functionalities.

e Packet Data Network Gateway (P-GW): The P-GW is the node that provides logical
connectivity from the UE to external packet data networks by being the point of exit
and entry of traffic for the UE. A UE may have simultaneous connectivity with more
than one P-GW for accessing multiple packet data networks. The P-GW is responsible for
anchoring the user plane mobility within the LTE/Evolved Packet Core (EPC) network as
well as for inter-Radio Access Technology (RAT) handovers between 3GPP and non-3GPP
technologies such as WiMAX and 3GPP2. The P-GW supports the establishment of data

bearers between the Serving Gateway (S-GW) and itself and is responsible for Internet
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Table 2.2: Simulation parameters

Parameter Value
Carrier frequency 1.85 GHz
System bandwidth BW 1,4 MHz
Subframe time duration 1ms

Number of subcarriers per RB, Ng 12

Number of RBs, R 6

Thermal noise, Ny —174dBm/Hz
UE antenna gain 0dBi

Outside wall penetration loss, WPy, 15dB
Indoor wall penetration loss, WP;i, 5dB

eNB
Inter-site distance D 500 m
Sectors per eNB 3
BS Tx power per sector 46 dBm
Elevation BS antenna gain 14 dBi
Azimuth antenna element gain — min [12 (ﬁ)Q , Am] [dB]
where A, = 20 and O3qg = 70°
Avg. UE per sector 1
Channel coherence bandwidth 750 kHz
User mobility 0 ~ 50km/h
OFDMA scheduling Proportional fair
Traffic model Full buffer
Inter-cell interference modeling Cells always active
HeNB
Avg. dual stripe apart-
ment blocks per eNB 1
sector
UEs per active HeNB 2
Max. HeNB Tx power, PL 10 dBm
HeNB antenna gain 0dBi

Protocol (IP) address allocation for the UE, Differentiated Services Code Point (DSCP)

marking of packets, traffic filtering using traffic flow templates and rate enforcement.

Serving Gateway (S-GW): The S-GW handles the user data plane functionality and is
involved in the routing and forwarding of data packets from the EPC to the P-GW via the
S5 interface. The S-GW is connected to the eNB via an S1-U interface which provides user
plane tunneling and inter-eNB handovers (in coordination with the MME). The S-GW
also performs mobility anchoring for intra-3GPP mobility. Unlike with a P-GW, a UE is

associated to only one S-GW at any point in time.

Mobility Management Entity (MME): The MME is a node in the EPC that handles mobil-

ity related signalling functionality. It is the key control-node for the LTE access-network.
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1P Services

| HeMS |

Figure 2.6: LTE system architecture including enhancement for learning support.

Specifically, the MME tracks and maintains the current location of UEs allowing the MME
to easily page a mobile node. The MME is also responsible for managing UE identities
and controls security both between the UE and the eNB (Access Stratum (AS) security)
and between UE and MME (Non-Access Stratum (NAS) security). It is also responsible
for handling mobility related signalling between UE and MME (NAS signalling).

e (Donor) evolved NodeB ((D)eNB): The Evolved Universal Terrestrial Radio Access Net-
work (E-UTRAN) architecture consists of multiple eNBs and RRM is the main function-
ality of each eNB. This functionality includes radio bearer control, radio admission control
and scheduling and radio resource allocation for both the uplink and downlink. The eNB
is also responsible for the transfer of paging messages to the UEs and header compression
and encryption of the user data. eNBs are interconnected by the X2 interface and con-
nected to the MME and the S-GW by the SI-MME and the S1-U interface, respectively.

An eNB is called a DeNB if it controls one or more relays.

e HeNB GW: The HeNB GW is an optional gateway through which HeNBs access the core
network using the S1 interface. The HeNB GW may also be used only for the SI-MME
interface. In this case, the S1-U interface is directly between the HeNB and the S-GW.

e HeNB: A HeNB is a customer-premises equipment that connects a 3GPP UE over the
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E-UTRAN wireless air interface (Uu interface) and to an operator’s network using a broad-
band IP backhaul. Similar to the eNBs, RRM is a main functionality of a HeNB.

User Equipment (UE): A UE is a device that connects wirelessly over the E-UTRAN

wireless air interface (Uu interface) to a cell of a (D)eNB or a HeNB.

Relay: A relay is a node that is wirelessly connected to a Donor evolved NodeB (DeNB)
and relays traffic from UEs to and from that DeNB. The relay can be a cell on its own as

is the case in LTE release 10 or a node that only supports a reduced protocol stack of an
eNB.

Policy and Charging Rule Function (PCRF): The PCRF functionalities include policy
control decisions and flow-based charging control. The PCRF is the main QoS control
entity in the network and is responsible for building the policy rules that will apply to user

services and passing these rules to the P-GW.

Home Subscriber Server (HSS): The HSS is a user database that stores subscription-
related information to support other call control and session management entities. It also
stores user identification, numbering and service profiles. It is mainly involved in user

authentication and authorization.

Closed Subscriber Group Server (CSG Server): The CSG server hosts functions used by
the subscriber to manage membership to different CSGs. For example, the CSG server
includes the UE CSG provisioning functions which manage the allowed CSG list and the
operator CSG list stored on the UE.

Network Management (NM): The NM is the main controlling entity of the OA&M part and
is responsible for managing the network, mainly as supported by the Element Managements
(EMs) but it may also involve direct access to the network elements. All communication
with the network is based on open and well-standardized interfaces supporting management

of multi-vendor and multi-technology network elements.

Domain Management / Element Management (DM/EM): The Domain Management (DM)
provides element management functions and domain management functions for a sub-
network. Inter-working DMs provide multi-vendor and multi-technology network manage-
ment functions. The EM provides a package of end-user functions for management of a set
of closely related types of network elements. These functions can be divided into two main

categories: EM Functions and Sub-Network Management Functions.

HeNB Management System (HMS): The HMS assumes either the role of an initial HMS
(optional) or of a serving HMS. The initial HMS may be used to perform identity and

location verification of a HeNB and assigns the appropriate serving HMS, security gateway
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and HeNB GW or MME to the HeNB. The serving HMS supports identity verification of
the HeNB and may also support HeNB GW or MME discovery. Typically, the serving HMS
is located inside the operator’s secure network domain and the address of the serving HMS
is provided to the HeNB via the initial HMS.

In what follows, the new LFGW functional entity main functionalities are presented. Also,

the added logical interface is introduced.

e Local Femtocell GateWay (LFGW): The LFGW is a functional entity deployed within
a HeNB network, specifically within a customer premises. Similar to a HeNB GW, it can
serve as a concentrator for S1 interfaces, and can also serve as a local mobility anchor, a
local mobility control entity and central local breakout point for Local IP Access (LIPA)
and Selected IP Traffic Offload (SIPTO). It further supports local routing and load bal-
ancing and may act as a HeNB controller for centralized radio resource and interference

management support.

e X2’ The X2’ interface logically connects eNB and HeNB with each other, analogous to
the X2 interface between eNBs. It is introduced to support interference management and
mobility optimization between eNBs and HeNBs. Some issues regarding the X2’ interface
require further study, i.e. 1) the interface should be direct or via the LFGW, 2) the LFGW
would just concentrate the connections and provide some isolation between domains or also
translate to the S1 interface towards the HeNBs and, 3) the functionality of the X2’ and the
X2 interfaces should be identical or the X2’ interface is enhanced (e.g., for Over-The-Air

operation) or reduced.

In femtocell systems, the RRM tasks could be implemented in decentralized and centralized
forms. Decentralized solutions are those cases where RRM algorithms are implemented at femto
node level. On the other hand, centralized RRM could be implemented at LFGW level. This
appears as a good solution since the LFGW has a wider picture of the situation in the system,
in comparison to the femto node. Nevertheless, in femtocell systems, decentralized RRM algo-
rithms appear as the most desirable solutions since they allow femtocells to take decisions in a

completely autonomous way.

2.5 Conclusions

This chapter gives a general overview of the suburban and dense-deployed scenarios considered
by 3GPP standardization body to study the interference in HeNB/eNB heterogeneous systems.
Also, it includes a brief summary of HeNBs use cases considered by the BeFEMTO project giving



40 2.5. Conclusions

an overview of future business models for HeNB systems. Based on this, two scenarios have
been presented, the single-cell and the multicell scenarios which are proposed to be deployed
following the Indoor Standalone HeNBs and the Indoor Networked HeNBs models. Also, the
simulation parameters considered for the validation of the solutions proposed in this thesis have
been introduced. Finally, the EPS functional architecture proposed by 3GPP in release 10 and
enhanced with the LEFGW functional entity and the X2’ entity to support the interference control

learning algorithm proposed in this thesis, have been presented.
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Chapter 3

Multiagent time difference methods:
study and design for interference
control

Femtocell networks have to be considered as decentralized systems due to their deployment
model, i.e. femotcell BSs are installed by the end consumer and therefore their location, amount
and impact, in terms of interference to the macrocell system, are unknown to the operator [1]. As
a result, femtocells are required to be able to evolve self-constructed coherent behaviors in accor-
dance with the environment and as autonomously as possible. To this end, self-organization has
recently been associated with capabilities that femtocells have to include [2]. Self-organization is
defined as the ability of entities to spontaneously arrange given parameters following some con-
straints and without any human intervention. To do this, entities have to represent somehow the
environment where they perform and the gathered information has to be interpreted for them
to correctly react [3]. Learning algorithms appear as a logical interpretation of self-organization
since, through them, the environmental sensed information can be translated into actions. ML
is the branch of Artificial Intelligence (AI) discipline concerning the design of algorithms able to
evolve behaviors based on empirical information, as sample data from sensors or past experience

from databases [4].

In terms of learning, decentralized systems are interpreted as multiagent systems. Multia-
gent systems are a reasonable form to solve complex, large and unpredictable problems since
they offer modularity given by the implementation of different agents in the system. Each of
these agents is specialized at solving a specific problem, having accurate and local reactions.
Multiagent systems can be deliberative, when a model can be formalized for each agent behav-
ior in terms of beliefs, desires and goals, or reactive, when agents cannot have an environment
representation and act using stimulus-response type of behavior [5]. When interdependent and

dynamic problems are considered (i.e. when the structure of the system dynamically changes),
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as it is the case of femtocell systems, reactive agents are the more adequate solution. As a form
to implement reactive agents, ML introduces the concept of RL, which works based on learning
from interactions with the environment, and on the observed consequences when a given action
is executed. To solve RL problems there are three fundamental classes of methods, i.e. dynamic

programming, Monte Carlo methods and TD learning.

Dynamic programming methods are mathematically developed, but they require a complete
and exact model of the dynamics of the environment to be analytically solved. On the other
hand, Monte Carlo methods do not require a complete model, but depend upon a model of
sample transitions which is built based on sequences of states, actions and returns from online
or simulated interactions with the environment. Monte Carlo methods are suitable for episodic
tasks and the gathered experience is updated at the end of each episode. Finally, TD learning
processes do not require any environmental dynamic model and knowledge is updated in each
learning step. They are more complex to analyze than Monte Carlo methods [6], but require less
memory and computation. We focus on the study of TD learning methods since in the problem
to face in this thesis an incremental learning method able to adapt to the environment online and
without environmental models is required. In fact, it would be highly complicated to construct

a comprehensive model of a realistic wireless context.

In literature, RL is often proposed to solve problems related to RRM in centralized archi-
tectures, e.g., dynamic channel allocation [7], multirate transmission control [8], call admission
control [9]. Recently, the solution of RRM problems by means of decentralized approaches based
on multiagent RL has been receiving a growing interest in our community. In [10], the authors
present a channel and power algorithm selection, based on the construction of behavioral rules.
A frequency resource selection approach, based on Multi-Armed Bandit (MAB) formulation is
introduced in [11]. Reference [12] presents a spectrum sensing optimization for cognitive radio
systems based on a two stages RL approach. In [13], the authors propose a solution for femtocell
interference mitigation based on stochastic approximation. Power allocation strategies following

a heterogeneous and delayed learning are presented in [14].

This chapter presents a study to select one TD learning method to control the aggregated
interference generated from the femtocells to the macrocells. It also includes an analysis regarding
the selection of three important parameters in the learning method design, i.e. learning rate,
discount factor and tradeoff between exploration and exploitation. The chapter is structured as
follows. First, a brief introduction to learning in single and multiagent systems concept is given
in Section 3.1. Then, TD algorithms are studied in Section 3.2. Finally, an analysis of the TD

parameters for the interference control problem is presented in Section 3.3.
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3.1 ML overview

ML is related to the theory of unsupervised learning, supervised learning and RL, where intel-

ligence is centralized in a single agent or distributed across a multiagent system.

o Supervised learning: is the most common and successful ML technique so forth. The task of
the learner is to predict the value of the outcome for any valid input object after having seen
a number of training examples. The training examples are pairs of input objects, usually
vectors, and desired outputs. If desired outputs are continuous, the learning problem is
a regression problem. On the other hand, if the desired outputs are discrete values, it
is a classification problem. Once the training process has finished, the learning approach
predicts the value of the function for any unseen valid input object [4]. This method is
called “supervised” learning because of the presence of the variable outcome to guide the

learning process.

o Unsupervised learning: these methods objective is to learn to represent statistical struc-
tures of unlabeled input patterns. The inputs to the system are usually assumed to be
independent samples of an underlying unknown probability distribution. The learned sta-
tistical structures are then used by the system to reconstruct patterns from noisy input
data. This form of learning is called “unsupervised” learning because of the lack of explicit
target outputs, as required in supervised learning, or environmental-based reward, as in
RL, to evaluate a potential solution [15]. Unsupervised learning may be divided into two
types of problems, data clustering and feature extraction. Data clustering, aims to unravel
the structure of the provided data set. Feature extraction, on the other hand, often seecks
to reduce the dimensionality of the data so as to provide a more compact representation
of the data set.

e Reinforcement Learning: The ability of learning new behaviors online and automatically
adapting to the temporal dynamics of the system is commonly associated with RL [16].
At each time step, the agent perceives the state of the environment and takes an action to
transit in a new state. A scalar cost is received, which evaluates the quality of the selected
action and its impact in the agents’ environment [17]. RL is applied for constructing

autonomous systems that improve themselves with experience.

Supervised and unsupervised methods are not suitable for interactive problems where agents
must learn from their own experience, which is the context where the problem we aim to solve
falls. The majority of studies that can be encountered in RRM literature, applying RL techniques,
are formulated for centralized settings where all decisions are taken by a single entity e.g., Radio
Network Controller (RNC) in UTRAN systems. Femtocell systems cannot be formulated through
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a centralized learning process due to their deployment model, scalability and signaling overhead

constraints. We therefore focus on decentralized learning processes based on RL.

The topic of learning in distributed systems has actually been studied in game theory since
1951 when Brown proposed the fictitious play algorithm [18]. The underlying assumption of
fictitious play is that an agent assumes that its opponents sample the actions from some fixed
distribution, i.e. at each time step opponents use a stationary mixed strategy. Then, each agent
in the game estimates its opponents strategies by keeping a score of the appearance frequencies
of the different actions. This means that, each agent needs to know the strategies followed by

the other players in the game.

In ML, the literature of single agent learning is extremely rich, while it is only in recent years
that attention has been focused on distributed learning aspects, in the context of multiagent
learning. It has been yielding some enticing results, being arguably a truly interdisciplinary
area and the most significant interaction point between computer science and game theory
communities. The theoretical framework to formulate RL problems can be found in MDPs for
the single agent system, and in stochastic games, for a multiagent system. In what follows, we

give a brief introduction of learning in single and multiagent systems.

3.1.1 Learning in single-agent systems

A MDP provides a mathematical framework for modeling decision-making processes in situations
where outcomes are partly random and partly under the control of the decision maker. A MDP is
a discrete time stochastic optimal control problem. Here, operators take the form of actions, i.e.
inputs to a dynamic system, which probabilistically determine successor states. A MDP is defined
in terms of a discrete-time stochastic dynamic system with finite state set S = {s1,..., sk}
Time is represented by a sequence of time steps, t =0, 1,...,00. At each time step, a controller
observes the system’s current state and selects an action, which is executed by being applied as
input to the system. Let us assume that s is the observed state, and that the action is selected
from a finite set of admissible actions A = {aj,...,a;}. When the controller executes action
a € A, the system state at the next step changes from s to v, with a state transition probability
P, ,. We further assume that the application of action a in state s incurs an immediate cost
c(s,a). When necessary, we refer to states, actions, and immediate costs by the time steps at
which they occur, by using s¢, a; and ¢, where a; € A, s; € S and ¢; = ¢(s¢, ar) are, respectively,
the state, action and cost at time step t. A graphic representation of the learner-environment
interaction is shown in Figure 3.1, here by the use of ¢, and s;11 we aim to emphasize that,
as consequence of the performed action at time ¢, a4, in the next time step, the agent receives a

cost ¢iy1 and finds itself in a new state v = s¢41. To sum up, a MDP consists of:

e a set of states S.
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Figure 3.1: Learner-environment interaction.

e 3 set of actions A.
e a cost function C: S x A — R.

e a state transition function P : § x A — II(S), where a member of II(S) is a probability

distribution over the set S (i.e. it maps states to probabilities).

The state transition function probabilistically specifies the next state of the environment
as a function of its current state and the agent’s action. The cost function specifies expected
instantaneous cost as a function of current state and action. The model is a Markov model if
the state transitions are independent of any previous environment states or agent actions. The
objective of the MDP is to find a policy that minimizes the cost of each state s;. As a result, the
aim is to find an optimal policy for the infinite-horizon discounted model, relying on the result

that, in this case, there exists an optimal deterministic stationary policy [16].

RL problems model the world using MDP formulism. In the literature, three ways have been
identified to solve RL problems. The first one consists of the knowledge of the state transition
probability function from state s to state v, P, (a), and is based on dynamic programming. The
second and third forms to solve RL problems, on the other hand, do not rely on this previous
knowledge and are based on Monte Carlo and TD methods. As a result, Monte Carlo and TD
are primarily concerned with how an agent ought to take actions in an environment so as to
minimize the notion of long-term cost, that is, so as to obtain the optimal policy, when the
state transition probabilities are not known in advance. When state transition probability is not
known, but a sample transition model of states, actions and costs can be built, Monte Carlo
methods can be applied to solve the MDP problem. On the other hand, if the only way to collect
information about the environment is to interact with it, TD methods have to be applied. TD
methods combine elements of dynamic programming and Monte Carlo ideas, they learn directly
from experience which is a characteristic of Monte Carlo methods and they gradually update
prior estimate values, which is common of dynamic programming. TD methods allow an online

learning which is crucial for long-term/continuos applications.
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RL algorithms are based on the computation of value functions, i.e. the state-value function,
V(s), or the state-action value function, (s, a), which measure how good, based on the future
expected cost, is for an agent to be in a given state or to execute an action in a given state,
respectively. The expected costs for the agent in the future are given by the actions it will take
and therefore, the value functions depend on the policies being followed. The state-value of state
s is defined as the expected infinite discounted sum of costs that the agent gains if it starts in

state s and then executes the complete decision policy 7,

VT(s) = E, {Z’ytct | st = s} (3.1)
t=0

where 0 < v < 1 is a discount factor which determines how much expected future costs affect

decisions made now.

Similarly, the Q-value Q(s,a) represents the expected decreased cost for executing action a

at state s and then following policy 7w thereafter.

Q" (s,a) =Ex {Z’tht | 50 =s,a1 = a} (32)

t=0

Solving a RL problem means to find the best return in the long term. This is defined as
finding an optimal policy, which is the one giving minimum expected return. We define the

optimal value of state s as:
V*(s) =min V7" (s) (3.3)

According to the principle of Bellman’s optimality [16], the optimal value function is unique

and can be defined as the solution to the equation:

V*(s) = min (C(s, a)+v) PS,U(a)V*(v)> (3.4)

veS

which asserts that the value of state s is the expected cost C(s,a) = E{c(s, a)}, plus the expected
discounted value of the next state, v, using the best available action. Given the optimal value

function, we can specify the optimal policy as:

m*(s) = arg main (C’(s, a) + ’YZ P y(a)V* (v)) (3.5)

vES

Applying the Bellman’s criterion in the action-value function, first we have to find an inter-
mediate minimum of Q(s,a), denoted by Q*(s,a), where the intermediate evaluation function
for every possible next state-action pair (v, a’) is minimized, and the optimal action is performed

with respect to each next state v. Q*(s,a) is:

Q*(s,a) = C(s,a) +~ Z Ps(a) min Q*(v,a’) (3.6)

a’eA
veES
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Then, we can determine the optimal action a* with respect to the current state s. In other

words, we can determine 7*. Therefore, Q*(s,a*) is minimum, and can be expressed as:

Q"(s,a”) = min Q" (s, a) (3.7)

3.1.2 Learning for multiagent systems

The characteristics of the distributed learning systems, as mentioned in the introduction, are as
follows: i) the intelligent decisions are made by multiple intelligent and uncoordinated nodes; ii)
the nodes partially observe the overall scenario; and iii) their inputs to the intelligent decision
process are different from node to node since they come from spatially distributed sources of
information. These characteristics can be easily mapped onto a multiagent system, where each
node is an independent intelligent agent. The theoretical framework is found in stochastic games
[19] described by the five-tuple {N;S; A; P; C}. Here, |N| = N is the set of agents, indexed 1,
2,...,N; S ={s1,82,...,5K} is the set of possible states, or equivalently, a set of N-agent
stage games; A is the joint action space defined by the product set A! x A2 x ... x AN, where
Al = {a{ , a%c Ve ,alf } is the set of actions (or pure strategies) available to the f-th agent; P is a
probabilistic transition function defining the probability of migrating from one state to another
provided the execution of a certain joint action or, equivalently, it specifies the probability of
the next stage game to be played based on the game just played and the actions taken in it;
C={c' x®x...xcN}, where ¢/ is the immediate cost of the f-th agent in a certain stage of

the game, which is a function of the joint actions of all N nodes [20].

In multiagent systems, the distributed decisions made by the multiple nodes strongly interact
among each other. These kind of problems are usually modeled as non-cooperative games. The
simplest and most common interpretation of a non-cooperative game is that there is a single
interaction among players (“one-shot”), after which the payoffs are decided and the game ends.
However, many, if not all strategic endeavors occur over time, and in a state dependant manner.
That is, the games, and so the environment in which the nodes make decisions progress over
time, passing through an infinite number of states, and the current game is decided based on
the history of the interactions. Stochastic games form a natural model for such interactions [21].
A stochastic game is played over a state space, and is played in rounds. In each round, each
player chooses an available action simultaneously with and independently from all other players,
and the game moves to a new state under a possible probabilistic transition relation based on
the current state and the joint actions [19]. We distinguish in this context two different forms
of learning. On the one hand, the agent can learn the opponent’s strategies, so that it can then
devise a best response. Alternatively, the agent can learn a strategy of his own that does well
against the opponents, without explicitly learning the opponent’s strategies. The first approach is
sometimes referred to as model-based learning, and it requires at least some partial information

of the other players strategies. The second approach is referred to as model-free learning, and it
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does not necessarily require to learn a model of the strategies played by the other players.

We will discuss in the following a very partial sample of multiagent learning techniques,

which we consider representative for the aim of this taxonomy:

o Model-based approaches: This approach, generally adopted in game theory literature, is
based on building some model of the other agents strategies, following which, the node
can compute and play the best response strategy. This model is then updated based on
the observations of their actions. As a result, these approaches require knowledge or ob-
servability of the other agents’ strategies, which may pose severe limits from the feasibility
point of view in terms of information availability and signalling overhead. The best known
instance of this scheme is fictitious play [18], which is a static game that simply counts
the plays of the other agents in the past. Different variations of the original schemes exist,
for example those considering that the agent does not play the exact best response, but
assigns a probability of playing each action. Other algorithms in literature that can be
classified into this group are the Metastrategy [22] and the Hyper-Q algorithms [23]. An
example of a stochastic game approach in this category is the Non-stationary Converging
Policies (NSCP) game [24].

e Model-free approaches: A completely different approach, commonly considered by the Al
literature, is the model-free approach, also known as TD learning, which avoids building
explicit models of other agents’ strategies. Instead, over time, each agent learns how prop-
erly the various available actions work in the different states. TD methods typically keep
memory of the appropriateness of playing each action in a given state by means of some
representation mechanism, e.g., lookup tables, neural networks, etc. This approach follows
the general framework of RL and has its roots in the Bellman equations [16]. TD methods
can be roughly classified into two groups, i.e. on-policy and off-policy methods. On-policy
methods learn the value of the policy that is used to make decisions and off-policy methods

can learn about policies other than that currently followed by the agent [6].

We focus on model-free learning techniques, which avoid building explicit models of other
agents’ strategies, opposite to model-based approaches, where nodes compute and play the best
response following a previously constructed model of the other agents’ strategies. In model-free
algorithms, each agent learns over time how properly the various available actions work in the
different states. Among the different TD methods, we study the off-policy algorithm, Q-learning,
and the on-policy method, Sarsa. Both approaches are proven to converge to an optimal policy
in single agent systems, as long as the learning period is long enough, i.e. after a training period,
the optimal solution for the given situation can be chosen in one-shot, which allows to have

highly responsive approaches after a short period of learning [25].
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Q-learning and Sarsa algorithms, typically used in centralized settings, can be extended to
the multiagent stochastic game by having each agent simply ignore the other agents and pretend
that the environment is stationary. Even if this approach has been shown to correctly behave
in many applications, it is not characterized by a strict proof of convergence, since it ignores
the multiagent nature of the environment and the Q-values are updated without regard for the
actions selected by the other agents. A first step in addressing this problem is to define the
Q-values as a function of all the agents’ actions; however, the rule to update the Q-values is not
easy to define in this more complicated case. Littman in [26] suggests the minimax Q-learning
algorithm for a two-player zero-sum repeated game. Later works, such as the joint action learners
[27] and the Friend or Foe Q-algorithm [28], propose other update rules for the particular case of
common payoff games. More recent efforts can be found for the more general case of general-sum
games [29], however, the problem still remains not efficiently solved. Other algorithms falling in
this category are the correlated equilibrium Q-learning [30], the asymmetric Q-learning [31], the

regret minimization approaches [32, 33], etc.

3.2 TD learning methods

TD learning, formally defined by R.S. Sutton in [34], is a prediction method based on the future
values of a given signal. The name TD comes from the use of the differences in predictions over
successive time steps to drive the learning process [6]. Agents implementing TD methods are
naturally implemented in an online fashion, i.e. agents learn from every transition without con-
sidering the subsequent actions. Therefore, after a short period of training, agents implementing
TD methods rapidly improve their behavior, improvements that continue with time and, in our
particular case, translate in decreasing damage to macrocell users from the earliest moments of

the learning process.

As presented in Figure 3.2, which summarizes what has been discussed in previous sections,
we consider the femtocell system as a distributed system given its deployment model. Distributed
systems are commonly modeled by means of stochastic games, where players select their actions
independently from the other agents in the system. Since we aim to perform an online learning
in such a way that agents can adapt to the environmental changes automatically, we formulate
the problem through RL. In the problem we are considering, building explicit models of other
agents’ strategies is highly complex. The solution is then found through model-free techniques,

also known as TD learning methods, which construct the knowledge based on experience.

One of the intrinsic challenges of TD algorithms, and of the RL methods in general, is the
tradeoff between exploration and exploitation. Exploration is necessary to guarantee learning
across all available actions, and therefore that the best ones are selected at the end of the learning

process. Exploitation refers to the use by the agent of the knowledge already acquired to obtain
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Figure 3.2: Taxonomy of the formulation of the given problem.

reward. To guarantee optimal behaviors all actions have to be infinitely often selected.

A policy maps states to actions, hence, it determines the actions the agent will follow de-
pending on the given situation. Policies can be classified into two groups, 1) the behavior policy,
which determines the conduct of the agent, i.e. the actual action selected by the agent in the
current state and 2) the estimation policy, which determines the policy evaluated, or the action
in the next state used for the evaluation of behaviour policy. In RL there are two methods to
ensure a sufficient exploration, the on-policy and off-policy methods, which basically differ on

the form they select the estimation policy.

e On-policy methods: These methods evaluate or improve the policy, 7w, used to perform the
decisions. In other words, they estimate the value of a policy while using it for control.
This means that, the policy followed by the agent to select its behavior in a given state
(behavior policy) is the same used to select the action (estimation policy) based on which

it evaluates the behavior followed.

o Off-policy methods: These methods do distinguish between behavior and estimation poli-
cies. Therefore, the policy to generate behavior, 7 is unrelated to the policy evaluated [6].
The policy evaluated in off-policy methods is the one corresponding to the best action in

the next state, 7*, given the current agent experience.

In TD learning, agents attempt to select actions that minimize the discounted costs they
receive over the future, which is why the discount rate, v, is introduced in the state value function,
equation (3.1) and in the state-action value function, equation (3.2). The new information in
the state or state-action value update, is weighted through the learning rate, . The correct
selection of these parameters highly influences the performance of the learning process. Another

important characteristic of TD methods is the action selection policy, which gives the agent the
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criterion to follow when selecting an action. The criterion can be to perform exploration or to
exploit the already acquired knowledge. Exploration have to be included in the action selection

policies in order to achieve good behaviors based on explicit trial-and-error processes.

3.2.1 Study of TD Q-learning and Sarsa methods

Q-learning and Sarsa are based on the estimation of state-action value function, Q(s, a), therefore
they consider transitions form state-action pair to state-action pair. Learning is performed by
iteratively updating the Q-values, which represent the expert knowledge of the agent, and have
to be stored in a representation mechanism [6]. The most intuitive and common representation
mechanism is the lookup table, so that, in our case, the TD methods represent their Q-values
in a Q-table, whose dimension depends on the size of the state and action sets, kxI, as depicted

in Figure 3.3.

ay ajp
s1 | Q(s1,a1) Q(s1,a1)
s2 | Q(s2,01) Q(sz2,a1)
sk | Q(sk,01) Q(sk,a1)

Figure 3.3: Q-table representation.

The Q-learning and Sarsa approaches are based on an iterative algorithm which consists in
estimating the Q-values on the run. The estimation for agent f is performed as follows: (1) all
Q-values are initialized to an arbitrary number H; (2) the agent measures the current state of
the environment; (3) then, it selects the action a following the action selection policy; (4) the
agent executes the selected action, which causes a transition to a new state; (5) the environment
sends a feedback ¢ to the agent; (6) the agent updates Q(s,a); (7) the cycle is repeated from
step (2). The processes from step (2) to (6) form a learning iteration. In what follows we present

in more details both Q-learning and Sarsa algorithms.
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Q-learning procedure

Q-learning algorithm was first introduced in 1989 by Watkins in his Ph.D., thesis [35] and
the proof of convergence of this algorithm was presented later by Watkins and Dayan in [25].
The Q-learning process tries to find Q*(s,a) in a recursive manner using available information
(s,a,v,c), where s and v are the states at time ¢ and ¢ 4 1, respectively; and a and ¢ are the
action taken at time ¢ and the immediate cost due to executing a at s, respectively. Q-learning
algorithm is an off-policy algorithm, it estimates 7* while following 7, as it is shown in the
right side of Figure 3.4. This means that the behavior of the agent is determined by the action
selection policy followed by it, which is represented by policy 7, while the Q-value update process
is performed based on the minimum Q-value in the next state, independently of the policy being
followed [6]. Then, the minimum Q-value is the optimal policy 7*, as expressed in equation (3.9).
Algorithm 1 presents the Q-learning procedure in a formal form. The Q-learning rule to update
the Q-values:
Q(s,a) < Q(s,a) + AQ(s,a) (3.8)
where AQ(s,a) is:
AQ(s,a) = afe+ ’ymain Qv,a) — Q(s,a)] (3.9)
where « is the learning rate, which weights the importance given to the information observed

after executing action a.

The advantage of off-policy methods is that they do not include the cost of exploration in the
Q-value update. This characteristic makes this form of learning consistent with the principle of
knowledge exploitation, i.e. after the learning process ends the policy found by the algorithm is
applied without including exploration. We can conclude that agents applying off-policy learning

exploit the acquired knowledge in a very effective way since the beginning of the learning process.

Sarsa Q-learning
T—a Q(s,a) T—a Q(s,a)
v -
T—a Q(v,a’) a* —a* min Q*(v,a’)
ad ot o acA

Figure 3.4: Policy diagram for Q-learning and Sarsa.

Sarsa procedure

Sarsa learning algorithm follows the same logic as the Q-learning process. It tries to find Q*(s, a)
in a recursive manner using available information (s, a,c,v,a’), where a’ is the action taken at

time t+1, following the action selection policy, 7. Sarsa is an on-policy learning method, meaning
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Algorithm 1 Q-learning

Initialize:
for each s € S, a € A do
initialize Q(s,a) < H
end for
evaluate the starting state s
Learning:
loop
select the action a following the action selection policy
execute a
receive an immediate cost ¢
observe the next state v
select the action a’ corresponding to the minimum Q-value in v
update the table entry as follows:

Q(s,a) < Q(s,a) + afc + ymin, Q(v,a’) — Q(s,a)]
update s = v
end loop

that it estimates m while following 7, as shown in the left side of Figure 3.4. Therefore, it evaluates
or improves the followed policy in every Q-value update, and the update process is strictly based
on experience [6]. This can be seen in the Sarsa updating rule (3.10), where the action for the
next state, a’, and, therefore, its associated state-action value, Q(v,a’), is determined by T,
the action selection policy the agent follows. Algorithm 2 presents the pseudocode of Sarsa
procedure. The Sarsa learning rule to update the Q-values differs from equation (3.9) in the

computation of AQ(s,a) as:
AQ(S7Q) = O‘[C+’YQ(U7@/) - Q(S,CL)] (310)

The advantage of an on-policy algorithm is that it optimizes the same policy that it follows,
so that, the policy followed by the agent will be more effective. This form of knowledge update
gives agents applying Sarsa a safer learning behavior. However, after the learning period ends,
exploration is removed from the action selection policy, this means that the agent will follows 7*.
In on-policy learning, this does not corresponds with the policy optimized during the learning
process, which always follows the action selection policy 7. This makes it inconsistent with the

knowledge exploitation principle followed after the learning period ends.

3.3 Q-learning and Sarsa for interference control

In this section, a comparison in terms of convergence and system performance, between the
Sarsa and the Q-learning approaches, is presented for the interference control between femtocells
and macrocells. To this end, we first briefly introduce the states, actions and cost used in the

learning algorithm. This case study is presented more in detail in next chapter, Section 4.1,
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Algorithm 2 Sarsa learning

Initialize:
for each s € S, a € A do
initialize Q(s,a) < H
end for
evaluate the starting state s
Learning:
loop
select the action a following the action selection policy
execute a
receive an immediate cost ¢
observe the next state v
select the action a’ following the action selection policy
update the table entry as follows:

Q(s,a) + Q(s,a) + afc+vQ(v,a’) — Q(s, a)]
update s = v
end loop

together with other case studies used across this thesis. Also, results obtained for the learning
algorithm configuration in order to select important learning parameters, such as learning rate,

discount factor and action selection policy, are presented.

We define system state, actions, associated cost and next state for agent f and RB r as

follows:

State: The system state for agent f and RB r is defined as:
s = {Pow’,C™, CI} (3.11)

where Pow’ indicates the femtocell total transmission power over all RBs. C™ indicates whether
the capacity of macrouser u" in RB r of macrocell m most affected by the activity of femtocell f,

is above or below the macrocell capacity threshold C: .

Finally, O is the femtocell f capacity

indicator.

Actions: The set of possible actions are the [ power levels that femtocell f can assign to
RB r.

Cost: The cost ¢ assesses the immediate return incurred due to the assignment of action a

at state s. The considered cost function is:

{ K Pow' > PF
CcC =

cm < oM |
Cf max or s min (312)

Kexp~ otherwise

where K is a constant value. The rational behind this cost function is that the total transmission
power of each femtocell does not exceed the allowed PZL, . the capacity of the macrocell does

not fall below a target C’%n, and the capacity of the femtocells is maximized.
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Next State: The state transition from s to v in RB r is determined by the learning-based

power allocation.

3.3.1 Q-learning and Sarsa comparison

In what follows we present some simulation results in order to compare Q-learning and Sarsa
learning methods. The following results have been obtained for the multicell scenario, presented
in Section 2.3.3, with an occupation ratio of p,. = 45% and a required C’%n per RB of 1.2 Mbit /s.
In the following results, exploration has been removed after the 80% of the learning iterations,

which corresponds to iteration 220000.

First, a comparison between average cost values obtained by Q-learning and Sarsa algorithms
is presented in Figure 3.5. Here, it is shown how both proposed approaches reduce their received
cost value during the learning period, as it is required by their cost functions. Another important
aspect to highlight in this figure is that, after a first period of learning (e.g., 100000 iterations),
Q-learning approach does not decrease any longer its average cost value and incurs in some
oscillations due to the exploration process. On the other hand, Sarsa approach smoothly de-
creases the average cost because its learning process is more conservative. After the exploration
process is removed, both learning processes rapidly decrease their cost values. However, it can
be observed that Q-learning average cost decreases faster than Sarsa’s, since the received cost
value, after power and macrocell capacity constraints are met, depends on the achieved capacity
by the femtocell, then, when Q-learning is applied, agents’ learned optimal policies correspond
to higher transmission power levels, than when Sarsa is applied. This is because cost function
used in the learning systems are the same but not the learnt policies. So, the policies learnt by
Q-learning are able not only to guarantee the constraints, but also to achieve higher femtocell

systems capacities.

T
—*Q-learning
-©-Sarsa

I I I 1 I
0.5 1 .15 2 2.5
Learning iterations X 105

Figure 3.5: Average cost for Q-learning and Sarsa methods during the learning iterations.
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Figure 3.6 depicts the macrocell and the average femtocell systems capacity during the
learning period. In this plot, it is clearly reflected that Sarsa algorithm offers a safer learning
process, which translates in a more conservative action selection in order to guarantee less
failures, i.e. not to fulfil the constraints imposed by the cost function, in the long term. As
it can be observed, the different learning methods highly impact the system performance. At
the end of the learning iterations, when Sarsa algorithm is applied, the macrocell system has a
capacity 0.45 Mbit/s higher than the Q-learning case. Here, it is worth noting that even though
when applying Q-learning, macrocell system performance is lower than that obtained by Sarsa,
Q-learning approach still fulfils the required macrocell performance constraints introduced in
the learning system design. On the other hand, Q-learning allows femtocells to have an average

capacity 2.5 Mbit/s higher than the Sarsa method, which translates in a higher system capacity.

10

8- —%Macrocell capacity Q-learning
-©-Macrocell capacity Sarsa

% Av. Femtocell capacity Q-learning
¢ Av. femtocell capacity Sarsa

Capacity (Mbit/s)
3

B R R TR Y S SR o Oy

4 I I I I I
0.5 1 15 2 25 3
Learning iterations 5

Figure 3.6: Macrocell and average femtocell capacity for Q-learning and Sarsa methods during
the learning iterations.

In the following results, and across the rest of this thesis, we will make use of the following

definitions:

Definition 1 The probability of being below the capacity threshold is the average probability
over the R RBs that the macrocell capacity is below C’rlr\l/[in.
Definition 2 The probability of being above the power threshold is the average probability that

the femtocells total transmission power, Pow?, is above PE .

Figure 3.7 shows the average probability of being below the capacity threshold and the
probability of being above the total power threshold for Q-learning and Sarsa. As it was expected,
both probabilities decrease faster for the Q-learning approach due to its off-policy nature, which
exploits the acquired knowledge in a more active form. On the other hand, in the long-term, Sarsa

approach has an average better performance than Q-learning due to its on-policy methodology,
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Figure 3.7: Probability of being below the capacity and above the power thresholds for Q-learning
and Sarsa learning approaches.

which consists in less risky decisions, i.e. it selects actions which will guarantee to fulfil the
constraints. More in details, Sarsa has a lower probability than Q-learning of not to fulfil the
thresholds (i.e. in 0.26% and 0.3%, respectively), for both capacity and power, at the end of
the learning process. On the other hand, after 50000 learning iterations, Q-learning approach
presents a stable behavior and has a probability of not to fufil the threshold of 1% less than
Sarsa, for both, the macrocell capacity and femtocells total transmission power. Sarsa reaches

this probability after 150000 learning iterations.

Based on the previous results, Q-learning algorithm is selected because it allows to guarantee

i) a macrocell system capacity above the CM_

threshold and ii) a femtocell total transmission
power below the PE. _threshold since early stages of the learning process. This will guarantee less
harmful interference at macrousers and therefore a better coexistence of the underlay systems.
Furthermore, even if the macrocell capacity achieved by the Q-learning process is lower than
the one provided by the Sarsa method, it highly increases the femtocell systems performance,

which implies a remarkable gain in terms of total system capacity.

3.3.2 Parameters selection for Q-learning algorithm

The main advantage of Q-learning algorithm is that it allows agents in the system to perform
an online and off-policy learning (i.e. agents learn through real time interactions with the en-
vironment) based on optimal policy exploitation. Therefore, after a short period of training,
agents rapidly adapt their transmission powers not to damage macrocell users. In what follows,
we perform an analysis regarding three key design aspects in TD methods, the discount factor,

the learning rate selection and the exploitation/exploration calibration.
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Discount factor and learning rate selection

In this section we present some simulations in order to select the discount factor, v, and the
learning rate, «, of the proposed decentralized Q-learning algorithm. As it was explained before,
RL algorithms objective is to minimize the expected discount cost they receive in an infinite
time horizon. To this end, the discount factor is introduced to weight the importance of future
returns in the current learning process. This means that costs received t steps ahead in the
future are weighted less than those received in the present, by a factor of 4%. If v = 0, the agent
is said to be “myopic”. This means that it will focus on minimizing immediate cost and in the
update of the knowledge, i.e. in the Q-value update, it will only consider the current received

cost. When + is close to 1, the agent seeks for long-term low costs.

The learning rate «, is an important characteristic of the TD methods. This rate determines
the weight given to the newly gathered information for state s, after executing action a, i.e. the
next state transition consequence, and how it will modify the one currently stored in Q(s,a). If
a = 0, the agent will not learn anything, i.e. there will not be modification in the already stored

Q-value, while a = 1 will make the agent only consider the new information.

Figures 3.8 and 3.9 show the Cumulative Distribution Function (CDF) of the probability
of being below the capacity and above the power thresholds, respectively, for different value
combinations of v and a. We present results in two plots. In the left-hand side subplot, we fix
the discount factor at v = 0.9 and we plot the curves for a = {0.1,0.3,0.5,0.7,0.9}. In the
right-hand side subplot we do the opposite, we fix the learning rate at a« = 0.5 and we plot the
CDF for v = {0.1,0.3,0.5,0.7,0.9}. As it can be observed, the combination v = 0.9 and a = 0.5
gives the lower probability of being above the total femto transmission power and below the

macrocell capacity conditions during the learning period.

Fixy

0.3f/ ---a=0.1y=0.9 0.3 ---0=0.5y=0.1
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Figure 3.8: CDF of the probability of being below the capacity threshold for different o and ~.

Figures 3.10 and 3.11 show the probability of being below the capacity and above the power
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Figure 3.9: CDF of the probability of being above the power threshold for different o and ~.
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Figure 3.10: Probability of being below the capacity threshold as a function of the learning
iterations for different o and ~.

thresholds as a function of the learning iterations, respectively. Again, we divide the results in
two subplots, the first one contains the combinations v = 0.9 and o = {0.1,0.3,0.5,0.7,0.9} and
the second one shows the plots for combinations o = 0.5 and v = {0.1,0.3,0.5,0.7,0.9}. From
these figures it can be deduced that when v = 0.9, learning algorithms with low «, i.e. 0.1 and
0.3, require a longer learning period with respect to those learning processes with higher o and
therefore the performance of the macrocell system will be jeopardized during longer periods. On
the other hand, for those learning processes with high «, i.e. 0.7 and 0.9, the learning is faster
but more inaccurate in the long-term since they do not consider enough the past experience,
which makes the learning being instable with the time. For the case of fix a = 0.5, when the
discount factor is low, convergence is slower than for high discount values, since in the knowledge
construction, the long-term learning is considered in lower degree. To sum up, v = 0.9 and
a = 0.5 are a good combination for the case study, since they provide a good tradeoff between
convergence to stable behaviors from early stages of the learning process and good performance

in the long-term.
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Figure 3.11: Probability of being above the power threshold as a function of the learning itera-
tions for different o and  values.

Action selection policy

In each iteration, the agent chooses one of the available actions in the row of the Q-table for the
given state, following an action selection policy. An online learning algorithm must effectively
balance the exploration and exploitation in the action selection policy due to its trial and error
nature, where selected actions are evaluated through training information. The exploration is
the search for better policies and it has to be included in order to guarantee that, at the end of
the learning process, the agent knows which are the best and the worst available actions. On the
other hand, exploitation refers to the use of the current acquired knowledge in the given state to
select the best policy to minimize the received cost [6]. We compare four methodologies; three
of them are based on the e-greedy action selection policy and the last one is a softmax action

selection policy.

e c-greedy constant: In general, the e-greedy action selection policy chooses the action a
associated with the minimum Q-value with probability 1 — ¢, and with probability ¢ the
action is selected randomly. In particular, the proposed e-greedy constant policy selects
actions randomly, with a probability e=6%, during the first 80% of the learning iterations.
During the final 20% of the learning iterations, the algorithm only exploits the acquired
knowledge.

e c-greedy two steps: This action selection policy randomly chooses actions during the first
40% of the learning iterations with a probability e=6%. Then, the probability ¢ is decreased
to 3% during the following 40% of the learning iterations. During the final 20% of the

learning iterations, the algorithm exploits the acquired knowledge.

e Time-based: This action selection policy starts with a probability e=6% of visiting ran-

dom states. This probability uniformly decreases with time as a function of the learning
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iterations.

e Softmax: The uniformly random action selection can be a drawback of the previous defined
methods since the worst possible action is as likely as one of the best ones. A solution to this
problem is to assign a weight in the form of selection probability to each one of the available
actions, according to their Q-value. We apply the Boltzmann method, according to which,
actions are selected randomly with regard to their associated probabilities, meaning that

worst actions are unlikely to be chosen. The probability to choose an action is given by:

e—Q(s,ai)/7
pbb(s,a;) = —=————— (3.13)

Z efQ(s,a,i)/T

acA

where 7 is a positive parameter called temperature. High 7 cause actions to have nearly
the same probabilities to be chosen, while low 7 values cause a big difference in selection

probabilities depending on the actions associated Q-values [6].

Figures 3.12 and 3.13 show the probability of being below the capacity and above the power
thresholds, respectively, for the four studied action selection policies. The e-greedy two steps
action selection policy better performs than the other three studied policies, since after a period
(i.e. the first 40% of the learning iterations), decreasing the probability of visiting random states
allows the agents to better exploit the acquired knowledge, which is more appropriate for that
stage of the learning process. The time-based action selection policy presents a good behavior
after the first 30% of learning iterations, but this is not the case at the beginning of the learning
process, therefore we do not consider it as a suitable action selection policy because it results in
higher damages to the macrousers performance than the e-greedy methods. Finally, the softmax
policy becomes highly greedy after a point, which makes it not appropriate in the given case

study due to its dependence on the Q-values, which in our case may significantly vary.

3.4 Conclusions

Due to the decentralized deployment nature of femtocell systems, in this chapter we have pro-
posed to model them as a self-organized system following the concept of multiagent systems.
To achieve the desired self-organization, we rely on the theory of model-free learning. We stud-
ied two TD learning approaches, one on-policy method, the Sarsa learning and one off-policy
method, the Q-learning. We have concluded that, given the interference control problem we are
dealing with, the most appropriate learning method to apply is the Q-learning approach as it
allows to cause less damage to macrousers performance since early stages of the learning process
and generates higher system performance results. Furthermore, in this chapter an analysis re-

garding the selection of three important RL parameters, i.e. discount factor, v, learning rate, «,
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Conclusions
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Figure 3.12: Probability of being below the capacity threshold as a function of the learning
iterations for different action selection policies.

©

Probability of being above the power threshold (%)
o

[

—¥—e—greedy constant
O e-greedy two steps
Time based

> Softmax

>

o

0.5 1

Learning terations

Figure 3.13: Probability of being above the power threshold as a function of the learning itera-

tions for different action selection policies.

and action selection policy, has been presented. The results of the study leads to the following

design choices, we propose to apply the Q-learning approach with v = 0.9, o = 0.5 and the

e-greedy two-steps action selection policy.
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Chapter 4

Multiagent Q-learning for
interference control

As discussed in the previous chapter, femtocells are proposed to be modeled as agents with self-
organization capabilities such that, the femtocell system can be considered as a decentralized
multiagent system. Self-organization is applied through Q-learning, which is gaining in popu-
larity in our field as an adequate and reliable learning approach. In [1] the authors proposed
a solution for dynamic channel assignment in mobile communication systems. Reference [2]
presents a Q-learning-based multirate transmission control for RRM to enhance spectrum uti-
lization while meeting the QoS requirements of heterogeneous services. A distributed channel
and power allocation is proposed in [3] to deal with co-channel interference heterogeneous net-
works. Power assignment policies in cognitive wireless mesh networks considering the secondary
user SINR requirements and the energy efficiency are learnt based on Q-learning in [4]. Refer-
ence [5] presents a link adaptation solution through Adaptive Modulation and Coding (AMC)
based on Q-learning for Orthogonal Frequency Division Multiplexing (OFDM) wireless systems.

By applying the Q-learning algorithm proposed in this thesis, femtocells can autonomously
select their transmission power per RB, as a function of the current state of the environment and
following the objectives dictated by the cost function, which in our case would be directly related
with the aggregated interference generated by the multiple femtocells at macrousers. Compact
state representation is one key issue in learning algorithms. States have to be as compact and
precise as possible in terms of crucial information for the agent. The same occurs with the cost
function, it has to precisely map how good is for one agent (and for the system, when referred
to multiagent structures) to execute one action in a given state [6]. Cost defines the agent goals

according to the states the agent can perceive and the actions it can execute.

In order for femtocells to have an idea of their impact to the macrocell system performance,
the RB r proposed state representation, contains an indicator that gives a notion about the

amount of interference perceived by the macrouser allocated in RB r. This indicator is assumed
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to be conveyed through the X2’ interface (see Section 2.4) between the macrocells and the
femtocells [7]. A study regarding the introduction of the proposed scheme into 3GPP systems
is carried out in Section 4.3. Furthermore, a strategy to handle the multiuser scheduling, based
on the so called transfer learning [8], is also proposed. In LTE systems, the user allocation may
change in multiples of a Scheduling Block (SB) duration, i.e. every 1ms [9], which consists of
two consecutive RBs, whereas the latency induced by the X2 interface is on average 10ms.
Consequently, the femto nodes can only react to changes of the macrouser resource allocation
with a significant delay. The proposed transfer learning mechanism would allow macrousers to
suffer less damage from femtocell nodes since agents will be able to carry out the learning process
continuously while a macrouser has a session open, regardless of the scheduling process in the

macrocell.

Section 4.1 presents the different state and cost representations used across this thesis to then
continue in Section 4.2 with interesting simulation results for the single-cell and the multicell
scenarios. Section 4.3 introduces the proposed solution to exchange the required information
between macrocells and femtocells in 3GPP systems to perform the learning approach and to

handle the multiuser scheduling.

4.1 Learning algorithm details

In this section we first define the states, actions and cost function, introduced in Section 3.1.1,
which define the proposed learning algorithm. We present two case studies, starting from a
simpler case and then increasing the complexity in the state representation and in the cost
function objectives. The state and cost, used in case study 1, have been designed in order to
highlight the ability of the learning approach to converge to desired SINR values. On the other
hand, case study 2 selected state representation and cost function, look for an accurate control

in the macrocell and femtocell systems performance.

4.1.1 Learning design: case study 1

In our system the multiple agents with learning capabilities are the femtocell BSs, so that for
each RB they are in charge of identifying the current environment state, select the action based
on the action selection policy and execute it. In the following, for each agent f = 1,2,..., N

and RBs r =1,2,..., R we define system state, action, associated cost and next state.
State: The system state for agent f and RB r is defined as:

& = {I;”,Pawf} (4.1)

Notice that, to fit the state sl into a Q-table, the entries of (4.1) need to be quantized to a
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k-dimensional state space S. This is done by using multiple ranges of values for each component

of the state, in such a way that each combination will represent a state s € S.

e Macrocell interference indicator: I € I represents a binary indicator to specify
whether the femtocell system is generating aggregated interference above or below the
macrouser required threshold. This measure is based on the SINR value computed at the
macrouser allocated at RB r. The set of possible values is based on:

(4.2)

T

gm_ {1 if SINR! < SINRYL .
"1 0 otherwise

where SINR]" is the instantaneous SINR at the macrouser u™ allocated in RB 7 and

SINR% represents the minimum value of SINR that can be perceived by macrousers.

e Femtocell total transmission power indicator: One of the requirements of femtocells
is to transmit at low-power levels, for this reason we include in the state definition the

Pow' indicator, in order to guarantee that the femtocell total transmission power over all
RBs, Pow', is below the threshold PZ

max-*

It is given by:
R

Pow' = " pf (4.3)
r=1

As a result, Pouw' is a binary indicator defined as follows:

_ : F
Pow — 1 if Pm.uf < Plax (4.4)
0 otherwise

Therefore, in this case study the state of the environment is characterized by k = 4 possible

situations.

Actions: The set of possible actions are the [ power levels A = {p1,pa, ..., p;} that femtocell

can assign to RB r.

Cost: The cost ¢ assesses the immediate return incurred due to the assignment of action a

at state s. The considered cost function is:

{ K if Pow > PF

fax 4.5
(S[NR;”—S[NR%)2 otherwise (45)

where K is a constant value. The rationale behind this cost function is that the Q-learning aims
to minimize it, so that: i) the total transmission power of each femtocell does not exceed the
allowed PZL . and ii) the SINR at the macrouser is below the selected threshold SINR%.

max?

Next State: The state transition from s to v in RB r is determined by the learning-based

power allocation.



72 4.1. Learning algorithm details

4.1.2 Learning design: case study 2

Differently from case study 1, here we consider a more complex state and cost definition since
we furthermore consider a femtocell system performance indicator. The actions and next state
have the same definition as the ones given in the case study 1. We define, the state and cost,

with respect to each task r of femtocell f as follows.

State: The state of RB r for femtocell f is defined as:

sl = {Pow,C™,CI } (4.6)

e Macrocell capacity C™ indicator: We consider a macrocell capacity indicator since
another main requirement for femtocells is not to jeopardize the macrocell performance.
We define C™ as a binary indicator to determine whether the capacity of macrouser u™
in RB 7 of macrocell m most affected by the activity of femtocell f, is above or below

the macrocell capacity threshold CM

min?’

which is the minimum capacity per RB that the

macrocell has to fulfil.

o 1 if cr>cM.
¢ _{ 0 otherwise (4.7)

e Femtocell capacity C‘,f indicator: In our design, we aim to maintain the above men-
tioned constraints, but we also want to maximize the capacity reached by the femtocells,
so as to control the femto-to-femto interference. This is why, the third component of the
state vector is a femtocell capacity C_’,f indicator. We normalize C’,f with respect to CE

so that C’,f/CF = C’f or

in min 18 the minimum capacity to guarantee an acceptable service

to the femto-users. We divide the possible values into four intervals given by:

3 if 0<Cf <0.25,

_ : Af

&of = 2 ?f 0.25 gAcf*T < 0.5, (48)
1 if 0.5<¢f <0.75,
0 otherwise

In this case, the state of the environment is then characterized by k = 16 possible states.

Cost: The cost ¢ assesses the immediate return incurred due to the assignment of a certain

action in a given state. The considered cost function is:
K Pow > PL _or Cm<CM (4.9)
c= f . .
Kexp~©  otherwise

The rationale behind this cost function is that the total transmission power of each femtocell

does not exceed the allowed P . the capacity of the macrocell does not fall below a target

max?’

Cé\]/[in, and the capacity of the femtocells is maximized.
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In order to make more clear how states are quantized to a k-dimensional space for agents
to represent the knowledge they acquire on the run, Figure 4.1 represents the Q-table for case
study 2.

a =p a=p
Pow’ =1
cm = = 51| Q(51,01) Q(si,a1)
Ci=3
Pow’ =1
Cm=0 o =s|Q(s2,01) Q(s2,a1)
Ci=2
Pow’ =0
Cm = = 51| Q(sk,01) Q(sk,a1)
Ci=0

Figure 4.1: Q-table for task r of agent f, for case study 2.

Finally, mentioning that we assume that the C}*, SINR]" and C’f can be computed by
the macrocell and the femtocell, respectively, based on the Reference Signal Received Quality
(RSRQ) reported by the UEs allocated in RB r. The RSRQ is the quantification of the user

received signal considering both, signal strength and interference [10].

4.2 Simulation results

This section presents some exciting results obtained when applying Q-learning approach in the
single-cell scenario, introduced in Section 2.3.2 and in the multicell scenario, summarized in
Section 2.3.3. Simulations are run for a CM per RB of 1.2 Mbit/s.

4.2.1 Single-cell scenario results

Results presented in this section correspond to a learning process modeled following the case
study 1 and with an e-greedy constant action selection policy. First of all, it has to be noted that
the decentralized Q-learning algorithm, as any other learning scheme, needs a learning phase to
learn the optimal decision policies. However, once completed the learning process and acquired
the optimal policy, the multiagent system takes only one iteration to reach the optimal power

allocation configuration, when starting at any initial state s € S.

Figure 4.2 shows the probability of being above the power threshold as a function of the
learning iterations. It can be observed that the probability of Pow’ above PE . decreases with

iterations reaching very low values, for low and high density of femtocells, and that when the
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Figure 4.2: Probability of being above the power threshold as a function of the learning iterations
for a single-cell scenario with different femtocell densities.

probability of visiting random states ¢ is set to zero (at iteration 1000000), it decreases faster.

Figure 4.3 shows the convergence curves for different values of desired SINR at the macrouser
allocated in RB r, for a femtocell occupation ratio of po,=40%. It can be observed how the Q-
learning is able to maintain at different desired values (e.g., 17, 20, 23 dB) the SINR at the
macrouser. Similar results can be obtained for different values of occupation ratio ranging from
10 to 50%.

As for the system level performances, Figure 4.4 shows macro, average femto and total system
capacity. As it was expected, the introduction of femtocells increases the total system capacity
in the scenario. On the other hand, the macrocell capacity remains constant since the SINR at
the macrousers is kept at a fixed target value by the learning scheme. As a result, the perception
of quality of service of macrousers is not jeopardized due to the presence of the femto network.
In addition, the average femto capacity remains constant since the total transmitted power of

each femtocell decreases with the density of femtocells.

Finally, Figure 4.5 shows macro, average femto and total system capacity as a function of
the maximum total transmission power for a femtocell occupation ratio of p,.=20%. It can be
On the other

hand, macrocell capacity again remains constant independently of the maximum transmission

observed that the total system capacity and average femto capacity grow with P .

power of femtocells thanks to the SINR control at macrousers performed by means of the Q-

learning algorithm.

4.2.2 Multicell scenario results

In this section, the presented results have been obtained for the case study 2 when applied in the

multicell scenario. We evaluate the system performance in terms of femtocell total transmission
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Figure 4.3: Convergence of SINR at macrouser to three desired values (i.e. 17, 20 and 23 dB).
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Figure 4.4: Macrocell, average femtocell and total system capacity as a function of the femtocell
occupation ratio for the single-cell scenario.

power, average femtocell and macrocell systems capacity. Figure 4.6 depicts the probability of
being below the capacity threshold as a function of the learning iterations. It can be observed
that the proposed Q-learning approach is able to decrease the probability in all occupation ratio
cases. In particular, for an occupation ratio of p,.=60%, which represents the worst case scenario
presented, our learning scheme ensures that the capacity of the macrouser is above the threshold
in more than 97% of all cases. Secondly, Q-learning is able to decrease the average probability
that the femtocell total transmission power exceeds PL, . For instance, in case po.=60%, Q-

learning is able to reduce this probability to 2%.

Figure 4.7 shows the femtocells average capacity over the Q-learning iterations. It can be
observed that the proposed algorithm is able to increase the femtocell capacity over time. Natu-
rally, as the femtocell occupation ratio p,. increases, the transmission power decreases in order

not to cause excessive aggregated interference to the macrousers, which explains why the femto
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Figure 4.6: Probability of being below the capacity threshold as a function of the learning
iterations for the multicell scenario.

capacity decreases as po. increases.

We compare system performance results obtained by the Q-learning with a benchmark al-
gorithm known as Smart Power Control (SPC), which is based on interference measurements
and which was proposed by 3GPP in [11]. In this algorithm, the femtocell BS adjusts its RBs
transmission power based on the total received interference at the femtocell BS, according to:

p! = max(min(n - (E. + 10log(R x Ny.)) + 8, PE ), PE. ) (4.10)
where 17 = 0.35 is a linear scalar that allows altering the slope of power control mapping curve and

£ = 0.8 is a parameter expressed in dB, both of which are femtocell configuration parameters.

Furthermore, Ny is the number of sub-carriers, PF.

in 18 the minimum femtocell transmit power,

and FE. is the reference signal received power per resource element allocated to the femto node.
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Figure 4.7: Femtocells average capacity over the learning iterations for the multicell scenario.

Figure 4.8 presents the macrocell and femtocell average capacities for Q-learning and
SPC (4.10). The Q-learning algorithm outperforms the benchmark algorithm for both macro
and femtocell average capacity, since Q-learning contemplates in its cost function the maximiza-
tion of the femtocell capacity. This ensures that the capacity of the femtocell is the maximum

possible, provided that a macrocell capacity per RB of at least C%n is maintained.
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Figure 4.8: Macrocell and femtocell average capacity versus the femtocell occupation ratio pe
for the multicell scenario.

4.3 Multiuser scheduling support

When the resource allocation of macrousers is updated by the macrocell, the perception of the
state of the environment may change on a time frame basis of 1 ms. Due to unavoidable latencies
incurred by signaling updates related to the state, given in equations (4.1) and (4.6) the femtocell

cannot react quickly enough not to generate interference to vulnerable macrousers. Suppose that
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macrocell m reschedules macrouser u™ from RB r to r’; however, the task that an interfering
femto node has learnt for RB 7/ until this instant may no longer be useful, since v now confronts
the femto with a different perception of the state s,/ ;, in terms of perceived interference at
macrocell user v, reflected by the SINR indicator SINR;" and the macro capacity Cﬁt of
RB 7’ in (4.1) and (4.6), respectively. Provided the femto node is informed a priori about the
resource assignment of macrouser u™, the femtocell can proactively avoid interference on u,
since the proper policy for protecting macrouser u™ was already learnt by the femto node in

task r, as illustrated in Figure 4.9.
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Figure 4.9: Transfer learning scheme at macrouser u,.

To take advantage of this expert information already available at the femtocell, we propose
that the future scheduling policies of the macrocell, with respect to the macrouser trapped in
the coverage area of the femtocell, is communicated via X2’ interface to the femtocell. In this
way, the femtocell can reuse the expert knowledge that has already learnt in task r for task 7’.
The ML paradigm which allows to transfer this task related expert knowledge is referred to in

literature as transfer learning [8].

The core idea of transfer learning is that experience gained in learning to perform one task
can help improve learning performance in a related, but different task. Examples from the real
world are numerous, for example, we may find that learning to recognize apples might help
recognizing pears. The two tasks involved in the transfer learning process are the source and
target tasks, which may be characterized by similar or different state spaces S, action sets A
and cost functions C. The information that can be exchanged range from information about the
expected outcome when performing an action in a particular state (e.g., a state-action Q-value,
a policy, a full task model) to a general heuristic that attempts to guide the learning (e.g., a

subset of the full set of actions, rules or advices).
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Many methods of transfer information between tasks, characterized by different state and
action spaces, require an inter-task mapping to transfer effectively, in the sense that it is necessary
to know how the two tasks are related. Some transfer learning algorithms allow the agent to learn
multiple source tasks and learn from them all. More sophisticated algorithms build a library of
seen tasks and use only the more relevant for transfer. Different types of knowledge may transfer
better or worse depending on task similarity. For instance, particular information may transfer
across closely related tasks, while high level concepts may transfer across pairs of less similar
tasks.

In our case, the different tasks, referring to the different RBs, are characterized by the same
state and action spaces and cost functions, and the information that is exchanged is the full
task model, i.e. the full Q-table, as is shown in Figure 4.9. Since transfer learning is a femtocell

internal process, it does no incur in delays.

4.3.1 Practical implementation in 3GPP LTE

In order to facilitate distributed Q-learning, the macrocell should report a feedback of 1 bit per
RB to the offending femto node. The r-th entry of the corresponding bitmap termed Downlink
High Interference Indicator (DL-HII) of dimension R is defined by:

1 SINR™ > SINRM
DL-HII, = ro= o (4.11)
0 SINR™ < SINRM
or
1 cm>cM
DL-HIIL, = roT i (4.12)
0 Ccm<oM

depending on the used case study, which indicates whether SINR;" or C]"* are above or below
SINR% or C%n thresholds, respectively. The DL-HII bitmap is to be exchanged between victim
macrousers associated macrocell and interfering femtocells. The 3GPP LTE network architecture
connects neighboring BSs via the X2 interface [12, 13], which conveys control information related

to handover and interference coordination.

The DL-HII bitmap is equivalent to that of the Relative Narrowband Transmit Power
(RNTP) indicator standardized in LTE [14]. The RNTP indicator contains R bits; each bit
corresponds to one RB in the frequency domain, indicating to neighboring BSs whether the
sending BS intends to transmit the associated RB with high power. The value of the threshold
and the time period for which the indicator is valid are configurable parameters. As the LTE
standard does not specify the action of a BS upon receiving a RNTP bitmap, it is possible to

convey the DL-HII messages over the X2’ interface.

Unfortunately, the X2 interface induces significant delays of up to Ap.x=20ms, with an aver-

age of A=10ms. This means that any change in the resource allocation of a victim macrouser u™
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is observed with an average delay of 107", where T' denotes the subframe duration, which coin-
cides to the length of one RB.

We therefore propose to augment the DL-HII bitmap by the resource allocation vector of
macrocell m, denoted by u™ = [u]",..., ug]T, where entry " accounts for the macrouser
scheduled at RB 7. As typically only a small subset of the macrousers served by BS m are within
the coverage area of a particular femtocell, it is sufficient to only send a RNTP-like bitmap
to femtocell f, termed User Resource Block Allocation (URBA) bitmap. The URBA bitmap
contains the anticipated RBs to be scheduled at time instant t+A .1 to that macrouser u™

who is trapped within the coverage area of femtocell f.

In summary, Q-learning is integrated to the LTE network architecture by the following

procedure:

1. Macrouser u™ determines the cell-ID of surrounding femto BSs, by reading the corre-
sponding Physical Broadcast Channel (PBCH). LTE system key information consists on
the Master Information Block (MIB) which is broadcast on the PBCH, and a number
of System Information Blocks (SIBs), which are sent on the Physical Downlink Shared
Channel (PDSCH) through the Radio Resource Control (RRC) messages. Macrouser u,,
reads the MIB and extract the cell-ID information contained in the SIB1I.

2. The cell-IDs of the surrounding femto BSs are reported to the serving macrocell.

3. The macrocell sends a DL-HII bitmap via the X2’ interface to its surrounding femtocells,
containing information about which RBs are subject to high interference. RNTP is part of
the X2 load indication procedure [15]. Since the DL-HII would be equivalent to the RNTP,
it is assumed that this indicator would be part of the load information messages of the X2

interface.

4. The macrocell sends a URBA bitmap, with RBs that are scheduled for trapped

macrouser ' at future time instants t+Anax1 .

The message flow structure of given procedure would be as Figure 4.10 shows.

Figure 4.11 represents the average probability that the macrocell capacity is below the thresh-
old C%n over the R RBs and the average probability of the femtocells total transmission power

above the threshold P

ax- Considering the presented 3GPP practical implementation, one learn-

ing iteration is performed every 10 ms due to the average delay of the X2 interface. Results show
that after 5 x 10% iterations, the learning algorithm has learnt proper decision policies since its
behavior becomes stable, despite the exploration process is still active, the multiple agents si-
multaneously learning and the dynamism of the system. Translating this into time, the learning

process takes 500 s to achieve a stable behavior starting from a situation in which it has no
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(1) Macrouser u,, reads the MIB and
extract the surrending femtocells cell-IDs

(2) femtocell-ID

(3) Load information message|(DL-HII)

(4) Load information message|(URBA)

Figure 4.10: Message flow structure for Q-learning in LTE networks.

knowledge, i.e. the Q-table is initialized at H values, which is a very good convergence time
considering the complexity of the system we are dealing with and the fact that the validity of

the acquired knowledge does not expire with time.
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Figure 4.11: Average probability of not to fulfil the thresholds in time.

As it has been observed across the results presented in this chapter, the beginning of the
learning process is always unstable due to the lack of information of the agent regarding how
good or bad the multiple available actions are. This is because when the Q-table is initialized,
all the Q-values, i.e. all the actions, have the same value and therefore the same probability to
be chosen. One possible improvement is based on the algorithm designer intervention in the Q-
table initialization. Results presented in Figure 4.11 correspond to a smart initialization, where
Q-values corresponding to those states with macrocell user capacity below the threshold and
actions with low transmission power were initialized to lower Q-values than the rest of Q-values.
This intuitive initialization procedure allows to decrease the learning period and to have a more
stable behavior at the beginning of the learning process. We will propose an effective way to

implement expert knowledge in Chapter 6 through fuzzy inference rules.

In any case, this solution still implies the human intervention and, as we may see in Fig-
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ure 4.11, it does not solve all the problems of the Q-learning approach, in terms of stability and
speed of learning. That is the reason why we study and implement other more complex, smart
and automatic solutions based on a cooperative technique, which we call Docition and which

are presented in Chapter 5.

4.4 Conclusions

This chapter has presented the design of the proposed decentralized Q-learning algorithm based
on the theory of multiagent learning to deal with the problem of interference generated by multi-
ple femtocells at macrousers. We have shown that the multiagent system is able to automatically
learn a policy to maintain the interference at the macrousers under a desired value. Simulation
results have shown that constraints in the cost function can be fulfilled in both, single-cell and
multicell scenarios, by introducing learning capabilities. We have proposed that the macrocell
conveys through the X2’ interface to the femtocell network a URBA bitmap containing infor-
mation about macrousers scheduling in future instants. Taking advantage of this information,
femtocells can perform transfer learning among internal tasks in advance, ensuring that an ex-
cessive interference is not generated at macrousers. The training periods from situations of total
lack of knowledge have been shown to be in the order of 500 s. This performance results can
be further improved through cooperative techniques which are proposed in next Chapter 5 or
through the introduction of expert knowledge, as we will propose in Chapter 6. Another draw-
back of the solution presented is the assumption of the existence of an X2’ interface between
macrocell and its underlying femtocells. To solve this problem, we will propose the use of learning

in partial observable environments in Chapter 7.
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Chapter 5

Docition: a cooperative approach

In decentralized multiagent systems, the environment perceived by a given agent is no longer
stationary, since it consists of other nodes who are similarly adapting. This may generate oscil-
lating behaviors that not always reach an equilibrium and that are not yet fully understood, even
by ML experts. The dynamics of learning may thus be long and complex in terms of required
operations and memory, with complexity increasing with an increasing observation space. A
possible solution to mitigate this problem, to speed up the learning process and to create rules

for unseen situations, is to facilitate expert knowledge exchange among learners [1, 2].

A major disadvantage of learning solutions is that no practically viable solution is available
as of today for wireless settings. This is because cognitive entities with learning capabilities need
to be trained at start-up as well as during run-time to adapt to the wireless system dynamics, all
of which consumes considerable time and energy. Furthermore, precision and time of convergence
of learning algorithms may be poor, which prevents effective decision taking on a real time basis,

something often overlooked, but eventually preventing real-world deployment.

To overcome above shortcomings, the novel concept referred to as docitive radio was intro-
duced in [3, 4]. Whilst the emphasis in cognitive radios is to learn (“cognoscere” in Latin), the
focus of docitive radios is on teaching (“docere” in Latin). It capitalizes on the fact that some
nodes have naturally acquired a more pertinent knowledge for solving a specific system problem
and are thus able to teach other, less able, nodes on how to cope under the same or similar
situations. The potential impact of docitive networks into next generation high capacity wire-
less networks is ensured by means of latest European Telecommunications Standards Institute
Broadband Radio Access Networks (ETSI BRAN) standardisation activities [5].

To apply docition, intelligent systems have to be able to represent their expertise and measure
it. Then, they must establish a relation pattern with the other agents in the system to decide
which of them are potential entities to cooperate with. Finally, docitive agents have to decide

the degree of cooperation and the moment or moments to execute the cooperative process.
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The aim of the work presented in this chapter is to outline a working taxonomy which shall
aid future research endeavors of our community. To this end, we position the concept of docition
and introduce a viable working taxonomy. More in particular, we apply the docitive approach in
femtocell systems. Docitive femtocells are not (only) supposed to teach end-results, but rather
elements of the methods of getting there. This concept perfectly fits a femtocell network scenario,
where a femtocell is active only when the users are at home. When a femto BS is switched on,
instead of starting a very energy expensive context awareness phase to sense the spectrum and
learn the proper RRM policy, it can take advantage of the decision policies learnt by the neighbor
femtocells, which have been active during a longer time. This novel paradigm for femtocells will
be shown to capitalize on the advantages but, most importantly, to mitigate major parts of the
drawbacks of purely self-organized and cognitive schemes, thus increasing their precision and

accuracy and speeding up the learning process.

5.1 Docitive cycle

The general idea of docition is to extend the cognitive radio concept, introduced by Mitola in [6],
to a system able, not only to intelligently interact with the environment, but also with collective
principles, i.e. knowledge acquired by the system components individually becomes collective
expertise. Logically, from a global point of view, higher and faster levels of expertise can be
reached by parallel learning approaches. This easily translates into better individual behaviors
when entities in the system can take advantage of the global knowledge. Of course, the utilization
of the mentioned global expertise comes together with some constraints, in terms of inherent

system characteristics, scalability, required signaling exchange, etc.

In what follows we present the high-level cognitive radios operational cycle, which consists
in acquisition, decision and actuation processes. We extended this cycle by the introduction of

the docitive functionalities, given by the docitive entity, as shown in Figure 5.1.

f Acquisition\

Action Decision

Docition

|
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Cognitive agent l : A
i /
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Figure 5.1: Docitive cycle which extends the cognitive cycle by cooperative teaching.

e Acquisition. The acquisition unit provides quintessential information of the surrounding
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environment, such as spectrum occupancy or interference temperature. This data can be
obtained by means of numerous methods, such as sensing performed by the node itself
and/or in conjunction with spatially adjacent cooperating nodes; docitive information from
neighboring nodes; databases; etc. Once the cognitive agent has the information describing
the current situation of the surrounding environment it has to interpret it and send it to

the next unit, where decisions are made.

e Intelligent Decision. The core of a cognitive radio is without doubt the environmental-
state dependent intelligent decision engine, which typically learns from past experiences
gathered from e.g., the dynamics of interference or statistics of spectral occupancy. Based
on some intelligent algorithms, it then draws decisions on choice of band and resource

block, transmission power, etc.

e Action. With the decision taken, an important aspect of the cognitive radio is to ensure
that the intelligent decisions are being carried out, which is typically handled by a suitably

reconfigurable software defined radio, some policy enforcement protocols, among others.

e Docition. The docition unit has two main tasks, the knowledge relation and the knowledge
dissemination and propagation among agents. Those tasks have to be realized under the
non-trivial aim of improving the own or other agent’s learning process and performance.
As shown in Figure 5.1, the docition unit is linked to the intelligent decision unit and
communicates with the other agents’ docition units. By these means, each docition unit
builds its relationships with the other agents in the system and decides on the key docitive

parameters.

Going more deeply into the docitive concept, there are four main aspects to be considered,
i.e. 1) docitive mode: should the agent teach or learn from other agents?; 2) nodes relation: what
are the entities in the system with whom the agent can interact?; 3) knowledge to share: what
to teach or to learn?; 4) moment of docition: when to perform the docition process?. Figure 5.2
shows the structure of docition unit. The decision evaluation unit is in charge to assess the
choices made in the decision unit in terms of how well the agent is performing with respect
to the goals it pursues. Based on the resulting information, the mode selector unit determines
if the docitive agent should perform as a teacher or as a learner. It is important to notice
that the docitive agent may be an expert in some tasks but it can be completely inexpert in
others. Therefore, the mode selector unit should keep a track per task reflecting the mode, i.e.
teacher or learner, in which the docitive agent should perform. The negotiation unit is in charge
of evaluating other potential docitive partners in the system, to decide the information to be
exchanged and the moment to share it, as well as to evaluate the tradeoff between performing
docition or cognition. This is the core unit in the docitive agent since it is in charge of the key

decisions in the cooperative process. Finally, the docitive executor unit enforces the decisions
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Figure 5.2: Docitive unit structure: main functionalities.

made by the negotiation unit considering the constraints in the network data transport. This
information is available to the negotiation unit and has to be considered by it in the decision of

performing docition or cognition in a given moment.

5.2 Emerging docitive algorithms

The state of human cognition heavily depends on the teachers encountered during one’s life, who
generally impact learning space, learning speed and teaching abilities. The henceforth introduced
concept of docition is inspired by the Problem Based Learning (PBL) concept. It has been
advocated by the pedagogy expert psychologists Lev Vygotsky, John Dewey, Jean Piaget, among
others, with the prime aim that teachers are encouraged to be coaches and not information givers.
PBL makes pupils work as a team using critical thinking to synthesize and apply knowledge;

they apprehend through dialogue, questioning, reciprocal teaching, and mentoring.

Mimicking above well-functioning society-driven teacher-pupil paradigm, we capitalize on
the advantages of PBL by encouraging radios to teach other radios with the aim to significantly
improve performance of current (cognitive) systems. Said teaching process requires the exchange
of information in a cooperative fashion, the rate of which however is negligible when compared to
the data volumes handled by the system as a whole. Therefore, even if docitive systems require
some (often sporadic) exchange of low-rate information, they are asymptotically distributed and

generally autonomous.

Whilst applicable to other learning techniques, we focus here on the decentralized imple-
mentation of Q-learning presented in Section 3.2.1. The main challenge in decentralized learning
systems, is how to ensure that individual decisions of the nodes result in jointly optimal deci-
sions for the group, considering that the standard convergence proof for Q-learning does not
hold in this case as the transition model depends on the unknown policy of the other learning
nodes. Whilst one could treat the distributed network as a centralized one, it brings along many

problems [4].
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We thus propose a distributed approach where nodes share potentially differing amounts of
intelligence acquired on the run. This is expected to sharpen and speed up the learning process.

Depending on the degree of docition among nodes, the following cases can be distinguished:

e Startup Docition. Docitive radios teach their policies to any newcomers joining the network.
In this case, again, each node learns independently; however, when a new node joins the
network, instead of learning from scratch how to act in the surrounding environment,
it learns the policies already acquired by more expert neighbors. Gains are due to a high
correlation in the environments of adjacent expert and newcomer nodes. Policies are shared

by exchanging Q-tables.

e [Q-Driven Docition. Docitive radios periodically share part of their policies with less expert
nodes, based on the degree and reliability of their expert knowledge. Policies are shared
by exchanging (a weighted version) of the entire Q-table or rows thereof, corresponding to

states that have been previously visited.

e Performance-Driven Docition. Docitive radios share part or the entirety of their policies
with less expert nodes, based on their ability to meet prior set performance targets. Ex-

ample targets are maximum created interference, achieved capacity, etc.

e Perfect Docition. The multi-user system can be regarded as an intelligent system in which
each joint action is represented as a single action. The optimal Q-values for the joint ac-
tions can be learnt using standard centralized Q-learning. In order to apply this approach,
a central controller, implemented e.g., in the LFGW, should model the MDP and com-
municate to each node its individual actions. Alternatively, all nodes should model the
complete MDP separately and select their individual actions; whilst no communication is
needed here, they all have to observe the joint actions and individual rewards. Due to an

exponential growth of the states, this approach is typically not feasible.

The degree of cooperation, and thus the overhead, augments with an increasing degree of
docition. The optimum operating point hence depends on the system architecture, performance

requirements, etc. A summary of the taxonomy introduced is shown in Figure 5.3.

A major factor influencing the degree, intensity and direction of docition is clearly the quan-
tification of the level of expertness of nodes. The optimum operating point depends on the
system architecture, performance requirements, etc. However, as already stated, the overhead
due to the exchange of docitive information is asymptotically negligible when compared with

actual data volumes transported through the network.
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5.3 Learning and teaching techniques

In our scenario, a femto BS which has been switched on, could take advantage of the exchange
of information and expert knowledge from other femtocell in the neighborhood [1], the so-called
docitive femtocells. The agents select the most appropriate femto BS from which to learn, based
on the level of expertness and the similar impact that their actions may have on the environment,
which is captured by a gradient, V’, which captures the similar impact that femtocells actions
may have on the environment. Notice that, in terms of signaling overhead, the gradient is only
a numerical value to exchange sporadically among femto BSs. This gradient, for femtocell f and

RB r, is defined as:
_ SINR} — SINR;_,

T T
Ay — Q1

v : (5.1)

where aj and aj_; represent the actions taken for RB r at time ¢ and ¢—1, respectively, and SINR}
and SINR;_,, represent the SINR at the macrouser in RB r at time ¢ and ¢ — 1, respectively.
The rationale behind the definition of this gradient is that nodes should learn from nodes in
similar situations, e.g., a femtocell which is located close to a macrouser should learn the policies
acquired by a femtocell operating under similar conditions. Depending on the degree of docition

among nodes, we consider two cases, the startup docition and the IQ-Driven docition.

The degree of cooperation, and thus the overhead, augments with an increasing degree of
docition. The optimum operating point hence depends on the system architecture, performance

requirements, etc.

5.3.1 Simulation results

Results presented in this chapter were modeled for the single-cell scenario, presented in Sec-
tion 2.3.2 and case study 1, presented in Section 4.1.1. The Q-learning scheme, following the

docitive paradigm, has been compared to two reference algorithms:

e Distance-Based Non-Cognitive. The rationale behind this reference algorithm is that fem-
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tocell f selects the transmission power of RB r based on its distance from the macrouser
using that RB. The set of possible values of power to assign is the same as for the Q-
learning, as defined in Section 4.1.1. Notice that this reference algorithm is only proposed
as a non-cognitive benchmark for comparison purposes, and for its implementation we
make the hypothesis that the femto network has at least some approximate knowledge of
the position of the macrousers, which is a quite difficult hypothesis in a realistic cellular

network.

o [terative Water-Filling (ITW). It is a non-cooperative game where agents are selfish and
compete against each other by choosing their transmit power to maximize their own ca-

pacity, subject to a total power constraint, such that:

; ( o
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The solutions to (5.2) are given by the ITW power allocation solutions [7]:
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where M*F" is the Lagrangian multiplier chosen to satisfy the power constraint.

To evaluate the proposed docitive approaches we divide the femtocells in the scenario into
two groups. In the first group, we have the docitive or teaching entities and in the second group
we have the learning entities, which start their learning process 500000 learning iterations later
than the docitive ones. The given results were obtained for the second group of femtocells in
order to show the improvement achieved when agents take advantage of acquired knowledge
of other comparable entities in the system. In the startup case, learning entities update their
Q-tables at the beginning of the learning process based on the selected docitive entity policies.
In the IQ-Driven case, learning entities update every 10000 learning iterations the Q-values of

those rows with lower knowledge, i.e. higher Q-values.

Figure 5.4 shows the macrocell capacity as a function of the femtocell density. It can be ob-
served that learning techniques do not jeopardize the macrocell capacity, maintaining it at a de-
sired level independently of the number of femtocells. On the other hand, with the distance-based
reference algorithm, the macrocell capacity decreases when the number of femtocells increases,
since the reference algorithm does not adaptively consider the aggregated interference coming
from the multiple femtocells in the power allocation process. Furthermore, the ITW algorithm

dramatically reduces the macrocell capacity due to its selfish power allocation policy. Finally,
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with respect to the implementation, it is worth mentioning that the Q-learning approaches only
need feedback from the macro network about the SINR at the macrousers. However, the non-
cognitive distance-based approach relies on stronger hypotheses, such as the positions of the

macrousers.
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Figure 5.4: Macrocell capacity as a function of femtocell density.

As for the performance of docition, Figure 5.5 shows performances in terms of precision, i.e.
oscillations around the target SINR. We assumed a 50% femtocell occupation ratio, composed of
the probability that a femtocell is present and that it is switched on. In particular, it represents
the Complementary Cumulative Distribution Function (CCDF) of the variance of the average
SINR at the control point with respect to the set target of SINRp, = 20 dB. It can be observed
that due to the distribution of intelligence among interactive learners the paradigm of docition
stabilizes the oscillations by reducing the variance of the SINR with respect to the specified
target. More precisely, at a target outage of 1%, we observe that the IQ-Driven docition outper-
forms the startup docition by a factor of two, and the Q-learning algorithm by about an order

of magnitude.

Figure 5.6 shows the average probability that the total power at femtocells is higher than
PF . as a function of the learning time when docition is applied. It can be observed that the
docitive approaches better satisfy the constraint in terms of total transmission power since the
early stages of the learning process. More in particular, for the startup docition case, after
docition, the femtocell continues with its learning process adapting the knowledge to its own
situation. On the other hand, for the IQ-Driven docition case, since the learner agent periodically
updates the knowledge corresponding to states of the environment where it performs poorly, the
agent presents a very accurate behavior during all the learning process. This accurate behavior

is achieved thanks to the continuous adjustment in the agent policy.
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Figure 5.5: CCDF of the average SINR at macrouser for a femtocell occupation ratio po,.=50%.
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Challenges in docition

Although docition presents interesting and enticing advantages since it promises to have a more
efficient use of the collective knowledge in a system, there are some important and difficult

challenges and questions to consider. In what follows, the main ones are summarized:

e Information Theory. One of the core problems is how to quantify the degree of intelligence
of a cognitive algorithm. With this information at hand, intelligence gradients can be
established where docition should primarily happen along the strongest gradient. This
would also allow one to quantify the tradeoff between providing docitive information versus
the cost to deliver it via the wireless interface. Some other pertinent questions are how

much information should be taught?, can it be encoded such that learning radios with
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differing degrees of intelligence can profit from a single multicast transmission?, how much
feedback is needed?, how often should be taught?, etc.

e PHY/MAC Layers. A pertinent question is which of the states should be learned individ-
ually, and which are advantageously taught? Another open issue is how much rate/energy

should go into docition versus cognition?

e Docitive System Design. At system level, numerous questions remain open, such as what
is the optimal ratio of docitive versus cognitive entities?, what is the optimal docition
schedule?, should every cognitive entity also be a docitive one?, what is the docition

overhead versus the cognitive gains?, etc.

5.4 Conclusions

The main drawback of online learning approaches is the length of their learning process. As a
result, we have focused on the novel paradigm of docition, with which a femto BS can learn
the interference control policy already acquired by a neighboring femtocell which has been
active during a longer time, thus saving significant energy during the startup and learning
process. Notably, we have shown in a 3GPP compliant scenario that, with respect to Q-learning,
docition applied at startup as well as continuously on the run yields significant gains in terms
of convergence speed and precision. Also, we have highlighted different types of docition as well

as different quantifications of expertness.

Finally recall that, whilst we applied the docitive paradigm to the model-free distributed
Q-learning algorithm, it is equally applicable to concepts which involve decision making based
on cooperative spectrum sensing, distributed consensus building, etc. We believe that we just
touched the tip of an iceberg as these preliminary investigations have shown that docitive net-
works are a true facilitator for utmost efficient utilization of scarce resources and thus an enabler
for emerging as well as unprecedented wireless applications. Further research and results related

to the docitive theory will be presented by Pol Blasco in his thesis.
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Chapter 6

Interference management based on
Fuzzy Q-learning

As studied in Chapter 3, the Q-learning approach builds incrementally a Q-value per each state
and action pair. Q-values are estimated through the Q-function, given in equation 3.8, which
attempts to estimate the discounted future costs of executing an action in the agent’s current
perceived state. The knowledge of the agent is then represented by the Q-values, which are
usually stored in a Q-table. Consequently, states characterizing the environmental situation and
the available actions have to be represented by discrete values and therefore, the use of thresholds
is mandatory. This entails an important intervention of the learning system designer selecting
the mentioned thresholds for the state representation, and setting the amount and the values of

the available actions.

When designing the learning system, the selection of the amount of states representing the
environment and the actions available in each state, plays an important role in the agent behav-
ior. The size of those sets directly affects the system adaptability and therefore its performance.
Besides, it is directly related with the feasibility in the knowledge representation, i.e. when the
number of state-action pairs is large or the input variables are continuous, the memory require-

ment to store the Q-table may become impracticable, as well as the required learning time.

More in particular, our experience in working with Q-learning for interference management
in dynamic scenarios is that, the performance of the system and the convergence capabilities
strongly depend on the granularity in the state and action spaces definition. The use of discrete
state and action sets may result in an inexact state representation and/or the selection of a not
accurate enough action in a given situation. Figure 6.1 represents the system performance in
terms of average macrocell capacity for the multicell scenario, presented in Section 2.3.3 and
case study 2, introduced in Section 4.1.2. As it can be observed, when applying a Q-learning
approach with different quantities of actions, i.e. 40, 50 and 60, the learning processes with

higher amount of actions better perform than those with less available actions. This is because
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Figure 6.1: System performance for Q-learning with different amount of available actions.

a learning algorithm with less actions has to choose policies which may be far from the optimal
solution, resulting in poor performance or even precluding the agent to be able to fulfil the
learning requirements. Summarizing, by cutting down 17% of available actions, the femtocell

system performance, in terms of capacity, may experience a reduction of up to 10%.

A solution to the previously presented weak points, is to use a form of continues state and
action representation without the requirement of near infinite Q-tables. This would allow to build
a system capable of working independently from the scenario and designer criterion, which would
be in line with the self-organized requirements of future networks. To this end, we propose to
improve the Q-learning algorithm, presented in Chapter 3, by the introduction of FIS, in order to
represent state and action spaces continuously. This approach is called Fuzzy Q-learning (FQL).
Fuzzy logic, introduced by Lotfi Zadeh [1], is a way to map a fuzzy input space to a crisp output
space by means of membership functions. The combination of FIS and RL was introduced by
Berenji in [2] and then extended by Glorennec and Jouffe in [3] and [4]. They also presented an

interesting case study, where applied FQL for navigation system in autonomous robots [5].

Additionally to the benefits already mentioned, FQL offers other interesting advantages such
as: (1) a more compact and effective expertness representation mechanism and (2) the possibility
of speeding up the learning process by incorporating offline expert knowledge in the inference

rules.

In the field of telecommunications, FQL is lately arising as an attractive approach, mainly
because of its properties of continuous state and action representation and its ability to deal
with uncertainty and imprecision when learning by reinforcement methods is used. Specifically,
in wireless systems we can find FQL applied as a situation-aware approach to manage the data
access in multi-cell Wideband Code Division Multiple Access (WCDMA) systems [6] and for ad-
mission control in WCDMA /Wireless Local Area Network (WLAN) heterogeneous networks [7].
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In [8], the authors use FQL to select the modulation and coding scheme in High Speed Downlink
packet Access (HSDPA) systems. In [9], the authors propose a Nash-Stackelberg FQL approach
based on which mobile users individually select the best available system to connect in a het-
erogenous network. An Hybrid Automatic Repeat Request (HARQ) for MIMO configuration and
Modulation and Coding Scheme (MCS) selection based on FQL for HSPA evolution systems is
proposed in [10]. Finally, [11] and [12] propose two distributed and autonomous solution, based
on fuzzy RL techniques, for coverage and capacity self-optimization through BSs’ downtilt angle

adjustment in LTE networks.

In what follows, first we give a brief overview of the FIS in Section 6.1. Second, Section 6.2
presents a formal definition of the FQL concept. Third, Section 6.3 introduces the proposed FQL
algorithm with different degrees of complexity. Finally, some enticing results for the single-cell

and multicell scenarios presented in Chapter 2, are given in Section 6.3.2.

6.1 Fuzzy Inference Systems

Fuzzy inference, is the process of formulating the mapping from a given input to an output
using fuzzy logic. The mapping provides a basis from which decisions can be made, or patterns
discerned. The parallel nature of the rules is one of the more important aspects of fuzzy logic
systems. Instead of sharp switching between modes based on breakpoints, logic flows smoothly

from different regions of behavior depending on the dominant rule.

The purpose of fuzzy systems is to perform as control systems considering that many times
real problems cannot be efficiently expressed through mathematical models. So, fuzzy set theory
models the vagueness that exists in real world problems. According to this theory, when X is
a fuzzy set and x is a relevant object, the proposition “x is a member of X” is not necessarily
true or false, but it may be true or false only to some degree, the degree to which x is actually
a member of X [1, 2|.

In fuzzy logic, each object can be labeled by a linguistic term, where a linguistic term is
a word as “small”, “medium”, “large”, etc. so that, x is defined as a linguistic variable. Each
linguistic variable is associated with a term set T'(x), which is the set of names of linguistic
values of z. Each element in 7'(x) is a fuzzy set. In our work, we refer to the Takagi-Sugeno

FIS [13], which is given by generic rules:
Ri;: If z;is X and ... and If z, is X', Then O = 0;(3)
§ is formed by L linguistic variables or input values characterized by z linguistic values,

then § = {x1,...,2.} is an input and X}i is a fuzzy set in the domain of xzj, for h=1,...,z and

1=1,...,n. We have denoted by z the dimension of the input space and by n the number of rules.
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The output function 0;(3) is a polynomial function of §. In our work we use the 0-Takagi-Sugeno

FIS, which means that the output polynomial is a constant.

A fuzzy inference process consists of three parts: fuzzification of the input variables, com-
putation of truth values and defuzzification, as presented in Figure 6.2. The first step takes the
fuzzy inputs s and determines to which degree they belong to each of the appropriate fuzzy sets
via membership functions. A fuzzy set X} is characterized by a membership function p xi (xp)
that associates each point in X} with a real number in the interval [0, 1]. This number represents

the grade of membership of x, to X} [1].

Rule 1
Rule 2

-
Rule n

Se
=

Figure 6.2: Fuzzy Inference System scheme.

After the inputs are fuzzified, for each rule we know to which degree each part of the inputs
is satisfied. If the inputs of a given rule have more than one part, the fuzzy operator is applied to
obtain one number that represents the result of the inputs for that rule. This number is known
as the truth value of the considered rule. The inputs to the fuzzy operator consist of two or more

membership values from fuzzified input variables. The output is a single truth value given by:
z
wi(®) = [ na () (6.1)
h=1

In general, each rule is also described by a membership function which gives the degree of
reliability of the rule. We consider the reliability to be a constant, equal for all the rules. Since
decisions are based on the testing of all the rules in a FIS, the rules must be combined in some
manner in order to make a decision. The input for the defuzzification process is a fuzzy set and

the output is a single number given by:

. (S5) X 0;

O@) = Zi® X0,y (6.2)
> wi(3)

In the following section we present the FQL which is used to approximate the action value

function in RL problems through Takagi-Sugeno FIS [13].
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6.2 Fuzzy Q-learning

Let us consider an input state vector §, represented by L fuzzy linguistic variables. For each RB

r we denote S = {51, ...,5,} the set of fuzzy state vectors of L linguistic variables. For state 5;,
we denote A = {ay,...,a;} the set of possible actions. The rule representation of FQL for state
S; is:

If §is 5;, Then a; with ¢(5;,a1)
or aj with q(Ei,aj)
or a; with ¢(8;,a;)

where a; is the j-th action candidate which is possible to choose for state §;, and ¢(5;,a;) is
the fuzzy Q-value for each state-action pair (5;,a;). The number of state-action pairs for each
state s; equals the number of the elements in the action set, i.e. each antecedent has [ possible
consequences. As one associates actions in every state in Q-learning, one associates several
competing solutions in every rule in FQL. As a result, every fuzzy rule needs to choose an
action a; from the action candidate set A by an action selection policy. A fuzzy Q-value which
is incrementally updated is associated to each conclusion. The result of FQL is the output of
the defuzzification process. The first output is the inferred action after defuzzifying the n rules
and is given by:

o= iz Wixa (6.3)

where w; represents the truth value (i.e. the fuzzy-AND operator) of the rule representation of
FQL for s;, and a is the action selected for state s;, after applying e-greedy two-steps action
selection policy, presented in Section 3.3.2. The second output represents the Q-value for the
state-action pair (§,a), and is given by:

> i wi X q(54,3)

Q(gv a) = Zn—l w;

(6.4)

Q-values have to be updated after the action selection process. Since there is a fuzzy Q-value

per each state-action pair, in each iteration, n fuzzy Q-values have to be updated based on:

where
W

D i Wi
=1 "

and ¢ represents the cost obtained applying action a in state vector § and Q(?,a’) is the next-

Aq(5i,3) = [c(3,a) +7(Q(0,d) — Q(5,a))] x (6.6)

state optimal Q-value defined as:

Z?:l wj X Q(T}Zﬁ a*)

(6.7)
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and

a* = argmin(q(v;,a})) j=1,...,1 (6.8)

is the optimal action for the next state v;, after the execution of action a in the fuzzy state s;.

FQL is performed through a four layer structure FIS. The functionalities of each layer are

the following:

e Layer 1: This layer has as input L linguistic variables each of which is defined by the term
set T'(z). Therefore, considering the number of fuzzy sets it will have z term nodes. Every
node is defined by a membership function with a bell shape form, so that the output O j,

for a generic component x of § is given by:

(z—eM)?

Ol,h = expi (ph)2 h = 1, RN 4 (69)

where ¢ and p" are the mean and the variance of the bell shape function associated to

node h, respectively.

e Layer 2: is the rule nodes layer. It is composed by n nodes and each of them gives as
output the truth value of the i-th fuzzy rule. Each node in layer 2 has L input values, one
from one linguistic variable of each of the L components of the input state vector, so that
the i-th rule node is represented by the fuzzy state vector s;. The layer 2 output O ; is the
product of L membership values corresponding to the inputs. Truth values are represented

as:

L
Oyi=[[O1n i=1....n (6.10)
h=1

e Layer 3: In this layer each node is an action-select node. Here the set of possible actions
for each layer 3 node are [ power levels. In this layer the amount of nodes is n and they
select the action a based on the e-greedy policy explained in Section 3.3.2 and the ¢(5;, )
values are initialized based on expert knowledge. The node ¢ generates two normalized

outputs, which are computed as:

02 i X a
Of =—=2"%  j—1...,n 6.11
3.4 2321 02,d ( )
Oy, X q(§i é)
O =22 20— 1,....n 6.12
372 Zgzl 027d ( )

e Layer 4: This layer has two output nodes, action node Of and Q-value node Of, which

represent the defuzzification method. The final outputs are given by:

0 => 04 (6.13)
=1
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n
of =Y 0%, (6.14)
=1

6.2.1 FQL-based interference management

In this section, the FQL algorithm proposed to perform the aggregated interference control from
femtocells to macrocells, is presented. This solution is given for case study 2, introduced in
Section 4.1.2. Differently from the Q-learning case, in FQL, the components of the state vector
are the actual values of the input variables, which eliminates the subjectivity of the state vector

definition of Q-learning.

FQL power, macro and femto capacity-based (FQL-PMFB)

Figure 6.3 shows the FQL structure for the FQL power, macro and femto capacity-based (FQL-
PMFB) algorithm as a four layer FIS. The functionalities of each layer are the following:

0%=p] 0%=Q(s",P")

Layer 4
Output linguistic
nodes

Layer 3
Action-select nodes

Layer 2
Rule nodes

Layer 1
Input term
nodes

Figure 6.3: FIS structure for the FQL-PMFB algorithm.

e Layer 1: This layer has as input L = 3 linguistic variables, i.e. the femtocell total transmis-
sion power Pow/, the macrocell capacity at RB 7, C7" and the femtocell capacity at RB r,
C™. The input linguistic variables are defined by the term sets: T'(Pow' )= {Very Low (VL),
Low (L), Medium (M), High (H), Very High (VH)}, T(C}")={L, Medium Low (ML), Medium
High (MH), H} and T' (Cﬂc )={L,ML,MH, H}. Therefore, considering the number of fuzzy sets
in the three term sets in layer 1 we have z = |T'(Pow’)| + |T(C™)| + IT(C{)| = 13 term
nodes. Every node is defined by a membership function with a bell shape form (Figure

6.4), so that the output Oy, for a generic component x of § is given by equation 6.9.
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Figure 6.4: Membership functions of the input linguistic variables for FQL-PMFB.

The membership function definitions for the proposed FQL are based on expert knowledge.
In particular, we choose five fuzzy sets for Pow’ term set because the range of values to
be considered is large and, to keep the total femto transmission power below a maximum
value, is a system requirement. For C]"* and C,f fuzzy terms we consider four fuzzy sets per
each one, because both indicators are very important from the system performance point

of view.

e Layer 2: it is composed by n = |T'(Pow')| x |T(C™)| x |T(C7f)| = 80 nodes. Each node
in layer 2 has three input values, one from one linguistic variable of each of the three

components of the input state vector.

e Layer 3: Here the set of possible actions for each layer 3 node are [ = 60 power levels.
Those power levels range from —80 dBm to 10 dBm Effective Radiated Power (ERP).

Different mean and variance values, and the amount of fuzzy sets for the three term sets
description, have been tested through simulations. The actual values used in simulation presented
in this chapter are summarized in Table 6.1. Notice that, subjectivity in the term set definitions
is absorbed by the learning precess in layer 3, due to the inherent adaptive capability of FQL
algorithms. The impact of the particular membership functions shapes (i.e. mean and variance)

is not significant, since the learning process allows self-adaptation of the FIS to the environment.

6.3 Simulation results

This section is divided into two parts. In the first one, simulation results for FQL-PMFB ob-

tained for the single-cell scenario, introduced in Section 2.3.2, are presented. The performance
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Table 6.1: FQL-PMFB simulation parameters

Parameter Value

Total transmission power variance p* h = (0,...,4) 12
Macrocell capacity variance p* h = (5,...,8) 0.32
Femtocell capacity variance p" h = (9,...,12) 0.42

Total transmission power mean values e” -80, -55, -34, -13, 12
Macrocell capacity mean values e 0,0.7, 1.4, 2.2
Femtocell capacity mean values e’ 0, 0.8, 1.7, 2.5

of FQL-PMFB is compared with less complex FQL algorithms in order to represent the pro-
posed approach adaptability. Then, in the second part, the FQL-PMFB is compared with the
Q-learning approach proposed in Chapter 3, in the context of multicell scenario. Results pre-
sented have been obtained for case study 2, introduced in Section 4.1.2. In both cases C’%n was
set at 1.2 Mbit/s.

6.3.1 FQL-PMFB results for the single-cell scenario

In this section we first present the reference algorithms we use to compare the proposed learning

method and then we show some simulation results.

Reference algorithms

The proposed algorithms are compared to two reference FQL algorithms with lower grade of
complexity than the proposed FQL-PMFB and a SPC based on interference measurements
proposed in [14] and presented in Section 4.2.2.

e FQL Power-Based (FQL-PB): The algorithm’s objective is to maintain only the total

femto BS transmission power below a given threshold. The vector state is represented as:

§ = {Pouw'}

And the cost equation is the following:

C_{ K if Pow’ > PE

max?’
0 otherwise

The rational behind this cost function is that the total transmission power of each femtocell

does not exceed the allowed PL, .

Since the structure of this algorithm is very similar to the FQL-PMFB we only highlight

the different parameters.
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— Layer 1: The term set of the input linguistic variables is defined by the following
fuzzy set: T(Pow') = {VL,L,M,H,VH}. The layer 1 of the fuzzy system is composed
by z = |T(Pow’)| = 5 term nodes.

— Layer 2: it is composed by n = |T'(Pow')| = 5 nodes.

e FQL power and macrocell capacity-based (FQL-PMB): This algorithm objective
is to maintain the total femto BS transmission power below the threshold and at the same

time maximize the macrocell capacity. The input state variable is the following:
5 = {Pouw',C™}

and the cost equation:

or Cm<(CM

min?

K if Pow' > PE
c= .
0 otherwise
The rational behind this cost function is that, besides the total transmission power control

of the femtocell, it guarantees that the macrocell capacity is above a desired threshold.

The layered structure is as for FQL-PMFB, but:

— Layer 1: The linguistic variables of the system are defined by the following fuzzy sets:
T(Pow) = {VL,L,M,H, VH}, T(C™) = {L,ML,MH, H}, so that layer 1 is composed by
z = [T(Pow')| + |T(C™)| = 9 term nodes, each one representing a fuzzy term of an

input linguistic variable.

— Layer 2: it is composed by n = |T'(Pow’)| x |T(C™)| = 20 nodes.

We evaluate the fuzzy algorithms behavior in terms of macrocell, average femtocell, total
system capacity and convergence speed. Figure 6.5 depicts the behavior in terms of macrocell
capacity. Analyzing the fuzzy algorithms behavior, we can see that the FQL-PMB and FQL-
PMFB algorithms, differently from the FQL-PB algorithm, are required in their cost equations
to maintain the macrocell capacity above the Cé\]/[in, and so they behave, contrarily to FQL-PB,
which is not required to maintain this target and therefore the agents’ adopted actions do not
contemplate the macrocell system performance. In addition, it is worth mentioning that the FQL-
PMEFB obtains lower values of macrocell capacity than FQL-PMB, since due to its cost function
definition, it also aims at maximizing the femtocells capacity. Femtocells applying FQL, to fulfil
the macrocell performance requirements, can transmit at higher power levels which increases
the femto capacity but decreases the macro one. Finally, the FQL-PMB and FQL-PMFB better
perform than the benchmark algorithm, since when increasing the occupation ratio of femtocells,

it does not adaptively operate to maintain the interference below a threshold.

Figure 6.6 shows the system behavior in terms of average femtocell capacity. It can be

observed that average femtocell capacity decreases with the femtocell occupation ratio due to
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Figure 6.5: Macrocell capacity as a function of the femtocell occupation ratio in single-cell
scenario.

the increase of the femto-to-femto interference in all cases. Since FQL-PMFB include in its cost
equation (6.3.1) the maximization of the femtocell capacity, it is able to increase the average
femtocell capacity up to more than 1 Mbit /s with respect to FQL-PMB and 2 Mbit /s with respect
to FQL-PB. As mentioned before, the FQL-PMFB is able to choose more precise actions, which
allow femtocells to reach higher performances maintaining the macrocell system requirements.
In addition, similarly to the macrocell capacity case, the FQL-PMB and FQL-PMFB algorithms
outperform the SPC algorithm.

Figure 6.7 represents the system behavior in terms of total system capacity. As it was ex-
pected FQL-PMFB has the higher system capacity, outperforming the FQL-PMB and the SPC
algorithm of up to 20 Mbit/s and the FQL-PB of up to 40 Mbit/s. Total system capacity in-
creases with the femtocell occupation ratio since there are more nodes in the network. On the
other hand, femtocells capacity decreases as a function of femto nodes occupation ratio due to

the interference between them.

Finally, to assess the speed of convergence, we compare the iterations before convergence
required by the FQL algorithm and by the Q-learning, under the same conditions, in a scenario
with 70% of femtocell occupation ratio. We define convergence as the iteration point where
the learning process presents a stable behavior, i.e. when analyzing the probability of being
below the capacity threshold, oscillations are not longer present. The FQL increases the speed
of convergence up to 25% with respect to the Q-learning algorithm, since it achieves a stable
behavior with 25% less learning iterations. The reduction of the FQL required iterations to

achieve a stable behavior is due to the previous knowledge that can be embedded in the rules.
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Figure 6.6: Average femtocell system capacity as a function of the femtocell occupation ratio in
single-cell scenario.
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Figure 6.7: Total system capacity as a function of the femtocell occupation ratio in single-cell
scenario.

6.3.2 FQL-PMFB results for the multicell scenario

In what follows we present results in terms of system performances and convergence capabilities

for multicell scenario.

System performance

In the following figures, we compare the Q-learning and the FQL-PMFB results to the SPC and
ITW algorithm [15], introduced in Section 5.3.1.

Figure 6.8 depicts the behavior in terms of macrocell capacity as a function of the femtocell
occupation ratio, p,.. The FQL-PMFB algorithm better performs with respect to the Q-learning

algorithm due to the fact that it is able to find more accurate actions in each state of the envi-
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ronment. This improvement in the system behavior comes associated with the continuous state
and action representation allowed by the FQL-PMFB algorithm, which is the main advantage
with respect to the Q-learning approach. Finally, FQL-PMFB and Q-learning better perform
than the benchmark algorithms, i.e. the SPC and the ITW, since when increasing the occupation
ratio of femtocells, they are not able to adaptively operate to maintain the interference below
a threshold. These algorithms are not able to react to the dynamics of the environment when
users are moving around, femtos are switched on and off, etc. and it is not capable of keeping

memory of previous experience.

=
=)

Y e i ! [ k J
] B S B
9\0\‘\*
,ES.S* 3
=
S5
% 7.5F —¥-Q-learning
% < FQL
2 SPC
© O ITw
o
2 6.5
S
s
= 6L
o
5.5F O
5L
4 i i i i i i
?.5 20 25 30 45 50 55 60

35 40
Occupation ratio p__ (%)

Figure 6.8: Macrocell capacity as a function of the femtocell occupation ratio in multicell sce-
nario.

Figure 6.9 shows the system behavior in terms of average femtocell capacity as a function
of the occupation ratio p,.. It can be observed that average femtocell capacity decreases with
the femtocell occupation ratio due to the increment of the femto-to-femto interference. Both
learning methods try to maximize the femtocell capacity as it is guided by the cost equation.
However, FQL-PMFB is able to better perform with respect to the Q-learning and the SPC
algorithms, thanks to a better adaptation capability. It is worth mentioning that for FQL-
PMFB the same results have been obtained with different membership functions with respect
to those shown in Figure 6.9. As a result, the performances do not significantly depend on the
selected membership function, since the overlaid Q-learning is able to adapt the fuzzy system to
the environment needs. On the other hand, the ITW better perform than the FQL-PMFB, as it
was expected, since it performs an optimal power allocation without considering the macrocell

system performance.

Convergence capabilities

We now discuss the convergence capabilities of the proposed approaches. We compare Q-learning,

to FQL-PMFB and we also study the impact of initializing the inference rules of the FIS in order
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Figure 6.9: Average femtocell capacity as a function of the femtocell occupation ratio for multicell
scenario.

to incorporate in the learning scheme offline expert knowledge. To do this, we implement the
Init-FQL, which consists of an expert initialization of some of the Q-values in layer 3 nodes.
Specifically, the action selection model chooses the action corresponding to the lowest Q-value,
therefore, we propose to initialize the Q-values corresponding to critical states and appropriate
actions at a lower initial value than the rest of actions. In this way, the agent is expected to find
more adequate solutions since the beginning of the learning process, which results in a faster
learning period and a lower interference at macrousers. For instance, Q-values corresponding
to states with “L” macrocell capacity and “L” power levels can be initialized at lower Q-values
than other states. The rational behind this is that if the macrocell capacity indicator is low, this
means that femtocell’s actions may jeopardize the macrouser performance and consequently the

transmission power has to be decreased.

Figure 6.10 show the probability of being above the power threshold as a function of the
learning iterations for a femtocell occupation ratio of 45%. In particular, we compute the average
required iterations for the three learning systems to reach a probability lower than a benchmark
fixed at 2%. Results show that FQL-PMFB needs 57% less iterations than the Q-learning algo-
rithm to reach the target, and the Init-FQL needs 95% less iterations than FQL-PMFB.

Finally, Figure 6.11 represents the probability of being below the capacity threshold as a
function of the learning iterations, for a scenario with a femtocell occupation ratio of 60%. As it
can be observed, in terms of interference, the FQL-PMFB algorithm is able to better adapt its

actions since the beginning of iterations, which results in lower interference at macro system.
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Figure 6.10: Probability of being above the power threshold as a function of learning iterations
when applying FQL.
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Figure 6.11: Probability of being below the capacity threshold as a function of learning iterations
when applying FQL

6.4 Conclusions

In this chapter we have presented a decentralized FQL approach for interference management
in a macro-femto network to foster coexistence between macro and femto systems in the same
band. We have shown that with respect to distributed Q-learning, FQL allows to operate with
detailed and even continuous representation of state and action spaces, reducing the algorithm
complexity. In addition, since previous expert knowledge can be naturally embedded in the fuzzy

rules, the learning period can be significantly reduced.

First, we have compared the FQL for three different environment perception and objectives
in order to show that this system is able to fulfil different requirements from both macrocell

and femtocell systems. These results have been obtained for the single-cell scenario. Then, we
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have applied the proposed FQL to a more complex scenario, the multicell scenario. Here, we
have demonstrated that the proposed scheme outperforms the Q-learning solution and a SPC
heuristic approach and the classical ITW algorithm. Finally, very interesting results appear
when an expert initialization of the Q-values, in the layer 3 of the fuzzy structure, is performed.
With this simple process important gains can be achieved in terms of precision and speed of

convergence.
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Chapter 7

Interference management without
X2 interface support based on
Partial Observable Markov Decision
Process

Results presented in former chapters showed that decentralized Q-learning is able to learn a
policy to maintain the aggregated interference generated by the femtocells at macrousers under
a given threshold. To do this, femtocells need feedback from the macro network about its perfor-
mance and the aggregated impact they are having on it. The 3GPP LTE network architecture
connects neighboring macrocells via the X2 interface [1, 2|. In the solutions given until now
across this thesis, we assumed the existence of an X2’ interface between macrocells and femto-
cells, through which femtocells receive a bitmap feedback from near macrocells, equivalent to the
RNTP indicator standardized in LTE [3], about the interference perceived by the macrousers.
A similar assumption about the existence of an interface between macrocells and femtocells, is

also the basis of several schemes proposed in literature, e.g., [4-6].

The main limit of the approach presented in preceding chapters, is the assumption of the
existence of the mentioned X2’ interface, which has not been yet standardized in release 11 [7].
As a consequence of the lack of direct communication between macrocells and femtocells, the
interference management task becomes even more challenging, since the femto network has to
completely autonomously make decisions without any feedback about the impact it is having
on the victim macrousers. To solve this problem, we rely on the theory of Partially Observable
Markov Decision Process (POMDP) [8], a suitable tool for decision making in scenarios with some
degree of uncertainty, which has been applied to solve several problems in wireless systems e.g.,
power control in wireless sensor networks [9], decentralized cognitive radio spectrum access [10],
spectrum sensing and access in cognitive radio [11], cognitive radio handoff based on partially

observable channel state information [12], network routing [13], coding rate [14], etc.
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POMDP works by constructing a set of beliefs about the current state of the environment
based on empirical observations. In our particular case, the beliefs depend on the service per-
ception that femtocells estimate at the macrouser receivers. We propose that femtocells, based
on the SINR measured at their receivers, build a belief set through spatial interpolation tech-
niques, such as ordinary Kriging [15]. In particular, these beliefs are built by first, estimating the
position of potential victim macrousers and then, by interpolating the SINR in those locations.

The POMDP learning process is then executed based on this estimated information.

The scenario that we consider is that of networked femtocells, proposed in the framework
of ICT BeFEMTO project [16, 17] and presented in Section 2.2. In particular, we focus on
networked femtocell systems for residential and corporative scenarios, where femtocells are able

to exchange signaling information and interact among each other.

The advantage of the proposed solution is twofold. On the one hand, it allows femtocells
to work in a completely autonomous fashion, which responds to the increasing need of self-
organization of the overall network and to the possibility that the X2’ interface will never
be standardized. On the other hand, it avoids the signaling burden on the backhaul network
introduced by the signaling overhead over the X2’ interface required for the Q-learning imple-
mentation. We compare the performances of both cases of femtocells with complete and partial
observation of the environment. Results show that, after a training phase, the proposed solu-
tion for partially observable scenarios is able to solve the aggregated interference management
problem generated by the femto network, while continuously and autonomously adjusting to the
high dynamics of the surrounding environment and without introducing signaling overhead in

the system.

In what follows, first Section 7.1 presents the proposed methodology for partially observable
environments. Then, Section 7.2 introduces the spatial interpolation method used to construct
the required POMDP’s observations. Afterwards, the Q-learning for partially observable environ-
ments is presented in Section 7.3. Finally, Section 7.4 summarizes relevant simulation results for
both cases of complete and partial information applied in both, the single-cell and the multicell

scenarios.

7.1 Proposed learning methodology for partially observable en-
vironments

In this chapter we propose an aggregated femto to macro interference management where fem-
tocells autonomously operate, without receiving any feedback from the macro network through
the X2’ interface, about the interference they are causing to macrousers in downlink opera-

tion. We propose that each femtocell first estimates the position of potential victim macrousers,
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and then estimates the aggregated interference those users may be receiving through a spatial
characterization based on local femtocells measurements. These measurements can be shared
among femtocells since we assume they are networked and can exchange signaling information.
In what follows, we propose a methodology consisting of four steps. Notice that, the informa-
tion gathered in Steps 1 and 2 of the proposed methodology is based on references that will be
provided, whereas in this chapter we will focus on Steps 3 and 4, which are explained in detail

in Sections 7.2 and 7.3, respectively.

Step 1. Femtocells location determination: We assume femtocells to be able to evaluate
their own position through femtocell positioning techniques e.g., as those proposed
in [18] by ICT BeFEMTO project. In femtocells, all location determination algorithms
are included in the HMS [19].

Step 2. Estimation of macrousers position: Based on a Motorola’s proposal discussed
in a patent filed in February 2011 [20], we assume that every time a macrouser is
in the coverage area of a femtocell, it attempts an access to it, which may be either
accepted, in case the macrouser belongs to the closed subscriber group of the femtocell,
or rejected in case the macrouser does not belong to it. If the access is rejected, the
femtocell is aware of the presence of a potential victim macrouser. We also suppose
that the macrouser reports about the RB in which it is operating. When the macrouser
is in the coverage area of at least three femtocells, and has consequently attempted
three accesses, we assume that by some positioning technique e.g., by triangulation, the
networked femtocells are able to jointly estimate the position of the macrouser. Notice
that, differently from what happens in traditional cellular networks, the handover
macro to femto in [20], is not started by the network, but a direct signaling message
(supposed not to be power controlled) is sent from the macrouser to the femtocell. This
is shown in Figure 7.1, extracted from [20], which represents the exchanged messages
between a macrouser and a femtocell when the macrouser attempts to access the

femtocell.

Step 3. SINR estimation at macrouser: Once the femtocells have detected the presence of
a victim macrouser in the coverage area of the femtocell network, and have estimated
their position, we propose that based on the SINR they measure, they perform a spatial
interpolation to approximate the SINR at the victim macrouser position. We perform
the spatial interpolation through the ordinary Kriging interpolator algorithm [15],
which is explained in detail in Section 7.2. The estimated SINR at victim macrousers
will be required in Step 4 as input to the learning process, as a macrocell system

performance indicator.

Notice that the SINR interpolation could be performed in a centralized form at LFGW
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Macrouser Femtocell
send macrouser receive macrouser
identifier identifier
validate macrouser
identifier
receive notification Y agggég
N
Figure 7.1: Messages exchanged when a macrouser attempts to access a femtocell.
level. In particular, the LFGW would perform the SINR approximation based on the
SINR reported by the femtocells through the S1 interface. Then, the LFGW would
communicate the approximated SINR value back to the femtocells, also through the S1
interface. This centralized alternative would diminish the computational requirements
since parallel interpolation processes at the multiple femto nodes would be avoided.
Furthermore, information exchange would be reduced, instead of SINR measurements
exchange among femtocells, they would have to report only once their measurements
and receive back the estimated value by the LFGW.
Step 4. Learning in partially observable environments: With the approximated SINR

estimated in Step 3, agents implemented in the femtocells have enough information
to learn decision policies through the theory of POMDP. The estimated SINR is
the POMDP’s required observation, which provides information about the state of
the environment. Further details of the proposed learning method are presented in
Section 7.3.

7.2 Spatial characterization of interference in femtocell net-
works

In this section, we present the probabilistic analysis and modeling of the interference perceived

at macrousers. This interference modeling is based on the measurements of the SINR gathered

by those femtocells which the user attempts an access to, as defined in Step 3 in Section 7.1.

Femtocells measurements are treated as a realization of a random field, assuming the SINR as

a stationary stochastic process [21]. Once measurements have been gathered, the random field

fitting process is performed in two steps:
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1. A structure analysis of the spatial continuity properties is performed, which consists of
measuring the variability of the measured femtocells SINR, through a variogram model.

Then, one of the available variogram models is selected and properly fitted.

2. The value at an unmeasured location is estimated through an interpolation process using

variogram properties of neighboring data.

We aim to estimate the aggregated interference generated at macrouser receiver Z (z*), whose
location is estimated in position z*. We consider as input the SINR Z(x1), ..., Z(x,) perceived
at n known locations x1, ..., x,, which are the locations of the n closest femtocells receivers. To
evaluate the spatial behavior of the SINR over an area, a variogram analysis among the n known
locations is required. The experimental variogram data are computed as the expected squared
increment of the values between locations x; and x;, characterized as a sample of a random field,

such as:
Vi xj) = E[(Z(2:) — Z(z5))?]

More in particular, for the case of a stationary field, it is possible to use an empirical vari-
ogram based on sample measurements at the n different locations Z(z1),...,Z(x,). First, the
distance is divided in a set of lags with separation h, then distances between measurement sites
||z; — ||, Vi, j, with similar separation, are grouped into bins N (h;) centered in h;. Finally, the

empirical variogram is obtained through:

1 N(h;)
voi=1

vy(hi) =

The empirical variogram cannot be used directly for the interpolation process because not

all the distances are present in the sample data, so that a variogram model is required.

Variogram models are mathematical functions that describe the degree of spatial dependence
of a spatial random field. There are infinitely possible variogram models, and the more commonly
used are linear, exponential, gaussian and spherical. Variogram models are characterized by
sill p(Q), range ag and nugget ¢y parameters, as shown in Figure 7.2, whose values are computed

through the fitting process.

1. The sill, p(Q), is the variogram model upper bound. It is equal to the total variance of the

data set.

2. The range, ag, is the distance h where the fitted variogram model becomes constant with
respect to the lag distance. For the particular case of exponential and gaussian models (see
details of the models in the following) where the variogram model increases asymptotically

toward its sill value, the term practical range is also used, and it is chosen so that the value
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y(h)

(practical) range

o
ugget

Dista:‘r:ceh
Figure 7.2: Generic variogram parameters.
of the resulting exponential or gaussian function evaluated at the practical range lag is
95% of the sill value.
3. The nugget, cg, is the value at which the variogram model intercepts the y-axis.

The following equations characterize the typical examples of variogram models and they are

represented in Figure 7.2.

Linear model:

Pipl, 0 < |h <
v(h) = a%‘ E ‘ |7La0>
o> a0<| ‘a

Spherical model:

3
P2 [1.5%' 0.5 (1) ] , 0<|h] < a,
pg7 Aoy < ‘h|,

v(h) =

Exponential model:

Gaussian model:
= 2
Py(h) pg |:1 — €xXp <_‘a_}:|) :| ) h # 0)

The experimental variogram data are fitted to the variogram model by matching the shape

of the curve of the experimental variogram data ~(x;,x;), with the shape of the mathematical
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function ~(h) by least-square regression. The variogram model parameters are then accordingly
determined. The most appropriate variogram model is chosen by computing the error between

experimental variogram data and the corresponding variogram model values in those points.

Once the variogram model is selected, the interpolation procedure can be performed. Inter-
polation allows the estimation of a variable at an unmeasured location based on the observed
values at surrounding locations. We apply the ordinary Kriging [15] interpolation technique,
whose main advantages are that it compensates the effects of data clustering (i.e. data within
a cluster have less weight than isolated data points) and it provides estimation of errors, which
allows to find the best unbiased estimation of the random field values between the measurement
points. Assuming a stationary field, where the mean expected value E[Z(z*)] = p is unknown
but constant, and the variogram is known, the ordinary Kriging estimation is given by a linear

combination such as: N
Z(x*) =Y \jZ(x;)
j=1

where \; is the weight given to the observed value Z(z;). Weights should be chosen such that
the variance o2(z*) = var(Z(z*) — Z(x*)) of the prediction error Z(2*) — Z(z*) is minimized,

subject to the unbiased condition E[Z(z*) — Z(z*)] = 0. The weights are computed based on

the ordinary Kriging equation system:

A Yz, ) o vz, ae) 1\ T [y(zr, )
)‘q 'Y(quxl) 'Y(xqaxn) 1 ’Y(xqax*)
[ 1 1 0 1

where the additional parameter p is a Lagrange multiplier used in the minimization of the

variance o2(z*) to fulfil the unbiasedness condition DA =1

7.3 Q-learning in partially observable environments

In many real world problems, it is not possible for the agent to have perfect and complete
perception of the state of the environment. As a result, it makes sense to consider situations
in which the agents make observations of the state of the environment, which may be noisy, or
in general do not provide a complete picture of the state of the scenario. This is exactly the
situation of a femtocell network autonomously making decisions without the assistance of the
macro network through the X2’ interface. The femtocells measure the SINR, and through this,
they estimate the SINR at a given position where it has been estimated that a victim macrouser
is located. This information is only a partial and noisy representation of the reality, and is in
general affected by error. The resulting formal model to operate in this kind of environments
is called POMDP ([8][22]. A POMDP is based on a State Estimator (SE), which computes

the agent’s belief state b, as a function of the old belief state, the last action and the current
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observation the agent makes of the environment o, as it is shown in Figure 7.3. In this context, a
belief state is a probability distribution over states of the environment, indicating the likelihood
that the environment is actually in each of those states given the agent’s past experience. The
SE can be constructed straightforwardly using the estimated world model and Bayes’ rule [22].
So a POMDP consists of:

a set of agents IV.

a set of states S.

a set of actions A.

a cost function C : § x A — R.

a state transition function P : S x A — II(S).

a set of observations €.

b

Y

Y
e

Agent

0 —>|

(o )
-

Figure 7.3: Basic structure of POMDP technique.

Similarly to the case of complete information, an optimal policy cannot be found. To im-
plement a solution, we rely on the results in [8], where mechanisms to find reasonably good
suboptimal policies are studied. In partially observable environments, the goal is to find a policy
for selecting actions that minimize an infinite-horizon, discounted optimality criterion, based
on the information available to the agents. The way to proceed is to maintain a probability
distribution over the states of the underlying environment. We call this distribution belief state
B ={b(1),b(2),...,b(k)}, and we use the notation b(s) to indicate the agent’s belief that it is

in state s.

Based on the belief state, we can find an approximation of the Q-function, @y, as follows:
Qu(b) = > b(5)Q(s,a) (7.1)

and we can use (Qp as a basis for action selection in the environment. Once the action a is
selected and executed, the Q-learning update rule has to be generalized, so that the Q-value
Q(s,a), corresponding to state s and action a, is updated according to a weight, which is the

belief that the agent is actually occupying the state s [8]:

Q(s,a) + Q(s,a) + AQy(s,a) (7.2)
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where AQy(s,a) is:
AQy(5.) = ab(s)fe + 7 min QY. @) - Qs, )

where b’ is the resulting belief state, after the execution of action a.

Now, to define the POMDP system, it is necessary to identify the system state, belief state,

action, associated cost and the observations.

e State: The environment state is characterized as defined in equation (4.6). Given the lack
of communication between macrocells and femtocells, the uncertainty in the state definition
is only related with the CA'Z,” indicator. The other state components, i.e. the femtocell total

transmission power and its corresponding capacity are already known by the femtocell.

e Action: The set of possible actions are the [ power levels. Here, the action selection

procedure is performed based on the @ obtained from equation (7.2).

e Belief state: For each learning process, the femtocells have to build the belief state
B = {b(H),b(L)}, defined by two components, i.e. b(H) and b(L), which represent the
belief of the femtocell that the capacity at the macrouser is above or below the threshold,

respectively. These beliefs are the result of the interpolation process.

e Cost: The cost equation is the same as the one defined for completely observable envi-
ronments in equation (4.9), but replacing CA';,“ by C'™. In particular, C'™ is the capacity
of macrocell m in RB r estimated by the interpolation method defined in Step 3 of the
proposed learning methodology.

e Observations: The set of observations € is characterized by all the estimations that the
femtocell has to compute, as described in Steps 2 and 3 of the proposed methodology, which
consist of positioning of the macrouser, and of the estimation of the aggregated interfer-
ence at the macrouser, based on the aggregated interference received by the networked

femtocells.

7.4 Simulation results

In this section we present the simulation results obtained for the POMDP proposed approach.
Again, we divide the results in two parts, the first one presents the outputs obtained for single-
cell scenario, presented in Section 2.3.2 and the second presents the outputs obtained when
applying POMDP in the multicell scenario, introduced in Section 2.3.3, both, for case study

2 and required C%n per RB of 1.2 Mbit/s. More in particular, we present some significant
simulation results regarding the implementation of ordinary Kriging spatial interpolator, the

learning algorithms behavior, and the femto and macro systems performance. We will refer to
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the Q-learning algorithm for completely observable environments, presented in Section 3.2.1 as

Q-learning and to the Q-learning algorithm for partially observable environments as POMDP.

7.4.1 Single-cell scenario results for POMDP

In this section we have considered the spherical variogram model. Figure 7.4 represents the
spherical model fitting curve for the sample variogram obtained for an occupation ratio of
Poc = 60%. As it can be observed, the fitting curve reveals that the sample variogram can be

correlated depending on the distance.

601
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range = 54.3
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Figure 7.4: Variogram fit with spherical model for the single-cell scenario with p,. = 60%.

In order to test the ordinary Kriging estimator performance, we compute an Interpolation
Error (IE) in such a way that the error counter is incremented if the capacity estimated at

femtocells is above the CM

i threshold and the actual capacity perceived by macrouser is below
it and viceversa. Figure 7.5 represents the CCDF which indicates how often the IE is above a
particular level. As it can be observed, the probability to obtain an IE higher than 6% is less
than 8%. Therefore we can affirm that, despite the complexity of the proposed methodology,
errors resulting from the interpolation process can be tolerated. It is also worth mentioning that
we are assuming hard constraints to measure the IE. This means that interpolated values that
are very close to the actual values may still be counted as IEs if the actual and the interpolated

values do not fall into the same side of the C*_ threshold.

min
We now discuss the convergence capabilities of the proposed approach. We compare the
Q-learning process for both cases of partially and completely observable environments. Figure 7.6
represents the probability of being below the capacity threshold as a function of the learning
iterations, for a scenario with a femtocell occupation ratio of po. = 45%. As it can be observed,
in terms of interference, the femtocell applying the learning process with partially observable

environment generates a more unstable performance at macrouser compared to Q-learning with
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Figure 7.5: CCDF of the error of the SINR estimated by femto BS in the single-cell scenario.
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Figure 7.6: Probability of being below the capacity threshold as a function of the learning
iterations in the single-cell scenario.

complete information. This instability is associated to the inherent errors in the femtocells

observations based on which they perform the action selection process.

Figure 7.7 represents the macrocell and femtocell average capacities for partially observable
and completely observable environments. As can it be observed, both learning systems keep the
macrocell capacity above the C%n threshold. As a result, it is demonstrated that through the
proposed approach it is reasonable to operate without the support of X2’ interface in partially
observable environments. However, for the partially observable case, power levels are selected
in a more conservative way with respect to the completely observable case, as a result of the
errors in the observations. This results in higher macro capacities and lower femto capacities
for the partially observable case with respect to the completely observable case. In this sense,
Q-learning with partial information achieves a poorer load balancing in the network, which is

the price to pay for the unavailability of the X2’ interface.
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Figure 7.7: Macrocell and femtocell average capacity as a function of the femtocell occupation

ratio for single-cell scenario.

7.4.2 Multicell scenario results for POMDP

Here, in each learning iteration the most appropriate variogram model is selected based on

the computation of the least squared error, according to which, the variogram parameters, the

sill and the range, are determined. Figure 7.8 represents the linear, spherical, exponential and

gaussian variogram model fitting curves for the sample variogram obtained for an occupation

ratio of p,. = 45%. As it can be observed, the linear and gaussian variogram models present a

better adjustment to the sample variogram. Based on empirical results, we observe that, across

simulations, these two models have been the most widely used to fit the scenario sample data.
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Figure 7.8: Variogram fit with different models for the multicell scenario.

In order to test the ordinary Kriging estimator performance, we represent the CDF of the IE

in Figure 7.9 for different occupation ratios. As it can be observed, the IE is lower than 4% with

a probability higher than or equal to 0.95, for all the studied cases. In particular, it is worth
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mentioning that the error decreases with the occupation ratio due to the availability of more
SINR samples to interpolate, and since it is more likely that the SINR measurements based on
which interpolation is performed are taken by femtocells closer to the macrouser. Therefore, it
is more likely that femtocells measured values are similar to the actual one experienced at the

macrouser.
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Figure 7.9: CDF of the error for the SINR estimated by femtocells in the multicell scenario.

We now discuss the convergence capabilities of the proposed approaches, results are repre-
sented in Figures 7.10 and 7.11. We observe that in all cases the learning process is characterized
first, by a training phase where the agent explores and learns proper decision policies and then,
by an exploitation phase, where these policies are enforced and the algorithm’s behavior is sta-
ble. In particular, independently of the dynamism of the scenario, the system’s objective, defined
in the cost function (4.9), are achieved. We compare the Q-learning process for both cases of
partially and completely observable environments in terms of capacity and total transmission
power, for a scenario with a femtocell occupation ratio of p,. = 45%. Figure 7.10 shows the
probability of being below the power threshold (see Definition 2 in Chapter 3), which is the
first constraint to be met in cost equation (4.9), as a function of the learning iterations. Here,
as it was expected, Q-learning presents a faster convergence behavior than POMDP learning

algorithm, which besides presents more fluctuations.

Figure 7.11 represents the probability of being below the capacity threshold (see Definition 1
in Chapter 3), which is the second constraint to be met in cost equation (4.9), as a function of
the learning iterations. POMDP performances are poorer than Q-learning’s, especially during
the training phase, in the first part of the learning process. The reason is that, by receiving an
explicit feedback from the macro network, Q-learning can learn more quickly the appropriate
policies for decisions. In addition, POMDP performance is affected by the inherent errors in the
femtocells observations, based on which it performs the action selection process. Despite this

longer training phase, we observe that in the exploitation phase POMDP as well correctly learns
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Figure 7.10: Probability of being above the power threshold as a function of the learning itera-
tions in multicell scenario.

how to properly act in the proposed dynamic environment.
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Figure 7.11: Probability of being below the capacity threshold as a function of the learning
iterations in multicell scenario.

Translating the learning iterations, presented in Figures 7.10 and 7.11, into time and con-
sidering that after 100000 learning iterations, the POMDP algorithm presents a more stable
behavior, we can affirm that the learning process takes 100 s. This computation is based on the
fact that the POMDP algorithm does not require feedback from the macrocell system, then, the
learning process can be performed every 1 ms, i.e. LTE scheduling time basis. In next chapter,

an analysis regarding the feasibility of this proposal, is presented.

We now discuss the systems performance in terms of femto and macrousers achieved capac-
ity. Figure 7.12 presents the macrocell capacity for partially and completely observable envi-

ronments, as well as for the SPC algorithm, presented in Section 4.2.2. As it can be observed,
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both learning systems keep the macrocell capacity above the Cn]‘ﬁn threshold. As a result, it is
demonstrated that through the proposed approach it is possible to operate without the support
of X2’ interface in partially observable environments, in compliance with 3GPP specifications.
Notice that POMDP selects an average lower power than Q-learning since, having to operate in
an uncertain and dynamic scenario, it makes more conservative decisions than Q-learning. This
behavior was also observed in the single-cell scenario. This results in higher macro capacity for
POMDP than Q-learning. Both learning systems, however, better behave than SPC, since this
approach, differently from the learning schemes proposed, is not able to timely react to the high
variability that we have introduced in the simulated scenario. This remarkable capacity of the
learning schemes to react to the continuous changes of the surrounding environment, where ap-
propriate decisions policies have been learnt, is the most important distinguishing feature with

respect to non cognitive approaches.
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Figure 7.12: Macrocell capacity as a function of the femtocell occupation ratio for multicell
scenario.

Finally, Figure 7.13 presents the femtocell average capacities for the three algorithms. As it
can be observed, Q-learning offers higher femtocells average capacities than the POMDP and
SPC. The reason is the same as discussed for macrocell capacity, that is, POMDPSs’ transmission
power levels selected by femtocells are more conservative with respect to the Q-learning case,
as a response to the errors in the observations. In particular, we observe through simulations
that power levels selected by Q-learning and POMDP have average differences of up to 5 dB,
which explains the resulting systems performance. As already mentioned, this results in higher
macro capacities and lower femto capacities for the partially observable case with respect to
the completely observable case. In this sense, POMDP achieves a poorer load balancing in the

network, which is the price to pay for the unavailability of the X2’ interface.
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Figure 7.13: Femtocell average capacity as a function of the femtocell occupation ratio for mul-
ticell scenario.

7.5 Conclusion

In this chapter we have presented an autonomous learning algorithm for a heterogeneous network
scenario, consisting of macrocells and femtocells working in co-channel operation, to solve the
aggregated interference generated by the multiple femtocells at macrocell receivers. Differently
from the work presented in previous chapters and from several works available in literature,
we consider 3GPP release 11 compliant architectural hypothesis, according to which the X2’
interface from macrocells to femtocells is not available. The lack of feedback, which could be
gathered through this X2’ interface, makes the interference management problem even more

challenging, since femtocells have to make decisions in a completely autonomous fashion.

The resulting theoretical framework to model the interference management problem is a
stochastic game with partial information, where the agents’ decisions affect the perception of
the environment of neighbor nodes, and where the environment is also affected by the typical
dynamics of a wireless scenario. This game is proposed to be solved by means of the theory of
POMDP, which works by constructing beliefs about the state of the environments. The belief
set is built through the femtocells SINR measurements and by spatially interpolating them
through the ordinary Kriging technique. Extensive simulation results have shown that POMDP
algorithm is able to learn a sub-optimal solution, which guarantees to maintain the macrocell
system performance above a desired threshold, allowing an autonomous femtocells deployment
and avoiding the introduction of signaling overhead in the system when considering both, the

single-cell and the multicell scenario.
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Chapter 8

Memory and computational
requirements for a practical
implementation

When new algorithms are proposed to be included in communication systems, it has to be
considered that they must be embedded in Integrated Circuits (ICs). ICs have limits in terms of
amount of processing capacity in a given amount of time as well as in the information they can
store. Despite the fact that these constraints could preclude the introduction of a given algorithm
in new communication systems, literature regarding this kind of analysis is almost nonexisting,
to the best of the author’s knowledge. In this chapter, in order to test if the proposed learning
approaches can be incorporated in state of the art communication ICs, a study regarding memory

and computational requirements is performed.

In this chapter, first an introduction to the different IC architectures is presented in Sec-
tion 8.1. Then, Section 8.2 introduces the Digital Signal Processors (DSPs) main characteristics.
This section also summarizes the results, in terms of memory and computational requirements,
obtained for Q-learning, presented in Chapter 3, FQL, introduced in Chapter 6, and POMDP,
described in Chapter 7. Furthermore, a comparison between the lookup table and the neural

networks representation mechanisms is presented.

8.1 Integrated circuit architectures

Currently, the majority of communication algorithms are implemented in one or several of the

following IC architectures:

e Digital Signal Processors (DSPs): are specialized microprocessors designed to perform sig-

nal processing algorithms in real-time. DSPs can be potentially reprogrammed by the

133



134 8.2. Practical implementation in state of the art processors

costumer and they can perform mathematical operations faster and with less energy con-
sumption than general purpose microprocessors, since they often include several indepen-
dent execution units that are capable of operating in parallel. DSPs also have hardware
extensions to implement specific computationally intensive algorithms, which allow them

to accelerate efficiently complex processes [1, 2].

e Field Programmable Gate Arrays (FPGAs): are ICs designed to be configured by the
customer or designer after manufacturing. They are formed by numerous logic elements
such as registers, logic gates, multipliers, memories, addresses, etc. and reconfigurable
interconnections. The FPGA is programmable using a hardware description language such
as VHSIC Hardware Description Language (VHDL). This hardware description language
specifies how the internal elements of the FPGA shall be connected in order to perform the
required signal processing algorithms [3]. FPGAs are more powerful than DSPs because
many signal processing blocks can perform in parallel. On the other hand, their energy
consumption at chip level is higher, their hardware structure is more complex, and therefore

more expensive, and they are more difficult to program.

e Application Specific Integrated Circuits (ASICs): are ICs customized for a particular use,
such as signal processing applications, rather than intended for general-purpose use. ASICs
are very expensive to design and they are applicable if thousands or millions of devices
need to be manufactured. Therefore, the design steps to produce ASICs for a specific

application follow a standard product design.

e General purpose microprocessors: Most of the communication ICs also contain general
purpose microprocessors. They are used as control processors and to implement the func-

tionalities in upper communication layers.

The main characteristics to consider when deciding which IC architecture to use, are the
processing requirements of the algorithm, which are measured in Million Instructions per Second
(MIPS) and the complexity of the mathematical operations. For the implementation of the
proposed learning solutions contemplated in this thesis, i.e. Q-learning, FQL and POMDP, we
choose DSPs since they offer enough processing capabilities. Furthermore, there are abundant
and different DSPs available in the market, allowing to choose from a wide range of processors

depending on the features required by the communication system to be implemented.

8.2 Practical implementation in state of the art processors

It is assumed that femtocell BSs functionalities are implemented in DSPs. The study presented
in this section focuses on the memory and computational requirements of Q-learning, FQL and
POMDP when considering DSPs.
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In the past, DSPs used to be simple, with a small group of specific assembly instructions
to perform the mathematical operations. Many applications were programmed in assembly lan-
guage and each instruction required a fixed number of DSP cycles or clock cycles. As a result,
it was fairly easy to predict how many cycles a particular algorithm would take. Nowadays,
most of the DSPs are very sophisticated, except for those that are targeted for very low power
consumption applications. State of the art DSPs have many execution units in parallel and
can perform a variable number of instructions per second, depending on the ordering of the
assembly instructions in the algorithm. They also perform pipelining, i.e. partial overlapping of
instructions in the time domain. Because of this complexity, in nearly all the cases, assembly
language is not a suitable program language for DSPs, instead they are programmed in C (which
is more comfortable for the developer) and the compiler takes care of all the optimization and

instruction packing and reordering.

More in particular, besides common mathematical operations such as addition, multiplica-
tion, division, etc. memory accesses, i.e. memory reading and writing, also consume DSP cycles.
The required DSP cycles for a memory access depend on the type of memory being accessed,
i.e. internal Random Access Memory (RAM), external RAM, Synchronous Dynamic Random
Access Memory (SDRAM), etc. Basic operations also take a different number of cycles depend-
ing on where the data are stored, for instance, adding two numbers stored in DSP registers can
take one clock cycle, while adding two numbers stored in the DSP memory can take one clock

cycle to read each number, one to perform the addition and one to store the result.

Due to all these characteristics, the prediction of the operations or DSP cycles required by
a particular algorithm is a very hard task. In what follows we present a theoretical estimation
of the operational requirements for the mathematical operations required in the learning ap-
proaches, assuming that every basic DSP instruction takes one DSP cycle, except for division,
whose requirements are determined from processors datasheet. Before doing so, it is necessary

to establish which DSP is more appropriate for the considered case.

We assume that femto BSs functionalities are implemented in a DSP C64x of Texas Instru-
ments. In particular, we assume the use of a TMS320C6416 Fixed-Point DSP, commonly used
for communication applications [4]. TMS320C6416 is the DSP with higher performance in the
TMS320C6x series. It has the same DSP core that is embedded in Systems on a Chip (SoCs)
designed for femtocell and LTE applications, such as the TCI6489 [5].

The computational analysis presented in this section does not take into account the compiler
optimizations and the ability of the TMS320C64x DSPs to execute various instructions per clock
cycle. Therefore, this analysis provides an upper bound for the computational resources that are

needed by the algorithms.

In DSPs, addition, multiplication and comparison operations between two numbers as well
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as reading or writing the memory, require one DSP cycle. For the proposed FQL algorithm, more
complex operations are required, i.e. exponentials and divisions. Divisions in a TMS320C6x DSP
need between 18 and 42 operations [6], so that, we assume the worst case of 42 operations. Also,
we consider that exponential functions are solved through the piecewise linear approximation [7],
which results in 11 operations per exponential computation. Table 8.1 summarizes the required

computational expenses of the operations performed by the learning algorithms.

Table 8.1: Operations and their computational requirements

Operation Required Instructions
Memory access 1
Comparison 1
Sum 1
Multiplication 1
Storage 1
Division 42
Exponential 11

In what follows the analysis in terms of memory and computational requirements for a

practical implementation of the Q-learning, FQL and POMDP is presented.

8.2.1 Memory requirements of expert knowledge

In learning algorithms, the expert knowledge can be represented in different ways. The selected
representation mechanism is directly related with memory requirements of the learning method.
We assume femtocells implementing LTE standard with 20 MHz bandwidth channel, which
corresponds to 100 RBs [8]. We also consider a latency of 10 ms over the X2 interface [9, 10] for

the cases of perfect information algorithms, i.e. Q-learning and FQL.

e Q-learning: Since in Q-learning there is a Q-value Q(s, a) per each state-action pair, the
memory requirements for this kind of systems are given by the size of the state and action
spaces. We define the set of possible actions as [ power levels that the femtocell can assign
to RB r and the set of states as k possible states. In the lookup table, each Q-value is
uploaded in 1 B. The considered set of actions is formed by [ = 60 power levels. The amount
of states the agent can perceive depends on the considered state representation. Therefore,
the total memory requirement for a femtocell implementing Q-learning following the case
study 1, with & = 4, is (kx!) - 100 = 24 kB; and for case study 2, with k& = 16, gives
(kxl)-100 = 96 kB.

e FQL: In FQL the knowledge is stored in layer 3, each node in this layer has a Q-value per
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each action, therefore this occupies n x [ B. So, for the implementation of FQL the total

memory requirement for case study 2 is (n x [) - 100 = 480 kB.

e POMDP: For the case of partial information, the memory requirements are the same as
for the Q-learning approach since the knowledge representation used by POMDP is the

same as the one used by Q-learning.

The TMS320C6416 processor only has cache memory, hence the learning algorithms would
use the 1280 MB addressable external SDRAM. The remaining memory would be occupied by
the program code and other LTE functionalities that may be implemented in the same DSP.

8.2.2 Computational requirements

The computational requirements of the learning processes are given by the operations they have

to execute in order to fulfil the representation of the acquired knowledge in a learning iteration.

e Q-learning: The computational cost for Q-learning is given by the Q-value estimation
through equation (3.8) in Section 3.2, which is summarized in Table 8.2. In particular, the
total number of operations required per RB is 246. Since a learning iteration is performed

every 10 ms, the average latency of the X2 interface, the total amount operations is then

2.46 MIPS.
Table 8.2: Computational requirement for Q-learning

Operations Required Instructions

Identification of current and next state in the Q-table 2

Memory access 2 x 1
Comparison 2 x (I-1)

Sum 3
Multiplication 2

Storage 1

e FQL: For FQL, the computational requirements are given by the processes performed in
each node of the four layers of the FIS. Here, some exponential operations are required in
layer 1 to compute the membership values, equation (6.9), and some divisions are required
to compute the outputs of layer 3 based on equations (6.11) and (6.12), as presented in
Section 6.2. The computational operations of each layer are summarized in Table 8.3.
The amount of operations per RB learning task is 195053. Therefore, the total operations
required are 1950.53 MIPS.
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Table 8.3: Computational requirement for FQL

Layer Nodes Required Instructions
Layer 1 z 11 x 2

Layer 2 n 3 xXn

Layer 3 n 2x(14+42+(n—1)) xn
Layer 4 2 3x(n—1)
Memory access 2x (I xn)
Comparison 2x(l=1)xn
Q-value location 2xn

Storage n

e POMDP: The computational cost in POMDP algorithm is determined by the computa-
tion of the Q-value and by the operations required in the spatial interpolation process. We
consider two possible belief states, so that, two Q-values have to be updated according to
weights b in each learning iteration. Similarly to what described in Table 8.2 for Q-learning,
2428 operations are required for executing the POMDP according to equation (7.2) given
in Section 7.3. The computational complexity of Kriging spatial interpolation to estimate
the macrocell capacity, C’;”, depends on many aspects such as the variogram fitting, the
number of femtocells providing measurements, etc. We estimate a number of operations
around 10000. Since this information is local, the learning process is not subject to any
time constraint related to interfaces among entities and can be performed e.g., every 1 ms,
which is the LTE scheduling period. In this case, the total amount of operations is around
1242.8 MIPS.

Table 8.4: Computational requirement for POMDP

Operations Required Instructions
Q-value computation 2428
C" computation ~ 10000

The TMS320C6416 processor has a maximum capacity of 8000 MIPS [4], so that Q-learning,
FQL and POMDP algorithms can be implemented in the IC together with other LTE algorithms.
It is worth mentioning that both, FQL and POMDP are computationally more expensive than
Q-learning, which relies on feedback received from the macro network. For the case of FQL this
is the cost of having faster learning processes and continues state and action representation. For
the case of POMDP, this is the price to pay for the non availability of the X2’ interface. The
advantage of POMDP is, on the other hand, the 3GPP standard compliance.
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8.2.3 Comparison of neural networks and lookup table representation mech-
anisms for Q-learning

Q-learning is based on quantifying, by means of the Q-function, the quality of an action in a
certain state. The learned Q-values have to be stored in a representation mechanism. In this
thesis we have been considering the lookup table as representation mechanism however, when
the number of state-action pairs is large, the lookup table becomes unfeasible, so that there
is the need for a more compact representation mechanism. A proposal has been described in
Chapter 6, based on combining fuzzy logic and Q-learning. Another option is to use neural
networks to estimate the Q-values. In this section we focus on the neural network option and
we compare it, in terms of memory and computational requirements, with the lookup table

representation mechanism for case study 2.

The neural network representation structures are compact and scalable [11]. We consider a
neural network with three layers, input, hidden, and output layers, as it is shown in Figure 8.1.
The N; nodes at input layer represent the state-action space, therefore, there is an input node
per each state indicator possible value, and per each action, resulting in N; =2+2+4+4+1[ = 68.
The amount of nodes in the hidden layer, N, is approximately the square root of the number
of nodes in the input layer [11], then Nj, = 8. The output layer consists of N, nodes computing
the approximated Q-value for a certain state-action pair, thus N, = 1. All nodes in one layer are
connected with all nodes in the next layer, so that the neural network is fully interconnected.
Fach connection between a couple of nodes is associated with a weight, which represents the
synaptic strength of the connection, so that it determines the impact that each node has on
the decision making process. The ability of the neural network to correctly approximate the
Q-values, lies on the proper selection of the weights, which have to be trained by means of a

learning process. For this purpose, it is considered the error back propagation [11].

CVm > CILI
r =

min

P

P

Figure 8.1: Neural network scheme.

The nodes in the input layer are passive. Instead, nodes in hidden and output layers are

active. This means that they process data through their activation function. We propose the use
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of a linear activation function for the output node, to produce Q-values of arbitrary magnitude.

In turn, for hidden nodes, we consider a sigmoid function, sig(z), defined as follows:

1

sig(x) = = (8.1)

which requires 54 operations, considering the operation requirements summarized in Table 8.1.

The error value propagated in the back direction is AQ(s,a), defined in equation (3.9).
Computational requirements in each layer of the neural network are summarized in Table 8.5.

Table 8.5: Computational requirement for neural network

Layer Nodes Required Instructions

Layer 1 N; N;

Layer 2 Ny, (54 4+ 2 x N;) x N,

Layer 3 N, 242 x Ny,
Backpropagation Np(142x N;)+ 71 x (N; X N + N x N,)

The computation of each Q-value in case of neural network, requires approximately N; +
(5442 x N;) X N +242x N, = 1606 operations. In addition, the neural network has to account
for the cost of the back propagation to update the weights. In the back propagation method
signals are propagated from output to inputs one after the other and the connection weight
used are equal to the ones used during the computation of the output value. Only the direction
of data flow is changed. Then, when the error signal for each neuron is computed, the weights
coefficients of each neuron input node may be modified. The new weight of the connections is
the derivative of the neuron activation function. Derivative of activation function used in the

hidden nodes requires 71 operation according to Table 8.1.

Back propagation results in Np(1 + 2 x N;) + 71 x N; + Nj, = 5992 operations, for every
Q-value update. This amount of operations accounts for two processes, the first one correspond
to the propagation of the error signal AQ(s,a) back to all neurons, Nj(1 + 2 x N;), and the
second process corresponds to the modification of the weights coefficients of each neuron con-
nection, 71 x N; + Np,. Then, the approximate total number of operations to update a Q-value
when using neural networks is 7598 operations. We conclude that the advantages of the neural
network representation mechanism are the limited memory requirements and scalability, whereas
the main drawback is the increased number of computational operations, with respect to those
needed by the lookup table representation mechanism. In any case, the total amount of opera-
tions required by the neural network is about 75.98 MIPS, therefore, it can be implemented in
the TMS320C6416 processor.

Table 8.6 presents a comparison regarding the memory requirements and computational

complexity of both the lookup table and neural network representation methods, considering



Chapter 8. Memory and computational requirements for a practical implementation 141

that a learning iteration is performed every 10 ms. In particular, the memory required by the
neural network to store the knowledge is determined by the number of weights and consequently,
by its number of connections N; x Ny + Np, X N, = 552. The memory requirements of the lookup
table are 40 kB higher than those of the neural network.

Table 8.6: Comparison between lookup table and neural network representation mechanisms

Method Memory (kB) MIPS
Lookup table 96 2.46
Neural network 55.2 75.98

8.3 Conclusions

This chapter presents a study regarding the requirements of the proposed Q-learning, FQL and
POMDP approaches, when they are embedded in ICs. The analysis is performed assuming that
femtocell BSs are implemented in TMS320C6416 processors. Evaluation is performed in terms
of memory and computational requirements and results show that state of the art processors

can support the proposed learning approaches.



142 Bibliography
Bibliography
[1] J. Eyre and J. Bier, “The evolution of DSP processors,” IEEE Signal Processing Magazine,

[2]

[5]

[6]

[11]

vol. 17, pp. 43-51, March 2000.

S. W. Smith, Digital Signal Processing: A Practical Guide for Engineers and Scientists.
Newnes, 2002.

The “FPGA place-and-route challenge”. [Online|. Available: http://www.eecg.toronto.
edu/~vaughn/challenge/challenge.html

Tms320c6416 fixed-point digital signal processor. [Online|. Available: http://focus.ti.com/
lit/ds/symlink /tms320c6416t.pdf

Ref. t¢i6489. [Online|. Available: http://www.ti.com/litv/pdf/sprt522a

Y.-T. Cheng, “TMS320C6000 integer division,” Texas Instruments Application Report,
Tech. Rep. SPRAT07, October 2000.

M. Bajger and A. Omondi, “Implementations of square-root and exponential functions for
large FPGAs,” in Asia-Pacific Computer Systems Architecture Conference, 2006, pp. 6-23.

S. Sesia, 1. Toufik, and M. Baker, LTFE, The UMTS Long Term Evolution: From Theory to
Practice.  Wiley Publishing, 2009.

3GPP, “X2 Application Protocol (X2AP) (Release 8),” 3GPP TS 36.423 V8.2.0 (2008-06),
June 2008.

——, “X2 General Aspects and Principles (Release 8),” 3GPP TS 36.420 V8.0.0 (2007-12),
Dec. 2007.

S. Haykin, Neural Networks: A Comprehensive Foundation. New York: Macmillan, 1994.



Chapter 9

Conclusions and Future Work

This thesis has proposed modeling femtocells as decentralized agents with learning capabilities.
The objective is to control the aggregated interference that multiple femtocells working simulta-
neously can generate at macrocell users. The use of a decentralized model allows us to divide the
computational load between the multiple femto nodes, introducing scalability and robustness to
the network. The introduction of learning capabilities in the femtocells enables a highly adap-
tive and autonomous behavior, which perfectly fits with the paradigm of heterogeneous networks
and current self-organized trends in wireless communications. The proposed learning approach
is based on the RL theoretical framework, which allows agents to construct their knowledge
based on online interactions, without requiring a transition model between states. The technical
chapters of this thesis have hence been focused on the design of learning approaches with com-
plete and partial information, discrete and continuous state and action spaces representation

and cooperative capabilities.

9.1 Summary of results

Currently, interference management in femtocell systems is one of the key open issues that
hampers the massive deployment of this technology. That is the reason why the 3GPP stan-
dardization body has proposed dense-deployed scenarios models to study the interference in
HeNB/eNB heterogeneous systems. Based on these recommendations, two scenario models, the
single-cell and the multicell scenarios, presented in Chapter 2, have been designed to test the
proposed solutions. Femtocells are installed by end users, then, a centralized RRM is not fea-
sible due to scalability issues and the macrocell lack of information regarding its underlaying
femtocells. For that reason, recently, attention to solve the RRM in femtocell systems has been
focused on autonomous and self-organized solutions. In this thesis, self-organization of femto-
cells is accomplished following model-free TD learning methods to control the interference that

multiple femtocells simultaneously transmitting can cause at macrocell users.
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Among the multiple TD learning methods, Chapter 3 presents a comparison between an on-
policy method, called Sarsa, and an off-policy method, the Q-learning approach. We compared
both algorithms in terms of cost value, system performance and their capacity to fulfil the
established constraints, as a function of the learning iterations, in order to select the most
suitable one, given the proposed interference problem. Based on the obtained results, we selected
the off-policy method, i.e. the Q-learning approach. This decision has been driven by the better
performance given by the Q-learning algorithm since the very beginning of the learning process,
which allows guaranteeing less damage to macrousers due to the presence of the femtocells. This
chapter also deals with the design details of the learning algorithm, resulting in the selection of
a discount factor, v = 0.9, a learning rate, a = 0.5, and the e-greedy two-steps action selection

policy.

Chapter 4 shows that macrocell user capacity and total transmission power constraints can
be fulfilled in both single-cell and multicell scenarios with the proposed learning approach. To
this end, some information regarding the macrocell user capacity must be conveyed from the
macrocell to its underlaying femtocells. This information is proposed to be sent through a X2’
interface between macrocells and femtocells, as contemplated in the functional architecture, pre-
sented in Section 2.4 and also supported by the BeFEMTO consortium [1]. This chapter presents
a solution for the inclusion of the learning approach required information in 3GPP systems re-
lated to the interference perceived by the macrocell users and the macrousers scheduling in the
future. Relying on this information, femtocells can then perform a transfer learning among inter-
nal tasks, carrying out a macrouser oriented learning process, which will guarantee to cause less
damage to the macrouser performance, given that state transitions would be smoother while the
macrouser session remains open. Hence, the interference at macrousers can be better controlled,

mostly for the case when agents are starting their learning process.

Results discussed in Chapters 3 and 4 show the drawbacks of decentralized online learning
algorithms: the length of the training process, oscillatory behaviors, just to name a few. As a
solution to this problem, the paradigm of docition has been introduced in Chapter 5. Following
this cooperative technique, it has been shown that femtocells can learn the interference control
policy already acquired by neighboring femtocells, which have been active during a longer time
and have already learnt proper decision policies. This translates in less interference at macrousers
and less energy consumption due to the decrease of required learning iterations. In any case,
further research is needed in this interesting field since there are multiple open issues that still
require to be fulfilled. For instance, the quantification of the degree of intelligence of one agent,

what information to teach, when to perform the docition, etc.

Another aspect which has been considered in this thesis is the use of a discrete state and
action representation. The correct selection of these sets highly influences the learning process

performance and speed of convergence. Also, when states and actions need to have a detailed
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representation, the use of simple knowledge representation (i.e. lookup tables), is more compli-
cated due to the memory requirements and the increment in the learning search space. Tackling
these aspects, Chapter 6 combines Fuzzy logic with RL, resulting in the FQL approach, which
allows to operate with detailed and even continuous representations of state and action spaces,
reducing the algorithm complexity. In addition, since previous expert knowledge can be naturally
embedded in the fuzzy rules, the learning period can be significantly reduced. Results show that
the proposed scheme outperforms the Q-learning and a heuristic approach introduced by 3GPP
and that, with a simple expert initialization of the Q-values, important gains can be achieved

in terms of precision and speed of convergence.

For the state representation in the learning processes defined in Chapters 4, 5 and 6, existence
of a X2’ interface between femtocells and macrocells is assumed. The standardization of the men-
tioned interface has not been contemplated in last 3GPP releases, so that this assumption is not
yet standard compliant. In order to provide a solution which could be implemented in current
3GPP systems, Chapter 7 deals with the problem of making decisions without feedback from the
macrocells to the femtocells about the interference perceived by the macrouser. Then, the inter-
ference management problem is modeled by means of the theory of POMDP, which works by
constructing beliefs about the state of the environment. The belief set is built through the net-
worked femtocells SINR measurements and by spatial interpolating them through the ordinary
Kriging technique. Results show that the POMDP algorithm is able to learn a sub-optimal solu-
tion, which guarantees to maintain the macrocell system performance above a desired threshold,
allowing a completely autonomous femtocell system deployment and avoiding the introduction

of signaling overhead.

Finally, Chapter 8 presents a study about the memory and computational requirements of
proposed solutions and concludes that state of the art processors can support the introduced

learning approaches.

9.2 Future work

The work presented in this thesis left multiple investigation lines open for future work. In what

follows we summarize the most important ones.

e The solutions presented in this thesis have been stated from a decentralized point of
view, given the important advantages of this form of modeling. Nevertheless, it lacks a
comparison with a centralized solution in order to have a quantitative measure of the
gains introduced by the decentralization in the RRM procedures. Centralized solutions
commonly have better performance given their complete knowledge about the system.

However, they are difficult to implement, require large signaling and can incur in important
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delays. On the other hand, decentralized systems are fast and require little signaling, but
can result in sub-optimal behaviors, given their partial knowledge about the system and
usually show a slow convergence time. Therefore, comparisons have to be measured as
tradeoffs. In femtocell systems, a centralized solution could be implemented at the LEFGW,
presented in Section 2.4 and introduced in the BeFEMTO deliverable D 2.2 [2].

The problem we have considered in this thesis can be formulated as a centralized problem

as follows:
R
BW
maximize — log, (1 + SINRf)
wiF Zl R '
s.t. Pow! < PE

max

BW
TlogQ(l—I—SINRT) >cM  r=1,...,R

which is a non-convex problem. An optimal solution to this problem, to the best of the
authors knowledge, would require an exhaustive search over the feasible set of transmit
powers, which entails high complexity. On the other hand, to solve this problem through
learning techniques is not feasible due to scalability issues given by the potential amount of
femtocells. Further work to find a feasible solution to this problem remains as future work.
We then propose, as a possible starting point, to investigate the possibility of performing
the RRM at the LFGW following the solution given in [3] for large scale systems, which

combines model predictive control, multiagent systems and RL.

Another important aspect, when dealing with decentralized systems, is the convergence to
an equilibrium point. Some work has been developed in the context of a collaboration with
Dr. Eitan Altam and has been recently submitted to the 6th International Conference on
Performance Evaluation Methodologies and Tools (VALUETOOLS 2012). Tt has not been
included in this thesis since further results still have to be obtained. We can summarize,

however, the main idea of the contribution.

We propose to model the interference problem as a non-cooperative n-person game, where
players are the multiple femtocells facing an optimization problem with restrictions. De-
pending on the relationship between the set of strategies and the utility function of each
agent and other players’ strategies, n-person games can be classified in three models: or-
thogonal, coupled and generalized. We focus on coupled constraint games since our play-
ers aim to maximize their individual utility, subject to a common global constraint, the
total interference at macrocell users. We follow the Generalized Nash Equilibrium Prob-
lem (GNEP) natural extension of the standard Nash equilibrium concept proposed by Nash
for players sharing common resources or limitations [4]. GNEP is currently widely used

in multiple and different fields, since it perfectly describes competition situations in dis-
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tributed decision making systems. Some routing games with capacity constraints have this
structure, where the set S; of available strategies to player ¢ are those for which the sum
of flows in each link cannot exceed the link’s capacity. It is an extension of the constrained
satisfaction games recently introduced by Perlaza et al [5]. GNEP solution in n-person
non-cooperative games with common constraints gives infinitely many solutions. In order
to select a unique equilibrium point among the solutions of the game, we propose to follow
the approach proposed by Rosen in [6], which is known as normalized equilibrium, since

it has suitable properties for decentralized scenarios.

We consider N non-cooperative players, i.e. the N femtocells in the system, where player
f =1,..., N controls the variable p{f € R™. Let p, be the N-dimensional vector of all
players strategies with dimension n = chvzl ny and p; 7 the N — 1 vector formed by all
players’ strategies but f. Let S C R™ be a compact convex set and R is a convex compact

set of constraints.

Each player in the game has a utility function, Uf : R* — R. An equilibrium in this
game consists of a vector p* € R such that for each player f, Uf (p,f: ) attains its maximum
over all pf for which (pf ,0i[—f]) € R. Here, (p{ , Dr ! *) is the policy obtained from p*
by the strategies of all players, except for that player f who uses pf instead of py. The

maximization problem is then given by:

maximize U (p/,p-/) subject to pl e p/(p;7) (9.1)

T T

We consider the setting in which the achievable utility of all femtocells is given by the

convex region v defined by the set of constraints:

Z}Vﬁ hipl < Iy
0<pl <PE

max

where Iy, is an interference constraint at macrouser u”*. Every player f maximizes its own
utility U/, which is assumed to be a strictly concave increasing function of its strategy
vector p/. We assume that the utility of a player depends only on its own strategy. The
interference constraint Iy, at macrousers is a common constraint that all player strategies
are required to satisfy. Therefore, this places this game in the category of coupled con-
straints defined by Rosen [6]. In games with coupled constraints the choice of strategies of

a player depends on the strategies chosen by other players.

e In this thesis it has been proven that the correct selection of some tuneable parameters in
the learning algorithm i.e. learning rate and learning period, as well as a smart Q-table
initialization, can bring important gains in the learning process in terms of speed of conver-
gence and accuracy, from the beginning of the learning process. For the learning algorithm

tuneable parameters, it could be interesting to test state-action pair driven learning rate
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(o) as presented in [7]. State-action pair driven learning rate consists in diminish every
time the action is selected the « in the knowledge update of AQ. Some work regarding this
issue can be found in [8], where the asynchronous @Q-learning is proposed. The duration of
the learning period is related to one of the main challenges in RL approaches, that is the
tradeoff between exploration and exploitation. Therefore, the selection of the learning pe-
riod is a key factor in learning processes. In our work, we assumed a fixed learning period,
after which the exploration is eliminated. The introduction of state driven exploration
could guarantee a better adaptation when large state problems are formulated. We plan

to improve our algorithm at this point following the work presented in [9].

On the other hand, for the lookup table initialization, in Section 4.3.1 we presented a
very simple initialization method, which we called Init Q-learning, and we showed the
previously mentioned advantages. Furthermore, in this framework, some cooperative work
has been done with Meryem Simsek [10], from Universitdt Duisburg-Essen. In this paper
we have proposed that every time a new state is visited, the corresponding Q-values of
the row in the Q-table representing the given state are initialized as a function of received
cost after the execution of the selected action. We consider that further research on this
aspect is required since smart initialization procedures of the Q-table can bring notable

improvements regarding the main drawbacks in distributed learning algorithms.

We propose to introduce the given solutions in a LTE simulator in order to test the pre-
sented self-organization techniques in a more realistic environment. To do this we are con-
sidering the ns-3 simulator developed as part of the LTE-EPC Network Simulator (LENA)
project, realized by Ubiquisys and CTTC, which is completely 3GPP standard compliant.
The following step would be to introduce the proposed algorithms in a networking test
bed such as the one developed at CTTC in the framework of BeFEMTO project.

Another interesting point to be fulfilled is the combination of FQL and POMDP tech-
niques, which would allow to achieve a completely autonomous learning algorithm based
on POMDP, with better performances in terms of speed of convergence and accuracy, in-
troduced by FIS. To this end, we propose to follow the solution presented in [11], where the
authors introduce the fuzzy multiagent POMDP algorithm, which successfully combines
FQL and POMDP in such a way that the FIS based RL controller approximates optimal

policies for multiagent POMDPs, modeled as a sequence of Bayesian games.



Bibliography 149

Bibliography

1]

[9]

[10]

“D2.1: Description of baseline reference systems, use cases, requirements, evaluation and
impact on business model,” EU FP7-ICT BeFEMTO project, Dec. 2010.

“D2.2: The BeFEMTO system architecture,” EU FP7-ICT BeFEMTO project, Dec. 2011.

V. Javalera, B. Morcego, and V. Puig, “Distributed MPC for large scale systems using
agent-based reinforcement learning,” in 12th IFAC Symposium on Large Scale Systems:
Theory and Applications (2010), 2010.

F. Facchinei and C. Kanzow, “Generalized Nash equilibrium problems,” Annals OR, vol.
175, no. 1, pp. 177-211, 2010.

S. M. Perlaza, H. Tembine, S. Lasaulce, and M. Debbah, “Satisfaction equilibrium: A general
framework for QoS provisioning in self-configuring networks,” in GLOBECOM, 2010.

J. Rosen, “Existence and uniqueness of equilibrium points for concave N-person games,”
Econometrica, vol. 33, no. 3, pp. 520-534, 1965.

R. S. Sutton and A. G. Barto, Reinforcement Learning: An Introduction. The MIT Press,
1998.

E. Even-dar and Y. Mansour, “Learning rates for Q-learning,” in Journal of Machine Learn-
ing Research, vol. 5, 2003, pp. 1-25.

Y. Achbany, F. Fouss, L. Yen, A. Pirotte, and M. Saerens, “Managing the
exploration/exploitation trade-off in reinforcement learning,” Information System Unit,
Universite cathaolique de louvain, Belgium, Tech. Report, 2005, available online (20 pages).
[Online|. Available: http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.137.9971

M. Simsek, A. Czylwik, A. Galindo-Serrano, and L. Giupponi, “Improved decentralized Q-
learning algorithm for interference reduction in LTE-femtocells,” in Conference on Wireless

Advanced, 20-22 June 2011, London, UK, 2011.

R. Sharma and M. T. J. Spaan, “A Bayesian game based adaptive fuzzy controller for multi-
agent POMDPs,” in FUZZ-IEEFE 2010, IEEE International Conference on Fuzzy Systems,
Barcelona, Spain, 18-23 July, 2010, Proceedings, 2010.



150 Bibliography




Appendix A

Notation

« Learning rate.

B SPC algorithm parameter expressed in dB.

~ Discount factor.

~v(h;) Empirical variogram.

Y(zi, x5) Experimental variogram data of the values between locations z; and x;.

Af Subcarrier width.

€ Probability of selecting actions randomly.

n SPC linear scalar.

0 Angle from user to the antenna.

O3aB Angle from central lobe at which the gain reduces to half the maxim-
um value.

Aj Weight given to the observed value in a given location.

Followed policy.
Optimal policy.

I Variogram model sill.

o Variance of the bell shape function associated to FIS Layer 1, node h.
o? Noise power.

T Softmax action selection policy temperature.

a Current state selected action.

a Next state selected action.

agp Range, distance where the fitted variogram model becomes constant.
A Set of actions.

Az Azimuth antenna pattern.

Az, Maximum possible attenuation due to sectorization.

b Belief state.

BW Total bandwidth.
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Cost value.

Nugget, value at which the variogram model intercepts the y-axis.
Cost function.

Capacity of femtocell f.

Capacity of macrocell m.

Macrocell minimum capacity per RB.

Total system capacity.

Total distance between BS and UE.

Total indoor distance BS and UE.

Inter-site distance.

Mean value of the bell shape function associated to FIS Layer 1, node h.
Reference signal received power per Resource Element (RE) at the femto
node.

Femtocell, agent.

Femtocell block number of floors.

Blocks of apartments.

Link gain between transmitting femtocell f and its UE /.

Link gain between transmitting femtocell f and UE u™ of macrocell m.
Link gain between macrocell m and UE uf in femtocell f.

Link gain between transmitting macrocell m and its UE «™.
State indicator for femtocell system aggregated interference.

State set size.

Constant value in cost function.

Number of actions, number of femtocell transmission power levels.
Linguistic variables.

Macrocell.

Set of macrocells.

Number of macrocells.

Set of femtocells, agents.

Number of femtocells.

Thermal noise.

Number of sub-carriers.

Transmission power vector of femtocell f.

Transmission power vector of macrocell m.

Femtocell occupation ratio.

Downlink transmission power of macrocell m in RB r.

Downlink transmission power of femtocell f in RB r.

State transition probability.
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Femtocell maximum total transmission power.
Femtocell minimum total transmission power.
Macrocell maximum total transmission power.
State-action value function.

Resource block.

Number of RBs.

Observed state.

Set of states.

SINR at UE «/ allocated in RB r of femtocell f.
SINR at UE 4™ allocated in RB r of femtocell m.
macrouser SINR threshold.

Time step.

Term set.

Femtocell UE.

Macrocell UE.

Femtocell associated UEs.

Macrocell associated UEs.

Next state.

State value function.

Single true value.

Number of walls separating apartments.
Indoor wall penetration losses.

Outdoor wall penetration losses.
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Appendix B

Acronyms and Definitions

2G Second-Generation
3G Third-Generation
4G Fourth-Generation

3GPP  3rd Generation Partnership Project
Al Artificial Intelligence

ANR Automatic Neighbor Relation

AMC Adaptive Modulation and Coding

AS Access Stratum

ASIC Application Specific Integrated Circuit
BS Base Station

CAPEX Capital Expenditures

CCDF  Complementary Cumulative Distribution Function
CDF Cumulative Distribution Function
CSG Closed Subscriber Group

DeNB  Donor evolved NodeB

DL-HIl  Downlink High Interference Indicator
DM Domain Management

DSCP Differentiated Services Code Point
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DSL Digital Subscriber Line
DSP Digital Signal Processor
EM Element Management
eNB Evolved NodeB

EPC Evolved Packet Core
EPS Evolved Packet System
ERP Effective Radiated Power

ETSI BRAN European Telecommunications Standards Institute Broadband Radio Access
Networks

E-UTRAN Evolved Universal Terrestrial Radio Access Network
FDD Frequency Division Duplex

FIS Fuzzy Inference System

FPGA  Field Programmable Gate Array

FQL Fuzzy Q-learning

GNEP  Generalized Nash Equilibrium Problem
HARQ Hybrid Automatic Repeat Request
HeNB  Home eNodeB

HeNB GW HeNB Gateway

HMS HeNB Management System

HSPA  High Speed Packet Access

HSDPA High Speed Downlink packet Access
HSS Home Subscriber Server

IC Integrated Circuit

IMS IP Multimedia Subsystem

IP Internet Protocol

ITW Iterative Water-Filling
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LAN

LFGW

LIPA

LOS

LTE

LTE-A

MAB

MDP

MIB

MIMO

MIPS

ML

MME

MCS

NAS

NGMN

NM

NSCP

OA&M

OFDM

OFDMA

OPEX

PBL

PBCH

PCI

PCRF

Local Area Network

Local Femtocell GateWay

Local TP Access

Line of Sight

Long Term Evolution

LTE-Advanced

Multi-Armed Bandit

Markov Decision Process

Master Information Block

Multiple-Input Multiple-Output

Million Instructions per Second

Machine Learning

Mobility Management Entity

Modulation and Coding Scheme

Non-Access Stratum

Next Generation Mobile Networks

Network Management

Non-stationary Converging Policies
Operation, Administration and Maintenance
Orthogonal Frequency Division Multiplexing
Orthogonal Frequency Division Multiple Access
Operational Expenditure

Problem Based Learning

Physical Broadcast Channel

Physical Cell Identity

Policy and Charging Rule Function
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PDSCH Physical Downlink Shared Channel

P-GW  Packet Data Network Gateway

PL Path Loss

POMDP Partially Observable Markov Decision Process
QoS Quality of Service

RAM Random Access Memory

RAT Radio Access Technology

RB Resource Block

RE Resource Element

RF Radio Frequency

RL Reinforcement Learning

RNC Radio Network Controller

RNTP Relative Narrowband Transmit Power
RRC Radio Resource Control

RRM Radio Resource Management

RSRP  Reference Signal Received Power
RSRQ  Reference Signal Received Quality
SAE System Architecture Evolution

SB Scheduling Block

SDRAM Synchronous Dynamic Random Access Memory
SE State Estimator

S-GW  Serving Gateway

SIB System Information Block

SINR Signal to Interference Noise Ratio
SIPTO Selected IP Traffic Offload

SoCs Systems on a Chip
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SON Self-organized Networks

SPC Smart Power Control

SRG Signals Research Group

TD Time Difference

TDD Time Division Duplex

UE User Equipment

UMTS  Universal Mobile Telecommunications System
URBA  User Resource Block Allocation

UTRAN Universal Terrestrial Radio Access Network
VHDL VHSIC Hardware Description Language
WCDMA Wideband Code Division Multiple Access
WIMAX Worldwide Interoperability for Microwave Access

WLAN Wireless Local Area Network
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