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Summary

Early works on the capacity of the wireless relagrnel date back more than 30
years. In its genuine version this channel consisthree nodes: a source transmits data
to a destination with the help of a relay. In théotmation Theory community, various
coding strategies have been proposed and theie\adtie rates have been derived for the
three-node relay channel and its extensions toiphalrelays, multiple sources and
destinations. In the Signal Processing and WireBzsamunications community, various
questions related to the implementation and peioce of relaying have been
addressed, such the diversity and multiplexing attaristics of the relay channel,
distributed space-time coding, linear processinghat source, relay and destination,
...etc.

Recently the topic of cooperative relaying has ikexxk a lot of attention in the
academia and in the industry. Cooperative relayéfers to the fact that advanced coding
strategies for the relay channel involve the distibn of coding and decoding functions
at several nodes which cooperate in order to masirttie achievable rate between the
source(s) and the destination(s). The recent isitene cooperative relaying and
cooperative communications in general is motivétedhe explosion of wireless internet
traffic and can be summarized by the following dioes can cooperative relaying
substancially increase the spectral efficiency wfufe Broadband Wireless Access
(BWA) networks?

In this thesis we do not pretend to provide a fimagwer to this question, but at
least we try to contribute on several aspects. firekone is the derivation of capacity
bounds for the Multiple Input Multiple Output (MIMQelay channel with full Channel
State Information (CSI), i.e. in the case whendalices are equipped with multiple-
antennas and have the capability to exploit chakmalvledge at the transmitter side. We
propose source and relay precoder optimization qugaes which allow the efficient
computation of the Cut Set Bound and of achievaales for the Decode-and-Forward
(DF), Compress-and-Forward (CF), and for the mareemt distributed CF coding
schemes. In a second part of the thesis, we texpiit these new information-theoretic
bounds in order to predict the throughput perforceanf future BWA networks. We
review several implementation-related constraints tlee device and link levels

(duplexing, broadband transmission, practical maiiluh and coding, power constraints,
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imperfect CSl...etc), and also at the system-levepl@yment topology, macroscopic
propagation effects, interference). We analyze rthedfect analytically and/or by

simulations and investigate how capacity boundsbeamodified to model them.



Resumen

Los primeros trabajos sobre la capacidad del adaedlay (repetidor) inalambrico
datan de hace mas de 30 afios. En su version lehsi@aal deelay consta de tres nodos:
una fuente transmite datos a un destino con ayedandrepetidor. En el seno de la
comunidad de Teoria de la Informacion se han psipuearias estrategias de
codificacion y se ha calculado su tasa de tranémigicanzable para el canal basico de
tres nodos y sus extensiones a multiples repetiduentes y destinos. Por otra parte, en
el seno de la comunidad de Comunicaciones Inal@adry Procesado de Sefal se ha
intentado dar respuesta a varias cuestiones @aila implementacion y prestaciones
de los esquemas basados en repetidores, tales lasnoaracteristicas de diversidad y
multiplexado del canal deelay, esquemas de codificacion espacio-tiempo disttdgui
procesado lineal en la fuente, el repetidor y stide, etc.

Recientemente el tema de repetidores cooperati@agdibido gran atencién por
parte del entorno académico y también industrialtdtransmision cooperativa se basa en
estrategias avanzadas de codificacion para el damelay. Estas estrategias implican la
distribucion de las funciones de codificacion yatificacién en los hodos que cooperan
con el fin de maximizar la tasa de transmision eetidr fuente(s) y el destino(s). El
reciente interés en repetidores cooperativos y o@ragiones cooperativas en general
viene motivado por la explosion del trafico de int inalambrico y puede resumirse en
la siguiente cuestion: ¢pueden los repetidoreseratipos incrementar sustancialmente
la eficiencia espectral de las futuras redes desacdnaldmbrico de banda ancha,
Broadband Wireless AcceBWA)?

En esta tesis no se pretende dar una respuestéiviefa esta cuestion, pero si
contribuir en varios aspectos. El primero de ekssla obtencion de cotas para la
capacidad del canal delay con multiples entradas y multiples salidisiyltiple Input
Multiple Output(MIMO), y con total informacion del estado del egrChannel State
Information (CSl), es decir, en el caso en el que todos Iggogitivos estan equipados
con multiples antenas y disponen de la capacidaskpiotar el conocimiento del canal
en el transmisor. En la tesis se proponen procediws de optimizacion para el pre-
codificador de la fuente y del repetidor que pezmitcalcular de forma eficiente la
denominadaCut Set Boundy las tasas de transmision alcanzables para psepms
Decode-and-ForwardDF), Compress-and-Forwar(CF) y los esquemas de codificacion

CF distribuidos mas recientes. En la segunda plarta tesis, estas nuevas cotas basadas
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en teoria de la informacion se explotan con eltblgjede predecir las prestaciones en
términos dethroughput de las futuras redes BWA. En la tesis se revisanay
restricciones relativas a la implementacién a niketlispositivo y de enlace (duplexado,
transmisibn de banda ancha, modulacion y codifficagoractica, restricciones de
potencia, CSI imperfecta, etc.), y también a noelsistema (topologia de despliegue,
efectos de propagacion macroscopicos, interfergri®@e@analiza su efecto analiticamente
y/o mediante simulaciones y se investiga como neatifas cotas de la capacidad para

modelarlas.
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Non-Cooperative Decode-and-Forward
Orthogonal Amplify-and-Forward
Orthogonal Frequency Division Multiplexing
Partial Compress-and-Forward

Partial Decode-and-Forward

Packet Error Rate

Positive Semi-Definite

Partial Usage of Subcarriers (see IEEE80XtEbelard)

Quasi Monte-Carlo

Root Mean Squared Error

Relay Station

Superposition Coding

Spatial Channel Model Extended
Spatial Division Multiplexing
Single Input Multiple Output
Space Time Block Code

Slepian Wolf Coding
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TDD
VAA
VMIMO
wz

Time Division Duplex
Virtual Antenna Array
Virtual MIMO
Wyner-Ziv
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MATHEMATICAL NOTATION

{1, ,N}\  Sequence of integers ranging from 1 to N excludige in the set

{a,}fI Sequence of vectog for indexi ranging from 1 to N.

(A,B) Inner product for complex vectors and matricasagtp tr (A+B)

() Operator which returng+ =max(a,0 if al andar =(gy,...,a;)
if al ~

()".() ,()" Transpose, Conjugate and Hermitian-transpose tupsra
3 Component-wise orderinga@® b means that each componentaf b
iS hon-negative)

Ordering on the Positive Semi-Definite con® ( B means thatA - B

is PSD)
Oy p, Oy Null matrices of respective sizZd” P and N~ N
a, A Scalars
a Column Vector
al Component-wise inversion of a column vectan (al'l, ,aNl)T

whereal N

A Matrix

(X,H) Gven XI M and H an N’ M complex matrix,
(X,H) log,| y +HXH H| represents the capacity of a point-to-

point MIMO channel with source covariane€, channel matrixd and
noise covariancel, . Note that the functionf:X® (X,H) is
concave inX .

diag(a) Operator which generates & N diagonal matrixA from a length-N
column vector such tha$; =g

diag({Ai} f' ) Block-diagonal matrix created from the sequenc ofatricesA, .

1 (x;y]z) Conditional Mutual Information between andy given z .
Iy Identity matrix of sizeN” N
mat( ) Operator which generates @” N matrix A from a column-vecto@

such thatA ; = & 4y andvec( ma(a)) =a
«, +. ++ Setofnon-zero (resp. non-negative and strictkitp@) real numbers

k Cone of Positive Semi-Definite matrices of ske k
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vec( ) Operator which generates a column vectrfrom a matrix A by

stacking the columns oA by increasing column order.
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Chapter 1: Introduction

1.1 Motivation and previous work

In my opinion, an important difference between aesk in the industry and
academia is in the nature of questions that weasked to solve. When | started to work
on cooperative relaying and tried to convince ngrémichy that this was a technology to
investigate, | was immediately asked how much spketficiency increase it could bring
to future BWA systems and the question that cammddiately after was whether a
hybrid deployment of relays and Base Stations waelduce the cost of a cellular
network for the same coverage and spectral effagien

In order to address these definitely too ambitigusstions, my battle plan was the
following: | would rely on capacity bounds, becausey were very successful in
providing insight into the performance of pointgoint MIMO links (see e.g.
[T99][TVO5]). This good understanding of their pmrhance supported their recent
introduction into BWA and WLAN standards such aEHB02.16e [16e05] and 802.11n
[11n08]. The second step in my plan would be terinknk-level capacity bounds into a
system-level simulator to take into account maavpiceffects such as interference and
finally 1 could provide answers to my managers. ldaoer, | quickly realized that the
capacity bounds for the relay channel publisheténliterature did not suit my needs:

The vast majority of these bounds (e.g. [LWO04][GNHBIZ05]) were derived
assuming single-antenna devices in a narrowbanéhflang channel. However,
state-of-the-art BWA systems in 2005 were alreadged on MIMO-OFDM
broadband transmission, with at least two antedabe BS and considering
dual antenna handsets in a very near future. Wadfau few papers (e.g.
[WHZO05][LVO5][MVAOQ7]) deriving capacity bounds foithe MIMO relay
channel but for reasons explained in the next btiley did not completely
answer our problem.

State-of-the-art systems are based on TDD or FDpeding, but again the
majority of information-theoretic papers on theagekhannel were assuming

full-duplex operation (e.g. [WHZO05][LV05]). The fepapers which considered
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half-duplex relaying were either for the singleeaamta case (e.g. [HZ05]) or for
linear relaying (e.g. [MVAOQ7]). Unfortunately lineaelaying is not spectrally
efficient in half-duplex relaying (at least at thiak-level) as explained in
Chapter 2 and we wanted to investigate the perfocmaf more spectrally
efficient strategies such as Decode-and-Forward) (Bikd Compress-and-
Forward (CF).
The optimization of capacity bounds for the MIMQasechannel with full CSI
was still an open issue although it had been pigraddressed in [WZHO05] and
[MVAOQ7]. However, state-of-the-art BWA systems aldy had the capability
to exploit CSI at the transmitter-side in orderdim beamforming [16e05] or
even to transmit multiple spatial streams by SiagMalue Decomposition of
the Channel (SVD-MIMO) [11n08].

We therefore decided to focus our initial effortsthe derivation of capacity bounds for

the MIMO relay channel with full CSI, with a spelceanphasis on DF and CF strategies

in the half-duplex case.

During our investigations on CF for the MIMO relagannel, we realized that our
work could be extended to the topic of Base Staticooperation. This topic was only
emerging at the time | started this thesis, buthigytime | am finishing it seems to receive
a lot of attention (see e.g. [GHSO6][FKVO6][MFO7§S08]). The goal of BS
cooperation, a.k.a. coordinated networks, is totfpiprocess the signals transmitted from
or received at a group of BSs instead of a sindgle tBus forming a large VAA and
subsequently removing co-channel interference. disibuted compression framework
on which we relied for our derivation of CF achiblarates could be applied to the
compression of the received observations at a fsebaperative BSs. Just like in our
studies on relaying, practical requirements helgedifferentiate our contribution:

State-of-the-art BSs have multiple antennas. Tbegethe rates derived in
[SSSO08] in the single-antenna Gaussian case ardirmemtly applicable to our

scenario.

The cellular backhaul rate is limited and cannoaggumed infinite. Therefore an
efficient compression is needed. Although the baoklassumptions considered
in [MFO7] were realistic-enough, they did not addréhe problem of reducing

the backhaul rate by advanced compression techsique
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We therefore conducted a derivation of achievadiesrwith distributed compression for

cooperative MIMO uplink under a backhaul rate craist.

The next step to take was to bridge theoreticalaciép bounds with actual
throughput simulations. In order to extend our MINdGunds to the OFDM-MIMO case,
we could rely on an approach similar to that of fBX2] in which it is shown that OFDM-
MIMO capacity can be expressed as a sum of MIMCacity terms. However, we also
had to take into account various practical consisai

There is a gap between an achievable rate with Skausignaling and an actual
throughput with real-world modulation and codingr Ehis purpose, we tried to
apply a modification of capacity formula similarttwat of [CCB95], including an
SNR degradation and a maximum bit rate limitatig¥e had to validate our
modified capacity bounds by comparing them to dctiughput curves. To
that aim, we studied a real implementation of coaipee relaying and predicted
its throughput by the EESM methodology [EO3] aftalidation by a link
simulator compliant to a state-of-the-art BWA stamti[16e05]. We knew that
we could rely on EESM because it had been sucdbsafplied to the reliability
combining of codewords in [BSC04] and to MIMO-OFONMoughput prediction
[SRSO05].
Though in a first step we could assume that peaowledge of all channels
was available at each node, more realistic CSI pians have to be considered
towards real implementation, including statistieald quantized CSI. A lot of
attention has been paid to these topics for poupeint MIMO (e.g.
[JVGO1][LHSO3][LHO5]) but the extension to coopevat MIMO relaying was
(and remains) an open field of research.
Actual transmit power constraints in state-of-thiesgstems often differ from the
literature where a sum-power constraint is assuoved all transmitting devices
or over all antennas of a transmitting device. \Werdfore ensured that our
transmit precoder optimization procedures coulduthe not only sum-power but
also per-antenna power constraints, as well astrspemask constraints for
broadband OFDM transmission.

Finally, the last step we had to take was to deaigystem-level simulator and to

draw conclusions from simulations. Here, the méallenge was the complexity vs.
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realism trade-off. A preliminary requirement wadital efficient computation procedures
for our link-level capacity bounds. This forcedtascome back to our link-level capacity
bounds and apply advanced optimization techniqWés.knew that we could rely on
some strong references in the literature such &9][Bor non-linear programming,

[BVO4] for convex optimization, and also [HGO7] ftine computation of gradients in
closed-form. We relied on even more recent tooixlli provided by the authors of
[HPO8] to exploit the structure of our matricesoimler to further reduce the optimization
complexity. At the system-level, one challenge weas large number of realizations of
the shadowing over which we had to collect the ughput statistics for each possible
user location. With the help of a colleague, weestigated how Quasi Monte-Carlo
[S77] simulations could reduce the number of randeariable trials without

compromising the accuracy of our throughput esesat

1.2 Summary of contribution and organization of the dissertation

In Chapter 2, we present the various assumptionishwtogether make up the
design and evaluation framework for this PhD theAiger clarifying our notations, we
review some theoretical background on relaying emaberation. We introduce the cut-
set bound on capacity, motivate our focus on TDRyieg and present three TDD
relaying protocols (I, 1l and Ill) as in [NBKO04]. @/then review coding strategies (DF,
CF and LR) for the relay channel and provide tla@hievable rates on the Gaussian
scalar relay channel. One original result in thispmter is the proof in §2.1.4.1.1 that
superposition coding at the source cannot incré@sachievable rate of DF relaying in
TDD. We briefly review extensions of the classicale-way 3-node relay channel to
handle multiple relays and multiple users, and lagfg the relationship between in-band
relaying, out-of-band relaying and BS cooperatidrhereafter, we introduce our
assumptions on radio device constraints (e.g. mm@npower constraints) and radio
propagation, to which our CSI assumptions are tireonnected. Finally, we present the
degraded capacity and EESM methods for throughpmaligtion.

In Chapter 3, we derive capacity bounds for the-wag three-node Gaussian
MIMO relay channel with full CSI. We show that tbet-set bound can be formulated in
the full-duplex and TDD cases as a convex optinonaproblem, which yields a tighter

capacity upper-bound than previously published \WMHEZO05]. We present efficient
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procedures based on duality and interior point ritlyms to compute it. We show that
achievable rates for the DF strategies with eiff@tial or full decoding at the relay can
be computed by reusing the same convex optimizgtimtedures as for the cut-set
bound. We then design lower-complexity sub-optimymecoders with a specific
structure for the source and relay. This designlt®én either a closed-form expression
or a reduction of the problem dimensions at theeagp of a slightly lower achievable
rate. Finally, we perform a comparative analysighef capacity bounds in a simulation
scenario which matches as much as possible aaretlolvnlink case with fixed relaying.
We show that thanks to full CSI large capacity gatan be achieved by cooperative
beamforming, and we also observe that the partiabDategy achieves a rate very close
to capacity in this downlink scenario. The workhirs chapter is published in [SMVCO08],
and extended in the submission [SMVCO08b] by inaigdihe convex formulation in the
TDD case, the use of patterned derivatives and sgudsion on implementation

constraints.

In Chapter 4, we derive achievable rates for da@fa relaying on the three-node
Gaussian MIMO relay channel with full CSI. The asfable rates are obtained in 84.2 by
applying recent results on distributed compressi@mi Gaussian sources
[GDVO04][GDVO06] to the specific case of partial Cleding strategy of [HZ05]. The
compression at the relay consists of a linear foams(the Conditional Karhunen Loeve
Transform) followed by parallel Wyner-Ziv coding.

We analyze the effect of compression on the achlevate of partial CF and derive
a closed-form expression for the optimum Wyner-Zoding rates. We show that
these rates differ from those of the rate-distartrade-off derived in [GDVO06].

We show that an optimum decoding order existsHermessages transmitted by the
Source and Relay, and this can be used to simjpl&hoptimization of the source and
relay covariance matrices. Finally, an iterativeogedure is proposed (8§4.2.3.3)
which jointly optimizes the compression, the traitsoovariance matrices and the
time resource allocation.

Simulations are performed in both uplink and dowklicellular scenarios which
illustrate the phenomena mentioned above and a &osom with other capacity

bounds is performed (84.2.4).
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The first two bullet points are published in [SM\]O®hile the third bullet is included in
the submission [SMVCO08c].

In 84.3 we apply a distributed Compress-and-Faiwsirategy to multiple
parallel out-of-band multi-antenna relays or eqlg@mty to a coordinated MIMO cellular
network. Our work in 84.3 relies mainly on the disited coding schemes of [DWO04]
and [SSSO08], in which the signals received at eB&h are partially decoded and
compressed before being processed by a Centrale$tngc Unit. Our contribution
essentially consists in a computation of achieveadies in the multiple antenna case:

In 84.3.1 we instanciate the results in [SSSO08]agdbaussian multiple-antenna

setting with Gaussian codebook, and formulate tbhiemable rate as an

optimization problem with respect to compressiors@@ovariance matrices. In
particular, we show that the problem is simplifesder a backhaul sum-rate
constraint.

In 84.3.2 we show that the compression noise Higion which maximizes the

achievable rate in the 3-node case correspontetdransform Coding approach

introduced in [GDV04][GDV06] with the WZ coding mtllocation of [SMV07]
that is derived in 84.2.3.1.

Achievable rates are derived in the case of meltgarallel relays in 84.3.3 and

an achievable rate region in the multi-user casieived in 84.3.4.

Finally, these theoretical results are illustrabgdsimulations under either per-

link or total backhaul rate constraints in 84.3.5.

The above four bullets are the subject of sevetdilipations [CS08a][CS08b] and
submissions [CS08c][CS08d]

In Chapter 5, we review various issues which asisen a practical implementation
of DF and CF is considered in a state-of-the-avatiband wireless access network such
as IEEE802.16 [16j07][16mO06]. Our contributionhe tfollowing:

In 85.2 we review the implementation of cooperaiferelaying.

o First, we show that the capacity bounds that wevedrin the previous
chapters can be extended to model MIMO-OFDM trassion and various
transmit power, modulation and coding constraints.

0 In 85.2.1.4 we study the effect of imperfect CSl.e V@ropose some

modifications to the achievable rate optimizatioolgem in order to handle
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the case of statistical CSI and we verify that ¢gzead precoder codebooks
can also be applied to cooperative relaying.

0 We conduct a detailed study of two practical impatations of cooperative
DF Protocol | based on the convolutionally turbaled mode of
IEEE802.16e.

The first implementation is a cooperative Increrakf®edundancy
strategy. We derive the parameters of an EESM gmredictor for
cooperative IR and compute its throughput perfomeanonder a
target error rate. We verify that the throughputedope can be well
approximated by the degraded achievable rate wikidbtained by
simple modifications of the information-theoretiormulas of
previous chapters.

However, the peak rate of cooperative IR may béédinif the set of
MCS does not allow very high spectral efficiencees modulation
symbol. In such situations, we show that a strategich performs
superposition coding during the first slot of thBO protocol can

overcome the peak rate saturation problem.

In 85.3, we review some implementation constrafotsthe CF strategy. We show
that as for DF, the capacity bounds can be extetoldthndle practical constraints
such as MIMO-OFDM transmission. We also briefly a@édse how practical Wyner-

Ziv coding can be realized and what performancebeaexpected.

In 85.4 we conduct some system-level simulationsheck whether the observations
from link-level simulations can match practical bigpnent scenarios. We review the
main simulation parameters and introduce the pplaciof Quasi Monte-Carlo
simulations, before running some simulations imglgrcell and multi-cell downlink
scenarios to assess how cooperative DF strategies imcrease the cellular
throughput.
o In the single-cell scenario we illustrate the effe€ shadowing and relay
density. We show that cooperative partial DF Protodl is the most
efficient and allows a large increase of achievahte in the vicinity of the

RS and at cell edge. When full CSI is availableerevarger gains are
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achievable by cooperative DF protocols Il and dB, predicted by link-level
simulations.

In the multi-cell scenario, we model additionaleefs such as inter-sector
and inter-cell interference. We show that a carpfifitioning of RSs in the
deployment is required if RSs cannot handle a odiiore to multiple BSs.
We study the potential gains of non-orthogonal wes® allocation with a
spatial reuse of the relay time-frequency slot sinow that it allows a large
increase of spectral efficiency. Moreover, spat@lise is possible with
Protocol | but cannot be directly implemented witotocol Ill. Therefore,
Protocol | can be prefered in many cases at theersykevel although it is

outperformed by Protocol Il at the link level.

These system-level simulation results have beery galrtially published in

[FIRO7c] and [VLKO7].
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Chapter 2: System Model and
Relaying Strategies

A huge amount of theoretical and practical work r@aying and cooperative
transmission has been published since the earlysnmy Van der Meulen [V71], Cover
and El Gamal [CEG75]. In [KGGO05], Kramer et al. ilsv of past and recent
information-theoretic work on the relay channelthis chapter, we attempt to summarize
the results that make the background for our ingagbns and we introduce and justify
the various system assumptions which are madddnttbsis. First, the landmark papers
on coding strategies for the relay channel areodhiced, which are the focus of
subsequent chapters of this report. Some spedpeds related to relaying are then
discussed: duplexing, multi-relay deployment, mu#er transmission. Some topics are
also addressed which can be considered as boeldslih are strongly connected to
relaying such as out-of-band relaying and bas@sttooperation. A quick application
of the previously introduced concepts to the GausssISO relay channel is then
presented. Next, various assumptions related torddeo channel and devices are
reviewed and finally we discuss how to bridge infation-theoretic analysis with link-

level and system level actual performance.

2.1 Theoretical background on relaying and cooperat  ion

The 3-node relay channel was introduced by VanMieulen [V71], but we start
our literature review with Cover and El Gamal’'s damark paper [CEG75] “Capacity
theorems for the relay channel” which introducessiraf the concepts that are used in
subsequent studies on the so-called one-way rdélagnel. This channel involves three
nodes: a source (S), a relay (R) and a DestinéddnThe general coding problem at the
source and at the relay aims at maximizing therin&tion rate from S to D. Cover and
El Gamal consider that devices are interconnecied Discrete Memoryless Channel.
Moreover, they also assume that the relay is fufilelx, i.e. it can transmit and receive at
the same time on the same time-frequency resolrééheorems 1 and 4 of [CEG75], a
block-Markov coding strategy nowadays termed “Decadd-Forward” (DF) is

introduced and is shown to be capacity-achievingerwithe channel is physically
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degraded, i.e. when the signal received at D iegratled (e.g. noisy) version of the
signal received at R. Another coding strategy tsomluced in Theorem 6, and is called
Compress-and-Forward (CF), Quantize and Forward&simmate-and-Forward in the
literature. For the general (hon-degraded) relagnokl, [CEG75] only provides an
upper-bound on the capacity, which is often termeidset bound or max-flow min-cut

bound.

2.1.1 Preliminary note on capacity bounds

Before providing expressions for capacity boundds iimportant to clarify the
notations used in this document. Capacity boundsirageneral established [CT91] by
random coding techniques and the use of joint #lpic and the Asymptotic
Equipartition Property, or by strong typicality. tRorequire infinite length codewords
because they rely on either the weak or the st(fmgstrong typicality) law of large
numbers. For instance the codewords transmitteda dbiscrete Memoryless Relay
Channel by a source S and a relay R can be deastéehgthh sequences of random
variables{ X& | and{X®} [ drawn i.i.d. from the secd” c% where ¢ and cy are
discrete sets of symbols, and the capacity theosgmebtained by growing to infinity.

At least on DMC and Gaussian channels, the caphoityds are ultimately expressed as
a function of the probability density function (lme Gaussian channel case) or probability
mass function (in the DMC case) of the source adyrsymbols. In this thesis, we
mainly focus on the optimization of the signal dizitions and we rely on information-
theoretic results derived elsewhere for the prdofamvergence to the capacity bound.
Therefore, unless explicitly stated, we denotestingrce and relay codewords By and

Xs. Furthermore, we write the joint distributiop(Xs, X;) in which we do not
distinguish the random variable and its realizationthe multi-antenna case we write
p(xs,xR) where X4 and Xy are two random vectors of lengtNg and Ny, the

number of antennas at S and R.

2.1.2 The cut-set bound on the relay channel capaci ty

The cut-set upper-bound on the full-duplex thredenoelay channel capacity is
derived in [CT91] and [CEG75]. With the notatiorf8@.1.1, the CSB reads:
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Cep £ Cosgrn = max min( (X530, VA X9 I X X5 yg) (2.1)
where Y,, Yz are the symbols received at D ardXs;Yp, Yr|Xg) denotes the
conditional mutual information betweex; and (Y, Y5) given X. It can be noticed
that (2.1) can be obtained by a straightforwardiegiion of the max-flow min-cut upper
bound on the capacity of amynode network given in Theorem 14.10.1 of [CT91d an
which states that the raté¥ are achievable if there exists a joint p.@f( X, %,,..., %,)
such that
R £ |(X(s); )}§)|)é§)) 2.2)
isj &
where the sum is performed over all the possibletitipsms of the nodes into
complementary setS and S¢ such that the sources areSnand the destinations are in
SC. The equation (2.2) states that the sum-rate lketwell the sources and the
destinations is upper-bounded by the minimum muitfarmation between the signals
transmitted by the nodes B and the signals received by the nodesSingiven the
knowledge of the signals transmitted by the nodes*i. As illustrated on Figure 1, there
are two cuts that separate S from D in the 3-netly rchannel, which leads to equation
(2.1). The cut that separates S on one side arid) (&) the other side is called the
broadcast cut and the cut that separates (S,R) Eramcalled the MAC cut. However,
one should pay attention that the capacity of thlayr channel is not equal to the
minimum between the capacity of the S-(R,D) broatichannel and the (S,R)-D MAC

channel, which are both computable.

R

S / \=D

Figure 1: The max-flow min-cut upper-bound for the3-node relay channel

In [CEGT75], it is shown that the cut-set boundgét on the physically degraded
relay channel and on the general relay channel f@gddback. We do not consider these

two cases because the physically degraded relaynehaannot model a real 3-node
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wireless relay channeland because feedback in [CEG75] means that Randst know

perfectly the observations at R and D, which idragarealistic.

Also note that the cut-set bound (2.2) is alsodvditir continuous sources, as
highlighted in remark 28 of [KGGO05]. In [HZ05] theut-set bound on the general full-
duplex Gaussian relay channel is given, but tokoowledge the details of the associated
computation are published for the first time by@mal in Appendix A of [GMZ06], i.e.
more than 25 years after [CEG75]! Let assume arbpusymmetric white Gaussian noise
of unit variance at R and D, and denoteldy, H, and H, the complex channel gains
on the S-D, S-R and R-D links. In the Gaussianyrelzannel these gains are assumed
fixed, and Gaussian codebooks are always assunme@18][CT91][HZ05] because it
can be proven that they maximize at least the Diteaable rates and the CSB [CEG75].
The links can therefore be characterized by thiginad to noise ratiogg, =|H0|2 P,

9. =H’P, and g, =|H,[* P, where P E[|xJ?] and P, E[|x?] The cut-set

bound can be computed as:

. Iog(1+(1- r)(g0+ gl))'
Cp, £ maxmin

™ log(1rg,+ 42/ )

where r |E[XSXR]|2/ P, P is the correlation between the source and relagwords.

(2.3)

In [HZO05], the authors distinguish the synchronand asynchronous relay cases. In the
synchronous case, the complex channel is knowadat rode and the source and relay
can transmit coherently to the receiver. In thenabyonous case, the author introduces on
H, an unknown random phase uniformly distributed[6n2,0[ and proves that in this
case the maximum in (2.3) is achieved wherr 0, i.e. the source and relay transmit
uncorrelated codewords. In this report we prefedistinguish the case where channel
knowledge is available at each node from the cdsravchannel is only available at the
receiver side. Indeed, in OFDM systems it is reddyi easy to achieve accurate frequency
synchronization between S and R to within a smmaitfon of the subcarrier spacing and
time synchronization to within a small fraction tbi cyclic prefix. However, it is very
challenging to achieve full channel knowledge atheaode when one of the nodes is

mobile. Therefore, although S and R may be synébedn they may not be able to

! In a physically degraded relay channel, the sigeakived at the destination is a random
degradation of the signal received at the relays Tieans that all the information is contained in
the signal transmitted by the relay.
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transmit coherently unless full channel knowledg@available at each node. Also notice
that 7 =1 is optimum wheng, ® +¥ and r =0 is optimum wheng, ® +¥ when
other SNRs are fixed. This limit behaviour can bsilg explained once the Decode-and-
Forward and Compress-and-Forward strategies aredinted, which is the topic of the

next sections.

2.1.3 Relay Duplexing considerations

The practical realization of a full-duplex relayeses challenging. Indeed, a large
isolation of the transmit and receive chains needse achieved. Otherwise, a strong
signal may loop back from the transmitter into teeeiver. If the RF front-end does not
have enough dynamic range, saturation may occur.eBen if it does have enough
dynamic range, this interfering component has tadmoved by e.g. echo-cancellation
techniques. Achieving a large isolation is feasHfeseparating the transmit and receive
antennas by several meters, provided there is éngpgce on the relay site. If the
transmit and receive antennas are close, thentidimat antennas can be used and the
front-to-back ratio shall be large-enough to avtig@ saturation problems mentioned

before.

2.1.3.1 Half-duplex relaying protocols

For the reasons mentioned above, half-duplex redagsherefore very frequently
considered when it comes to practical implementatje.q.[16j07]). In half-duplex
relaying the relay tansmission and reception areduled on separate time-frequency
resource. Both TDD and FDD relaying are technicédigsible, although TDD relay
implementation seems more straightforward [TO5}. iRstance in the IEEE802.16] Task

Group, a frame structure allowing TDD relaying emsidered, as illustrated on Figure 2.
DL UL

BS->MS MS->BS RS->BS
BS->RS MS->RS

Relay zone
Data zone Data zone

Figure 2: The IEEE802.16j TDD relaying frame structure
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In this thesis we consider three TDD relaying pcote as in [NBK04], and define
them as illustrated on Figure 3:

Protocol I: the source is not allowed to transmitthe relay-transmit slot. The
destination receiver is active during the two slatel can therefore combine the
signals received from the source and relay.
Protocol 1l assumes that the Source and Relay miaremultaneously during the
second slot, but the destination receiver is swilcoff during the relay-receive slot.
This protocol is typically useful if cooperativelaging is introduced in existing
standards with backward compatibility requiremepetg. IEEE802.16j): in this case,
existing space-time coding schemes (e.g. AlamolB@ can be distributed on the
antennas of the Base Station and Relay Statioreatize downlink cooperation
without having to modify standard-compliant Mob8&ations.
Protocol Ill assumes that the Source and Relay allewed to transmit
simultaneously during the second slot, and thaDibstination is allowed to listen to

the first slot and combine the signals from bottss|

P1 Slot1 | Slot 2 P2 Slot1 | Slot2 P3 Slot 1 Slot 2
Sre. Tx Src. Tx Tx Sre. Tx TX
Rel. Rx Tx Rel. Rx Tx Rel. Rx Tx
Dest. Rx Rx Dest. Rx Dest. Rx Rx

Figure 3: A possible sub-categorization of TDD relging protocols

Note also that another categorization of TDD proteés introduced in [YEO7] and
[K04], in which static vs. random and fixed vs. dymic TDD protocols are considered.
In random protocols, the time-sharing between #iayrtransmit and receive phase is a
random variable that is used to convey some infaomawhereas it is deterministic for a
given channel realization in static protocols. Mn#er, a static protocol can be dynamic
if the value of the time-sharing variable dependgte channel realization. In this report
we consider only static protocols, which may be aigit when the time-sharing
parameter can be optimized as a function of then@#laState Information. We therefore

define a variablet1 [0;1] and consider a two-slot TBDprotocol where the relay

% Note that in FDD a separation of the time into tivoe slots is also performed. For instance in
the FDD-DL the relay receives from the BS at thghbr frequency during a first slot and
transmits to the MS at the higher frequency duarsgcond slot.



35

receives during the first slot of duratibrand transmits during the second slot of duration
1- t. We consider three random variable$, x? and x?’ where the superscrigp
with iT {1,2} denotes the slot in which the signal was transuwhitt

In [HZ05], the cut-set bound on the static TDD yethannel capacity is expressed

as:

fl (X(Sl); yo, y%)‘ X9 = 0) +(1- 1) |(X(s,2)i y‘é)‘ x(Ff)) ,

Cwp £ max min (2.4)
o) (x&:y®|x@=0)+(1- 1) 1(x@,x2; y?)
In the Gaussian case, (2.4) becomes:
~ tlog(1+(g, + g)) +(1- 1) log( ¥ (E 1) g) |
Cipp £ maxmin (2.5)

o t|Og(1+g0)+(l- t) |Og(3— g+ g+ 2| rg g)

Note that in (2.5) it is assumed that the trangroiter at a given device remains fixed,
whereas in [HZ05] it can be subject to a furthetirojzation under an average power
over the two slots. In this report, unless spedjfiwe will assume that devices operate
under a maximum transmit power constraint, anchigs tase transmitting at full power

during the two slots maximizes the CSB. This metnas in Protocol 3 a larger total

power is transmitted during the second slot, coegbdo Protocol 1. Sometimes in the
document we will investigate the effect of constiiag the total source plus relay transmit

power during the second slot not to exceed the maxi source transmit power.

2.1.4 Coding Strategies for the relay channel

In order to introduce cooperative relaying stragegit is interesting to study the
behaviour of the cut-set bounds (2.3) and (2.5héntwo limit cases whegy ® +¥ and
wheng, ® +¥ .

Jim Coo = lim Crop =maxlog(1+g, + ¢ +2/ 19,9) (2.6)

=log(1+g, + ¢ +2/ g g
im Cro = lim Crop =maxlog(1+(1- )+ 1))

O (2.7)
= Iog(1+ (go + Q)) =Csmo
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The physical interpretation of (2.6) is the follogi when the Source to Relay link has
infinite capacity, then both the TDD and FD cut-betind converge to th2” 1MISO
capacity with per-antenna power constraint. In ttése, the relay can successfully
decode any message transmitted by the sourceiifiaitely short fractiont of the total
time as long as it contains a finite number of infation bits per symbol. In the second
time slot of duratioril- t® 1, S and R can then transmit this message coherenthe
destination using Maximum Ratio Transmission (MR#Which is well known to achieve
the capacity of the MISO channel and in this cdse c¢orrelation r of the two
codewords tends to 1. Such a strategy is callecbd®=and-Forward and is therefore
capacity achieving in the limit case when® +¥ . Likewise wheng, ® +¥ (2.7) the
cut-set bound converges tb 2 SIMO channel capacity. In this case, a capacity-
achieving strategy consists in performing rateedigin source encoding of the signal
observed at the Relay. This encoding can be modslatie addition of an uncorrelated
white Gaussian noise of variance equal to the @&ddistortion and the latter can be
made arbitrarily small even if the duratidr t of the second slot becomes infinitely
small. Thus, the source message can be decodedHeB8ource and Relay observations,
the latter being reconstructed with negligible alison at the Destination. In the
literature, this strategy is called Quantize-andafaod (QF), Estimate-and-Forward (EF)
or Compress-and-Forward (CF). In this report, wi uge the CF acronym, and we may
further categorize CF strategies according to ype tof source coding that is used.
Finally, note that hybrid strategies have been psefd (see e.g. Theorem 7 in [CEG75]
and [SSSO08]) which combine the DF and CF stratefigiswe will not focus on them in

this thesis.

2.1.4.1 DF strategies

A DF strategy for the full-duplex relay channelasnsidered in [CEG75] and

shown to achieve the following rate:
RDF,FD = p&%) min( I (Xs ;yR| XR) 'I( Xs1 Xps ya) (2.8)

As discussed in [KGGO05], this rate is achieved byBlack-Markov superposition

irregular encoding (i.e. codebooks of differeneistrategy and successive decoding in
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[CEGT75], but an easier derivation employs Block-kéar superposition regular encoding

and backward or sliding window decoding. On the $€3&n relay channel (2.8) becomes:

log(1+(1- r)g,),
Ror .o = Maxmin

e log(1+ gy + g+ 2 19,)

In the following, we call Full DF (FDF) a strategywhich the relay has to decode all the

(2.9)

message, and Partial DF a strategy in which theyrehly has to decode a part of the
message. The achievable rate of PDF in the FD taggven in equation (13) of

[KGGO5]. The (regular) coding strategy that achgeveis rate employs superposition
coding at the source of two messages: one is dddogl¢he relay, and the other one is

decoded only by the destination. The PDF stratebieses the rate

Roor.ro = max, min( (U] x)+ 1065y U ) L (06 %5 v)) - (2.10)

X5,
The computation of the PDF achievable rate in theugSian case is performed in
[GMZ06]:

2o = mmin "0 @) - lod ¥(2 1)a))

T log(1+g, + g+ 2 19,)

Comparing (2.11) with (2.9), it can be observed #2F and FDF achieve the same rate

(2.11)

on the full-duplex Gaussian relay channel, excepghe case whew, > g where PDF
degenerates into direct transmission from S tokipping the relay, but such a case does
not have a practical interest, because it can bdesased by an adaptive selection of the
best transmission strategy as a function of theddShe three links.

Contrary to the FD case, the achievable rate oPIDE and FDF strategies on the static
TDD relay channel are different. Let first consid&D Protocol 3 as defined in §2.1.3.1.
A PDF strategy for the Gaussian TDD relay chansgirbposed in [HZ05]: the Source
transmits a first message, at a rateR, using a signalxg) (WO) during the first slot.
The relay decodes, and transmitsx? (1) during the second slot while S transmits a
new messager;, be superposition coding$ (14, W) = XZ3 (1) + X2} (14) . Because
we assume a synchronized scenario, the sigfal§11;) and X} (1) are correlated in
order to cooperate by performing a Maximum RatiariBmission whereaig; is mapped
onto an independent signagi(wl) transmitted at ratd?, using superposition coding.

The destination successively decod&s and 1. The achievable rate of this strategy is
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derived in [HZ05] and the derivation can also beni as a special case of the proof of

Proposition 2.1 in Appendix C.1:

tlog(1+g)+(1-t) log( ¥ (% r)g,) .

Rope p3 = Maxmin (2.12)
R tlog(1+g,)+(1-t) Iog( ¥ g+ g+ 2/ g _q)
The FDF strategy achieves the following rate fatécol 3:
tlog(1+g,),
Repr ps = Maxmi (2.13)

n
OFtEL t|og(1+go)+(1- t) |Og(1|' a+ g+ 2 QQ

It is important to introduce some notations for sosimple strategies which will serve as

references in all the report. First, the capaditthe S-D, S-R and R-D links:

Ce =log(1l+g,) Cg=log 1+g) Cg,= log ¥ g) (2.14)
The achievable rate of the FDF strategy for Prdtias:
Reor p1 = max min{ tCqq ,tCep+ (1 9 Cpd (2.15)

O£tE£1l
It can be easily checked thatGf, < C,, and C,, < Cg; then the optimum rate is:

CSRC RD
CSR + CRD' CSD

Reor = (2.16)

Otherwise R, ,, cannot excee@y, which means that it is better not to relay. Fipall
we will also consider in this report the Non-Coaie DF relaying (NCDF) strategy,
due to its practical importance. It can be defiasda variant of Protocol | in which the

destination only receives during the second stothis case the achievable rate is:

Ric.or = Max min{ tCer (- 1) Cd (2.17)

The optimum time sharing is:

CRD

f=z——RD (2.18)
CSR + C:RD
And the achievable rate is:
CSRC RD
- ™~ RD 2.19
I:vaC, DF CSR+ CRD ( )

Note that from (2.19) it is clear that the achidealate of NCDF is upper-bounded by the

minimum between the capacity of the first hop lamd that of the second hop link:

Ruc.or £ Min( Csg, Cro) (2.20)



39

As suggested in the introduction of this sectiolh,caoperative DF strategies
become capacity achieving fag ® +¥ . However, wheng, = g even PDF cannot
outperform direct source to destination transmigsiberefore other strategies have to be
considered in order to benefit from relaying intssituations, and this is the purpose of

the CF strategy presented in the next section.

2.1.4.1.1Can superposition coding further increase the rate?

We consider an extension of the partial DF strategwhich superposition coding is

performed in both slots. Three messagas, W, and W are sent to the destination at
respective rate$; 1, Ry and R . The messagey is called the relayed message, while
the other two are called direct messages becaeseatte not forwarded by the relay.
During the first slot, S transmit&;,; and W via superposition coding. The relay first

decodes W4, from yg) and removes the contribution of this message fiitsn

observation before decodingy . During the second slot, the relayed messages used
by S and R to cooperate while S sends the secoadt dhessagel; , via superposition
coding. The destination starts by decoding from y® and y&, and removes its

contribution from the observation before decoding, .

Proposition 2.1 Superposition coding during the first slot canmatrease the achievable

rate of the partial DF strategy on the single-amarGaussian TDD relay channel.

Proof: See Appendix C.1.

This result is not straightforward, and it illusas well the fact that the relay channel
shall not be treated as a BC followed by a MAC.eledl SC is the optimum coding
strategy for the scalar Gaussian broadcast chd@ié€1], therefore it could have ben

expected that it would increase the rate when egpb the first hop of the relay channel.
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2.1.4.2 CF strategies

The CF strategy discussed in the introduction ofl 82wheng, ® +¥ is actually
sub-optimum. Indeed, a CF strategy with a largdniea@ble rate is introduced in
Theorem 6 of [CEG75]. It relies on Wyner-Ziv codind the relay observation. In
[WZ76], Wyner and Ziv compute the rate-distortionnétion for source coding of
discrete sources with side information at the decodhen the decoder has the
knowledge of a signal correlated with the sourke,latter can be encoded at a lower rate
for a given distortion. In [W78], Wyner generalizfss work to continuous sources, and
in particular to Gaussian sources with quadratistodiion. In [CEG75], the authors
exploit the fact that the observations at R and@®carrelated, since they are both noisy
versions of the same signal transmitted by S. TaereWyner-Ziv coding can be applied
to perform rate-distortion coding of the relay atva¢ion. We will discuss this source
coding strategy in more details in Chapter 4, buttfie moment we will assume that the
relay observatiory, can be compressed to a certain messggeand the destination has
a reconstruction functioyy = f (14, Y;). The general expression for the CF achievable

rate in the FD case is:

Rerro = max 1(Xs 5 Vs Yol %)

P(%: %R Yr You ¥

st 1 (YriYalYo %) £ 1(Xa: Vo) (2.21)

and P xsoR Yk Yo Yk - POX) PO%) AW % W) 1 % W % %)
The proof of (2.21) is quite involved technicallput the outcome lends itself to
interpretation. The term in (2.21) that shall beximmazed corresponds to the left hand
side of the CSB in equation (2.1), i.e. the broaticat, except that the relay observation
is replaced by the reconstructed relay observatidre optimization over the joint
probability distribution is constrained by the faittat the rate at which the relay
observation can be encoded cannot exceed thetrathich the relay can reliably send
the messagéel, to the destination.
In [KGGO5] and[HZ05], the achievable rates of thE &rategy on the FD and TDD

Gaussian relay channels are derived:

_ 9
R o =l0g 1+g, + 2.22
o — 109 1+ G, 1+h, ( )

where/1.;, is called the compression noise variance andusaldq:
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by =t%h*d (2.23)
9
In TDD, the achievable rate is:
Rer o0 = tlog 1+gy +—2— +(1- 1) log( # g) (2.24)
1+/7TDD
with
1+¢g +
Moo = I P! (2.25)
g9 !
1+g,) 1+ .
ra) 1,

The rate (2.24) is achieved in [HZ05] using a RadF strategy (PCF): during the first
slot, S transmits a messagg at rate R, by means of the codewor; (14) , the relay
compresses its observatigrf) to the indexw, and transmitsx? (1) to D during the
second slot, while S transmits a new mess#ageat rate R, via a new codeword
x? (w,) . The achievable rate (2.24) is computed as the Bym R,. More details on

the source and channel decoding strategy will beiged in Chapter 4.

2.1.4.3 LR strategies

The Amplify-and-Forward (AF) strategy has been knaamd used for a long time,
for instance by conventional non-regenerative begedystems: the satellite receives the
signal from an earth station, amplifies it and aemits it towards the earth, without
attempting to decode it. In [LWO04], Laneman conssdeEDD protocols and a strategy that
is called Orthogonal Amplify-and-Forward (OAF), whi corresponds to Protocol 1 in
§2.1.3.1. In this case, the relay quantizes it®Magion during the first slot with enough
accuracy so that the distortion is negligible, tpeantized samples are stored and
retransmitted during the second slot. In this cmeachievable rate is:

Roar rop =%|Og 1+g, +% (2.26)
Notice the presence of tHe/ 2 factor in (2.26) due to the time-sharing paraméhet
cannot be optimized in AF. Wheg, ® +¥ |, the achievable rate with OAF cannot
exceed one-half of the MISO capacity, contrary t6 Which is capacity achieving.
Likewise, wheng, ® +¥ | R, cannot exceed one-half of the SIMO channel capacit

and is therefore outperformed by CF which is capaathieving. In[AV06], it is shown
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that the negative effect of the constrained timarisly parameter can be alleviated at the
system level, when several AF relays transmittiogdifferent destinations operate in
parallel on the same time-frequency resource arel réday-destination pairs are
sufficiently separated. Non-orthogonal AF (NAFastgy, which corresponds to Protocol
3in 82.1.3.1 is addressed in [GMZ06] as a speaxaak of Linear Relaying (LR). In LR
the relay retransmits a (causal) linear combinatibprevious observation blocks. Thus
AF is a special case of LR in which only the pregdlock is retransmitted. In [GMZ06]
the authors show that NAF, although not the besbrmmall LR strategies, may
outperform DF and CF at low SNB, on the Source-Relay link. Yet, in the 3-node TDD
case, LR suffers from the same % penalty as AF lwhiakes it achieve a rate
significantly lower than both DF and CF and thishie reason why we do not consider it

further in this thesis.

2.1.4.4 A case study: the Gaussian 3-node relay channel

In this section, we illustrate the various capadibunds expressed so far in this
report by considering a simple 3-node Gaussiary réhannel, in which S, R and D are
aligned, withg, = 0dB. The Source and Relay transmit powers are sedd8i and the
noise power at D is set to -90dBm. We assume aistgnce path-loss model with 1
meter breakpoint distance, and a path loss expookrt.6 beyond the breakpoint
distance. On the plots, distances are normalizeth&ysource-Destination distance d(S-
D), which is equal to 490m.

S R D

d(s-D)=1
Figure 4: A three-node relay setting with S,R and [xligned

In this case, the capacity of the Source-Destinatibannel, measured in bit per
channel use, 8, =log(1+1) =1. On Figure 5, the capacity bounds on the FD
Gaussian relay channel are plotted. The followibgeovations can be made:

The MISO and SIMO bounds are valid only when R 1s the immediate
neighborhood of S or D. The CSB is the only valiper bound for all relay
locations.

The DF is the best strategy when R is close todSGnis the best strategy when R is

close to D. Moreover, a mixed strategy which ssléettween DF and CF depending
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on the relay location would operate in the worstecat less than 0.3 bit per channel
use from the CSB, i.e. about 85% of the relay cbhoapacity can be achieved by

this strategy.

B e S

— Direct Link

N
wn

N

=y
(5]

Rate (bit / channel use)

| | | |
0 02 0.4 0.6 0.8 1 1.2
Relative Position of the Relay on the S-D axis

Figure 5: Capacity bounds on the full-duplex Gaussin relay channel

On Figure 6, the achievable rates of the NCDF, ABIBE and PCF strategies are
compared to the TDD and FD cut-set bound. Theviotig observations can be made:

A large loss is incurred due to half-duplex relayifhis loss is the largest when R is
half-way between S and D where it reaches almobit ber channel use, which
represents one-third of the full-duplex capacityorbbver, even though the TDD
achievable rates are theoretically equal to theaEllevable rates when R is infinitely
close to either S or D, there is always a non-gégt gap of a few tenths of bit per
channel use between full-duplex and TDD relayingewlithe distances are greater
than 1m. This gap is due to the fact that the dapat a point-to-point link grows
logarithmically with the SNR, and even if at 1mtdisce the SNR is large the

capacity of this link cannot be assumed infinite.
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The NCDF strategy brings an improvement over dir&aurce-Destination
transmission but cannot outperfoi®, when R is infinitely close to S. The optimum
position of R for NCDF is half-way between S andTbis is a coincidence, as the
optimum relay location is in general different gobitrary Source and Relay transmit
power.

The PDF and FDF are capacity achieving when Rfisiialy close to S, whereas the
NCDF strategy is not.

The PDF strategy is optimum when R is close tonfl,the PCF is optimum when R
is close to D. A mixed strategy which selects tlstbof PDF and PCF can thus

operate at less than 0.3 bit per channel use fnenTDD cut-set bound.

— Direct Link
fffff CSB, TDD
CSB,FD
—+— NCDF
——FDF, TDD
—+— PDF, TDD
—<— PCF, TDD

Rate (bit / channel use)

i i i i | j
-0.2 0 02 0.4 0.6 0.8 1 12
Relative Position of the Relay on the S-D axis

Figure 6: Capacity Bounds on the Gaussian TDD relaghannel

2.1.5 Multi-relay, multi-user and multi-way extensi  ons

The 3-node relay channel described so far can deed as a building block for
more complex deployment topologies. Let for instarmonsider the deployment on

Figure 7: the devices can be grouped into two ge&nodes: (BS, RSMS;) and (BS,
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RS, MS;). As long as transmissions of nodes belonginch&sé sets are scheduled on
orthogonal time-frequency resource, the relays db interfere (the dashed arrows
represent potential interference) and the capacitinds for the 3-node relay channel can
be used as inputs to the resource allocation algoriSuch a resource allocation strategy
is explained in [AVO7]. Likewise, considering thdidmond” [XS07] topology of Figure
8, the study of cooperative beamforming perfornrethe context of 3-node relaying can
be almost straightforwardly applied to model theperative beamforming of Rand
RS, towards the MS.

However, larger rates can be achieved by consigecioding strategies specifically
designed for the network topology. Some exampleltgpes which are addressed in the
literature include the parallel relay channel, thky channel with more than two hops,
the Multiple Access Relay Channel and the Broadoasly channel. A good survey of
recent information-theoretic results for these topies is given in [KGGO07] and [C08],
and we will not further discuss them for the sakdmevity because most of our results
focus on the three node relay channel. Howeveg4i we will consider topologies with
more than 3-nodes in the special context of outasfd relaying and BS cooperation

which are the purpose of the next section.

Figure 7: Cellular downlink relaying with 2 relays and 2 users
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Figure 8: Diamond relay topology in downlink

In addition to relay topologies involving multipources (MARC), multiple destinations
(BRC) or multiple relays (e.g. parallel relay chabhnan active research topic considers
multiple Source-Destination pairs. A simple exaniplthe 3-node two-way relay channel
[RWO7], which aims at increasing the system speédfficiency when downlink and
uplink traffic are not too asymmetric. Again, théenario and associated coding

strategies are beyond the scope of this thesisvandlill not discuss them further.

2.1.6 From out-of-band relaying to base stations co  operation

Most of the literature considers so-called “in-banelaying, in which the source
and relay transmit at the same carrier frequentgirltransmissions can then either be
separated in time and frequency via orthogonal cidivey, or on the contrary S and R
may be scheduled on the same time-frequency resoant cooperatively beamform to
the destination. However, in a cellular deploymarfixed RS can be shared by a large
number of MS, and in this case the link betweerB8eand the RS may well become the
bottleneck of the MARC (in uplink) or the BRC (imwnlink). Out-of-band relaying is a
potential solution for this problem. It consistsassigning distinct carrier frequencies to
the communications involving the MS and to thoseoiwing only infrastructure
equipment. The carrier frequency assigned to tmenmenications involving the MS can
be termed “access carrier frequency” and the adhercan be termed “backhaul carrier

frequency”. The MS will be designed to transmit arateive only on the access
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frequency, whereas the BS and RS shall be ablegatsmit and receive on both
frequencies, and two transceivers are thus neefl@d. makes out-of-band relaying a
more expensive solution at first glance.
Under the assumptions explained above, the spdeditires of cooperative out-of-
band relaying vs. cooperative in-band relayingthesfollowing:
TDD Protocols 1 and 3 are not feasible in downlamd Protocols 2 and 3 are not
feasible in uplink, because the MS cannot operatettee backhaul frequency.
Moreover, in many cases it makes sense to assushehih BS and RS are able to
transmit and receive on the backhaul and accegsdreies simultaneously. If so,
there is no need for a time-slotted cooperationqoal.
Since a cellular BS and RS are infrastructure eqeig, they can be designed to
transmit and receive on a large bandwidth. Morea¥¢he RS is mounted on a lamp
post or rooftop, it is likely (but not always) irQS with the BS. Hence, the capacity
of the backhaul (BS-RS) link can be much largenttiat of the access links (BS-MS
and RS-MS) in out-of-band relaying. This has andoipn the relative performance

of cooperative coding strategies.

Achievable rate calculations for out-of-band retayivill be the same whether the
backhaul is wireless or wired. If we extend outafd relaying to multiple parallel
relays, this naturally leads us to the topic ofd@®peration, which is addressed in §4.3 of
this thesis. As pointed out in [ACHO7], a key ckalje for future BWA systems will be
to overcome inter-cell interference. Indeed, stdtthe-art cellular deployments are
typically based on frequency reuse factors betw2esr 3, and the target for future
networks is reuse-1 in order to maximize the spéc#fficiency. Cooperative BS
transmission and reception, also called cellulawagk coordination, is viewed as the
ultimate (but also the highest complexity) solutitm maximize the system spectral
efficiency. A reuse-1 coordinated cellular netwaskessentially the same as a set of
multiple parallel out-of-band relays linked to a .Ba the literature on coordinated
cellular network, the BS is often called a “Centabcessing Unit” (CPU) or “main BS”
and the RS is either termed BS or “receiving ageast'in [SSS08]. In the uplink, the
signal transmitted from a set of MSs is received dyset of cooperative BSs
interconnected by a fixed rate backhaul. The dexpd performed by the CPU which

can be located at one of the BS sites. In the doknthe cooperative BSs transmit
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synchnonously to a set of receiveing MSs. If thekbaul capacity is large, then the set of
cooperating BSs can be viewed as one Virtual Ardgedmay and if the cardinal of this
set is large, then all inter-cell interference ea@tually be removed. In reality, backhaul
rate and latency limitations and MIMO processingnptexity have to be taken into

account, and this is the purpose of §4.3 of thesith

2.2 Modeling state-of-the-art broadband wireless sy = stems

In our work we try to have as much as possiblestalassumptions corresponding
to a state-of-the-art broadband wireless systenthim section we discuss some key

assumptions related to this choice, and highligatdifferences with the literature.

2.2.1 The fading MIMO relay channel

In 82.1.2 and 82.1.4, the capacity bounds are ctedpassuming a constant flat-
fading channel. Of course, because each wireleksdisubject to slow and fast fading,
the relay channel can also be studied in termsgufdéic and outage capacity. In [SEAO3]
the concept of cooperative diversity is introduckd[LWO04] quasi-static flat fading is
assumed and analytical expressions for the outagkapility of various half-duplex
cooperation protocols are provided. It is showrt thast cooperation protocols for the 3-
node relay channel provide a diversity order oPapers typically analyze the ergodic
capacity ([HZ05][WZ05][YEO7]) or the outage capacffLW04]), and more recently the
Diversity Multiplexing Trade-off (DMT) [YEOQ7].

2.2.1.1 Time variations and tracking of the channel

In our thesis work, we focus mainly on the quaatistfading channel, i.e. the
channel remains constant over a frame, which wimeléf TDD as two successive slots.
However, the channel may change from one frameh¢onext. Such a model is well
suited to low-mobility (e.g. pedestrian) users. Fmtance, let consider the IEEE802.16e
system. Assuming a carrier frequendy. equal to 3GHz, and denoting by the
maximum relative velocity (expressed in m/s), theximum Doppler frequency (in Hz)

equals f; =10v and the channel coherence timfe» 1/(2f,) is frequently assumed.
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At pedestrian velocities of 1m/s to 5 m/s, the clemoherence time thus ranges from 10
ms to 50 ms. The typical frame duration in a TDBteyn such as IEEE802.16e is 5 ms.
Therefore, it is reasonable at these speeds tanagsalguasi-static channel. Moreover, at
such velocities the channel can be tracked and €8iiTbe exploited. In Chapter 3 and
Chapter 4 of this thesis, capacity bounds are ddrassuming full CSI. In the context of
relaying, full CSI means that every node has péerk@owledge of the channel on all
links. However, one must pay attention to the déetyveen the estimation of the channel
and the application of the corresponding precodihbjerefore, different degrees of
channel knowledge will have to be considered atttéwesmitter, from full CSl to partial
and statistical CSI (see 85.2.1.4). If we now cdexssan FDD system such as 3GPP LTE,
the frame duration is 500 ps, therefore such systeatl be able to track the channel at
approximately 10 times higher velocities. When eetrfCSIT is assumed, it does not
make sense to study the outage performance, betheseapacity (or the achievable
rates) is known at each frame and the system capt stk spectral efficiency on a frame-
by-frame basis in order to avoid an outage sitmatio this case, it makes more sense to

compute the average rate over a large number epentent channel realizations.

2.2.1.2 Variations in frequency and space

Very few papers in the literature on the fadingayethannel consider a realistic
frequency-selective fading channel model. Thisrizbpbly justified by the difficulty to
obtain analytical results with such channel modéts.this thesis, because we are
interested in broadband wireless systems we hawaopt a channel model with time,
frequency and space variations. For homogeneityemsg of comparison between our
simulations results, we restrict to a single br@abchannel model which is the typical
urban model of [B0O5]. Fortunately, OFDM systems t@&modeled as a set of parallel
Gaussian channels [RC98][BGP02] and the capacity MiMO-OFDM link is the sum
over all the subcarriers of the individual MIMO tHfading channel capacities. Therefore
we will not need to asume a broadband signal miodalir achievable rate derivations.

In state-of-the-art broadband wireless systemsam@smitter which does not have
CSIT will use a set of subcarriers spread oventhele channel bandwidth, in order to
benefit from frequency diversity. Therefore, thaditidnal space diversity provided by
cooperation protocols typically has a much lowepdct than what is often claimed in the

literature based on flat fading simulations. Therefsimulations in 85.2.1.1 will show
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that the outage performance of a cooperative glyateay be significantly different on a
broadband channel (OFDM) compared to a narrowbdrahreel (single-carrier) for a
given average SNR, whereas the average achievabde performance is not much

different.

2.2.2 Modeling radio device constraints

2.2.2.1 Transmit power constraints

How to realistically model transmit power consttaiis definitely a controversial
topic. The most common assumption in the MIMO &tare is a sum-power constraint
over all the transmit antennas, as opposed to-argenna power constraint. The reason
for assuming a total transmit power constraintrisbpbly threefold:

It allows a “fair” comparison between MIMO and SIS@stems.

It simplifies the computation of the MIMO capacitynder perfect CSIT, waterfilling

on the MIMO channel eigenmodes is optimum only unéal power constraint.

Otherwise, it is not possible (to my knowledge)ptiain an analytical expression of

the optimum precoder.

It simplifies benchmarking of coding and signal ggssing strategies among authors.
The same kind or arguments can be used to justify adoption of a sum-power
constraints on the relay channel: assuming a sotaice plus relay transmit power allows
a “fair” comparison between cooperative relayingtsigies, whether a single or multiple
devices are allowed to transmit. Another “systemele argument for adopting a total
power constraint is the fact that the same interfee will be radiated if a sum-power
constraint is assumed. In [HZ05], the authors exssume an average transmit power
constraint in time domain when computing capaciyrds on the TDD relay channel,
allowing the source to transmit at different powerels during the first and second slot,

as long as its average power is below a certa@stiuid.

Though we acknowledge the advantages of sum powsstaints, we will most often
assume (unless explicitly stated) individual traitgmower constraint at the source and
relay. The motivation for this is that at leastciellular systems, different devices have
independent power supply. The argument that a fpd&ler constraint allows a “fair

comparison” in terms of interference generatedss guestionable: at a given transmit
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power, a relay located on a lamp pole will genelets interference on remote cells than
a Base Station located on a tower. Moreover, ireotd be even more realistic the
following constraints shall be taken into account:
Per-antenna power constraints are more realisio ttum-power since a typical
MIMO transmitter embeds one power amplifier pensmait chain.
Spectrum Mask constraints. Standards for widebgstess (e.g. [16e05]) typically
impose a spectral mask that is almost flat in otdanake the interference generated
by the system as white as possible. This mask eamdeled by a per sub-carrier

transmit power constraint in a MIMO-OFDM system.

The impact of these implementation constraints apacity bounds is addressed in

Chapter 5.

2.2.2.2 RF impairments

Achieving an accurate modeling of the effect of ®#-linearities, phase noise and other
RF impairments in capacity bounds is out-of-scop¢his thesis. We account for their
existence in our simulations by preventing the agerSNR at the input of the A/D
converters from exceeding a threshold which weafi80dB. This means that even if an
MS is very close to the BS or RS and receives patipower which is 60dB above the

thermal noise threshold, the achievable rate wilcbmputed assuming only 30dB SNR.

2.2.2.3 Achievable rates and link-to-system interface

As mentioned before, there are several approachdeetstudy of the MIMO relay
channel capacity: a first approach consists in ading expressions for achievable rates,
outage or ergodic rates. The problem with this apph is that obtaining such
expressions becomes highly involved, especiallynwtiee number of nodes increases.
Even in the simple 3-node relay channel, the exasof the relay channel capacity is
still unknown after 30 years of investigation. Ahet approach aims at deriving simple
expressions that provide trends under simplifyimg.(high SNR) assumptions: the DMT
analysis belongs to this category. Though DMT ishb@ powerful and beautiful tool,
which facilitates the design of space-time codéstemains limited in the kind of
conclusions it can provide: the fact that a sthatechieves a better DMT trade-off than

another strategy does not mean that it providesb#st achievable rate in the same
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conditions. As explained below, achievable rateferothe advantage of allowing
throughput prediction, which is a convenient irted towards system-level simulations

or resource allocation optimization.

2.2.2.3.1Degraded capacity

The degraded capacity model is introduced in [CQB@5predict the spectral
efficiency of an OFDM system under a given targebrerate with per-subcarrier bit
loading, though it was probably used in previousksoProvided that the set of MCS in
the system offers a small-enough granularity inmterof spectral efficiency, the

throughput can be approximated as:

Nc
r» min log, 1+%'5 Roax (2.27)

i=1
where N, denotes the number of subcarriegs,denotes the SNR on theh subcarrier,
R..x denotes the maximum spectral efficiency over b# Modulation and Coding
Schemes (MCS) of the system, a@d>1 is a factor that captures the degradation w.r.t.
the capacity that is due to non-ideal modulatiod eading, i.e. finite source alphabet,
finite-length coding, ....etc. The degradation facféris a function of the target error
rate, and can be graphically interpreted as thamtie (measure in dB of SNR) between
the Shannon capacity vs SNR curve and the actedltrgp efficiency vs SNR point of
operation. Typical values observed for state-ofahtesystems range between 7dB to
3dB, and naturally tend to be in the lower when tbeing scheme is powerful (e.g.
turbo-code, LDPC) and the decoding is close to Miypical value forR_,, is 5 bits per
QAM symbol, which corresponds to 64QAM with codéer&/6. The formula (2.27) can
be extended to MIMO-OFDM systems. For instance, Nfg spatial streams are
multiplexed on each subcarrier, we can write:

N¢ Nsg g.
ro» min log, 1+% Riax (2.28)

i=1 j=1
where g ; is the SNR on th¢th spatial stream of thigh at the output of the receiver
spatial processing. The degraded capacity modélbwilapplied to cooperative links in
85.2.1.3, 85.2.2 and 85.2.3.
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2.2.2.3.2Effective SNR mapping

In [NR98], the notion of effective SNR is introduc® perform error prediction of
convolutionally coded systems over frequency-saleathannels. The effective SN&
is a function of the MCS, the codeword length, thannel realization and the noise

variance. It is defined by:

PER\wen (geff’ Imcs L) » PEF{  ucs Q (2.29)
where PER,,\ is the PER vs SNR function on the AWGN channeliciiepends on
the index of the MCS and on the lendthof the packet, and is a vector of SNRs on
each state of the fading channel. In [EO3], the digmtial Effective SNR Mapping
(EESM) is proposed to predict the error rate in @FBystems with Bit-Interleaved
Coded Modulation (BICM). In EESM, the following foula is used:

1 e g
=- plog — exp- = 2.30
geff g NC - p b ( )

where b is a parameter that equals 1 for BPSK, 2 for QRS8H shall be optimized for

other constellations. A possible criterion to optien & is the standard deviation of the

target SNRs for given target error raER, ., over a large-enough set dfl

trial

independent channel trials:

. Niay . 1 Nirial 2

b(PER, ) = arg min ~ G (1,0, PER, ) - N
(2.31)

For details on EESM, we refer the reader to [BSEDBLO6][SRS05]. In [BSCO04], it is

geff( i’ b’ PEFgrg eD

trial =1

shown that EESM allows an accurate error predictmnturbo-coded systems, up to a
few tenths of dBs. In [CSLO6], it is shown that BESan also accurately predict errors
in systems employing HARQ (Chase Combining and®)r In [SRS05], the application
of EESM to space-time coded systems is discussedr Brediction is the key link-to-
system interface feature, as it allows to predietthroughput and the delay. For instance,
under unlimited packet retransmissions, the thrpuglbf a system for a given MCS and

channel realization (normalized to have unit vat@noise) equals:

7 (imes) = R(ies) (1- PER(iyesH)) (2.32)
Simulations in Appendix D show that EESM is accetamnough for the throughput

prediction simulations of this thesis.
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2.2.2.3.3Practical application to throughput prediction

On Figure 9, a practical application of EESM aedrded capacity is illustrated
for the IEEE802.16e [16e05] Convolutionally Turboded (CTC) system. The set of
MCS considered here ranges from QPSK with code ¥Yate® 64QAM, rate 5/6, the
(uncoded) packet length is fixed to 120 Bytes. Thannel model assumed is the urban
micro model of [BO5]. The average throughput ovetagge number of independent
channel trials is plotted, assuming an Adaptive Mation and Coding (AMC) strategy
that maximizes the throughput under perfect CSli,afdarget PER of 5%. The channel
codeword is mapped onto subcarriers that are pseudtomly interleaved over the
whole 10 MHz bandwidth (PUSC). The solid curvesiébind red) represent the AMC
throughput with either perfect (ideal) error predin and with EESM. It can be checked
that EESM provides an almost perfect error prealic(the standard deviation observed
when optimizing 6 is around 0.2dB). The dashed curve representavéeage degraded
capacity with aG =4dB degradation factor, and the dotted curve reptsshe Shannon
capacity. It can be observed that over the setvefame SNRs for which an MCS
matching the PER target can be found, the degradgdcity also provides a fairly

accurate throughput estimate.

55 T Sl T

5L — Genie+tAMC
—— EESM+AMC geee=——
B Capacity -

RE] I Degraded Capacity e

Spectral Efficiency (bit/chan. use)

Figure 9: Average Spectral Efficiency in IEEE 802.6e PUSC mode with perfect

channel knowledge
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2.2.2.3.4Conclusion

Degraded capacity and EESM are two interestingsttmlpredict the throughput
performance of a system. The latter presents tkiaradge of capturing the exact set of
MCS of the system, and achieving a good error ptiedi accuracy, while the former can
be “easily” obtained by inserting a degradationtda@nd a maximum rate saturation
inside achievable rate expressions. Note that mmdganced models are being
investigated in the literature, such as the MIESMich uses mutual information under
finite alphabet constraint. However, the degradegacity presents the advantage of
having a simpler expression that lends itself gawil convex optimization. We will
investigate in this thesis the practical adaptawbrthe degraded capacity and EESM
methodologies for cooperative SISO and MIMO link$6.2.3.2.

2.2.2.4 From link-level to system-level simulations

The link-to-system interface, whether it is basedEESM or degraded capacity,
shall ultimately be used as the input of a systewell simulator. In [VLKO7], we publish
some preliminary system-level simulation results dooperative DF and CF protocols.
The modeling of phenomena such as the shadowingelaton or the frequency-
selectivity of the co-channel interference can hawignificant impact on the conclusions
that can be drawn from such simulations. In 85.4 pmesent a Quasi Monte-Carlo
methodology some system-level simulations and disthie achievable rate performance

of DF and CF strategies in celluar deployment togies.

2.3 Conclusions

In this chapter we have introduced the main sysissumptions that will provide
the framework for the subsequent chapters. Impbr@ssumptions include relay
duplexing, transmit power constraints and chanredieh The theoretical background on
the relay channel is introduced along with capabitynds and coding strategies for the
relay channel (e.g. the cut-set bound, the DecodeFarward and Compress-and-
Forward strategies). Finally, the connection is endtween information-theory and

practical system design.
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Chapter 3: Capacity bounds for the Gaussian MIMO re  lay

channel - A convex optimization framework

3.1 Introduction and overview of our contribution

In the previous chapter we have overviewed theesifthe-art on the relay
channel. Until recently, the vast majority of seslion cooperative relaying assumed
single antenna devices, possible forming VAAs. Heaveit is now possible to integrate
multiple antennas not only in infrastructure desice.g. base stations, fixed relay
stations) but also in mobile devices (e.g. handisatsl to exploit MIMO Channel State
Information (CSI) not only at the receiving nodeS(R) but also at the transmitting node
(CSIT). Point-to-point MIMO with full CSl is now well investigated topic: the transmit
covariance that attains the Gaussian MIMO chanaphkcity is derived by Telatar in
[T99], while the maximization of various other cdshctions is performed in [PCLO3].
The mature knowledge of the point-to-point MIMO nphal has supported the
standardization activities in 3GPP-LTE and IEEE&6&: for a given channel and
antenna configuration the capacity can be compuateattly, and every coding and
resource allocation strategy can be benchmarkéekigaeference. Recently, cooperative
relaying has been introduced in standardizationdsosuch as IEEE802.16 j and m and
immediately a flurry of coding strategies (mosttedm probably patented) were proposed
by various companies and universities. Howevers ivery difficult to compare these
strategies with each other and it is even uncleav much increase of e.g. spectral
efficiency can be theoretically expected by intrddg a relay at a given location in a
cell, not only at the system-level but even atlithie-level. This situation is mainly due to
the lack of theoretical results on the MIMO reldyannel, even for the simplest three-
node topology. Thus, a necessary preliminary sie@itds a better understanding of the
impact of relays in future radio access networkihés extension of the capacity bounds
(CSB, AF, DF, CF) to the MIMO case. This topic w&tgl largely unexplored at the
beginning of this thesis, especially in the fulll€8se, and we therefore decided to focus
on it.

We therefore consider in this chapter a single R@R) which cooperates with a

Source (S) and a Destination (D) to maximize thfermation rate from S to D. The
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number of antennas at S, R and D are respectivaiptdd Ng, N, and N, and each
can be greater than 1. Static channels and full &8lassumed in this chapter (see
§2.2.1.1). For reasons explained in 82.1.3 we dnigfly address full-duplex relaying
and focus more on a “fixed-dynamic” TDD protocolhva relay-receive slot of duration
denoted byt T [0;1] followed by a relay-transmit slot of duratith t) . In [WZHO05], an
upper-bound and several lower bounds are derivedttfe full-duplex MIMO relay
channel with full CSI. As explained later in thisapter, the upper-bound in [WZHO05] is
in general larger than the CSB and besides its rigale evaluation is very
computationally complex. In [LVHO5], two DF strateg are introduced which are shown
to improve the achievable rates bounds in [WZH®Hwever, these bounds are still
restricted to the full-duplex MIMO relay channeldamoreover no generic numerical
evaluation procedure is proposed therein. In [YE®EFO05], a Diversity Multiplexing
Tradeoff analysis of the full- and half-duplex MIM@lay channel is carried on. The
limitation of the DMT tool is that it does not piide actual values for achievable rates
and capacity but only trends at high SNR. In [MVABINO7], Source and Relay
precoders are derived for Linear Relaying (LR) with MIMO CSI. However, as stated
in 82.1.4.3 the problem of LR in the single-relaO case is its poor achievable rate
performance.
This chapter contributes to the theoretical stufiyhe MIMO relay channel with

full CSl as follows:

The CSB is formulated as a convex optimization f@obfor both full-duplex and

TDD relaying (83.3). In the full-duplex case, thigper-bound on capacity is tighter

than the one proposed in [WZHO05]. In the TDD cdbke,formulation is obtained by

exploiting the convexity-preserving property of gective function [BV04].

A convex formulation of the achievable rates of &iFategies with either partial or

full decoding at the relay is obtained for TDD retey (83.5). Two generic

procedures are proposed to efficiently computeethgsper and lower bounds. For

this purpose, various tools are employed from ojgtition theory and algorithms as

well as differentiation techniques. The readeefenmed to Appendix A and Appendix

B for a review of these tools.

Sub-optimum source and relay precoder structuregpeoposed for the DF strategy

with full decoding. In this case, either analytiedpressions can be derived from
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KKT conditions (83.5.3.1) or at least the problenmehsions can be reduced.
(83.5.3.2)

Note that parts of this work were published in [S®B8], which is extended in
[SMVCO08b] by including the convex formulation inetlf DD case, the use of patterned

derivatives and a discussion on implementation ttaimss.

3.2 The Cut-Set Bound with full MIMO CSI

In this section we show that the computation of @&B can be formulated as a convex
optimization problem in the full-duplex and TDD aging cases. Procedures to solve this
problem are then proposed. These procedures witifgetly applicable to DF coding

strategies in 83.5.

3.3 Formulating the CSB as a convex problem

3.3.1 Full-Duplex Relaying Case

The channels from Sto D, S to R and R to D areehrespectivelyH,, H, andH,,.
Moreover, unless explicitly stated otherwise, eagotle is subject to a maximum transmit
power constraint, denoted by, and P; for the source and relay respectively. In full-
duplex MIMO relaying, the signals received at thkay and destination can be written as
in [WZHO05]:

Yr =HXg+ng

Yo =HXs +H X g+n 5 (3.1)
where circularly symmetric complex white Gaussiaisa of unit variance is assumed at
the relay and destination, i.ag (O, I NR) and n, (O, IND). The capacity
C, of the full-duplex relay channel is upper-boundsdthe cut-set boundC.gg ¢,

whose expression is given by equation (3) in [WZJH05
Cep £ Cesgro = max min( (X sy o dX (X X Y g) (3.2)

where the maximization is performed over the jaligtribution of the source and relay
codebooksp(Xg, X ). The authors in [WZHO05] show that the optimup{Xs,X ) is
Gaussian and conclude that the optimization of)(8#st be carried on w.r.t. three
matricesRy E xX't , Ry E XX and the cross-correlatiok Xx.x% . This

optimization seems highly non-trivial and non-conv&herefore the authors exploit
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some matrix inequalities and introduce a scalaamater 7 that captures the cross-
correlation. They finally obtain (see Theorem %1[WZHO05]) an upper-bound which

involves a maximization only oveRg, Ry and r :

Cep £ Cesg o £ max 0min( C..G)

M 01 Rg ORg_

' (3.3)

R, 0, 2
c, inf SN el JIva
0 Oy, Rg a

st. t{Rg)EPs  tR)EP;
Although its derivation is very elegant, this bounchfortunately suffers several
restrictions:
It is in the general case strictly larger than 8B (e.g. equality with the CSB
requiresNg £ N.)
Although C, and C; are concave irRg and R for a fixed 7, the problem is not
convex in(RS, R r)and thus the proposed algorithm in [WZHO05] includeson-
convex one-dimensional optimization over.
Its numerical evaluatioms computationally intensive. Indeed, it is not gibke to
obtain a closed-form expression for the derivatigésC, w.rt. Ry and Rj.
Therefore, at each step of the optimization whegeaalient shall be computed, we
have to evaluate numerically the derivative withpect to each component of these
two matrices, which requires a number of evaluatiohC, that is proportional to
NZ (resp. N2), and each evaluation dE, requires by definition to solve a one-
dimensional optimization with respect to parameter
The above-mentioned limitations can be overcome cbysidering the joint

covariance matrix;

R E xxh
Rsr ’ (3.4)
E XgXs R &
Let also define the following matrices:
Dg Iy Oy, andDg Oy Iy (3.5)

From (3.4) and (3.5), the following relationshipsd
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R,=DR D", andR =D R D" (3.6)
Note that if R, is PSD, therRgand R are PSD too:
R0 R _OandR ,_ ( (3.7)

Indeed, for any two vectorsl " andyl "=, definingx Dfxandy DRy, the

following holds:

(a) (b)
X"RX=x"DR 4D Ix=x"R %30

(3.8)
H (i) H Hy, —\,/H (g)
Y'RRY=y " DRDgy=y"R 430
where (a) comes from equation (3.6) ar({®) from the positive semi-definiteness of
Rk
The cut-set bound (3.2) can therefore be expreased
Cesgro= Maxmin - R, o Ds., (R S?{HO Hz])
Rsr-0 H, (3.9)
st. (DR D) EP; and YD R R)EP
The objective is concave on the PSD cone, becdusedhie pointwise minimum of two
concave functions[BV04]. The constraints are affihberefore the problem is convex.
Thus, we can rely on the convex optimization litera (see Appendix B) to solve the
problem efficiently.
3.3.2 TDD Relaying Case
Three TDD relaying protocols have been defineddri 8.1. In this section we consider
the more general and more complex Protocol Illimfrvhich Protocols | and Il can be
easily derived. The CSB can be expressed as fols@esequation (77) in [HZ05]):
Cosaroo =, [o:]],p(rl]g?;(gxxéz)) min(C, o}
Co t(x@1yRyBx ¥ =0)+(1- 1)1 (x Sy §lxF) (3.10)

C, tl (x<;;>;y<;>\x<;> :o) +(1-1)1 (x‘sz’,x(,i);y%))
where the superscrigt’ indicates the slot during which the signal wasigraitted or

received. Using similar arguments as in the fulbléx case, the cut-set bound for the

TDD MIMO relay channel can be expressed as:
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CCSB TDD = max mln{ C:/-\ ’CB}

T Io- 1 2
i [0, RY_0RE)_0

Co t RY, LD +(11) (RGHPD

1
Co t (RE.Hy)+(1-1) (R&[MH, H)) (3.11)
s.t.
r(RY)£Ps; r(DREP"JEP tr(D RPQ"LEP

This problem (3.11) is convex ir(R‘Sl),R(SzF){) for a given t, but convexity in

(R‘Sl), R(Szé,t) cannot be claimed at this stage. However, lentreduce the following

changes of variables into (3.1%): t,t, 1-t, QY tRY andQ¥ t,R%Z.. The

problem now reads:

min{C, G}

C = max
CSBTPD 4 01,5000 0Q2) 0

H
ot QYL 0+t (QA/LHP
1

Co t (QP/t,Hy)+t, (Q&/t[H, H ) (3.12)
s.t.
tr(Q¥)- tP£ 0; tr(D QEP")- t,PE 0;
tr(DRRED') - ,PE O 4 +,-1£ 0
Note that in (3.12) the trivial casds=0 and t =1 were excluded from the domain.
Indeed, in these two extreme cases it can easilgheeked that cooperative relaying
degenerates into point-to-point MIMO. The functigrt (X,t)  tf (X /t) defined on
M7, is the perspective (cf. sec 3.2.6 in [BV04]) of flanction f : X (X.H)
which is concave on +'V' , thereforeg is concave on +'V' " ... The problem (3.12) is

therefore convex in standard form.

3.4 Computing the CSB

The previous section has shown that the CSB caexipeessed as the solution of a
convex problem in the full-duplex and TDD casesic8iit does not seem possible to
derive a closed-form expression of the solutior{30®) and (3.12), efficient procedures
are sought hereafter to solve them numerically. fééeis on solving (3.12) from which

the solution of the simpler problem (3.9) will Heagghtforward.



62

We start by writing the equivalent epigraph [BVdéfm of (3.12) such that
closed-form expressions of partial derivatives t@nfound for the objective and the

constraints:

c . min - e
CSB TDD (e,tl b 'Q(Sl) 'Q(Sz'%)’[
S.t.
e-C,£0; e CE O o

r(QY)- tP£ 0; (D QEUP"} t,PE 0

tr(DLQED")- ,PE O t+t, £ O
where

[ (3.14)

The optimization problem in equation (3.13) neexlbé carried on with respect to three
real-valued variables and two PSD matrices. Thepedation of closed-form expressions
for the partial derivatives and gradients with exdo the time-sharing parametéysand
t, and to the structured (here Hermitian) matri@% and Q%) is detailed in §A.2.

From (6.14), let define the following parameteriaatof matricesQ(Sl) and Q(SZQZ
Qw (r O (c (g)) (3.15)
9 (r2eny) (3.16)

In order to simplify the notations, all the varieblin the problem are stacked into the

following vector:

v (e,tl,tz,(rél))T ,(c(sl))T ,(r (Sng)T ,(c (ZS)F)T)T (3.17)
and the set is defined such that
vi 0 (et.t,.Q¥.Q%) (3.18)

Moreover, the inequality constraints in (3.13) demoted asfj (v) £0, j=1..J and

stacked into a vector-valued functibras follows:

T
f(v) (f.(v),...f,(v)) (3.19)
Using the notations (3.15)-(3.19), the problem paw be solved using the derivatives

and gradient expressions of 8A.2 and the algoritbfisppendix B. two alternative ways

of solving (3.13) are now presented.
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3.4.1 Dual Method

A procedure to solve the dual problem of (3.13jetailed in §B.3. Here the primal
problem is convex and Slater’s condition for strahmlity holds. Indeed, the following

point for instance is strictly feasible:

11 PR min (P, Py) -
o | y I + I 320
Xq 474 8NS Ng st"' NR) Ng+Ng ( )

which satisfies Slater’'s condition. The computatidrihe dual functiong( ) at a given

o requires to minimize the Lagrangian (v, o) over . The gradient of the
LagrangianN (v, O) can be computed in closed-form from the formulagppendix
A. However, a straightforward application of grattiedescent methods cannot guarantee
that the sequence of points belong to As explained hereafter, the projection on the
set is simple to implement and we therefore resotheo GPM, which is described in

details in 8B.1. The projection df andt, onto can be practically handled by

+
restricting their domain to a closed inter\{aﬁ;+¥) where /7> 0. In this case their

projections are respectivelax(t, /7) and max(t, /7). By selecting a small enough
h, the error introduced on the final solution camimede arbitrarily small. The projection
of QY and Q%) onto the PSD cone follows (6.36). Having minimizke Lagrangian, it

remains to maximize the dual function. As explaiie@B.3 a closed-form expression of
a subgradient is easily found and we can therefesert to the subgradient method.
However, as explained in 8B.3 step size selectimategies for the subgradient method
are empirical and in our simulations the proceddescribed in the next section for
solving the primal problem based on the barrier hoet turned out to converge

significantly faster.

3.4.2 Barrier Method

In order to solve (3.13), a more straightforwargrapch is to use an interior-point
method to solve the primal problem. The barrierhmdtis described in §B.2. Closed-
form expressions for the derivatives and gradidntiog-barrier functions are obtained

from the formulas in §A.1 and 8A.2. For instance,

1 T (v) L
ORI

(Cg))*fj (V(e Lt eSr e ‘3)) = vec (3.21)
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where Lu,s<1> is the matrix that maps theNS(NS- 1)/2 independent complex

components from the upper-part oQ(Sl) onto the components of indices
3+Ng+1, ,3+Ng+Ng( Ng- 1 /2 of vector v. The barrier method can start from
any interior point such as the one given by (3.20)ur simulations it converges much
faster than the bound in [WZHO05] and also signiiitafaster than the dual method in the

section above, and was therefore the preferredaddtr simulation.
3.5 Decode-and-Forward with full MIMO CSI

The partial and full DF strategies for the Gaussiaalar TDD relay channel have been
introduced in 82.1.4.1. In this section we extehe &chievable rate expressions to the

Gaussian MIMO relay channel.

3.5.1 Non-Cooperative Decode-and-Forward

We start by treating the simple case of non-codperd®F (NCDF) as defined in
§2.1.4.1. It will be used as a benchmark to hidftlithe gains due to cooperation in
simulations. The achievable rate for NCDF is:

i € 2
Ruc.or i o1 ,R‘S1>0R§)omm(t (RS ’Hl) (%) (R R HZ)) (3.22)
s.t. tRY) £ P, t{RY) £ P,

1
(HuP) (H,.R) (3.23)

where
(H,P) max (RH) st.tR)EP (3.24)

Note that problem (3.24) is the MIMO channel capawiith CSIT as solved by Telatar
in [T99]. From (3.23), it is clear that the achiblerate of NCDF is upper-bounded by

the minimum between the capacity of the first Hog &nd that of the second hop link:
Ric.or £min( "(H,,R), "(H,. R)) (3.25)
3.5.2 Partial Decode-and-Forward

The coding scheme is the same as in the scalarg@atel.1. The Source transmits

a first messagey, at a rateR, using a signalx(sl) (WO) during the first slot. The relay
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decodes 1, and transmitsxg)(l?l/o) during the second slot while S transmits

X2 (g, ) =x &) (mp) +x3)(w). Because we assume a synchronized scenario, the
signals X2’ (1) and xZ) () are correlated, whereasy, is mapped onto an
independent signakgi(wl) transmitted at rateR using superposition coding. The
destination successively decodas and 1. The derivation of the achievable rate is a

straightforward extension of the proof of Propn2HZ05]:

Roor :tT 01 ,p(xgi‘ég) x(szl) xéz)) R+ R (3.26)
= max min(R, ,R;) '
i 01,RY_0,RE 0RE, 0
R, t(RY.H,)+(1-1t) (REHP (3.27)
R(szi Ns (Ng Ng)
Rt (RY.H,)+(1-1) v [Ho Hy HJ (3.28)
(Ns+Ng)" Ng SRO
where RY E x@(x%’)H , RE E X(sz,i(x(éi)H and
T
R, E (x2) (x?@)  (x@)" (x@)" and the transmit power
constraints can be written as:
wr(RY)EP, ; tr(D REGD"EP (3.29)
tr(RY)+tr(DRZ,D"JEP, (3.30)

The problem (3.26) with the constraints (3.29) &.@0) is similar to (3.12) and can be
turned into a convex problem in standard form jik&t (3.13). The Source and Relay
precoders during the first and second slot andithe sharing variable which maximize
the achievable rate of the partial DF strategy bancomputed by exactly the same

procedures as the CSB in §3.4.

3.5.3 Full Decode-and-Forward

The partial DF strategy requires to implement sppsition coding at the source and
successive interference cancellation at the degimdn this section, we consider the full
DF (FDF) strategy already introduced in §82.1.4.Athe scalar case, which allows for a
reduced implementation complexity at the expense lofver achievable rate. Remember

that FDF is a variant of partial DF in which théasedecodes the whole message and the
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source does not superimpose a new message duerggtiond slot (i.eR =0). In this

case, the achievable rate simplifies as:

Roe = max min(tRA AR, +(1- ) Fglz) (3.31)

T . 1 2
i 01 RY _0RG o

s.t. R, (RY.H,) (3.32)
R, (RY.H,) (3.33)

R, (R&.[H, H]) (3.34)

tr(RP)EP, ; (D REP"JEP,; t{D ROR"LEP (3.35)

For any fixedt1 [O;]], it can be noticed th&}.,. is a non-decreasing function & ,,
which only depends oRZ). Therefore the optimization (3.31) can be cardedn two

steps:

R, MmaxR,, (3.36)

t (QY/t,H,),
RFDF_ ( )

=_max min - (3.37)
i (01 QY _o0 t (Q(Sl)/t,Ho)+(1- )Ry,

where the trivial cas¢ =0 was again excluded from the domain. As beforeblpras
(3.36) and (3.37) are convex and can be solvedyubim same procedures as for the CSB
and PDF. However, we decide to evaluate sub-optinuecoders at the Source and

Relay with a structure that further reduces thénupation complexity.

3.5.3.1 Sub-optimum Source precoder during 1% slot

Let first consider the problem (3.37) in which theurce precoder during the first time

slot is optimized. Let introduce the SVD bf, andH,:

H, =Udiag( ,)Vg antH,=U,dia§ )V} (3.38)
We arbitrarily impose the following structure tatlource covariance matrix:
RY =V,diag(p,)V, +V.diadp )V ! (3.39)
Ro R,

The structure stems from the intuition that thersewshall transmit part of its power on
the eigenmodes of the channel to the relay andetsteon the eigenmodes of the channel

to the destination (note the similarity with thegoder optimization in [HKEOQ7]). Lel,
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and L, denote the number of non-zero singular value$igfand H,. Inserting (3.38)
and (3.39) into (3.32) and (3.33) gives:

R, =log,|ly *HR H Y +H R |
(;1) H Lb)
log, |1+ HR H }|=

Ry ® log, |l + HR H = “log, (2 /5p,) 3,

S10g,(¥ /5p,) 3, (3.40)

Where (a) comes from the Minkowski determinant inequalitydafb) comes from
(3.39). Inserting these lower bounds &) and R;, into the epigraph form of (3.37)

yields the following lower-bound dR-; :

Reoe * Lgogomin,, o € €) (3.41)

St e-t£0 (3.42)
e-tJ (2 )RE O (3.43)

L, Po* 1, P~ REO (3.44)

Before solving the above-defined problem, it castfbe noticed that when the source-
relay and source-destination channels are orthdgegaality occurs in (3.40). IH, and
H, have i.i.d. complex Gaussian components, let denshe distribution of the anglé
between any two rowl, and h, of respectivelyH, and H,. For Ng >1 the quantity
h;hg‘z /||h0||§||hjj|§ =cos (f) is Beta-distributed with parameterd and
Ng - 1[J06]. This distribution concentrates aroufid as Ny ® +¥ . Therefore the

X

source precoder that solves (3.41) becomes optifou3.37) asNg grows.

We now derive a procedure for solving (3.41). Idtroing the perspective function as in
(3.37) allows to turn (3.41) into a convex problevhich has a reduced number of
dimensions compared to (3.41) leading to a rednatibthe computational complexity.
Unfortunately, writing the KKT conditions for thigroblem does not seem to lead to a
closed-form expression. However, for a fixdd in (3.41), the optimization w.r.t.

(e,p,.,p,) is also a convex problem for which the KKT coruti lead to:

o =(a-1//5) ipy= - 1/ }) (3.45)
The solution (3.45) can be obtained by a watenfllalgorithm with two water levels

a >0 and 6 >0 which are not independent due to the total sopmeer constraint.

Let define B, (1[l pl)/ P, the fraction of Source power transmitted on therse-relay
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channel eigenmodes, while the réstF is transmitted on the eigenmodes of the source-
destination channel. Finding and & amounts to finding the optimurF:?LT [O;]]. Let
first assume that both constraints (3.42) and (3a®8 active at the optimum, which
yields:

tJ,=tJ,- (- YR, (3.46)
It can be checked that, =0 at P, =0 and J, is non-decreasing witl} . Likewise, J,
is non-increasing wittP, and equals 0 a, =1. Therefore, the optimunﬁA’1 is found by
solving (3.46) under the condition tt‘(dl— t) FAQB’ZE tJ, at B =1. When this constraint is
not satisfied, either (3.42) or (3.43) is not aetand the solution is trivial (i.d% =0 or
FA{=1). In order to solve (3.41), it remains to perfoanone-dimensional optimization
with respect to the variablie Fortunately, it can be checked numerically thatgolution
é(t) of (3.41) for a givert turns out to be a unimodal function bfover the interval
[O;]], i.e. a function that is either strictly increasior strictly decreasing. Therefore
efficient one-dimensional search techniques suchhasGolden Section Search (see
appendix C.3 in [B99]) can be employed to find dpéimum .

To summarize, a sub-optimum approach to sourceopszcoptimization with
reduced complexity is proposed in this sectiogohsists in transmitting a fraction of the
source power on the eigenmodes of the channel ¢org¢ay and the rest on the
eigenmodes of the channel to the destination. Tdwep assignment is provided by a
water-filling algorithm with two water levels thare related by the total source power

constraint. This precoder tends to become optimgntha number of antennas at the

source becomes large.

3.5.3.2 Sub-optimum Source and Relay precoder during 2™ slot

Let now consider problem (3.36) in which the souese relay precoders are
optimized during the second time slot under anvikddial power constraint. Let introduce
into (3.36) the SVD of the joint channp, H ;| =Udiag( )V" and let also perform
the following change of variable:
R V"'R&v (3.47)

The problem (3.36) can be rewritten as:
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Ry, = maxlog,|l , + diad )R( diag ))H

(3.48)
s.t. t(DgVRV"DH)£Pg ; t{D YRV "D M) EP,

As in appendix B of [WZHO05], we arbitrarily enforce diagonal structure
R =diag(p2). This turns the matrix optimization problem (3.48jo the following

vector optimization:

L
max log, (1+/2p,.
nax _log (t/7p, ) (3.49)

sta'p,£P, ;b'p, £ P,
where L is the number of non-zero eigenvalues[ bf, H 0] and the vectora and b

Ngr
j=1

2
_Vj,i . The

have their components defined bya ?fl’\/NRﬂ,i‘z and b,
problem (3.49) can then be solved at a much lowerputational cost than the original
one.

Note that if we replace the individual power coastts in (3.48) by a sum-power

constraint
tr(RA)=tr(R) £ P+ P, (3.50)

then Hadamard determinant inequality can be applseid [T99]:

I, +diag( )R( diag ))”‘£(N"3(1+/i23,i) (3.51)

with equality if R is diagonal. Since the constraint (3.50) depemdg on the diagonal

components ofR , it is clear that the optimurR in (3.48) is diagonal. In other words,
under a total transmit power constraint at the s®and relay, precoding with the right
singular vectors of the joint chann[ale H 0] is optimal. However, under individual
power constraints this structure is in general ptiblum because the individual power

constraints depend on both diagonal and non-didgmmaponents oR .

3.6 Simulation Results

In this section, simulation results are presentedtie TDD MIMO relay channel.
The upper and lower bounds on capacity are evaluatel the sub-optimality of the
precoder optimization procedures in §3.5.3.1 an8.82 is discussed.

The simulations below assunfdg =4 antennas at the source abl}, = N, =2
antennas at the relay and destination. Such amraateonfiguration is well suited to a

cellular downlink scenario. The source and relaysambject to the same power constraint
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P, = Ps=1. The MIMO channel on the S-D, S-R and R-D linksmiedeled by i.i.d.
complex Gaussian components of respective varigpceg, and g,. Therefore, under
the above-defined power constraingg, g and g, represent the average SNR on the S-
D, S-R and R-D links. The destination is far fromttb S and R, withg, = g =0dB.
The average SNR, on the S-R link is varied from 0dB to 30dB.

On Figure 10, the average achievable rates of éindapand full DF strategies are
plotted. For comparison purpose, the average cgpafcthe S-D link is also plotted with
(solid line) or without (dashed line) CSIT. In th#st case, the source covariance matrix
that maximizes the ergodic capacity is [TR} =(Ps/ Ng)l . The average capacity
gain provided by CSIT can be decomposed into aayagain and a waterfilling gain
[TVO5]. Here sinceNg = 2N, there is a 3dB array gain plus a large waterfllgmin
becauseg, is low. It can be observed that single-hop trassion always outperforms
non-cooperative DF. This is obvious from inequa(®y20) and the fact that the capacity
of the S-D link is larger than that of the R-D lirBoth partial and full DF achieve a large
rate increase over non-cooperative DF and singpettamsmission, and are less than 0.5
bit (per channel use) away from the cut-set boumcyf 3 15dB. Partial DF outperforms
FDF only at low g, when the rate becomes limited by the S-R linkacé#p. It can be
argued that under the above simulation assumptitiés, comparison with non-
cooperative DF and single-hop transmission is wrdaice the total transmit power is
larger for cooperative protocols during the secelud. Therefore, we also plot (dotted
curve) the achievable rate of the FDF strategy wtiensum-power is constrained to
remain lower tharP; during the second slot. The figure shows that eénehis case FDF

outperforms non-cooperative protocolsga€ 5dB.



71

----- No Relay, no CSIT
No Relay

—E— Non coop. DF =
............ FDF, Mat. Optim., Sum-Pow. constr.
—A— FDF, Mat. Optim.

—8B— Partial DF 7
—¥— Cut-Set Bound

bit per channel use

()

i |
0 5 10 15 20 25 30
SNR on Source-Relay link (dB)

Figure 10: Upper and lower bounds on TDD MIMO relaying channel capacity with
Source and Relay precoder optimization in a 4x2x2raenna configuration.

On Figure 11, various precoder optimization striaedor FDF are compared. The
highest rate is achieved by matrix convex optiniarabf the source and relay precoders
during both slots, using one of the proceduresrdesttin 83.4. As stated in 83.5.3.1, the
vector optimization of the source precoder becoaptenum whenNg is large, but here
it can be observed that the incurred loss is ajresadall at Ng =4 (only 0.1 bit). An
additional rate penalty occurs at higif when the sub-optimum source and relay
precoder structure of 83.5.3.2 is enforced durireggecond slot. Overall, the degradation
due to sub-optimum precoding is lower than 0.5ob#r the whole SNR range. Finally,
the dashed and dotted curves illustrate the laesje loss when precoders are not
optimized during the first slot (i.e.RY = (Ps/ Nyl y) Or during both slots
(RY =R® =(Pg/ NJI N RZ =(Ps/ Np)I -
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Figure 11: Optimum vs. Sub-optimum precoder optimiation for full DF strategy in
a 4x2x2 antenna configuration. (Legend: N=No optinziation, V=Vector
Optimization, M=Matrix Optimization)

On Figure 12, the optimum power fractid% and the optimum time-sharin@
obtained by the sub-optimum procedure of 83.5.8Ipbotted vs.g,. As expected, when
the capacity of the S-R link becomes much largantthat of the other links, most of the
source transmit power during the first slot is @sed to the eigenmodes bf,, and most

of the time resource is assigned to the secondrstwder to maximizeR-¢ .
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Figure 12: Sub-optimum source precoder during theifst slot for full DF strategy:
variation of the time-sharing and power balancing ¥. SNR on the Source-Relay link

3.7 Conclusions

We presented a generic methodology to maximizeaigpapper and lower bounds
on the MIMO relay channel with full CSl in the fudluplex and TDD relaying cases. The
optimum source and relay transmit covariance megrand TDD time-sharing parameter
can be derived by convex optimization, and the lgetgveen the achievable rate and the
capacity can be quantified for various DF strategla particular, we verified that for
realistic antenna configurations and SNR rangesgap can actually be quite small. Our
optimization procedure illustrates the applicatodrseveral mathematical tools borrowed
from convex optimization theory, nonlinear programgnas well as from complex matrix
differentiation to the practical problem of preaunglifor the MIMO relay channel. As
explained in Chapter 5, the bounds derived heraairdirecly applicable to a real system
but can be easily modified to provide a good edtmaf the throughput envelope that
can be achieved. Moreover, they can also servebanehmark when studying the effect

of practical implementation impairments such asarfgct CSI.
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Chapter 4: Distributed Compression for Cooperative MIMO

4.1 Introduction and overview of our contribution

In 82.1.4 we have reviewed coding strategies ferdtalar relay channel. We have

shown by an analysis of achievable rate expressiadsverified by simulations the fact

that the CF strategy outperforms DF and LR wherctpacity on the link from the relay

to the destination becomes large-enough. We has@ rabtivated our focus on TDD

relaying due to its simpler practical implementatamd we have introduced the reference

[HZ05] in which the achievable rate of a partial (FCF) strategy on the Gaussian scalar

TDD relay channel is derived. In the PCF stratedy[ldZ05], a first message is

transmitted during the first slot and is WZ-compex$ by the relay while a second

message is transmitted by the source directly éadrstination during the second slot. In

the next section 84.2 of this chapter, we esséntiadtend these achievable rates to the

MIMO case. Our contribution is the following:

Distributed Gaussian vector compression [GDV04][GBYis applied to the specific
case of CF relaying (84.2.1) and the effect of duspression on the achievable rate
of CF is analyzed (84.2.2).

The achievable rate is maximized with full CSI. Psed-form expression of the
optimum WZ coding rates is derived (84.2.3.1) whiliffiers from the rate-distortion
trade-off in[GDV06].

It is shown in 84.2.3.2 that during the second efothe TDD protocol an optimum
decoding order exists for the messages transniifte and R, and this can be used
to simplify the optimization of the source and yetovariance matrices. Finally, an
iterative procedure is proposed (84.2.3.3) whidhtlp optimizes the compression,
the transmit covariances and the time resourceatitn.

Simulations are performed in both uplink and dowklicellular scenarios which
illustrate the phenomena mentioned above and a aosgm with other capacity

bounds is performed (§84.2.4).

The first two bullet points are addressed in [SMY/@vhile the third bullet is included in
[SMVCO08c].
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In 84.2, Compress-and-Forward relaying is appliedTDD in-band MIMO
relaying with 3 nodes. In 84.3 we try to apply @@empress-and-Forward strategy to
multiple parallel out-of-band multi-antenna relaysequivalently to a coordinated MIMO
cellular network, as introduced in §2.1.6. In [COB PCF strategy is applied to a set of
multiple parallel in-band single-antenna relays.widger, the achievable rate region
(equation (3.43) in [C08]) is untractable, partlyedto the large number of constraints
required to define the MAC achievable rate regiommfed by the multiple parallel relays
transmitting to the destination. Del Coso therefpreposes to relax the problem by
considering only the MAC sum-rate constraint. Aplaied in 82.1.6, the problem is
simpler for a coordinated cellular network becaitsean be assumed that the backhaul
links have fixed capacity. In [MFO7], quantizatimproposed for a coordinated cellular
uplink with limited backhaul, and it is shown tHatge spectral efficiency gains can be
achieved in spite of the basic source coding ah eBES which cannot exploit the
correlation between the received signals. Our worlg4.3 relies mainly on the more
advanced distributed coding scheme of [DWO04] an89@8], in which the signals
received at each BS are partially decoded and cesspd before being processed by a
Central Procesing Unit. Our contribution essentiatonsists in a computation of
achievable rates when the cooperative BSs are pegliwith multiple antennas:

In 84.3.1 we instanciate the results in [SSS08]addeaussian multiple-antenna

setting with Gaussian codebook, and formulate tbleiesable rate as a an

optimization problem with respect to compressiois@@ovariance matrices. In
particular, we show that the problem is simplifeader a backhaul sum-rate
constraint.

In 84.3.2 we show that the compression noise Higion which maximizes the

achievable rate in the 3-node case correspondetdransform Coding approach

introduced in [GDV04][GDV06] with the WZ coding egllocation of [SMVO07]
that is derived in 84.2.3.1.

Achievable rates are derived in the case of N-pratlays in 84.3.3 and an

achievable rate region in the multi-user case is/eé in §4.3.4.

Finally, these theoretical results are illustralsdsimulations under either per-

link or total backhaul rate constraints in §4.3.5.

The above four bullets are the subject of severdilipations [CS08a][CS08b] and
submissions [CS08c][CS08d].
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4.2 Compress-and-Forward strategy for the 3-node Ml MO relay

channel
4.2.1 Signal Model and Achievable Rates

4.2.1.1 Signal Model and Coding strategy

The coding strategy assumed here is an extensitimetonultiple antenna case of
the partial CF described in [HZ05]. The Sourceagelnd Destination are equipped with
respectivelyNg, N and N, antennas. The channels from S to D, S to R araiRdre
all assumed static and are denoted respectibgly H, and H,. During the first slot of
durationt, S transmits a first messagg at rateR, using the codewordx$ (1g). We
assume thak® is a proper [NM93] complex Gaussian vectd}’ (04,RY),
although this may not be the optimum distributias, pointed out in section VI.B of
[SSSO08]. The received signals at R and D read:
yR =HxS +nQ (4.1)
yp =Hxg +ng) (4.2)
where the superscrigh indicates that the signals are transmitted orivededuring the
ith slot. The noise at R and D is also assumed épjopomplex white Gaussian of
respective covariance  =s2l and  =s2l . The compression at R, which will
be detailed in §4.2.1.2, consists in mappiyg’ onto the indexu; assuming side
information y& at the destination. The relay forwardg to D during the second slot of
duration1- t by transmittingxs’ (1) at rate R, while S transmits a new message
at rate R, by means of the codewond? (1) . We denote byPs and Py the maximum
transmit power at S and R during both slots, i.E.(R(S”) £Ps i=1,2 and
tr(R(RZ))E P;. The destination successively decodé&s and W, (the decoding order

will be discussed in 84.2.3.2). The decompresstdd ean be modeled as a mapping of

¥ A complete information-theoretic treatment woulst define a codeword as lengia-random
vector but as a length-sequence of lengtNs vectors drawn i.i.d. from a certain distributidn.
this thesis, we are interested in finding the @hstion that maximizes the achievable rate, hence
the simplified notation used. We rely on [HZ05][GD&] and [SSSO08] for the rate achievability
proofs, established far going to infinity.
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( @ l?l/l) onto y¥ | the reconstructed relay observation. After deaesgion, D decodes

iy from (yS),¥¥). Finally the achievable rate between S and D is :

Re=tR+1- DR (4.3)
The rateR.. needs to be maximized w.r.t. the time-sharing petar, the distribution of
the codewords, the compression mapping and theddermrder at the destination.
Because the received signals at R and D are Gaussizently published results can be

applied to design the compression mapping at tlag,ras explained in the next section.

4.2.1.2 Vector Source Coding at the Relay
In [HZ05], Hast-Madsen et al. show that the achidwaate of partial CF depends on

the variance of a “compression noise” which différem the quadratic distortion in
general. This compression noise was first introdusg Wyner, who derived in [W78]
the rate-distortion function for source coding wiBaussian source and Gaussian side
information. In [GDV04][GDV06], Gastpar et al. irstigate distributed source coding
and introduce the Distributed KLT and the CondidbKLT. They show that the rate-
distortion coding of a Gaussian vector source gitle information at the decoder is
achieved by first applying a CKLT and then sepdyaperforming WZ coding of each
CKLT output at a different rate. The results présdns this section II.B can be viewed
as a special case of [GDVO06]. A compression noé#or is defined, and its relationship
with distortion is clarified. The main differenceettiveen our work and [GDV06] will
arise in 84.2.3.1 where it will be shown that tbele which maximizes the CF achievable
rate is not the same code that minimizes the qtiaddéstortion, which is the design
criterion in [GDVO06].

Let first define the Conditional Karhunen-Loeve fisform (CKLT) in the CF
relaying case. Given the knowledge Y, the vectory? is Gaussian distributed (see
e.g. 4.12.1 in [MS00]) of mean:
-1
E YRS =R¥(RY)yY (4.4)
and covariance matrix denoted Fﬂﬁ‘)D and equal to:

R 1)

RD

-1
= R(Rl) B R(F?D(R %)) R (Dl,)R (4.5)
where RY and R denote the covariance of the received signal an@& D, while

R&); denotes the cross-correlation between the reldydastination observations:
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H
RO, EyR(y9) =HRH R, (4.6)
R =HRPH +51 (4.7)
RY=HRPH +s1 (4.8)
After some matrix manipulations, equations (4.58)4ield:
1/2 -1 1/2
RO, =H,(RY) (I #HHRMH ) RY) HY +sP (4.9)
The CKLT can now be defined as the mabfixsuch that:
R‘FyD = Udiag(s) U" (4.10)
The columns ofU are the eigenvectors of the conditional covariamegrix, and the
vector S contains the associated eigenvalues. Note that ffh9), it is clear that the
matrix Ry - 521 is positive semi-definite and therefore:
s3s? " {1,2,...,Ny} (4.11)
It is shown in Appendix A that the rate-distorti@oding of vectory(F? with side
information yg) at the decoder can be modeled by the followingtiahship:
Y9 =UAU"YyD +UA +UKy Y (4.12)
where
is a vector of i.i.d. componenys, of variance/s; called the compression
noise:
v, (0n,) (4.13)
A diag(a) witha s/s+h) (4.14)

K (FAURYRO) (4.15)
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The relationship (4.12) is illustrated on Figure 13

@) 5 o
z * v z
y R > U H » » A A » U .y R

Figure 13: Source coding of Gaussian vectoy? with side information y& at the
decoder.

The coding scheme consists in applying a CKLT hesource outpuy® , followed by
independent WZ encoding of each CKLT output seqeenc wherez  U" y(é). The
destination then performs WZ decoding to obtairand applies the inverse CKLT .
Defining r; as the WZ coding rate for tHéh CKLT output z, the relationship between

this rate and the compression noise is:
r, =log(1+s /h) (4.16)
Moreover, defining d, as the squared distortion on thiéh component z of the
transformed vectoiz, the following relationship holds between the coesggion noise
and the distortion:
d=sn/(s+) (4.17)
Inserting (4.17) into (4.16) yields:
r=log(s /q) (4.18)
It is shown in Appendix A that the total quadratistortion is
g EJO-yof = d (4.19)
i=1

The above results are summarized in the followirggpsition:

Proposition 4.1:
The source coding of vector? with side informationy’ at the destination can be

performed at a rater by applying a Conditional Karhunen-Loéve Transfq@KLT) at
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the relay followed by separate Wyner-Ziv (WZ) cgdifi each CKLT output sequence at

rate I; 3 O such that:

Ng

rE£r (4.20)

i
i=1

The following relationship holds between the WZimgdate, the distortion and the

compression noise for each component of the CKafsformed source:
r =log(1+s /h) =log(s /d) (4.21)
In particular, the rate-distortion trade-off (@) is achieved by the reverse-waterfilling

algorithm:

/ if Of/ <s . Nei
d = . with/ sit. d = (4.22)
§ otherwise iz

Proof: See Appendix C.2.

Note that in the scalar cadd; =1, d, =d and Proposition 1 boils down to the rate-
distortion coding results of [W78]. The relationsh, =sd /(s- ¢d) shows that the
compression noise on a component of the transfoneetbr is approximately equal to
the distortion when the latter is small. Howevehewr;, ® O (i.e. no bit is allocated to
represent thath eigenmode) or equivalentlg, ® s, then/z, ® +¥ . The last part of
Proposition 1 is the generalization of a well-knowsult (see e.g. §13.3.3 in [CT91]): the
rate-distortion function of parallel Gaussian seuicobtained by allocating the distortion
according to a reverse-waterfilling algorithm oe #igenvalues of the source covariance
matrix. Here, equation (4.22) corresponds to thenesaalgorithm applied to the
eigenvalues of the conditional covariance matrixy@ given y&). The term reverse-
waterfilling comes from the fact that it can be lempented by progressively increasing
the distortion level on every component of the $farmed vector until the total distortion
d is reached, under the constraint that the distordn thei th component cannot exceed
the i th eigenvalue of the conditional covariance matig.shown by equation (4.5), the
latter reduces to the covariance when the pro®igt, (RY) "R Y, goes to zero. This
happens for instance when the SNR at the destimaismall, then whatever the value of
the cross-correlatiolR ¥, , the productR ¥, (RP) ' RY, tends towards zero. This also

happens for instance RY = (Ps/ N )| y and the channelbl ;and H,; are orthogonal.
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In these two cases, the CKLT degenerates into a Ehd the side information at the
destination cannot be exploited to reduce the ratpired at the relay to encode its

observation.

4.2.2 Impact of the Compression on the CF achievabl e rate

In this section, we assume that the compressiothatrelay is performed as
described in 84.2.1.2, and we apply Propositiom Jorider to clarify the relationship
between the achievable rate of the CF strategyritbescin §4.2.1.1 and the compression
noise defined in 84.2.1.2. The expression of the &hievable rate is given by the

following proposition:

Proposition 4.2:
The partial CFcoding strategy defined in 84.2.1.1 achieves a rate gibgrithe

solution of the following optimization problem:

Rer = max tR+(1- 9 R (4.23)

t 01,>0
RO o0 R® ogrRA® o
s - Rg _YVi\Rp '
tr(R®)£Rs, t{RD)ePs, t(RP)E R,

where
1. R, is equal to the capacity of a virtual MIMO charmnel
R, = (Rg), -1/2|-|)
H 0 4.24
H ° and P _ (4.24)
H, 0  +Udiag( )UH
2. is subject to the following inequality constraint:
NR
t log(l+s /h)E(1- YR (4.25)

i=1
3. (Rl, RZ) is constrained to lie within the capacity regiohtbe MAC from (S,R)
to D.
Proof:
From the definition of the coding strategy in §4.2:
R = 1(x®;y®,9%) (4.26)
wherey? is given by equation (4.12):

y¥ =UAU"Yy® +UA +UKy Y
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RemovingUKy & from ¥ does not affect the mutual information (4.26), énoth the
property (6.68) multiplying the remainder YA 'U" does not affect (4.26) either.

Therefore,
| (XS);y%),)?(é)) =1 (X(sl)iy([l))’y(plz)) (4.27)
wherey? is defined as:
vy +u (4.28)
From (4.26)-(4.28), the ratR, can therefore be expressed as:
R = (RY, ¥H) (4.29)

Finally, equation (4.25) is a direct applicationRybposition 1. This concludes the proof.

It can be noticed that in the single-antenna caspdgition 4.2 boils down to the
CF achievable rates derived in [HZ05]. From thevabequations, it can also be observed
that R.r meets the MIMO capacity bound whdr® 1 and ® 0. Unfortunately,
equation (4.25) shows that achieving these two itiong simultaneously would require

R ® +¥ . The trade-off which maximizeB.r is investigated in the next section.

4.2.3 Maximizing the Achievable Rate

The maximization of the CF achievable rate as fdatea in Proposition 4.2 is a highly
non-trivial non-convex optimization problem. Rathban directly addressing the joint
optimization with respect to all the parameters, start by identifying sub-problems
which can be solved by means of convex optimizateshniques. First, in 84.2.3.1 a
closed-form expression for the optimum WZ codintgsas derived assuming all other
parameters constant, then in 84.2.3.2 and 84.2t®3joint optimization of the WZ

coding rates and the transmit covariance matricseasource and relay is addressed.

4.2.3.1 Optimization of the Compression at the relay

Let assume a fixed transmit covariance at S andrihgl the first and second slot,
and a fixed time-sharing parameter As a result,R and R, are fixed and onlyR,
needs to be maximized with respect to the compragsbise . We show in Appendix

C.3 thatR, can be decomposed as follows:
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R=Ra*tR;
Ng §+h

Roa (R(sl)’Ho) and R, . |0952—+/;

(4.30)

The termR, 4 is the mutual information between the signal traitted by the source and
the destination observation during the first sldhe term R,, is the additional
information brought by the compressed relay obgenvaeconstructed at the destination.
Note that onlyR,, depends on and shall be optimized. A contribution t,, can be
associated to each component of the transformead rebservation. Equation (4.30)
shows that this contribution is maximized and tertds log(s /s2) when the
compression noise varianég is negligible compared to the thermal noise vargas?.
As expected, this contribution vanishes whier® +¥ | reflecting the fact that a highly
distorted signal component cannot convey infornmat&dso note that the components for
which equality holds in (4.11) do not contribute fy, , although they affect the total
distortion d. The optimization of R,, with respect to yields the following

proposition:

Proposition 4.3:
The Wyner-Ziv coding rates and compression nois® which maximize the achievable

rate of the partial CF relaying strategy are sutiat
r= m+|og((§ - 52)/52) (4.31)

h=51(2"-1) (4.32)

where /m is a constant such that the following constragnsatisfied:

¢ E@-OR (4.33)

i=1
Proof: See Appendix C.3.

In equation (4.31), the ratifs - $2)/s 2 can be interpreted as a useful signal to thermal
noise ratio per component, since equality occurg4iil) when theith component
contains only noise. From (4.30), it is clear thateigenmode with a large - $2) /s 2

ratio will be a large contributor tdR,, and ultimately to the CF achievable rd&s,

provided that the compression noise variaficeon this eigenmode is low-enough. The
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term log((s - s2)/s2) in (4.31) can thus be viewed as a rate penalty ther
eigenmodes which have a lower potential contributm R.- . The penalty tends te¥
when§ ® s2, and in this case the corresponding CKLT outplitivat be encoded. It is
interesting to compare equation (4.31) with theersg-waterfilling algorithm of
proposition 1 that is obtained when minimizing tb&l distortion under a rate constraint.
In reverse waterfilling, the algorithm tries to epd the total distortiord uniformly,
under the constraintl £ $. Such a strategy leads tp=log(s /d) with d a constant
corresponding to the distortion on the eigenmodeishware finally encoded (i.&; > 0).
If the average number of bits available per ved®fl- t) /t is large enough, even the
eigenmodes such thag =s2 will be encoded, although they cannot convey any
information, which shows that reverse-waterfilligsub-optimum in our problem. The
CF achievable rate loss when adopting the reveederiilling algorithm instead of that
of proposition 4.3 is illustrated by simulationg8MV07].

Having optimized the compression at the relay, vesv raddress another sub-
problem which is the optimization of source andayetransmit covariance during the

second slot, before dealing with the whole prob{dr3).

4.2.3.2 Optimization of the Source and Relay Precoders

Before introducing a joint optimization procedutbe expression of the ratd]
and R, shall be clarified. The partial CF strategy ddsedi in 84.2.1.1 considers the
simultaneous transmission of the two independergsagesi/, and W, simultaneously
to D during the second slot. Fixdd? and R¥), the MAC achievable rate region is

defined by the following pentagon (see e.g. chinl[0V05]):

RE (R H,/s) (4.34)

RE (R?,H,/s) (4.35)
R® 0

R+RE g RO [Ho HJ/s (4.36)
R

Equality in (4.35) is reached when D decodgsfirst, then removes the contribution of
x? from y@ so thatw, is decoded interference-free. Equality in (4.34jdached by
decoding W, first, and the sum-rate side (4.36) is reachedirbg-sharing between the

two decoding orders. Solving (4.23) under the ceimsts (4.34)-(4.36) seems a very
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difficult non-convex optimization problem. We stdyy simplifying it by imposing a

decoding order at the destination:

Proposition 4.4:
In the single antenna case, the achievable ratgatial Compress-and-Forward is

maximum when the relayed message is decoded first.
Proof: See Appendix C.4

In other words,R.r varies along the sum-rate side of the MAC achikvabte
pentagon and is optimum only at the corner of héfitagon corresponding to the
decoding ofw, prior to W, . This is contrary to a statement in a footnotgH#05]. Note
that we were able to prove this proposition onlyhia single antenna case, but in the rest
of the thesis we conjecture that the propositionaias valid in the multiple antenna case.

Having fixed the decoding order at D, we now tuonthie optimization ofR.¢
w.rt. R? and R®? for a givent. From (4.31) and (4.33), it is clear that givRf¥’ (i.e.
given S), increasingR, allows to increase” and therefore to increase each rater
equivalently from (4.32) to reduce component-wise. This increases the contribution of
R, to R¢ . In the “full CF” case where only the Relay isoafed to transmit during the
2" slot (i.e. R, =0, R¥ =0), then maximizingR w.rt. R? is a mandatory
preliminary step in the maximization d®. , and this maximization consists in transmit
power waterfilling on the eigenmodes bf, as in [T99]. However in general for partial
CF, a largerR: is achieved by lettindR, > 0. From Proposition 4.4, the decoding of
w, is interference-free. Therefor®, can be maximized w.r.R? by waterfilling on
the eigenmodes oH,. Likewise, givenR?, R can be maximized w.rtR? by
waterfilling on the eigenmodes @f 5 +HRPHH )'1’2H ». In the following, we decide
to optimize R, and R successively in the order described above. Thetion behind
this simplification is the following: CF is knowin butperform DF only when the SNR is
much larger on the R-D link than on the S-D linkerefore we can restrict the
optimization of CF to this scenario. Thus, we assuimat the signal to noise-plus-
interference ratio when decoding; is high. In this case, waterfilling amounts to alju
power allocation over all the eigenmodes Hf,, and the impact ofR¥Z on the

optimization of R, becomes negligible.
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4.2.3.3 lterative Procedure for joint optimization

Having derived in the previous section an optim@atprocedure for the Source
and Relay precoders during the second slot, weassume thaRR, R, andt are fixed
and address the maximization B w.r.t. the Source precoder during the first shod a
the compression at the relay, before addressing/iiote problem (4.23).

The following two sub-problems can be identified:

Fixed U and , the optimization ofR, w.rt. RY in (4.29) is obtained by
transmit power waterfilling on the eigenmodes of'?H as in [T99].

Fixed RY, the CKLT is determined and the compression noisewhich
maximizesR,; is given by Proposition 4.3.

This suggests the use of the non-linear Gauss-Saglerithm (see Appendix B.4)
to jointly optimize RY) and . Integrating this algorithm with the source anthye
precoder optimization of 84.2.3.2, we now propdse following procedure for solving
(4.23):

Iterative Procedure for maximizinB¢ :

1. Maximize R, w.r.t. R? by transmit power waterfilling on the eigenmodés o
Hy
2. Maximize R w.rt. R by transmit power waterfilling on the eigenmodés o
(o +HREHE)H,
3. Outer loop: MaximizeR.; w.r.t. tT [0;]]
Inner-loop: MaximizeR, w.rt. RY and by iterating between steps a. and b.
( isinitialized tos2l .y, ):
(a) Maximize R, w.rt. RY by transmit power waterfiling on the
eigenmodes of "Y?H .
(b) Maximize Rz w.r.t. by optimum Wyner-Ziv coding rates allocation

(Proposition 4.3).

The outer loop is a one-dimensional maximizationRf =tR +(1- 0 R with
respect totT [0:1]. It can pratically be performed by uniformly quiaittg this interval,
and the quantization step determines the time acgurof the final solution.
Unfortunately the convergence of the Gauss-Seiderighm in the inner-loop cannot be

guaranteed. Indeed, the conditions for convergagieen in §2.7 of [B99] cannot be



87

verified, becausd) depends orRY and therefore the assumption thatis fixed in the
optimization step 3.a is an approximation. Thusjtwet optimization procedure cannot
be claimed optimal. The convergence of the inneplavill be assessed in the next
section for realistic SNR values, and the sub-oglityn of the whole procedure will be
evaluated by a comparison with the cut-set bound #re achievable rate of other

relaying strategies.

4.2.4 Simulation Results

In this section we analyze by simulations the acidie rate performance of partial CF,
and perform comparisons with other relaying striaefpr the TDD MIMO relay channel
with full CSI. In the comparison, we will consideon-cooperative DF and partial DF
strategies for which achievable rates are compintechapter 3, but not linear relaying

for reasons explained in §2.1.4.3.

4.2.4.1 Downlink Mobile Relaying scenario

We consider a downlink TDD mobile relaying scenasibere a Base Station (S)
equipped withNg =4 antennas per sector transmits to a dual antenrlé/8tation (D)
which is assisted by another dual antenna MS (R} ineighborhood. The average SNRs
on the S-D, S-R and R-D links are denoted respalgtig,, g, and g, . In the simulations
we assume thag, = g varies between 0dB and 20dB aggdis fixed to 30dB (i.e. R and
D are close to each other). The MIMO fading on eadhis modeled by i.i.d. complex
Gaussian components. On Figure 14, the averagechiEvable rate obtained from the
iterative procedure of §4.2.3.3 is plotted (soliddi curves) for both the partial and full
CF strategies. The dashed curves represent the MiNM&@nel capacity of the S-D link,
the achievable rate with the non-cooperative DFaitid the partial DF strategies. On the
figure, the three curves associated to full CRtiglaDF and the S-D link capacity (i.e. no
relaying) almost overlap and it can be observet dhdy the partial CF strategy yields a
significant rate increase over the S-D link capacithereas non-cooperative DF relaying
achieves a rate much lower than the S-D link caypaEurther simulation results (not
plotted here) show that a, =30dB, partial DF starts to outperform partial CF only
when g, is at least 10dB higher thag, i.e. when the capacity on the S-R link becomes
much higher than on the S-D link. On the figures tlotted curves represent the cut-set
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bound and the capacity of the Virtual MIMO chanfi@m S to (R,D), obtained by
waterfilling the source transmit power on the eigedes ofH. The cut-set bound is
much lower than the VMIMO bound, which shows thi#t@ugh g, is high, the capacity
of the R-D link cannot be assumed infinite. ParG@&l achieves a rate very close to the
cut-set bound and is therefore almost capacityesiing, although in our simulations we
stopped the inner-loop after only two iterationsu$, partial CF seems well-suited to this
downlink mobile cooperation scenario, and improvihg optimization procedure could

in this case only yield a marginal rate increase.

25- :
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Figure 14: Average CF achievable rate and comparisowith DF strategies and
capacity upper-bounds

On Figure 15 we compare the achievable rate oltdiyeapplying the complete
optimization procedure of 84.2.3.3 with a simpleptimization in which we fix
RY =RY =(Ps/ NJI y and RE =(Ps/ Ng)I \, and only optimizet and . As
explained in [TV05], optimizing the source transmdvariance increases the S-D link
capacity by a 3dB power gain (becaudg = 2N,,) plus a waterfilling gain that becomes
negligible at high SNR. The SNR gain is only abtdB for the cut-set bound and for

partial CF. Intuitively, this smaller gain is jugtid by the fact that the number of transmit
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antennas is equal to the number of receive anteomalse 4" 4 virtual MIMO channel

H and therefore the rat&,, which is the main component d®.-, does not benefit

from any power gain.
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Figure 15: Capacity bounds with and without transmt covariance optimization.

4.2.4.2 Uplink Fixed Relaying scenario

We now consider a cellular uplink scenario withefixrelaying in which the mobile

is equipped withNg = 2 antennas, and the BS and RS are equipped MjtF N, =4

antennas. The same i.i.d. Rayleigh MIMO channel eh@l assumed as in the previous

section. We assume a high SNR between the RS angl, B20dB. The MS is far from

the BS (g, = 0dB) and we plot on capacity bounds as a functiomefSNR g, on the S-

R link. Note that we do not optimize transmit cariance matrices as this optimization

is not expected to provide a significant gain iis #mtenna configuration.
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Figure 16: Comparison of CF with other capacity bounds in a cellular uplink
scenario with fixed relaying (g, =0dB, g, =20dB, Ng =2, N, = N, =4).

It can be observed on the figure that partial Cpedorms partial DF at low SNR
on the S-R link. However, as the MS gets closéh¢oRS the partial DF strategy shall be
selected. Implementing a link adaptation betweasdhtwo strategies allows to always
operate at less than 1 bit per channel use fronctiwset bound, and hence from the
capacity. Note that full CF never yields a sigrdfit gain compared to direct link or
partial DF. This shows that compressing the reléageovation demands too much

capacity on the R-D link to create a VAA.

4.2.5 Conclusions

We have derived in this section achievable rate€foin the MIMO case with full
CSI. These rates can be computed by an iterativeegure which optimizes the WZ
compression at the relay, the transmit covariana&ioes at the Source and Relay and
TDD time-sharing parameter. Simulations show treatigl CF outperforms partial DF
and is almost capacity-achieving in scenarios whhbee capacity of the R-D link is

sufficiently high. This condition may occur eithier cellular uplink where a fixed relay
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benefits from a strong link to the BS or in dowhklimobile relaying scenarios provided
the cooperating mobiles are very close to eachrothe¢his second case, the optimization
of the source transmit covariance matrix makesesespecially if the number of transmit
antennas at the BS is larger than the total numbantennas at the relay and destination.
However, in in-band relaying scenarios, the achitvaates of CF remain far away from
the capacity of a Virtual MIMO channel, because thumnber of bits to compress the
observation at the relay is large and conveyingahgamples to the destination takes a
siginficant part of the TDD frame. In the next sew$ of this chapter we will consider
distributed compression for out-of-band uplink yétg and we will see that CF becomes

especially attractive if the backhaul rate is large

4.3 Extension to multiple out-of-band relays or coo perative base

stations
4.3.1 Distributed Compression strategy

4.3.1.1 Coding Strategies

We consider a source S equipped whhy antennas transmitting data td +1
base station8S,,BS, ,B$ each equipped wittN, i=0, ,M antennas. Without
loss of generality, we assume tH38, is the CPU and that each BS is connecteB&
through a backhaul of fixed rate 1 =1, ,M . Note that the user-to-BS assignment is
assumed given and its optimization is out-of-thepgcof this thesis (see e.g. [KMO7]).
The received signal at each BS is

y,=Hxs+n, i=0, M (4.37)
where H; is the (static) channel matrix from S to each B8 a2l for i=0, M.

In Theorem 1 of [SSS08], a distributed codingtstygt is considered in which the
source maps a messa¢ge. onto XS(WCF) that is decoded at the CPU. Each BS, upon
receivingy, maps it onto an auxiliary variablg, (s) where § is the Wyner-Ziv bin
index andw. is decoded once all the decoded WZ bin indigeare available. Though
Theorem 1 applies to discrete channels, the exiensd Gaussian channels and
continuous variables holds and is given in sectibof [SSS08]. This scheme achieves

the following rate:
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Proposition 4.5 (Theorem 1 of [SSS08] - Distribut€dmpress-and-Forward with Joint
Decoding (DCF-JD))

The following rate is achievable by distributed guession:

e o=, max | (x50 {9})') (4.38)
s.t. i, M :|(9 Y |9 ,M}\% o (4.39)
and p(xs{yty {9} ) = pixe) p({y} s m)é o(9 Iy.) (4.40)

The coding strategy used to prove Theorem 1 magkesfirandom coding and binning.
Decoding is based on strong typicality. The erroalgsis relies on the generalized
Markov Lemma [HK80] to show that the decoding empoobability goes down to zero
when the codeword length goes to infinity. This hean requires that the following

Markov chain holds:

{Xs90 Mo w )@ V@ 9, (4.41)
to guarantee that the auxiliary variables are [pirgtrongly typical with the BS
observations and with the source with a probabdlbse to one as the codeword length
goes to infinity, which guarantees an error-freeadiing. This Markov chain relationship
is reflected by (4.40). Note that (4.41) is an agien of (6.69) to source coding with

multiple sources.

Note that prior to [SSS08] other strategies weragppsed for distributed WZ
coding which can be applied to the BS cooperatiasecas well. In [DWO04], parallel
Wyner-Ziv coding with sequential decoding is penfied. A permutatiorp of the set
{1, ,M} gives the decoding order at the CPU, the obsevapi,, is WZ-encoded
assuming side informatiory, at the CPU. The observatioy,, is WZ-encoded
assuming side informatio(yo,)?p(l)) and so on. With this strategy, the achievableigte

given by Proposition 4.6:
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Proposition 4.6 ([DWO04] - Distributed Compress-aktbrward with sequential
decoding (DCF-SD))

Roce.so=  max, 1{xsyo {9}!") (4.42)
p,p(xs,{yw)
A R i-1
s.t. LYo Yo yo,{yp(j)}l <r, (4.43)

where the distribution is such that the following¥ov chain holds:

XS’{yp(j)}l-l’{y}{o, vy @ Yo0® Vo) (4.44)

1

In this chapter we will compute achievable ratasiie two coding/decoding strategies of
Propositions 4.5 and 4.6. Note that contrary to $fGDV06] and [DWO04], [SSS08]
does not compute a rate-distortion performancenhlyt performs an error analysis where
the ultimate goal is to decode the source data.eb\@r at least two possible
improvements of the achievable rate are propos§aSs08]:
Proposition 4.5 assumes that all bin indices areoded correctly at the
destination. However, this constraint is actuathy really required and an error in
the decoding of auxiliary variablg, at the CPU could be tolerated as long as the
original source messagy. is correctly decoded. This leads to Corollary 1 in
[SSS08].
Partial decoding at each BS can be consideredhith more complex coding
strategy, the source splits the data iftb+1 message{Wo, w, W, ,l/léF)
where 1/ is decoded by théth BS and 1. is only decoded at the CPU. Each
BS compresses its observation given its decodedagesand forwards both the
decoded message and the compressed observatie@Pt.
Unfortunately for time reasons we were not ablethis thesis to address these two
potential improvements. We will therefore restranirselves in the following to the
achievable rates of Proposition 4.5 and 4.6 arehgit to compute them numerically in

the Gaussian MIMO case.

4.3.1.2 Upper and Lower Bounds on the Gaussian MIMO channel

In this section we start by defining a codebook ckhimakes the optimization

problems of Propositions 4.5 and 4.6 numericalfctiable. Thereafter we instanciate
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Propositions 4.5 and 4.6 for this codebook whidhvjgtes us achievable rate expressions.
Finally, we present some simple upper-bounds omthévable rate which will be useful

as benchmarks in our simulations.
4.3.1.2.1Codebook definition

We constrainX, andy, for i =1,...M to be proper [NM93] complex Gaussian

vectors. Note that as mentioned in [SSS08] thigiigion may not be optimal. From

(4.37) and Lemma 3 in [NM93], the vectyr is also proper foi =0, ,M . Moreover,
we assume thay, andy, are jointly proper such that there exists a consteatrix M

and a vector ; such that:

9i = Myi + i=1 M (4.45)

i
and we further assume thM is non-singular, which means that we do not addess

dimensions to the auxiliary random varialjie Let define the following vectors:

9| y, + i' (4.46)
oMt (4.47)
We have:
I(yi:¥1) H(9i)-H(9i|y,)
=H(My;+ )-H( )
=H(My;)-H(M ;) (4.48)

where (a) comes from (6.68). Likewise, it can be checked: tha

| (%:y0.9:) =1 (xiY0. ) (4.49)
Renamingy, and . as respectivelyy, and ., it can be concluded from (4.48) and
(4.49) that when the compression codebook is caingtd to be proper complex Gaussian
distributed and when the auxilliary variables aoastrained to be jointly Gaussian with
the observations then the achievable rates of Ritipaas 4.5 and 4.6 can be computed
with the following codebook:

Y=Y+ (4.50)



95

where the auxilliary variables are equal to theeobations plus an additive compression
noise. Notice that the Gaussian codebook distobuthat we selected satisfies the

Markov chain relationship (4.44).

4.3.1.2.2Achievable rate expressions

With the codebook defined in §4.3.1.2.1, we now pote achievable rates from
Propositions 4.5 and 4.6:
Proposition 4.7

The following rate is achievable by distributed ¥é&ding with sequential decoding:

(1/s)H, 0

= R ., . 451
Rowz, sp rgax s 0 diag{(szl + i) 12 Hi} M ( )

1

s.t. log

i-1

I, + R
N Yo '{9;;(1)} 1

p(i)

Yo(i)

Eryy 1=1 M (4.52)

where

-1

i-1 -1
— H H H 2

Rl ~ ey R HoHo+ H (st ) Hay Ry 1 (459)
- : H

oli) = Up(i)d'ag( p(i))Up(i) (4.54)

with U, defined by
— H H
yp(i)‘yo!yp(l)* S’pﬂ—l) - Up(i)dlag(sp(i)) Up(i) (455)

and { i}:” is computed for a given permutatign by applying the optimum WZ coding

rate allocation of Proposition 4.3.

Proof:
From Appendix C.2 the compression noise covariatdbeith step of the sequential WZ
o) = U

computed by forming a virtual MIMO channel where thbservation at thiéh remote BS

coding is given by (i)U;l;'(i)' Therefore, the achievable rate (4.42) can be

pli) p

is subject to both thermal noise and compressidsenavhich gives equation (4.51). The

expression (4.53) of the conditional covariancerixas obtained from the definition of
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the conditional covariance (4.5) after a few matrmanipulations (including the

application of the inversion lemma).

Note that in Proposition 4.7 we do not attempt phiroize the source covariand€g.
Apart from the fact that such an optimization wotdudher complicate the problem, we
also expect that it will not significantly increatiee achievable rate in the uplink of a
coordinated network as the total number of receivennas becomes much larger than
Ng. One can also notice that the complexity of th&énagation problem (4.51) for a
given permutationp is quite low becausthe achievable rate (4.51) is just a sum of
contributions given by equation (4.30) and obtaibgapplying M times the algorithm of
Proposition 4.3. However, the exhaustive searchthef best permutation makes the
overall complexity proportional tdM !. This makes the problem prohibitively complex
when the number of cooperating BSs becomes lahgar 4-5. We expect that the same
complexity issue will occur with the coding stragegf Proposition 4.5, since the number
of constraints in (4.39) is proportional to the rhen of subsets in {1, ,M} . In an
attempt to simplify the problem, we replace theiiitial backhaul link rate constraints

by a backhaul sum-rate constraint. This leadseaddlowing achievable rate:

Proposition 4.8
Under a backhaul sum-rate constraint, the following rate is achievable by DCF with

either Joint or Sequential Decoding:

(1/5)H, 0
= max Ry, . M (4.56)
Rowz i s 0 diag{(szl + i) 1/2Hi}
1
: -1 -1
s.t. log|l +d|ag( A M)R{ymyO £r (4.57)
where R{y‘}M‘y is the conditional covariance of all the remote @fServations given the
observation of the decoding BS and is given by:
H
Hl R -1 H 1
Ry, = | +s—§H H, Ry +s1 (4.58)
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Proof: See Appendix C.5

A somewhat surprising corollary of Proposition 4L8 that with DCF-SD under a
backhaul sum-rate constraint, the order in whicmme@ssed observations are decoded
does not matter, which removes the need for a lseawer all possible permutations.
Unfortunately, the optimum compression noise inbfgm (4.56) may not satisfy (4.54)
and therefore the DCF-SD under a backhaul sum-@astraint may not be

implementable by transform coding contrary to DAB+#der a per-link constraint.

In this section we have expressed achievable witbsGaussian codebooks for the
DCF-JD and DCF-SD coding strategies under eithedlipk rate or sum-rate constraint
for the backhaul. Under a per-link backhaul rataest@int, the achievable rates of the
DCF-SD strategy are easily obtained for small sétsooperative BSs by applying the
same Transform Coding approach as for the 3-noldg hannel in a sequential way.
However, the complexity of the optimization of thehievable rate for DCF-SD and
DCF-JD becomes prohibitive as the size of the $etooperating BSs grows. Under a
backhaul sum-rate constraint, this complexity issae be alleviated and an achievable
rate for both strategies can be obtained by soleingpnstrained optimization problem
over the set of compression noise covariance neatriBefore attempting to solve this
optimization problem, we derive some upper-bounti&chv provide some insight on the

achievable rate performance of the DCF strategies.

4.3.1.3 Upper-bounds on achievable rate

A first obvious upper-bound is the capacity of thikual MIMO channel without
any compression noise. It can be viewed as theeaable rate limit when the backhaul
rate grows to infinity:

Upper-Bound 1 (Virtual MIMO Channel capacity):

Roce £ Rs’; (4.59)
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A second upper-bound is obtained by applying thieseti bound to the network
including the backhaul links. Considering the MAG between{S,{ BS lM} and BS,
readily gives the following upper-bound:

Upper-Bound 2 (Cut-Set Bound):

Ho

Roce £ RS;? +r (4.60)

The access rate of the distributed CF scheme caxueted the access rate to the CPU
plus the backhaul sum-rate. This second upper-bourmd out to be easily achieved in
the multi-user case when the coordinated networkaskhaul-limited, i.e. when the
backhaul rate is not large enough to let the digsted CF scheme achieve a significant
fraction of the VMIMO channel capacity (that is aioted with infinite backhaul rate), as
illustrated in [CS08d].

4.3.2 Two cooperative BS case

When M =1, the backhaul sum-rate and per-link rate congsaime equivalent and

Proposition 4.8 simplifies as:

(1/5)H, 0
=max Ry, . 4.61
Rowz i S 0 (52| + ) 1/2Hl ( )
s.t. Iog‘l + '1Ry1‘yO‘ £r (4.62)
R -1
R, =H, I +s—§H H, RH'Y +st (4.63)

This problem is solved in Theorem 2 of [CS08d] toict we refer for the details of the
solution. In order to turn (4.61) into a concavediion, we introduced the change of
variable A " Unfortunately, the constraint (4.62) turns oub&concave iPA and

therefore the problem is not convex. The proof bédrem 2 in [CS08d] is made of two
steps:i) solving the KKT conditions provides a necessamt (fiot sufficient) condition

for the compression noise to be optimiijnchecking the general sufficiency condition
(see Appendix B.3) for optimality guarantees thnat solution given by the KKT is the

optimum. Finally, the solution is

" =Udiag( *)u" (4.64)
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with

+
1
g 2

1

a=+ 1 1 (4.65)
S

11
'/ s?
and / is such that the backhaul rate constraint (4.62hptisfied. Equations (4.64)-(4.65)
correspond exactly to the optimum WZ coding ratecation of Proposition 4.3.
Theorem 2 in [CS08d] is therefore a proof that ttamsform coding approach and the
Wyner-Ziv coding rate allocation of Proposition 4@&respond to the optimum Gaussian

compression codebook.

4.3.3 Multiple (more than two) cooperative BS case

The Problem of proposition 4.8 in the general cltbe> 1 is addressed in [CS08c].
As explained in the previous section, this problismmot convex. Moreover, the KKT
conditions do not seem to lead to a closed-formtsm. We therefore decided to solve
the dual problem (see Appendix B.3), and claim@%08c][CS08d] that the duality gap
is zero. Introducing the same change of variahle i'l as in the previous section, the

Lagrangian can be written as

(A, ,A,./)=-log

M -
SR H s AR
i=1

(4.66)

+/ log -r

| + diag({A } IA )R "

yi} 1 ‘yO

The minimization of the Lagrangian can be carriacdbyg the Gauss-Seidel algorithm (see
Appendix B.4) because it is defined on the domajh which is the Cartesian product of
the domain of each variable. The Gauss-Seidel ithgoris especially well suited to the

minimization of (4.66) because the problem

N

A; =arg max (Al v AL AL AM) (4.67)

A;,_0O

has a closed-form solution which is obtained frol{TKconditions and is given by
Theorem 2 of [CS08c]:

A, =U,diag( ) U’ (4.68)
where U, is defined from the eigen-decomposition
—_ H H
RYi‘YO’}A’(l M} - U,dlag(g) UI (469)

and
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+

a =

— - — F1 N

4.70
s? s, S 2 (4.70)

111 1
/

The maximization of the dual function can be perfed by a subgradient method (see

Appendix B.3)

4.3.4 Multi-user case: sum-rate and achievable rate  region

In the previous section 84.3.3, we have computedchievable rate for distributed
compression of a single user equipped with multgrieennas by several cooperating BSs
also equipped with multiple antennas. However tatesof-the-art systems, even a single
BS is capable to spatially multiplex several usarg] from a system spectral efficiency
standpoint, it would be a waste of resource to adiseveral BSs to a single user. It is
therefore of more practical interest to investigdte achievable rate of distributed
compression in the multi-user case. In [CS08b][@HTH08d], we derive an achievable
rate region for distributed compression by solvemgveighted sum-rate optimization
problem. The procedure is quite similar to thathe previous section, except that the
minimization of the Lagrangian cannot be solvecasily as in the single-user case. For
brevity, we do not further discuss this derivatiand refer the reader to the above-
mentioned papers for details. Instead, we restuctmulti-user simulations to the sum-
rate side of the achievable rate region, as iadlyeallows interesting observations to be
made. Notice that the sum-rate can be easily odde@ts a special case of the single-user
achievable rate, definingd;, [H,; H,, Hi«] i=0 M whereK is the

number of users anHl,; ; is the channel matrix from thh user to théth BS.

4.3.5 Simulation results

4.3.5.1 Diamond out-of-band uplink relaying configuration

We want to study by simulations how the achievahte of distributed CF for out-
of-band uplink relaying is affected by the backhaaik in the single-user and multi-user
cases. We want to look at the influence of sevpashmeters, such as the deployment
topology, the number of antennas, the number afsueed the type of compression used.
For this purpose, we consider the “diamond” topglo§ Figure 17, in which the MS is
only connected to two parallel RSs but not to tlRCFor simplicity, the same average

SNR g is assumed on the two “access links” MS;R& MS-R$ links (note that in this
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case the macro-diversity gain is maximum). Thisnace® is well suited to rural
deployment, in which RSs are deployed for covemgension beyond the range of the
BS. Let also assume that each RS is connectea B3hby a backhaul link of rate / 2.
Note that if the backhaul link is a radio link, that high SNR we can assume that
scales linearly with the bandwidth allocated t@ fiik. Therefore, increasing amounts

to increasing the backhaul link bandwidth.

BS p\TY .

Figure 17: Symmetric Diamond out-of-band relay deppyment topology with 2
parallel relays

We assume that each MS has the same number ohastiiy and each RS has the
same number of antenndé; . At low SNR g on the access link the ergodic capacity can
be approximated as [TVO05]:

C, r» Nyglog, e (4.71)

When the backhaul rat& goes to infinity, the achievable rate of NCDFirited by
(4.71) and even if the best relay is selected attféevable rate of all DF strategies will
scale asN;. In contrast, the Cut-Set Bound converges to #qeacity of a VMIMO
channel and therefore we expect that the follovdrgpdic rate could be approached by

distributed compression:
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C.s» 2N glog, e (4.72)
This phenomenon is illustrated on Figure 18, whibeecaverage achievable rate is plotted
as a function of the average SNR on the MS-RSilinthe same diamond configuration
as Figure 17. At 0dB SNR, the virtual MIMO chanmealpacity is 3 bit/channel use,
versus 2 bits for DF with best relay selection.sTigpresents a 50% potential achievable
rate increase. It would also be possible to ineehe rate by broadcasting one message
to each relay. However, intuitively if the SNR oatlv links are similar, it means that each
message is assigned half the power and since gaeitya at low SNR is proportional to
g we cannot expect a significant sum-rate increase.

DF + Best Relay Selection vs. CF Nb BS=3 Nt =2 Nr=2
8 T T T T

----- Coop. MIMO, infinite Backhaul
=—+— DF with Best Relay Selection
= DF no relay selection

~J
T

()]
T

o

w

[}

Average Achievable Rate (bit/channel use)
P

SNR(dB)

Figure 18: Average achievable rate of the DF protat and Channel capacity in a
symmetric diamond Relay channel at low SNR on the B&-RS links and high

backhaul rate, single user,Ng =2, N, = 2.

Let now consider the DCF-SD strategy of Propositlon. Each relay compresses
its observation and forwards it to the BS for depogssion followed by joint MIMO
receiver processing. The compression at each R8nassthat a certain amount of side
information is available at the BS, which dependgte decompression order at the BS.
In this diamond configuration, there are only twasgible orders and we select for each

channel realization the order which provides thghbst achievable rate. On Figure 19,
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we compare DCF-SD with a lower complexity Quantirel-Forward (QF) strategy in
which uniform scalar quantization is applied on ex-gntenna basis. In this case, the
achievable rate can estimated by roughly approxmgathe quantization noise by
AWGN. When r grows to infinity, both strategies achieve the memative MIMO
capacity. Figure 19 addresses the following questio a real network what is the
minimum required backhaul capacity to achieve mosthere 90%) of the cooperative
uplink MIMO capacity?

Nb BS = 3 Nt = 2 Nr= 2

40 T T T
Distributed Wyner-Ziv

Uniform Quantization

35

Total Backhaul Rate
o 5

O 1 1 | | 1
5 0 5 10 15 20

SNR(dB)

Figure 19: Required backhaul capacity to achieve 98 of the uplink capacity as a
function of the SNR on the MS-RS link in a symmetg diamond topology, single

user, Ng =2, Ny, =2.

The figure shows that ay=10dB, with DCF-SD approximatelyr =15 bits of
backhaul rate are required per channel use in dodechieve 90% of the cooperative
MIMO capacity which from Figure 18 equals 8 bit/ohal use at that value of SNR. At
g =0dB, a total of 12 bits are required for a cooperabili!O capacity which equals 3
bits/channel use. From these preliminary resultsget the rough indication that the
backhaul sum-rate shall be equal to as much astfo@s the access rate in order to
achieve most of the cooperative MIMO capacity bstrittuted compression technigues.

Also note that the distributed WZ compression & IICF-SD scheme greatly reduces
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the backhaul rate requirements compared to sulbaapti source coding schemes such as
uniform quantization. Indeed, at high SNR, the nambf bits required by uniform
gquantization to maintain the distortion to thermalise ratio at a certain level grows
logarithmically with the SNR (i.e. linearly with ¢hSNR in dB). However, DCF-SD
benefits from the fact that the conditional covacia of the observation at one relay given
the observation at the other relay decreases é&8NReincreases, which is reflected in the
slope of the required backhaul rate vs SNR curved-igure 19 which is steeper for

uniform quantization than for DCF-SD.

On Figure 20, one can see thatgat 10dB the ratio between the access capacity
and the required backhaul rate remains approximna&tglal to 1/2 with DCF-SD when
the number of antennas at the RS is doubled, wheatdalls down to 1/3 or 1/5 with
uniform quantization. This shows that whédy grows while Ng remains constant, it
becomes necessary to apply a linear transform asithe KLT or CKLT at the RS (as in
DCF-SD) instead of low-complexity QF, in order tavie a backhaul load that scales as
the number of degrees of freedom in the signalreidas the number of antennas at the
RS.
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Nb BS=3Nt=2Nr=4
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Figure 20: Same as Figure 18 and Figure 19 in d&Ng=2 N;=4 antenna

configuration, two-users.
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On Figure 21, the same simulation is run in a tweruscenario withNg =2 N; =2
antenna configuration. The achievable sum-ratddgqal as a function of the backhaul
sum-rate. In this case, at high SNR on the MS-RE the achievable sum-rate of DF
protocols scales amin(ZNS : NR) whereas the capacity of the virtual MIMO channel
scales asmin(ZNS,ZNR). Thus DCF-SD compression can also provide largacity
gains at high SNR. However, this situation will ypiolccur for a large density of RSs. It
can be noticed that also in the multi-user casedtie between the access sum-rate and

the required backhaul sum-rate remains approxiymatgial to 1/2 at 10 dB SNR.
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4.3.5.2 Coordinated Network configuration

In the previous section, we illustrated the DCF-8Eategy in a diamond topology
in order to analyze the backhaul requirements sifributed compression. However, we
sticked to the coding strategy of Proposition Many interesting simulation results
concerning the other capacity bounds of this chaptee presented in
[CS08a][CS08b][CS08c] and [CS08d]. For brevity, neéer the interested reader to these

references.

4.3.5.3 Conclusions from simulations

The simulations in this section have shown that wkeme spare capacity is
available on the cellular backhaul, it can be usedmprove the uplink throughput of
remote users by creating a Virtual Antenna Arragnuations show that with distributed
compression the required backhaul sum-rate mustppeoximately equal to four times
the access sum-rate in order to achieve most ofitheal MIMO channel capacity over a
wide range of SNRs. Distributed compression cars thllow to increase cell-edge
throughput in lightly-loaded networks. In additiothe backhaul can also be used to
spatially multiplex several users at high SNR. Timight become especially relevant in

future backhauls based on high capacity opticarfib
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Chapter 5: From Capacity bounds to practical

implementation

5.1 Introduction and overview of our contribution

In the previous chapters, we have computed caphoityds for the MIMO relay
channel with an emphasis on the DF and CF stratdgrewhich we derived achievable
rates in the full CSI case. In this chapter, wdawwarious issues which arise when we
consider a practical implementation of these sfjiatein a state-of-the-art broadband
wireless access network such as IEEE802.16 [166/}P6]. Our contribution is the
following:

In 85.2 we review the implementation of cooperaiderelaying.

o First, we show that the capacity bounds that wevedrin the previous
chapters can be extended to model MIMO-OFDM trassion, various
transmit power constraints and constraints relat@dthe finite set of
Modulation and Coding Schemes.

0 In 85.2.1.4 we study the effect of imperfect CSl.e Vgropose some
modifications to the achievable rate optimizatisnlppem to handle the case
of statistical CSI and we verify that quantizedga@er codebooks can also
be applied to cooperative relaying.

0 We conduct a detailed study of two practical impetations of cooperative
DF Protocol | based on the convolutionally turbaled mode of
IEEE802.16e.

The first implementation is a cooperative Increraéiedundancy
strategy. We derive the parameters of an EESM guredictor for
cooperative IR and compute its throughput perforeannder a
target error rate. We verify that the throughputedope can be well
approximated by the degraded achievable rate wisidbtained by
simple modifications of the information-theoretioriulas of
previous chapters.

However, the peak rate of cooperative IR may bé&édidhif the set of

MCS does not allow very high spectral efficiencpes symbol. In
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such situations, we show that a superposition gpdirategy during
the first slot of the TDD protocol can overcome theak rate

saturation problem.

In 85.3, we review some implementation constrafotsthe CF strategy. We show

that as for DF, the capacity bounds can be exteimoldthndle practical constraints

such as MIMO-OFDM transmission. We also briefly adése how practical Wyner-

Ziv coding can be realized and what performancebeaexpected.

In 85.4 we conduct some system-level simulationshieck whether the performance

observed from link-level simulations can match ficat deployment scenarios. We

present a Quasi Monte-Carlo system simulation freonk and review the main

parameters, before running some simulations inleiogll and multi-cell downlink

scenarios to assess how cooperative DF strategaes imcrease the cellular

throughput.

(0]

In the single-cell scenario we illustrate the effe€ shadowing and relay
density. We show that cooperative partial DF Protodl is the most
efficient and allows a large increase of achievahte in the vicinity of the
RS and at cell edge. When full CSI is availablegrelarger gains are
achievable by cooperative beamforming (Protocolanid I1Il), as predicted
by link-level simulations.

In the multi-cell scenario, we model additionaleeffs such as inter-sector
and inter-cell interference. We show that a carpfditioning of RSs in the
deployment is required if RSs cannot handle a coiore to multiple BSs.
We study the potential gains of non-orthogonal uese allocation with a
spatial reuse of the relay time-frequency slot ahow that it allows a large
increase of spectral efficiency. Moreover, spat@lise is possible with
Protocol | but cannot be directly implemented whitotocol Ill. Therefore,
Protocol | can be prefered in many cases at theersykevel although it is

outperformed by Protocol Il at the link level.
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5.2 Practical Implementation of Decode-and-Forward strategies

5.2.1 Constrained Capacity Bounds

5.2.1.1 MIMO-OFDM transmission

If the system is wideband and employs Orthogonakqéency Division
Multiplexing (OFDM), the equations of Chapter 3 mbs modified to account for the

parallel transmission on multiple sub-carriers.efm (R,H) shall be replaced by a
N
i=1

signal covariance and MIMO channel matrices on it sub-carrier. Likewise a

sum (Ri,Hi) where N is the number of sub-carriers, ait] and H; are the

transmit power constraint shall now read ,hfl tr(Ri ) £ P. A spectral mask constraint
can be translated into a per-subcarrier power canst For instance, assuming a
perfectly flat mask gives:tr(Ri)EP/ N.. Per-antenna and per-subcarrier power
constraints can also be applied simultaneouslye Nlwat all these changes do not affect
the convexity of the optimization problems and é#fere the convex optimization

procedures presented in Chapter 3 remain applicable
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Figure 22: CDF of the achievable rate for DF protools in a Ng=N;=2
configuration at (go =5dB, g = 20dB, g = 10d$, for a broadband channel
(SCME typical urban model) and for a single-carrier Rayleigh i.i.d. model. Top:

N, =1, Bottom: N, =2
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On Figure 22, the impact of frequency diversity thie outage perfomance of
cooperative DF strategies is illustrated. The CDEe achievable rate is plotted for two
different systems. The first one is a single-carsigstem for which the MIMO channel is
modeled as Rayleigh i.i.d. the second is a broatlt@RDM system with 10 MHz
channel bandwidth for which the SCME typical urbdrannel model is assumed. The
average SNR is the same for both systems and dheniit covariance matrices are not
optimized (i.e. isotropic transmission). In the k2antenna configuration (top figure), it
can be observed that the frequency diversity pesvid significant rate increase at low
outage probability (less than 5%). However, in2k&x2 configuration, it looks like there
is enough space diversity and the benefits of amtdit frequency diversity cannot be
observed. Other simulation results could confirm fict that very often in scenarios of
practical interest the conclusions drawn from aalysis of cooperative coding strategies
in the single-carrier MIMO relay channel are ditgepplicable to the broadband MIMO-
OFDM case. This motivates our interest (and therast of the research community) in

the single-carrier case since it is easier to amafind less complex to simulate.

5.2.1.2 Transmit Power Constraints

As mentioned in the previous section, a spectratkmaonstraint can be easily
modeled while preserving the convexity of the achide rate optimization problem.
Likewise, the sum-power constraints(R) £ P on transmit covariance matrices can be
replaced by per-antenna power constraiRRs £ P/ N where P is the total device
power andN is the number of antennas. Again, this changééncbnstraints preserves

the convexity of the optimization problems.

5.2.1.3 Modulation and coding constraints

A state-of-the-art broadband wireless system (&6g05]) typically encodes finite-length
packets with a turbo-code or an LDPC, and map®tieut onto finite alphabet symbols
(e.g. QAM). In this case, the precoders and rdteation algorithms derived in Chapter
3 are not directly applicable, since they are desiigassuming Gaussian i.i.d. codewords
of infinite length. This issue is well-known in ORDsystems and solutions such as bit
and power loading have been proposed as realigtimatives to waterfilling [CCB95].

An interesting property of the degraded capacitynfda (2.27) is that it remains convex
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in , the vector of SNRs per subcarrier and spatiebstr The SNR degradation factor

G and the maximum rate saturation can thus be inted in the achievable rate
expressions of Chapter 3 without affecting the esity of the optimization problem.
However, note that the rate saturation shall béepably introduced as an additional
inequality constraint in order to keep the objeetand constraints differentiable. For
instance, the equation (3.27) in the expressiah@PDF achievable rate can be replaced

by four inequality constraints:

QY 1 Q¥ 1
R, £ —H. + L~ H
A t.l tl \/6 1 l:2 tz \/_C; PS
o 1
R, £ t min( Ng, N T =,——H
A l-l ( S D) R”I E t2 \/6 PS (5-1)
@)
R.Et Qs 1 H, +t2min(NS,ND) R.

t VG
R, £t min( Ng, Np) R+ tmin( N, N)) R,

where R, is the maximum spectral efficiency in the set o€# of the system. For
instance, if the largest constellation is 64QAM &hd highest code rate is 5/6 then
R.x =5 bits (per QAM symbol). Including rate saturatiomnstraints into the
optimization starts to make the latter really complHowever, simulations show that the
effect of rate saturation on the achievable raaetsto become marginal when the set of
MCS includes very high order constellations combingth high code rates. For instance
on Figure 23 we plot for each coding strategy ttleievable rate under four increasing
levels of degradation:

1. G=0dB,R,, = +¥ (ideal reference curve)

2. G=4dB,R,, =1Cb (SNR degradation but almost no rate saturation)

3. G =4dB,R,, =6b (SNR degradation and moderate rate saturation)

4. G =4dB,R,, =4b (SNR degradation and severe rate saturation)
It can observed that the SNR degradation accouwrtsmiost of the achievable rate
decrease whereas the effect of rate saturationnesxomarginal when high order
constellations can be combined with high code rdteteed, increasing the maximum
spectral efficiency per symbol froR , =6 (e.g. 256QAM rate %) t&R =10 yields

an achievable rate gain of less than 0.3 bit dt BiiyR. Therefore initially in our system-
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level simulations we only modeled the SNR degrasatind not the rate saturation
phenomenon. However, in 85.4.4 both phenomena areunted for.
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Figure 23: Impact of achievable rate degradation pameters (SNR degradation
Gand maximum rate per QAM symbol R__,) on the achievable rate of cooperative

DF  protocols in the multiple-antenna  case Ng=N,=N_ =2,
9, =10dB, g = 15dE) for 4 increasing levels of degradatior(G =0dB,R,,, = +¥),
(G =4dB,R,,, =10,(G =4dB,R,,, =6),(G =4dB,R,, =4)

Finally, note that another more recent approachudtes the finite alphabet assumption in
the information-theoretic optimization [LTV05]. Thgroblem is that it does not model
the finite codeword length effect and moreoveeguires having an apriori knowledge of
the constellation on each subcarrier and spatiglast, which is a chicken and egg

problem.

5.2.1.4 Imperfect CSI

State-of-the-art TDD systems often rely on UL/DLanhel reciprocity to obtain
CSIT without having to explictly feed back the esited channel coefficients. In this
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case, CSIT imperfectidrcomes from the estimation noise and from the tiaria of the
channel between the moment it is estimated in deettbn and the moment it is applied
in the other direction. However, in cooperativeayihg it is hard if not impossible to
avoid explicit signaling because for instance tleirse cannot estimate the relay-
destination channel by means of reciprocity. Mosgpeven if the channel is very slowly
varying (e.g. pedestrian speed), feeding each Midh@nnel estimate back to the source
typically requires a prohibitively large number loits to achieve a quantization noise
variance which is of the same order of magnitudin@ashannel estimation MSE.

One possible solution to overcome this problem dsfded back the channel
covariance matrix instead of the channel time egdiency response. The rate at which
the covariance needs to be fed back is low. Inddwdchannel covariance is assumed to
remain almost constant over time frame much latgan the channel coherence time.
Moreover, for a MIMO-OFDM system, a single frequgtiomain channel covariance
matrix needs to be fed back for all subcarriersthis case, the CSI and therefore the
capacity and the achievable rate of the variouayned) strategies shall be treated as
random variables. The precoders and resource tfiocean be designed to maximize an
objective which is a function of the CSI distritmrii (e.g. outage capacity, average
capacity). This solution is investigated in §5.2.1.below. Another solution is to feed
back the precoder instead of the CSI, where theopler is selected from a small set (i.e.
a set of small cardinal) of structured matricesug'the precoder can be quantized on a
small number of bits (e.g. 4 bits) and fed bacintgrvals much lower than the coherence
time while keeping the feedback load at an accéptavel. In MIMO-OFDM systems
the channel correlation in frequency-domain caeXjgoited to reduce the feedback load.

Quantized precoders are investigated in §85.2. hdl@w.

5.2.1.4.1Statistical and Hybrid CSI

5.2.1.4.1.1Background and prior art on statistical CSI exaltdén

Statistical CSl is understood in this thesis askihewledge of the average SNR and of
the channel covariance matrix. The knowledge ofstiagistics of a potential interferer is

not a topic addressed here. The estimation of tkeage SNR is a well-known topic and

* Note that in the presence of interference (naitér@ here) the channel is not reciprocal because
interference is different at each node.
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without spending more time on it we will assumet tihacan be perfectly estimated. In
[JVGO01], the MIMO channel is modeled as a product:
H=WR?Y? (5.2)

where W s i.i.d. Rayleigh fading an®; is the transmit correlation matrix. The rows of

the channel matrix are assumed uncorrelated lucthumns are correlated (i.e. the
transmit antennas are correlated but the receitenaas are not). A row vectdr, for

i =1, ,Ny has a covariance matriR, / N;. In a MIMO-OFDM system, this channel
covariance matrix can be estimated by averaging alghe subcarriers. Then for each

received packet, a simple AR model can be impleatkint time-domain as follows:

RO =(-2)R(k D a -= A" (WA, (K (5.3)
c i=l
where Kis the index of the OFDM symbol. It is shown in [3¥1] that the ergodic
capacity of a point-to-point MIMO channel is maxiad by precoding with the
eigenvectors ofR;. Moreover, the power loading vector shall be cedetike the
eigenvalues, i.e. more power shall be allocatethéolargest eigenvalues. In [JB04], a
more complex channel model is considered:
H =R7AWR? (5.4)

and it is assumed that both the transmit and reasivrelation matriceR; and R, are
known. In this case, the authors show that thenmpti transmit directions are the
eigenvectors oR; but the optimum power allocation dependsRp. In both [JVGO01]
and [JBO4], the optimum power allocation is obtdiney numerical (convex)
optimization, but no closed-form expression is juled. Both papers also verify that at
low SNR or when one eigenvalue is much larger tiv@nother ones then the optimum

scheme degenerates into beamforming.

5.2.1.4.1.2Application to the relay channel

As far as we know, the MIMO relay channel capabibyinds have not yet been
extended to the case of covariance feedback. Ledider for instance the DF strategy
with Protocol I. If the objective is the averagdiavable rate, the optimization can now

be formulated as follows:
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RFDF,I = max min{ Ry F%}

,>0,t,>0QY)_0Q@_o

R.=E 1C(Q¥/t,H,)

(5.5)
Ry=,E 1C(Q9/tHo)+tC(QR/tH )
t+t, £5 tr(QY)- tPE 0; t{Q?)- t,PE 0
The expectation is a convexity-preserving operaf®vi04], and therefore the problem
(5.5) is convex. It cannot (probably) be solvedlimsed-form but numerical optimization
can still be performed as in Chapter 3. The padiaivatives can be computed by taking
the expectation of the closed-form expressions/ddrin Appendix A:
TE C(Q/tH)  qtc(Q/t,H)
=E (5.6)
fiQ H Q
Given the lack of a closed-form expression for thartial derivatives, the
computational complexity of the numerical optimigat(5.5) will be very high. Various
approaches of much lower complexity can be consitlat the expense of a lower rate.
One possible approach for reducing the numericaiptexity can be as in §3.5.3.1 to
impose a structure to the source precoder duriaditht slot, while the relay precoder
during the second slot can be optimized by applyB\04] to the point-to-point MIMO
link between R and D. A precoder structure whictkk@sasense intuitively is
RY =U,diag(p,)Uj +U,diagp,)U" (5.7)

where the columns otJ; and U, are the eigenvectors dR;, and R ,. A further

simplification can then be achieved by limiting trenk of the precoder (5.7) to the
eigenvalues which are greater than a certain thildskand by allocating the transmit
power uniformly over the set of eigenmodes. Thebjanm then amounts to finding the
optimum fraction of source transmit power that kbel allocated to the eigenmodes of

the Source-Relay channel.

5.2.1.4.1.3The case of Hybrid CSI

Hybrid CSl is defined here as in [GHSO06], by thetfthat a given node may have
perfect CSI for some channels but only statistic&l for some other channels. The
hybrid CSI case is especially relevant to cellutdaying with fixed relays. For instance
in the downlink, the BS-RS channél, is varying very slowly and can therefore be

easily tracked, whereas the RS-MS and BS-MS chankk] and H, may not be
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trackable if the MS is moving too fast. With hybi@SI, the full-fledge optimization
remains highly complex, but the sub-optimum precogteucture can be improved by

replacing the matrixtJ, in (5.7) by the matrixV/, of the right singular vectors dfl, .

5.2.1.4.2Quantized CSI| and Quantized Precoders

5.2.1.4.2.1Background on Quantized Precoders

When it is possible to track the channel but tleslback load would be prohibitive,
an efficient technique consists in selecting thestb MIMO precoder from a set of
reduced cardinaN (e.g. N =16). Only the index of the precoder needs to be fackpb
which requires onIongZ(N) bits. In [LHS03], the authors restrict to beamforgiin a
point-to-point MIMO link (here the S-D link), i.a@ single spatial stream is sent even if
both the source and destination have multiple amatenDenoting byz the receiver
weights (which are normalized such tlﬂaﬂ2 =1) and byw the transmitter weights, it is
straightforward that the maximization of the capacis equivalent to the maximization
of the SNR at the output of the receiver, whiclprigportional to|zH HW|2. The optimal
receiver weights are such thgtH Hw| =||Hw|, which corresponds to the Maximum
Ratio Combining solution. The optimal transmit wegg(assuming an MRC receiver) are

given by the solution of the following problem:

W = argmax |Hw||, (5.8)
wi

If is the set of unit vectors of lengthlg, then the well-known solution is the
dominant right singular vector ofH, which corresponds to Maximum Ratio
Transmission (MRT). Quantized precoding requiresind the best precoder codebook
W of a given sizeN, defined as theNg~ N matrix whose columns are the transmit
weights vectorsw, i =1,...N. Given a precoder codebook, the transmit weigbtsaf

given channel realization can be found by exhaastearch:

W =arg maf{Hw, |, (5.9)

1£iEN
The authors in [LHSO03] design quantized precoderaifcorrelated fading channels, i.e.
the components oH are assumed i.i.d. complex Gaussian. They shotvftmathis
specific channel distribution, the precoder codé&babich minimizes the average SNR
loss with respect to the MRT can be obtained byimiing the minimum angle between

all pairs of weight vectors:
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d(W) = min /1- ‘wkle‘z (5.10)

This criterion is called the Grassmannian BeamfagiCriterion, because it is analog to
the Grassmannian Line Packing problem. QuantizedhEGain Transmitters (QEGT)

and Quantized Maximum Ratio Transmitters (QMRT) tendesigned by maximizing

a’(W) over the set of complex matrices with respectiveiit modulus coefficients and

unit vector columns. The authors in [LHSO03] stdtattthe achievable rate difference
between QMRT and QEGT is minor.

Quantized precoder codebooks have been extendwhttie the multiple-stream
case and the correlated MIMO channel case. Foangst in [LHO5] multiple spatial
streams can be sent and the design criterion cagitler the minimization of the error
probability (assuming an ML decoder) or the maxatian of the capacity. Different
design criteria imply the use of different defiaits for the distanc@’(W). Moreover,
quantized precoder codebooks are also specifie@GPP-LTE and IEEE802.16m
standards for single-user and multi-user MIMO-OFBtems. In order to reduce the
feedback load, a single precoder is assigned peg-fiiequency resource block over

which the channel is assumed to remain (roughlystamt.

5.2.1.4.2.2Application to cooperative relaying

Because cooperation and limited feedback are twodsearch topics for NG-BWA
systems, the application of quantized precodeitperative transmission has recently
drawn attention. However, as we are writing thissta there are still very few papers on
the topic, and they are limited to non-cooperatalaying [YWKO07] and the AF strategy
[ZALOT7].

In this section we investigate the application ah&mannian beamforming to
cooperative DF Protocols Il and Ill, in which bog and R have to cooperatively
beamform to D during the second slot. The soureargance during the first slot is set to
(PS/ NS)I n - The joint source-relay transmit precoder is cased to be a QEGT and
designed based on the Grassmannian beamformingonités.10). On Figure 24, we
evaluate the achievable rate performance of quethfizecoding compared to the optimal
transmit covariance given by convex matrix optirtima and to the lower complexity
approach of 8§3.5.3.2. It can be checked that a 2diebook outperforms the vector

optimization approach and achieves all the coomeragain provided by the matrix
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optimization approach. On Figure 25, a 2x2x1 argetonfiguration is considered. In this
case, the vector optimization approaches the optimeoder. It is well-known that for
larger antenna arrays a larger codebook size igiresty However, here with 5-bit
codebook the performance of the vector optimizatagproach can be approached
closely, still increasing the codebook size fromt@&32 yields a very small gain and it

seems useless to further increase it.
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Figure 24: Impact of using a 2-bit precoder codebdoin cooperative FDF Protocol
I, in a 1x1x1 antenna configuration with g, = g =0dB (Legend: N=No

optimization, V=Vector Optimization, M=Matrix Optim ization, C=Quantized
Precoder Codebook)
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Figure 25: Same as Figure 24 in a 2x2x1 antenna dguration with 2, 4, 5 bit
precoder codebook size

This very preliminary performance evaluation tengs show that quantized
precoding can be applied successfully to enablepemdive relaying with limited
feedback load. However, a more in-depth analysis bei needed to design codebooks
which are specific to cooperative relaying, by takinto account the distributed channel
characteristics, device and antenna power contgraas well as achievable rate

expressions.

5.2.2 An implementation based on cooperative IR

System simulations performed in 85.4 show that eaatpse (F)DF Protocol | (i.e.
with orthogonal Source and Relay transmissionghésmost interesting at the system-
level when at least two relays are deployed persB&or. We now investigate how to
implement such a coding strategy in a real systBue to time limitations our
simulations are limited to the single-antenna casg,as commented at the end of this
section we expect that the conclusions drawn frben dingle-antenna analysis can be

extended to the multi-antenna case.
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5.2.2.1 Description of the IEEE802.16e convolutional turbo-code

Our coding strategy is based on the Convolutionatb® Codes (CTC) of
IEEEB02.16e [16e05]. The CTC consists in two dumhbi constituent encoders which
are Circular Recursive Systematic Convolutional esodFigure 26 depicts the CTC
encoder. The data block is split into two sub-bkok bits A and B that are fed to the
first constituent encoder shown in Figure 27 toagate parity bity; andW;. Afterwards,

an interleaved version of A and B is encoded irepitd generate additional parity bits
(Y, and W).

The CTC specification in [16e05] allows a set offadent coded block sizes to be
generated. The larger the block size, the beteeBILEER performance of the turbo-code.

We picked a N=120B=960 data bits block size for simulations. The mother code size

is 3N. w ? :
I )
— |

’
4

v
—

Figure 26 CTC encoder

A
B
+
D
feedback branch: 4D +D° ( OxE T Parity part v
Y-parity branch: # D?+D* ( Oxip W

W-parity branch: % D? ( oxE

Figure 27 CTC constituent encoder
Note that in our study we do not consider the a@idHARQ-IR mode of 802.16e which
is defined in sections 8.4.9.2.3.4 and 8.4.9.2183 A6e05]. Instead we consider that the
Source (BS) always transmits the first P codéswith P>N and N the number of data
bits, such that the code rate is N/P. The firstitd bf the codeword are systematic bits

and the next P-N bits are parity bits, as represkah Figure 29.
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Figure 28 Block diagram of subpacket generation foCTC

We designed a link simulator which implements IEBE86e CTC Modulation and
Coding Schemes. According to the standard, thevatlg code rates can be obtained by
puncturing the rate 1/3 mother code: Y2, %, 2/3 &f@ An MCS consists in the
association of a code rate with a constellation RPEEQAM or 64QAM.. The MCS
with the highest spectral efficiency is 64QAM r&té with 5 bits per QAM symbol.

5.2.2.2 Cooperative IR strategies

The mother code is represented on Figure 29. TsieNfbits are systematic bits.
Several strategies are considered as illustratdeigure 29:
Direct Transmission (i.e. No Relaying) from Source to Destination.
(Cooperative) HARQ-no IR
0 In this case, the Source and Relay respectivehsinit the firstN/Rsand
N/Rr coded bits wher&s is the source code rate aRglis the relay code
rate
0 Note that ifR=Rg then the coded bits are just repeated
0 If cooperative DF is assumed, the Destination parforeliability (LLR)
combining of the two received signals.
Cooperative IR v1
0 The Source transmits the firSRs coded bits. The Relay forwards the
lastN/Rrcoded bits. Some of the bits may be repeatdldRE+N/Rz>3N
0 Note that in this strategy the Relay does not trahsystematic bits

Cooperative IR v2
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0 The Source transmits the firSlfRs coded bits. The Relay forwards the
first N coded bits (the systematic bits) and thst NdRz-N coded bits.
o Note that in this strategy the Relay repeats tiséesyatic bits

R=5/6 R=1/2

802.16e/j. Source and Relay trarismit same coded bit§ if R =R,
-; ......................... »

Systematic Parity

Coop IR v1: Relay E’I’ran smits only parity bits

Coop IR v2: Relay transmits systematic bits + new parity bits

-
>

Figure 29: Sequence of coded bits transmitted by érelay for different cooperative
IR strategies (the bits coresponding to the solidre are always transmitted by the
relay, the bits corresponding to the dashed line @& optionally transmitted depending
on the relay code rate)

5.2.2.3 Cooperative IR throughput performance

The simulations in this section are based on th&MEEerror prediction model
detailed in Appendix D. On Figure 30, the averdgeughput per QAM symbol of the
different cooperative IR strategies is plotted usrthe average SINB, on the R-D link,
assuming ag; =30dB SINR on the S-R link and eithgy, =5dB or 10dB on the S-D
link. This simulation scenario thus correspondsiéavnlink with a fixed RS having an
excellent link with the BS. The MCS on th& Hop is selected for a target BLER of 1% at
the relay and the MCS at the relay is based on dab@&&t BLER at the final destination,
after potential combining that is strategy-dependen
Figure 30 shows that a large gain of up to 5dB lmamchieved by adopting cooperative

IR v1 strategyThe cooperative IR strategy that avoids as much gsossible repeating



126

coded bits clearly outperforms other strategies andyields a large performance
increase of 5dB, which translates into a 2x througbut gain at low SINR when the
SINR on the Source-Destination link equals 10dBis gain reduces to about 2dB when
the SINR on the S-D link is 5dB, and vanishes ateloSINRs. In the next section, we
introduce another coding strategy for cooperative Brotocol | and we perform a

comparison of throughput and degraded capacitypatyae the results.
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Figure 30: Average Throughput vs SINR g, on R-D link of cooperative IR
strategies, assumingg, =30dB (S-R link). Top: g, =10dB (S-D link) Bottom:

g, =50dB (S-D link)
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5.2.2.4 Degraded capacity model for cooperative IR

In the previous section, we have computed the dhput performance of
cooperative IR by applying the EESM. We now chetletler the throughput envelope
of cooperative IR can be predicted by the degradgzhcity model. A straightforward

extension of equation (2.15) gives:
I o 1 » MaX min(t et ot (L) g (5.11)

where r o, I's; and 7o, are given by equation (2.27)

N
! <o »% 3 min(log2 (1+g sni /G) ,Rmax) (5.12)

where g, ; is the SINR on thé th subcarrier of the S-D link. We have seen in §223
that for IEEE802.16e CTC the degradation factor amakimum rate can be set to
G »4dB andR,_, =5.
On Figure 31, the throughput performance of codperdR v1 is plotted in green in the
same simulation conditions as on Figure 30, topd aompared to the degraded
achievable rate of equation (5.11) that is ploitediotted black. The following can be
observed:
At low SNR on the R-D link, the degraded achievald¢e is equal to the
throughput of the single-hop transmission. Indeedperative DF Protocol |
theoretically degenerates into single-hop transomssvhen the S-D link has
higher capacity than either the S-R link or the Ribk. However in our
simulations the MCS during”Islot was selected solely based on the predicted S-
R link quality. Therefore, since the S-R link isoglp the source transmits using
the least robust MCS and the destination cannobdieche received signal,
although it contains some mutual information. Tiplkenomenon does not
correspond to an actual throughput loss in a negteen: an AMC algorithm will
select the best between single-hop and multi-hepstnission.
At high SNR on the R-D link, the peak throughput oy reaches 2.5
bit/symbol compared to an expected 3 bit/symbol pcted by the degraded
capacity model.Contrary to the previous effect this 20% peak tghqut loss
corresponds to a fundamental limitation of the @rapive IR implementation:
for a given target error rate, at low SNR, combgnihe coded bit LLRs received

during the ' slot with the LLRs of the signal received durirge tsecond slot
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prior to decoding allows to select an MCS with gher spectral efficiency
during the second slot and to increase the thraughowever,if at high SNR
on the R-D link the MCS with the largest spectral #iciency is already used
by the relay, then LLR combining cannot further increase the throughput
Based on the above observations, we propose thawvfoh formula for the degraded

achievable rate of the cooperative IR Protocoldtsgy:

i » M7 g, maxmift g mit o5t ( 28)  ooRya,))) (5.13)
This time, Figure 31 shows that the formula (5.18atches very well the actual

throughput envelope.
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Figure 31: Comparison of cooperative IR throughputand degraded achievable rate
assuming g, =30dB (S-R link) and g, =10dB (S-D link).

From expression (5.13) we can easily check thapéad throughput of cooperative IR
cannot exceed ., = (R...)" / (2Rw) = Ryw/ 2= 2.5. This also corresponds to the

peak throughput of non-cooperative DF. In otherdspif rate saturation occurs at high
SNR, the throughput of cooperative IR cannot exdkeatof non-cooperative DF. We

present a solution to overcome this issue in 85.2.3
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5.2.2.5 Conclusions on cooperative IR

The study conducted in this section has shownabaperative IR allows a practical
implementation of cooperative DF Protocol |. Therefa significant throughput increase
can be obtained in downlink scenarios with fixethys, compared to non-cooperative
DF. The best cooperative IR strategy consists idivg the retransmission of coded
bits, which is consistent with the information thetic statement that the codewords
transmitted during the first and second slot shallncorrelated in order to maximize the
mutual information. The throughput of cooperati¥ for a given set of MCS can be
accurately predicted by EESM and the throughputkpe can also be predicted by the
degraded capacity model, provided that the graitylaf the set of MCS is small enough.
An interesting observation is that, at least in ¢hrggle-antenna case, rate saturation can
occur at high SNR even if the set of MCS allowpecsral efficiency as high as 5 bits per
QAM symbol. In this case, cooperative IR cannoti@d a peak throughput increase

compared to non-cooperative DF.

5.2.3 An implementation based on superposition codi ng

In this section we present a practical implemeatatif cooperative DF Protocol |
with the superposition coding at the source duthng first slot. This strategy has been
shown in 82.1.4.1.1 to achieve a lower rate thaopeoative DF Protocol | without
superposition coding, so one may wonder why we wargtudy its implementation. It
turns out that the comparison of §2.1.4.1.1 isalafays valid when the rate saturation
(see 85.2.1.3) phenomenon is accounted for. Onr&ig8, the impact of rate saturation

on cooperative DF Protocol | is illustrated. It cha observed that above a certain

threshold on the average SNR on the S-R link, the achievable rate saturatesrétbre

at high g, an idea that arises is to exploit the link mamgithe S-R link by allocating the

excess power to a signal that is superimposed thetanessage transmited to the relay.

This superimposed signal can convey a messagentitded directly to the destination.

5.2.3.1 Coding strategy

We propose the following practical implementatidncooperative DF Protocol | with
superposition coding:
1. If the target PER on the BS-RS link can be achiebgdhe MCS with the

highest nominal rate, then superposition codinglmaionsidered. The source S
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will send a signal Xg =/dPsx, (1) +./(1- @) Px,( ) where 1 is the £
layer messagey, is the 2 layer message, and is the fraction of the transmit
power allocated to the™layer.

2. The 2%layer message is always mapped onto the MCS hétthighest rate. The
fraction @ is increased under a target PER constraint fothéayer message
after successive decoding at the RS.

3. The f'layer message is always mapped onto the MCS Wétthighest rate such
that the target PER at the destination D is met.

4. The 2%layer message decoded by R is mapped onto an M&$oavarded to
D during the & hop slot such that the PER at D is below the taRgeR. Note
that in this thesis we consider a simple strategwlhich there is no successive
decoding and combining at D, which would furtheligfgly) increase the

throughput at the expense of higher decoding coxitgle

5.2.3.2 Simulation Results

On Figure 32, we assume a 10dB SNR on the S-Daikn Figure 30 and compare the
throughput performance of cooperative IR vl andpeoative DF with superposition
coding. As expected, cooperative DF with superpmsitoding outperforms cooperative
IR at high SNR on the R-D link (above 15dB) and yieldsan additional +20%
throughput. Of course, the peak throughput increases withctpacity of the S-D link,
but when the latter increases, the relative impmesat of relaying compared to 1 hop

transmission reduces.
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Figure 32: Average Throughput performance of coopeative DF with superposition
coding and with cooperative IR v1 strategy, assumi g, =30dB (S-R link). Top
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On Figure 33, it can be observed that the degradbivable rate expression computed
in equation (5.11) matches very well the averageutihput envelope of the maximum
between single-hop throughput, cooperative IR amadperative DF with superposition
coding. This shows that the superposition codingwal to alleviate the rate saturation

problem at high SNR.
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Figure 33: Comparison of average throughput and awage degraded achievable
rate (Same assumptions as Figure 32, top)

5.2.4 Conclusions and perspectives

The achievable rate gains predicted by informatiwory for cooperative DF can
be realized in practical systems by combining tepms such as Incremental
Redundancy and Superposition Coding. We studietthii;msection the case of a single-
antenna system based on the IEEE802.16e standarthrbughput performance was
analyzed by both the EESM and the degraded acH&vake models and both were
shown to be applicable when applied cautiously.olighput simulations showed that
cooperative IR is subject to a rate saturation lgratat high SNR which can be overcome

by combining it with superposition coding. The edion of these practical coding
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techniques to the multiple-antenna case should rblatigely) straightforward. For
instance soft-output sphere detectors can provige ULRs required for reliability
combining. However, it would be interesting to stddr instance whether or not the rate
saturation problem which we identified in the sagintenna case remains a serious issue

in the multiple-antenna case.
5.3 Practical implementation of Compress-and-Forwar  d strategies

In the previous section, we have investigated ttaetizal implementation of DF
and we have validated the fact that the achievabte performance predicted by
information theory can be approached in a realesystVe now adopt a similar approach
for CF. However for the sake of brevity we will linourselves to key points that are

specific to CF.

5.3.1 Constrained Capacity Bounds

5.3.1.1 MIMO-OFDM transmission

The MIMO results presented in Chapter 4 can bdyeasiended to MIMO-OFDM
by considering block-diagonal frequency-domain cleginmatrices. For instance the

channel matrix on the S-D link can be written as:
H, diag(H,, )i=l,...Nc (5.14)

where Hg; is the Ny~ Ng channel matrix on thih subcarrier out of a total o,
subcarriers. From parallel channel arguments (sge ¥0.4 in[CT91]), the signal
transmitted by S on different subcarriers can tsumgd uncorrelated and therefore the

conditional covariance will also be block-diagonal:

RY —dlag(Rflgd D) o (5.15)
The CKLT can therefore also be expressed as a folagonal matrix:
R, =Udiag(s) U" with U= diadU, U, . U, ) (5.16)

Therefore a per-subcarrier CKLtIJiH can be defined. It must be applied to the vector o
length N, formed by stacking thigh Discrete Fourier Transform output for each antenna
at the relay. Achievable rates are now obtaineduoyming independent contributions
over the N, subcarriers. The optimum WZ coding rates can b#llcomputed from

Proposition 4.3, with the summation indemow ranging from 1 td\. N, reflecting the
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fact that the total raté3 available at the relay to quantize its observasiball be shared

between all the spatial eigenmodes over all theauiers.

5.3.1.2 Practical Wyner-Ziv coding

The CF achievable rates are derived in Chaptersdnaiang an ideal WZ coding
applied to each CKLT output. Practical WZ codingpiementations are reviewed in
[XLCO04]. The WZ encoder consists in a quantizeidiebd by a Slepian-Wolf (SW)
encoder. In order to approach the rate-distortrade-off, the quantizer shall be rate-
distortior? approaching and the channel code used for SW gosliall be capacity-
approaching. In [LSXO05][XLCO04], practical WZ codingf a Gaussian source operating
at less than 0.5dB from the rate-distortion cu@ltained by combining LDPC-based
SW Coding with trellis-coded quantization. Therefoguasi-ideal rate-distortion coding
is a realistic assumption from an implementaticsendpoint. If an implementation is
considered which performs at more than say 1dB ftbenrate-distortion trade-off, it
could be interesting to study whether a model sintib degraded capacity can be found.
Intuitively, one possibility could be to introdueecompression noise degradation factor

to model the non-ideal WZ coding.

5.3.1.3 Source coding without side information

The rate-distortion trade-off for gaussian vectoithout side information is given
in section 13.3.3 of [CT91]. The relay shall applyKLT followed by rate-distortion
(without side-information) encoding of each outplut.this case, the rate allocation of
Proposition 4.3 cannot be applied, but the totatadiion can still be minimized by
reverse-waterfilling. An even simpler source codimbich does not even require CSI
consists in applying per antenna quantization witremy linear transform. In this case,
an OFDM signal can be quantized directly in timendi, which is not possible for
techniques exploiting CSI. Overall these sourcerapdstrategies result in a simpler
implementation but may lead to a large reductiothef achievable rate as suggested by

simulations in 8§4.3.5.1.

® Here, for the quantizer we are refering to the-distortion trade-off without side information.
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5.4 Deployment aspects

Up to now in this thesis we have studied the rethgnnel at the link level.
However, the key question that equipment manufactuand operators would like to
answer can be summarized as follows: what is theefiteof deploying fixed Relay
Stations as a complement to cellular Base Statidite® benefit shall be ultimately
expressed in the framework of a business mode[FIR08] we attempted to bridge
together technical results obtained from systemalaimulations with a network cost
model in order to address this very complex quastio order to keep the focus of this
thesis on cooperative MIMO coding strategies we mot enter into such considerations
in this chapter, but only provide a few simulatigsults which illustrate connections
between the link-level simulation results and thstem-level performance. We will start
by describing a simple simulation methodology todgt the effect of deployment
topology on the throughput, before analyzing resutt single-cell and multi-cell

environments.

5.4.1 Single-cell simulation methodology

We start by considering a single-cell deploymentegsesented on Figure 34.

Figure 34: Single-cell deployment topology in a domlink with 4x4x2 antenna
configuration
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5.4.1.1 Simulation Parameters

We consider a 3-sector BS equipped with 2 to 4ramete per sector. The RSs are not
sectorized, and have 2 to 4 omnidirectional (inmazh) antennas of 3dB gain. We
position one or two RSs per sector, at a distanceleo 80% of the cell range. The BS-
RS link is assumed LOS, but the BS-MS and RS-MSNir®S. An OFDM system is
assumed witiN: data sub-carriers. The size of the FFNigsr , so that the bandwidth is
approximately B » N /( NFFTT) where1/T is the sampling rate. A cyclic prefix of
Ncp samples is accounted for in the throughput catmnis. The total OFDM symbol
duration isTg = ( Neer + NCP) T . The path loss, shadowing and fast fading arerghy
the SCME typical urban model [B05]. Moreover weragiLice a shadowing correlation
between two links originating from different sitésg. two different BSs) but ending at
the same MS. Likewise, in the uplink we assume aWath correlation between the links
originating from a given MS. This correlation caeint is set to 0.5. This reduces the

benefits of macro-diversity.
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These parameters are summarized in the followibigta

Parameter Value
Cell Radius (m) Defined by cell-edge coverage probability
BS to RS distance Odgs.rs=0.8rcen
Antenna Gain (dBi) 2

Grs=3 ; Gys=1;Ggs=15- 12 G

q3dB

q3dB = 900
Number of Antennas Ngs=2 to 8 per sectolrs=2 t0 4;Nys=1to 2
Path Loss Exponent NnLos=4.05;n  0=2.6
Shadowing (std. dev. dB) Ssnios=10; Ss 054
Transmit Power (dBm) Pgs =40; Pr=36Pus=23
Cyclic Prefix Overhead Nep/ Neer =1/8
Data Carrier Ratio Ne¢/ Neer =3/4
Channel Bandwidth (MHZz) B =10-20
Noise PSD (dBm/MHz) M-113.9
Noise Figure (dB) Fes= 4,Frs=4 ;Fss 7
Carrier Frequency (MHz) F. =2500
Signal to RF Impairments Ratio (dB) C -0

I g

Table 1: System Simulation Parameters

Note that:
For the sake of brevity we limit our system simigias to the downlink.
Therefore cooperative DF will be the prefered cgdistrategy whereas
cooperative CF will not be considered. Anyway waeified (not shown in this
thesis manuscript) that cooperative CF does natiggdarge gains at the sytem-
level in an in-band relaying scenario, and is bedteted to out-of-band relaying
and BS cooperation.
In this single-cell scenario we neglect the impaato-sector interference (i.e. we
assume each sector operates on a different channel)
The cell radius is defined at 75% coverage proligpile. such that 75% of the

users experience an average SNR greater than 6d&la&dge. This last value
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takes into account the fact that the BS will br@eicthe beacon in a robust
Modulation and Coding Scheme, using Cyclic Delayebsity, which should
allow correct reception at low SNR.

We locate the RS at 0.8 times the cell radius.Mg tistance, the SNR on the
BS-RS link is limited only by the RF impairmentse(ito about 30 dB) because
of the LOS propagation. Preliminary simulation fesgnot shown in this thesis
for brevity) suggested that this BS-RS distancehis best if the relays are
deployed in order to increase the throughput withie range of the BS.
However, if we wanted to study a scenario in whilbth RSs are deployed to
extend the range of the cell beyond the BS covertgen the best BS-RS
distance would be larger than (e.g. 1.2 times)c#leradius. With the selected
BS-RS distance and the adopted path loss moddhawe an averag&NRg s
6dB larger tharSNR; s at cell edge on the BS-RS axis.

Although we allow up to 2 relays per sector, wendbd consider coding strategies

for the diamond topology but only for the 3-nodiayechannel.

5.4.1.2 Quasi Monte-Carlo simulation methodology

Very (too?) often in the literature on relaying thephasis is put on the spatial
diversity provided by the independence of smalleséading on the BS-MS and RS-MS
links. However, in a broadband system, shadowiraygla more important role than
small-scale fading. Indeed, in the SCME channel ehdtie log-normal shadowing
standard deviation is as high as 10 dB for NLO%slinin our simulations we either
compute the average achievable rate of the CDFhefachievable rate over a large
number of realizations of both small-scale anddasgale (a.k.a. shadowing) fading. Such
simulations can be very computationally intensifeMionte-Carlo (MC) simulation
methodology is used. Therefore, we investigatedaghglication of Quasi Monte-Carlo
(QMC) [N92] methodology to our simulations. QMC & generic tool that to our
knowledge is not commonly used in communicationsidwell known in other domains
such as financial mathematics. For illustrationpose, let apply the principle of QMC to
the generation of log-normal shadowing in the ceintd our simulations. In the MC
methodology, for a given location in the celN,, i.i.d. real Gaussian vectors
S (0sgl;) are generated to model the shadowing on the 3.lifike components

of 5 can then be correlated (to model site-correlatiom) different trials are always
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uncorrelatedE[sq*] = (. The first and second order of the performancetfan that

we want to monitor (here the achievable rate) areputed:

Ntrial Ntrial
m » 1 S.) VvV o» 1 (s)- m)2 (5.17)
Ntrial i=1 I\lrial i=1
In contrast, in QMC théth trial is correlated to the previous tridls ,i- 1in

order to accelerate the convergence of the estim&bol7) of the first and second order
moments. The QMC relies on so-called Low-Discrepedequences (LDS). An LDS is a
sequence of deterministic vectors which is desigoeglickly “explore” the domain of a
random vector by avoiding the generation of pogtands;, j* i which are too close
to each other (w.r.t. Euclidean distance). The LD8st preserve the randomness
properties of the sequence, i.e. the estimateds@ogelation of the components gf
must be close to zero and the estimators (5.17) basome unbiased after a sufficiently
large number of trials, as if a classical pseudwoan generator was used. In order to
clarify this very empirical definition of LDS, wdlustrate it in the two-dimensional case

with N.. . =1000C on Figure 35. It can be observed that the pseaddom sequence

trial
contains “clusters” of points which are very cléseach other and for which the value of
the function (s) is approximately constant if the function is caobus. In contrast
the LDS avoids the occurrence of such clustersoaftp. From Figure 35, it is obvious
that LDS can be used to generate random unifornstyouted user locations in a system
simulator such that at all the possible locatiohshe deployment are explored in the
minimum possible number of trials. Of course, thdarm LDS can be transformed into
a Gaussian distribution or any other useful distiin of interest and therefore LDSs can
also be used to generate the shadowing procesgearthe fast-fading process. In our
simulations we used Sobol's [S77] sequences butyroirer LDSs have been proposed
in the literature. For the sake of brevity, we wilit enter into a detailed discussion on
LDSs and QMC. However, we insist on the fact thieén the number of dimensions of
the random vector is small- which is the case in 3-node shadowing simulatitine
QMC methodology leads to a tremendous simulation coplexity reduction. In our

simulations, we observed a complexity reduction by factor of 10 for the same

accuracy of the achievable rate estimates.
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Figure 35: Generation of 10000 points uniformly digibuted in [0;1]x[0;1] (left: Low
Discrepancy Sequence, right: Matlab Pseudo-Randonegerator)

5.4.2 Simulation results with 1 relay per sector

On Figure 36, we plot the average rate vs. the &t&tlon in the cell for direct link
(left) and non-cooperative DF. The peak rate arotnedBS is large and users can be
served at large spectral efficiency (up to 12 lésitrinks to the 2 antennas) but most of
the cell can only be served at an average spegffialency lower than 2 b/s/Hz. The
weakest coverage is at inter-sector border, becawsedid not consider sector
cooperation. The addition of one RS per sectortesedhot-zones” around which large
spectral efficiency is achievable (up to 7 b/s/Ha) due to the fact that the RS has lower
power than the BS and is equipped with omni-diceal antennas, the range of these hot-

spots is limited.
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Figure 36: Average capacity of Direct Link (left) and 2-hop non-cooperative DF
(right) vs. MS position in a Ngg=N =4, N,,s=2 antenna configuration, with
CSIR only, B=20MHz.

On Figure 37 and Figure 38, we plot the averagésaable rate with cooperative DF and
the cooperation gain, defined as the ratio of tbhievable rate using cooperative
techniques to the achievable rate using non-cotipertechniques. It can be observed
that the coverage is improved on the BS-RS axis,the coverage of the inter-sector
border remains insufficient. Cooperation yieldsgést gains at cell edge on the inter-
sector border (this is where the macro-diversiglds largest gains), but also around each
RS. Indeed, when the MS is close to the RS, thatidur of the I slot is not negligible
compared to that of théslot, which is in favour of cooperative DF Prottscband Il
compared to Protocol Il as shown on Figure 38. Nlo&t even when the MS is far from
the BS and the RS, Protocol Il cannot outperforotdol I, mainly because CSIT is not
available in this simulation. It can also be checlwat the deployment of only 1 relay per

sector is not sufficient to guarantee homogeneousrage.

Figure 37: Average rate of cooperative partial DF Rotocol Il (left) and cooperation
gain vs. MS position in aNs=N.c=4, N,,s =2 antenna configuration, with CSIR

only, B=20MHz.
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Figure 38: Average capacity of various strategiessv MS position on the BS-RS axis
(top) and inter-sector separation axis (bottom) ira Ny =N =4, N, =2antenna

configuration, with CSIR only, B=20MHz.

5.4.3 Simulation results with 2 relays per sector

The deployment of 2 RS per sector significantly rioyes the coverage. We

illustrate this in the downlink in the following.
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5.4.3.1 Cooperative DF vs. non-Cooperative DF

With two RS per sector, the average spectral efficy at cell edge on the sector
separation axis is improved by a factor of 2.2, wheing NCDF, and by a factor of 2.8
when using PDF Protocol lll. It can be observed tha cooperation gain is around 1.2 in
most of the cell (except around the BS). In termawerage spectral efficiency over the
cell, assuming a uniform user distribution, dirdéiok yields 4 b/s/Hz, while relaying

yields 5 b/s/Hz, and cooperative relaying (PDF &got I1l) 6 b/s/Hz, i.e. a 20% increase.
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Figure 39: Coverage Improvement by Cooperative DFTop: Average achievable
rate without cooperation vs. MS position; Center: Arerage achievable rate with
Cooperation vs. MS position; Bottom: Cooperation gm vs. MS position,

Ngs=Ngs=4, N,,s =2 antenna configuration, CSIR only, B=20MHz.
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Figure 40: Average achievable rate of Cooperative B vs. MS position on BS-RS
axis (top) and on sector separation axis (botom) ia Ny = Ngs=4, N, =2antenna

configuration, CSIR only, B=20MHz.

The impact of a large number of antennas at th@®ERS on the downlink single-user

average capacity with CSIR only is limited, asdthated on Figure 41 where the average
capacity is plotted for a configuration with 2 amtas at BS, RS and MS. The only effect
of having 4 antennas at BS and RS is a higher @gpacthe immediate vicinity of the

RS, due to the larger capacity of the BS-RS link.
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Figure 41: Average capacity on BS-RS axis (left) ahon sector separation axis
(right) in a Ngg=Ngs=N,s=2 antenna configuration, no CSIT, B=20MHz, 2
relays/sector.

5.4.3.2 Impact of Shadowing

5.4.3.2.1What if the relay is in NLOS with the base station?

An important assumption which is made throughotg thesis is that the BS-RS link
benefits from a high SNR. This will be true if tR&S is in LOS. However, especially in
urban environment, it may happen that the onlylaktg relay sites are in NLOS with the

BS. From the SCME path loss model and in our sitimriascenario if the RS is located at
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0.8 times the cell radius, the®NRg s»10 dE if only the distance-dependent path loss
is taken into account. This is a priori not enotgtsignificantly increase the capacity in
the cell. However, if we assume that shadowinggentially due to fixed components of
the environment such as buildings, then the shaupwhall remain almost constant
during the relay lifetime. In this case, statidlicat should be feasible to find relay

locations where the path loss including shadowln@)+ S is for instance equal to
L(d)+s,. Sinces;=10dBin NLOS, this would lead t&SNR¢ »s» 20 dE, which is

enough for efficient relay operation. Moreover,cginthe NLOS multipath channel is

more spatially rich a large capacity could be aatikin 4x4 antenna configurations.

5.4.3.2.2mpact of shadowing correlation from MS to RS ar&l B

On Figure 42, we illustrate the impact of the sheidg correlation on the links
from a given MS to the various RS and BS, by phgttihe average capacity guaranteed
with 90% coverage probability, as a function of & location on the BS-RS axis.
When the correlation is low (uncorrelated shadowimy top figure), then a MS
experiencing severe shadowing on the BS-MS link sxaitch to 2-hop forwarding if its
link to one of the RS benefits from better shadgnonditions. On the contrary, if the
shadowing is highly correlated on all links (e.grrelation of 0.5 on the right figure),
then its effects cannot be mitigated by relayingwidver, notice that cooperative relaying
still improves the rate w.r.t. non-cooperative yaig. When averaged over the cell, the
average spectral efficiency at 90% coverage prdéibais 1.7b/s/Hz for direct link, vs

2.5b/s/Hz Mb/s with non-cooperative DF and 3 bzsAiith cooperative DF.
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Figure 42: Impact of shadowing correlation on the ahievable rate of cooperative DF
(on the BS-RS axis at 90% coverage probability). Tm No Correlation; Bottom:

Correlation of 0.5. Nyg=N,s=4, N, =2antenna configuration.

5.4.3.3 Impact of CSIT

We now optimize the transmit covariance for DF Beots Il and Il with CSIT, as
described in Chapter 3. The gain is high only wi@NR ,,s» SNRg ,.and both are
low. This happens in areas far from the BS and Rfe. largest cooperation gain is thus

achieved on the inter-sector axis. On , we set dhan in the two-relay case, non-
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cooperative relaying cannot significantly improveverage if the MS is on the sector
separation axis. However, if Protocol Il -or eveettbr Protocol llI- is used, a large
capacity improvement can be achieved. For instamttee 4x4x2antenna configuration of
Figure 43, there is a 50% achievable rate incréas@rotocol 1l with full CSI (w.r.t.
CSIR only) at a 300m distance from the BS and almd®0% increase at cell edge.

Figure 43: Effect of full CSI on cooperative DF Preocols. Average achievable rate
on the sector separation axis at 90% coverage probgity in a Ngg=Ngs=4,

Nys =2 antenna configuration, with 2 relays per sector. Badowing Correlation =
0.5. Top: CSIR only; Bottom: full CSI
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5.4.3.4 Conclusions from single-cell simulations

In this section, we tried to understand the effettdeployment topology and
macroscopic propagation on cooperative relaying.pétformed simulations in an urban
micro-cell scenario, with 3-sectors at the BS ama@able number of relays per sector in
LOS with the BS and located close to cell edge. W\ésingle RS is deployed per sector,
with our simulation assumptions the relay cannghificantly improve the coverage at
cell edge in the sector separation area. Therefeeeconsider the deployment of two
relays per sector to provide a more homogeneous fEte coverage. Our simulations
show that in this case the single-user spectridieffcy, averaged over the cell area, is
increased by 25% thanks to non-cooperative relay@apperation yields another 20%
increase w.r.t. non-cooperative relaying, Protddobutperforming other protocols. We
discuss the LOS assumption between BS and RS, amjdcture that a pre-selection of
relay sites shall allow a good enough link betwdenBS and RS. We briefly study the
effect of shadowing correlation from the MS to 88 and RSs, and verify that a high
shadowing correlation reduces the gain broughtelgying in poor coverage areas, but
does not seem to affect the cooperative vs. nopa@adive relaying comparison, which is
more related to microscopic propagation effectisially, we show that the exploitation of
full CSI at the transmitter side benefits to atagtgies (direct link, non-cooperative and
cooperative DF relaying) and results in large capajains. Before drawing conclusions
at the system-level, we will have to consider mcdtil scenarios in order to account for

co-channel interference, which may change our cwimhs.

5.4.4 Simulations in a multi-cell scenario

We now make our system-level simulations a bit mesistic compared to the single-
cell simulations of 85.4.1. The basic system asionptof table 1 are kept, and the
antenna configuration is 2x2x2. Note that:
We consider a multi-sector multi-cell deployment MS at cell edge may thus
associate with a neighbouring BS that offers thetb2-hop throughput (i.e.

association and routing are performed)
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The inter-cell and inter-sector interference aredeted. We consider two possible
frequency reuse scenarios: 1/3/3 and 1/3/1, whnerdirst figure denotes the number
of cells in a reuse pattern, the second denotesitingber of sectors and the last
denotes the number of channels. In the 1/3/3 easdy sector operates on a different
channel, thus there is no inter-sector interferegmoe only inter-cell interference. In
the 1/3/1 case, the inter-sector interferenceasdtbminant source of interference.
Note that our system-level simulator still religssmme simplifying assumptions:

Scheduling assumptions

Full-buffer traffic is assumed. Moreover, we redtthe study to DL and assume
a synchronized TDD/TDMA/OFDMA system, therefore tbd interference is
modeled by assuming that all other BSs on the seimanel are interfering all the
time. We model the interference from RSs by assgrtfiat all the RSs and BSs of
neighbouring sectors and cells transmit continugusthich is a worst-case
assumption. Aggregate cell throughput is computgdaberaging the single-user
throughput assuming a uniform MS distribution, eetihg the MAC overhead and
assuming that each DL connection is granted theegane-frequency resource (this
resource includes the™land 2 hop slots). The effect of granularity in the time-
frequency resource allocation (due to the limitednber of OFDM symbols and
frequency subchannels) is neglected.
Degraded achivable rate link-to-system interfadi wate saturation

A degraded-capacity model is assumed with a 4dBadiggion and a maximum
rate of 5 data bits per QAM symbol. Furthermores thinimum average SNR
requirement is computed assuming a 3dB cyclic cambigain at the BS, an MRC
gain of 10log(N) dB and a 0dB SNR requirement for the most robusSMin the
following a 2x2x2 antenna configuration is assumiedding to a minimum SNR
requirement of -6dB, below which the achievablee rist zero. The peélspectral
efficiency in b/s/Hz/cell is computed assuming fieMHz WiMax PHY parameters
for the PHY overhead (1/8 relative Cyclic Prefixation, 720 useful data subcarriers
per OFDM symbol, 23/25 oversampling factor). Fipalull CSl is assumed.

The frequency-selectivity of the interference is modeled.

® peak spectral efficiency means that a single-witarfull-buffer traffic is served.
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Fractional frequency reuse is not modeled. Theeeftf3/1 deployment is severely

affected by interference. Fractional frequency eexsuld alleviate this interference.

5.4.4.1 Simulations with 1/3/3 frequency reuse and no relay-slot reuse

5.4.4.1.1Multi-cell 1/3/3 deployment without relays

On Figure 44, simulation results are plotted fogigen multi-cell deployment
without relays and a single shadowing realizdti@n Figure 45 the CDF of the spectral
efficiency over a large number of shadowing redilires is plotted. As expected, half of
the users are served at a spectral efficiency |dhvan 2 b/s/Hz/cell. In the multi-cell
deployment scenario, MSs can associate with thef&$ing the best SINR, which may
not be the closest one due to the large shadoveinged by the NLOS propagation on the
BS-MS link. Therefore, it can be checked by commathe SNR CDFs on Figure 45 and
Figure 46 that the multi-cell deployment achieveds® coverage at -6dB average SINR

whereas an isolated cell would achieve only 80%ecaye.

" Note that the spatial correlation of the shadowiag be observed on this plot, because it
represents a single trial of the shadowing.
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Figure 44: Average SINR (top) and peak spectral affiency (bottom) versus user
location in a 1/3/3 multi-cell deployment without elays
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Figure 45: CDF of the SINR (top) and peak spectragfficiency (bottom) over all user
locations in a 1/3/3 multi-cell deployment withoutelays
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Figure 46: CDF of the SINR (top) and peak spectragfficiency (bottom) over all user
locations in a 1/3/3 single-cell deployment withoutlays

5.4.4.1.2Multi-cell 1/3/3 deployment with relays

We now assume the same BS deployment with 2 RSsqumdor. Moreover, we
assume that the RSs are in LOS with their mainlB6,in NLOS with the co-channel
neighboring BSs. This is an important assumpti@sahise in this case the DL co-channel
interference from neighbouring BSs is negligibled a@here is no need for a RS to
associate to multiple BSs. Otherwise, it can beckbe that the SINR on the BS to RS
link is low (around 6 dB) and relaying gain vanishe

On Figure 47 (top), the SNR to the closest BS or iRplotted. As expected,
hotspots are created around RSs. The peak speéfiaéncy achieved by cooperative
relaying with slow link adaptation between Protactland Il is also plotted on this

figure (bottom). On Figure 48, the CDF of the agerachievable rate is plotted for each
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strategy (the black curve represents the slow &dkptation between Protocol | and
Protocol Ill). It can be observed thaglaying increases the throughput especially in
poor coverage areas at 90% coverage probability, direct transmissiachieves
0.7b/s/Hz/cell, non-cooperative relaying achievestis/Hz/cell and cooperative relaying
achieves 1.5 b/s/Hz/cell. On average, direct trassion achieves 2.5 b/s/Hz/cell, non-
cooperative relaying achieves 2.8 b/s/Hz/cell aodperative relaying achieves 3.3
b/s/Hz/cell.Here, thanks to cooperative beamforming (FDF Protaal 11l with CSIT)

the throughput at cell edge is more than doubled. dh-cooperative relaying
increases the average cell throughput by 15% and operative relaying increases it
by 30%.

Figure 47: Average SINR (top) and peak spectral dffiency (bottom) versus user
location in a 1/3/3 multi-cell deployment with 2 réays per sector
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Figure 48: CDF of the SINR (top) and peak spectragfficiency (bottom) over all user
locations in a 1/3/3 multi-cell deployment with 2 elays per sector

5.4.4.2 Multi-cell 1/3/3 deployment with relays and re-use of the relay slot

We now remove the constraint that two RSs tranemibrthogonal resource. In this
case they interfere with each other, but two usarsbe scheduled simultaneously. We
assume that the user density is large enough tayalfind a pair of users in the same
area such that they request a relay slot of similaation. In this case, the time-sharing
variable can be optimized as described in sectidr?2 2f [FIR07b] for the two relay case.
The resulting CDF is plotted on Figure 49. Sevelaservations can be made:

The interference between the two RSs does not habéy impact on the SINR
distribution. This is due to the fact that in trensidered scenario the relay sub-cell
footprints do not overlap and also to the fact tNAIOS propagation is always
assumed on the RS-MS link. Clearly, reuse of theyrglot would not be possible for

two MSs in LOS with the same two RSs.
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Reusing the relay slot yields a large average sgledfficiency increase: 2.4
b/s/Hz/cell for direct transmission, 3.1 b/s/Hzidel non-cooperative relaying and
3.6 b/s/Hz/cell for cooperative relayinflon-coperative relaying increases the
average cell throughput by 30% and cooperative reldng increases it by 50%.
When relay slot is reused, Protocol | almost alwaysutperforms Protocol Il
except for users at cell edge and the cooperatiom ig achieved mainly for users

around the RSs.

Figure 49: CDF of the SINR (top) and of the peak sgctral efficiency (bottom) versus
user location in a 1/3/3 single-cell deployment wit2 relays per sector

5.4.4.3 Multi-cell 1/3/1 deployment without fractional frequency reuse

In a 1/3/1 scenario, due to the high interferenitactional frequency reuse is not
implemented), the SINR at the RS is only aroundBl @it this is still enough to achieve
gains by relaying. The average cell throughpubhédfore much lower than for the 1/3/3

scenario. However, in terms of spectral efficietley 1/3/1 scenario outperforms 1/3/3.
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The cell spectral efficiency plots still show agargain for relaying (3.6 b/s/Hz/cell to 4.7
b/s/Hz/cell) and cooperation (4.7 b/s/Hz/cell 18 Bis/Hz/cell).

Figure 50: Average SINR (top) and peak spectral dffiency (bottom) versus user

location in a 1/3/1 multi-cell deployment with 2 réays per sector
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Figure 51: CDF of the SINR (top) and of the peak sgrtal efficiency (bottom) versus

user location in a 1/3/1 single-cell deployment wit2 relays per sector

5.4.4.4 Summary and conclusions

The following conclusions can be drawn from the \@banulti-cell system-level
simulations:
If the relays do not have the capability to asdecia multiple BSs, then they should
be carefully deployed, avoiding that a RS be in Lf@@& two co-channel BSs.
In both 1/3/1 and 1/3/3 scenarios a significantcipé efficiency gain is achieved by
relaying and cooperation.
Protocol Il with CSIT allows a large increase bétspectral efficiency for cell-edge
users (2x increase at 90% coverage)
Reusing the relay slot is a strategy that leads ta large increase of the spectral
efficiency, resulting in a +50% cell capacity gair{30% due to relaying and 20%

due to cooperation) In this case Protocol | outperforms ProtocoFél users around
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the relay.Therefore relaying protocol | is an attractive soldion at the system

level.
5.5 Conclusions

A large number of issues arise when consideringptiaetical implementation of
cooperative coding strategies in future broadbaiéless systems. In this chapter we
have reviewed some of them. Sometimes we only pedphe surface and a more in-
depth work would definitely be needed. However, ¢fameral observation that we can
make is that the information-theoretic study is mdisconnected from the real
implementation but on the contrary can provide wgsgful tools to analyze and predict

the performance of cooperative coding strategiesrieal implementation.
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General conclusions and possible future work

We now draw some general conclusions on the resblisined within this thesis
and propose some research directions to compledgtend our work. We do not attempt
to summarize again our achievements chapter bytehags this was already done in

81.2, but rather highlight some key take-away mgssa

Although the capacity of the three-node Gaussidayrehannel remains unknown,
simulations show that a combination of partial Dfel &F yields an achievable rate
envelope which is only a few tenths of dBs belowe ttut-set upper-bound on
capacity. Thus from a practical standpoint it i$ wery useful to perform research on
even more advanced coding strategies that mighbapp even closer to the cut-set
bound. This observation is in agreement with theeguresearch trend in the IT
community to focus on more complex topologies amdfic, especially on relaying
with multiple hops or multiple parallel relays, thrultiple access and broadcast relay
channels and multi-way relaying. Another researath pvhich we believe deserves
interest is interference-aware relaying (see &§LD8]). Indeed, on the one hand
our network simulations in Chapter 5 show that thlaying strategy shall not be
designed or selected in isolation of the rest &f metwork but on the other hand
trying to design a coding strategy for a large togy often leads to prohibitive
complexity, thus interference-aware relaying canviesved as a trade-off between

these two requirements.

We decided to focus on three-node MIMO TDD relayimigh full CSI because it
provides useful capacity bounds for the throughptadiction of future BWA
networks. We show in Chapter 3 and Chapter 4 thatdut-set bound and the
achievable rates of the partial DF and CF strategan be computed efficiently by
convex optimization. An outcome of the optimizatigmocess is the optimum
resource allocation (here the optimum time resowlbacation) and the optimum

transmit precoders at the source and relay.
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0 Our link-level simulations in Chapter 3 show that & typical cellular

downlink scenario partial DF can yield about 50%ieaeable rate increase
compared to conventional point-to-point single-hcgnd multi-hop

transmission. This gain reduces to about 20% ifstima-power of the source
and relay is normalized.

Our link-level simulations in Chapter 4 show thatai typical cellular uplink

scenario partial CF can outperform partial DF bytapl0% at low SNR on
the source-relay and source-destination links. Hemepartial CF requires a
very high rate on the relay-destination to becorfiigient. Therefore we

believe that it is better suited to out-of-bandyahg and to BS cooperation.

The rate gains we observed in our link-level sirtiales suggest that cooperative

relaying is an attractive solution to increase spectral efficiency of future BWA

networks. We hope that our work will support theide of practical precoders and

coding strategies for cooperative MIMO relayindelithe knowledge of capacity

bounds for point-to-point MIMO supported the desigh currently standardized

single-user MIMO coding schemes. However, we belithat more work is needed

towards practical implementation:

(0]

A valuable research topic in this direction is theantization and signaling
of CSI for cooperative MIMO-OFDMA links, which came combined with
the exploitation of statistical CSI. Another diiect is the extension of
precoding with CSI to the multi-user MIMO relayirgase, because the
emerging standards IEEE802.16m and 3GPP LTE+ &sdylito support
multi-user MIMO.

We verify in Chapter 5 that by introducing some ¢gdedation” parameters
into our capacity bounds we are able to predict threughput of a real
system with a good accuracy (i.e. within about §.dBhis topic would
require more work on some specific aspects, faaime on the effect of rate

saturation on cooperative MIMO relaying.

Our network simulations in Chapter 5 essentiallgvglthat macroscopic propagation

and interference play a key role in extending liekel results to the system-level:
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o0 A first outcome is that fixed RSs shall either idvor remove co-channel
interference in order to achieve the high SNR @&nBB-RS link required for
DF and CF to be efficient in the downlink and ufliespectively.

0 Simulations in a downlink noise-limited deploymewmith two relays per
sector show that relaying increases the cell aeesggctral efficiency by
about 25% and cooperation (partial DF) adds an@@#& gain on top of this.
Moreover, with full CSI and optimum precoders a gource and relay the
achievable rate is almost doubled at cell edge mpattiial DF. These results
represent an a posteriori motivation for our resie@an MIMO precoding for
the relay channel. Note that the figures aim atvidiog an order of
magnitude for the potential gains to be expectedhfcooperation, but of
course they are directly dependent on our choicsimatilation parameters,
which we tried to chose as realistic as possible.

0 Another observation is that spatial reuse has angtrimpact on the
performance of cooperative protocols. Indeed, sitnrhs in Chapter 3 and
Chapter 4 show that partial DF and CF strategibgese the highest rate at
the link-level. However, both are based on the T@Dtocol Il defined in
§2.1.3.1 which involves simultaneous transmissiprihe Source and Relay
during the second slot. This protocol does not vallmultiple relay
transmission, contrary to protocol I, and therefthre rate gain vanishes as
soon as two relays (or more) are deployed per settus at the system-

level protocol | can be prefered to protocol Ill.

In Chapter 4 we derive some achievable rates 8irilbluted compression applied to a
coordinated uplink with multiple antenna networkvides. We show how spare
cellular backhaul capacity can be exploited toease the wireless access capacity
and again we provide by simulations some ordersajnitude on the required ratio
of backhaul to access capacity in order to optiynakploit the potential of
distributed compression. We believe that there ikigh potential in distributed
compression for next generation wireless netwotksalgain a significant amount of
work needs to be carried on before it becomes etk to a real system. Among the

many issues not addressed in this thesis are tbetisa of set of MSs and a set of
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receiving BSs for each given time-frequency resewlement, the problem of CSI

signaling in a MIMO-OFDMA system, the backhaul tatg issues, ...etc.

Overall, relaying and cooperation deserve well ititerest that they have been raising
over the last few years. However, by breaking tbétgo-point paradigm they also

create many challenges, the surface of which weeioras only scratched in this thesis.
Finally, we believe that in future works the topfccooperation shall be addressed jointly
with the problem of interference, which is a compdmough problem to give headaches

to PhD students for years ahead.
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Appendix A Differentiation with respect to complex

structured matrices

In this thesis, we need to differentiate real-veldenctions of complex positive
semi-definite matrices. Although the derivationhwiespect to complex matrices is well-
known (e.g. [PP08]), the fact that the matriceshwihich we are dealing have a special
structure requires the differentiation to be haddtarefully. We start by reviewing
classical results on complex differentiation whée matrix does not have a special
structure. We then review a recently published wdotogy for differentiation with
respect to structured matrices. Finally, we propamsealternative way to handle the case
of structured matrices and discuss its advantagesle@awbacks.

Al Differentiation with respect to unstructured ma trices

The functions we are dealing with in this thesis mon-analytical and therefore we
will resort to the generalized complex derivativedaconjugate complex derivative,

defined respectively as

% % 1 % . F
™, ™2 1A(x)TA(X)
1t o1 % .. f
X ™2 1A(X,)  TA(X,)
And the differential reads:
T T
df =tr oIt dx + l X’
X ™
If the function is real-valued, then
LI
>

and the differential (6.2) simplifies as:

df=2A N ox =(Rf,&)
X

where the gradient is defined as:

(6.1)

(6.2)

(6.3)

(6.4)

(6.5)
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In this thesis, we will need the following partdgrivatives:

T (XH)_( ayrg) TXH)
ﬂ_X_( (1 X ") H) o =0, (6.6)
W(AXB) _ gy MAXB) o (6.7)
X X
(t ():Tt/t,H))= (x/t)-%tr H IN+%XH HoxH " (6.8)

In [HGO7], a notation is introduced which simpl#i¢he expression of the differential and
of the chain rule, especially for matrix valued dtians of matrices. We use the notation

of [HGO7] throughout this thesis, which is defirfeam the differential expression:
df =( ,f)dvedX)+( . f) dve¢x’) (6.9)
With the notations of [HGO07], the generalized coexptierivative , f and conjugate

complex derivative .. f of a real-valued function are now row-vectors:

qovee L wec T 6.10)
The gradient is
N2 L f) (6.11)
Let defineh(X,X") = g(U (X X" ) U" (X X" )). The chain rule then reads:
N=(00)( V) H( ,9)( V) (6.12)
H=009)( V) L9 V) (6.13)
A2 Differentiation with respect to structured comp  lex

matrices

In the previous section, it was assumed that alfrism&omponents could vary
independently. However, in this thesis we are dgadinly with PSD matrices, which are
by definition Hermitian-symmetric. In [PP08], the@se of real structured matrices is
addressed. The structured matrix is expressedfasction of an unstructured one, and
the chain rule is used to find the derivative widlspect to the unstructured matrix. In

[HPO8], the case of complex structured matricesiddressed. The authors call them
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“patterned matrices”. Let consider for example H&em-symmetric matrices. Using
similar notations as example 5 of [HP08], B N Hermitian-symmetric matrixX can
be generated by the following so-called “patterodoicing” function:

N ON(N-3/2 NN g NN

:(r,c,c*) maLy e 4 g7) X (614)

where L, is an N2” Nmatrix that maps the\ independent components of the real
vectorr onto the diagonal oK, L, (resp.L,)is anN*" (N(N- 1)/2) matrix that
maps the N(N- 1)/2 independent components af (resp. ¢ ) onto the lower-

triangular (resp. upper-triangular) part ¥f. The derivatives of read:

. =Lkgr o =Ly oo =y (6.15)
The generalized complex derivatives with respect toc and ¢ of a function of a
Hermitian-symmetric matrix can now be computed gsqguations (15), (16) and (17) of

[HPOS]:

AX)= (X)L  ree)r (X)L o (ee) (6.16)
JX)= LX)  ree)r (X)L o ee) (6.17)
A)= (X)L o ee)r LX) o (ee) (6.18)

where X is the extension oK to the set of unpatterned matrices. One impodapect
that is mentioned in [HPO08] and not in [PP08] ie tiroblem of dimension. In the chain
rule, each function must be differentiable, whigdguires that each variable can be
changed independently of the other. In the caskleitian-symmetric matrices, the
variables in vectors and c shall be independent and the number of indepeneeht
variables (one per real variables and two per cerpériable) shall be equal to the real
dimension of the set of patterned matrices, &lg: N( N - 1). This condition is verified
with the pattern-producing function (6.14), but masther pattern-producing functions
are possible which do not verify this conditiondimension.

Applying the above methodology to the functi#h ~ (X,H) gives

T (X.H) T aoy T

(x.H) = vec( (1 +HX M) H) (6.19)

vec
X=X ﬂ)(

X

and
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o (XH)| =0, (6.20)
Inserting (6.19),(6.20) and (6.15) into (6.16) gl
PR
. (X H)= vec( "(1+Hx ) H) L, (6.21)
Likewise,
a2\
. (XH)= vec( "1 +Hx ) H) L, (6.22)
Finally, the gradient of is given by Theorem 2 of [HP08]:
No= , (XH) 2. (XH)' (6.23)

Note that because of the mapping defined by (6.14) is linear, it preserves conwexit

However, in this thesis, the matrices with which ave dealing are not only Hermitian
but also PSD. In [HPO08] the Cholesky decompositi@=LL" is proposed to

parameterize PSD matrices. Unfortunately in thisecthe mapping is non-linear and a
function which is convex ifQ may be non-convex il . This is the reason why in the
algorithms proposed in this thesis the Hermitiametry is guaranteed by the pattern-
producing function, but the positive semi-defingen is enforced by either gradient

projection or a barrier function.

A.3 An alternative way to differentiate with respec t to
structured matrices

In the previous section, the approach of [HPO8]p&iterned complex matrix
derivatives was presented. This approach preskatsterest of expressing the gradient
as a function of the minimum set of independeniaides. Therefore, the numerical
complexity of gradient descent algorithms is mirded. In this section, we propose an
alternative way to compute the gradient for strrediumatrices, which is instanciated here
for Hermitian matrices.

Let now assume that the matr¥ is an N~ N unstructured complex matrix with
2N? real dimensions. Let define
X+(X) x+x*

2

u(x,x") (6.24)
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This function generates a Hermitian matrix whichegpual to X only if the latter is

Hermitian. Let now define

g:X (u (x.x") H ) (6.25)
Applying the chain rule as defined in [HGO7]:
9= 9 U+ g U = ,g,U (6.26)
:()N2
«9= 49 U+ g U= ,g,U (6.27)
=0 ,
From (6.24) we have:
_ 1
U= U _EI \ (6.28)

Introducing (6.28) into (6.27) and (6.26) and sWiibgg back to convential notation gives:

-1 T

H
%:% Hopan X0 W (6.29)
1
H
%% Hopan X0 Wy (6.30)

Note thatg is not convex on the set of unstructured matrielesvever, nothing prevents

N In this case, the

+

us from starting a gradient descent from an inigalnt XOT

gradient equals:

o _ ﬂg _ -1
Ng|xo_2W = "(1+Hx, ") H (6.31)

Xo

As long as it is checked that the sequence of painthe descent lies in)", the gradient
expression (6.31) remains valid. Ultimately, thenimiization leads to the same optimum
point as the patterned derivative approach of [HPO& the expression of the gradient is

simplified.
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Appendix B Numerical Optimization Algorithms
In this section, we review the numerical optimiaatialgorithms which are used in
this thesis. The two references on which we rebly [@v04] and [B99]. The former
provides an in-depth analysis of convex sets, comgimization theory and algorithms
for convex optimization. The latter also addressaserical algorithms for non-convex
problems. We illustrate these algorithms in thetewiof the following constrained
optimization problem:
mino(v)
v (6.32)
s.t. f(v)£0,,
where 0 is a real-valued objective function, the variable (a vector or a matrix), is
the domain of the problem and the inequality camsts are denoted astj (v)£0,

j =1,...,J and stacked into a vector-valued functioras follows:

F(v) (£ (V) f, (V) (6.33)
The subset of on which the constraints are satisfied is calleel feasible set. The
subset of  over which all the constraints are inactive, if(?(v) <0"j {1,..3}
is called the interior set of . If the domain, the objective and the inequalibystraints
are convex, then the problem is convex in standanth and any local optimum is a
global optimum. For differentiable convex problentse unique optimum point can
sometimes be found by solving the necessary fidtroconditions for optimality (better
known as Karush-Kuhn-Tucker (KKT) conditions). Hoxge, most often KKT conditions
do not bring a closed-form solution and one hagsort to numerical optimization.

B.1 Gradient projection

The Gradient Projection Method (GPM) is describedseéction 2.3 of [B99] and
used in 83.4.1 of this thesis. Let assume in thacsign that the inequality constraints have
been included in the definition of the domain, thee domain is the feasible set. In order
to introduce the GPM, let first consider a steepesicent. At thekth step the candidate
next points arev!? =v® - s*N d ,, it may happen that for some step sizes the
candidate next point does not belong to For instance adding a Hermitian matrix to a
PSD matrix does not guarantee that the resultingixnia PSD. The Gradient Projection
Method (GPM) guarantees that the direction and siep lead to a feasible point. The

GPM is an iterative algorithm which computes apdtethe following points:
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VD = 0 4 g0 (v(k) - V(k)) (6.34)

v = (v SN ) (6.35)

where s® is a positive scalag™ T (0;1] is the step size and denotes the projection
on . The GPM presents a practical interest when tbggtion operator turns out to be
simple. For instance in [YB03], the GPM is usedawese the feasible set is the set of PSD
matrices of unit Frobenius norm and the projectionsuch a set can be performed at a
relatively low computational cost. In our thesibetGPM is used to minimize a
Lagrangian with respect to PSD matrices. Therefarg@rojection from the set of
Hermitian matrices onto the PSD cone is needed. d¢atsider the eigenvalue
decomposition of anN”~ N Hermitian matrix: M :Udiag( )UH. The projection of
M onto [ is[YBO3]:
« (M) =Udiag( *)u" (6.36)

There exist lots of variants of the GPM and we mefee reader to [B99] for a
detailed review. One important parameter whiclefstb the implementer is the choice of
the step size selection strategy. The one we pigkélis thesis is the Armijo rule along
the feasible direction. Fixed a constasif) = S, the Armijo rule gives a procedure to

select 2% at each iteration. Fixed two scalasi (0, and b1 (0,1), then

al =p™ wherem, is the first non-negative integer such that
o(v(k))- o(v(k)+ bm(v(k)- v(k)))*- sbﬁ o(v(@),\_/(-k) v(@> (6.37)

The choice of parameterd and s is empirical, but the convergence to a stationary
point (the optimum if the problem is convex) is yen for various step size selection

strategies in [B99], including the Armijo rule.

B.2 The barrier method: an interior point algorithm

The barrier method is described in section 11.&1BV04] and is used in section
3.4.2. of this thesis. Given two fixed real partenea >0 and b >1, the barrier
method is an iterative procedure which solves a thh iteration the following

unconstrained minimization problem:

r\?in o(v)+—,. f,(v) (6.38)
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f(v) -log(- f,(v)) (6.39)
where m(1)=a and m(i)=bm(i- 1). The functionf, is the logarithmic barrier
associated to thejth inequality constraint. This function tends t6¥ when
fj (v) ® 0. It is important to define barrier functions fdt the constraints defining the
feasible set (and not only the inequality constsinFor instance, as pointed out in
Theorem 5.1 of [T01],- Iog|X| is a barrier function for the positive definiteaes
constraint X 0. Once all the barriers are defined, the optim@attan be carried on
without the need for any projection as long asdbscent starts from an initial point,
in , i.e. an interior point. In this thesis we usedteepest descent with backtracking
line search [BVO04] to provide the step size. Fdfisently small step size, the candidate

next point is guaranteed to lie within the inters@t and the convergence to the optimum

is proven in [BV04].

B.3 Solving the dual problem

The dual problem associated to (6.32) is:

mza(l)xg( ) whereg( ) nf o(v)+ Tf(v) (6.40)
(v )

where (v, ) denotes the Lagrangian ag ) is the dual function. The dual problem
is always convex, even when the primal is not. difference between the solution of the
primal problem and the solution of the dual is @dlthe duality gap. This quantity is
always non-negative. The dual problem may be e&sisolve than the primal, especially
when the latter is non-convex, but in this casedbality gap must be quantified. Often
when the primal is convex the duality gap is zend # is said that strong duality holds.
Proving strong duality can be established by singelyving that the interior set is non-
empty. This last condition is called Slater’s cdiwdi (see section 5.2.3 in [BV04]). An

example application is provided in section 3.4.1th$ thesis. If the primal problem is
non-convex, then proving that the duality gap i®2s more difficult, but not impossible.

One possibility is to show that the following geslesufficiency condition is satisfied:
General Sufficiency condition (Proposition 3.3.4 [B99]):

Let Vv and ~ two vectors such that is a minimizer of the Lagrangian function(v, A)

and 30 with /7 =0 for all j belonging to the set of non-active constraintsvat

ThenV is a global minimum of the problem.
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An example application of the general sufficiencyondition is given in
[CS08a][CS08c][CS08d].
From (6.40), it can be observed that the dual Iprolcan be decomposed into
two optimization problems:
Minimization of the Lagrangian. The computation of the dual function at a
given point , requires to minimize the Lagrangian(v, 0) with respect to
vi
Maximization of the dual function. The dual functiong( ) needs to be

J
i

maximized on
If the Lagrangian is differentiable, the first optzation problem can be solved by e.g. a
classical gradient descent method or by the GPMenidipg on the set . The second
optimization may be less traightforward. Indeednfrdefinition (6.40) it is in general
difficult to derive a closed-form expression of tgeadient Ng (provided it exists).
However, as shown below, a closed-form expressian subgradient can be found (see
also sec. 6.3 of [B99]). Since the dual functionc@ncave in , a vectorh is a

subgradient oy at  if forall :

g( 1)£g( o)+hT( 1” 0) (6-41)

Let V, and V, be minimizers of the Lagrangian at respectivelyand ,. Then
g( 1) (01’ 1)£ (00’ l)
g( 1) - g( o)£ (\70' 1)' (\70' 0)= f (\7 O)T ( 1 0)

From (6.41) and (6.42) it can be concluded m@?o) is a subgradient of at ,, and

(6.42)

the dual can be solved by subgradient methods. stihgradient method generates a

sequence of dual-feasible points according toaHewing iteration:
= (0 4gth) (6.43)

whereh is the subgradiens(k) is a positive scalar step size and is the projection on
the set of dual-feasible points. Proposition 6.3.1 in [B%®ates that for sufficiently
small step size, the distance to the optimuns reduced at each iteration. Unfortunately,
the practical step size selection strategies aite @mpirical, as explained in .sec. 6.3 of

[B99]. For instance, in this thesis we computedstep size as:
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—Hh(k)Hz (6.44)
where 2 =(1+m) /(k+m) with m a fixed positive integer ang an upper-bound

on the optimum dual. Any primal-feasible solutidrttwe first problem is an upper-bound,

but not all solutions are primal-feasible, and éfiere g may be updated infrequently. In

§3.4, the CSB is computed either by solving thenptiproblem with an interior point
method or by solving the dual problem using the Gi®Mninimize the Lagrangian and

the subgradient method to maximize the dual functiVe observed that in our
simulations solving the primal problem was fasterd this seems to be due to a slow

convergence of the subgradient method.

B.4 The non-linear Gauss-Seidel method
This algorithm is classified in section 2.7 of [B3% a Block Coordinate Descent
method. It applies to problems of the form
r&lino(vl,vz, V) (6.45)
where v (v,,v,, ,v,) and is a Cartesian product of convex sets:

s e s

1 2 n*

It is an iterative algorithm which optimizes eadirigable one after the other in a cyclic
order:

v =arg mino(vgk”) cov vl Vr(1k)) (6.46)

i i+
I

If the optimization with respect to each indepertderiable v, has a unique solution,
and if the problem (6.45) has a unique solutiog.(i.it is convex) then the Gauss-Seidel
algorithm converges to the optimum. In case thélpra is non-convex, there is a unique
minimum to the problem (6.45) and it is providedtbg Gauss-Seidel algorithm if some
contraction conditions are verified for the mappifidv)=v- §l o where g is a
positive scalar. These conditions are mentione@PiDd06] which refers to [PT89] for
details.It is interesting to apply the Gauss-Seidel algonitwhen the optimization w.r.t.
each variable is easy to solve. One well-known eptanapplication is Yu's iterative
waterfilling algorithm for the MIMO MAC [YRBCO04]. Eample applications of the
Gauss-Seidel algorithm in this thesis can be faorf#.2.3.3 and §4.3.3.
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Appendix C Proofs of Propositions

C.1 Proof of Proposition 2.1

During the first slot, S transmitg4 ; and i via superposition coding as follows:

x$ =\Ja®rsu® (Wd,l) t (1-a®) Py D) (6.47)

where a1 [O;]] is the fraction of source transmit power allocatiedhe transmission
of the direct message during the first slot.

The relay first decodesl;; from yg) and removes the contribution depending on this
message from its observation before decodimg The ratesR;; and R are therefore

constrained by:

a%
Ri. £ tlog 1+1+(1-—a(1))g1 (6.48)
R £tlog(1+(1- 2®)g1) (6.49)
Moreover, D can decodey ; if
a®g,
Ri1 £ tlog 1+m (6.50)

During the second slot, the relayed messiges used by S and R to cooperate while S

sends the second direct message via superposition coding:

X(sz) =\/a(2)PsU(2)(Wd,2) + (1' 3(2)) PS|E_O|V(2)(Wr) (6.51)
0
=R ) (52
2

where a®1 [0;1] is the fraction of source transmit power allocatedhe transmission
of the direct message during the second slot.
The destination starts by decodimg from y% andy?, and removes its contribution

from the observation before decoding , which imposes:

( (- 2) gt \/E)Z

1+a%g,

R £tlog(1+(1- a®)go )+ (2 1) log 4 (6.53)

Ri2£(1- 1) log(# a@g,) (6.54)
Note that:



178

g3g dg+ - P)gg £Lg £ P g
a% (1+(1- a®) g a®((2 (1 a®) g))

a% . __a%k (6.55)
1+(1- a®)g (2 a®)go
@ @
a o a oo
tlog I+———=~— 3tlog ¥+ ——=—~—
J 1+(1- a®) g, SR a®) g

Therefore ifg 2 g, then (6.50) (6.48) and (6.48)-(6.54) give:

Resgtoo R+ Rt Riz

1)
tlog(1+(1- a®)g; J+ t log # —290

(\/(1- a®) g+ \/E)Z

+(21) lod 4 a%g,) ,

A

= max_min t log #(£a®)g )+ (1t) log 4

t,a® 2@ . 1+a(2)g0
C
+tlog 1+ "o +(1-t) log( # a@gs)
1+(1- a®)go ]
D
(6.56)
The above expression can be simplified as follows:
B+D=tlog(1+g) (6.57)
2 ) / 2)
C+E=(1- t)log 1+a®g, +(1- 2 )go+zgz+ 2z #)gg +(1- t) log(# a®gp)
1+a%g, (6.58)

=(1-t)|og(l+ o+ g+ /(2 4?) gsg)

Plugging (6.57) and (6.58) into (6.56) gives:

&
tlog(1+(1- a®) g fr tlog ¥ —2% +(11) lod 4 a®g) ,
+

R _ . 1 (1— 3(1))g0
SG, TDD_t,ar(Tl])?‘a)&) min A

tlog(1+g)+(1-t) Iog(lr g+ g+ (1 &) QQ)
(6.59)
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Comparing the expression (6.59) with the expressibriRepr p3 given by (2.12), the
superposition coding increases the achievablefrated only if the following condition is
satisfied:

As tlog(# )0 tlog(4 (4 a®) g t log e log 1 §) (
1+(1- a®) g,

og U* 1-a(” a)(+ @),
(1+gl )(1+(2- a) g)

<1) a(l) a%g,,
1+ gl 1+ g

1+gi 1+g5
Uo o

()

()

Uu—=

(6.60)
Therefore, we conclude that

Resc topE Reor (6-61)

C.2 Proof of Proposition 4.1

The proof can be obtained as a special case ofréime@ and corollary 4 in
[GDVO06]. The latter considers a Gaussian sourcaoves which is split into two
(correlated) partx; and X, and shall be reconstructed from a compressedoreddiX,
and a noisy observation of,. Our problem is slightly different as we are oimlierested
in reconstructingX, and not the whole vectax, thus we do not take into account the
distortion onX, . As in [W78], let first consider the rate-distorti coding of the Gaussian
vector Y9 with side informationy at both the encoder and the decoder. It can be

realized by the distributiorf (§&|y®,y ) which is generated on Figure 52.

o@
Yr

o1 -1
-URE(RE) 'y UrREL(RE) VP
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Figure 52: Rate-distortion coding of gaussian vectoy? with side information y&
at the encoder and decoder

Because the CKLT is a unitary transform, it pressrthe quadratic distortion:
~ 112 A 2
d Ey@-9RLWS = E - 2L (6.62)

Furthermore, a fundamental property of the CKLTtlimt the transformed vector
z UHy9 has conditionally uncorrelated components givenside informationy .
Therefore, rate-distortion encoding can be perfarrseparately on each component of
the transformed vector using the same scheme asedtion 3 of [W78]: first, the
conditional expectation E[z|y®]= U R(F}?D(R%))'l ® is removed, then rate-
distortion coding of independent Gaussian varialiegperformed (section 13.3.3 in
[CT91]), and finally the conditional expectationaidded back at the destination to obtain
the reconstructed signdl which is transformed int§ ¥ by an inverse CKLT. The rate-
distortion function with side information at bothet encoder and decoder is found by
minimizing the information rate distortion functiowith respect to the distribution
f(y9)y?.y®) for a given sum-distortiow’:

5o (@)= (9%%&%))' (yory0ly®) (6.63)
Note that the two schemes of Figure 13 and Fig@reeSult in the same input-output
relationship. From equations (4.12)-(4.15), itlsac that the distribution is determined by
the choice of a compression noise vectorLet now define the vectal as the squared

distortion per component of the transformed ve&or
A 2
d E|z- 7|yY (6.64)

The following lines show the relationship betwede tompression noise and the

component-wise distortiod . From (4.12) and (4.4) we can write:
2oz U(3- WE (A UMY EvB S A (6.65)
Then by definition of conditional covariance andcs the matrixA is diagonal, inserting

(6.65) into (6.64) gives:

d =(3-1)" s+ dn (6.66)
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Finally, replacingg, in (6.66) by its definition given by (4.14) leattsequation (4.17):
d =sf /(s+h). Therefore, the distributionf (y@|y®,y®) is equivalently
determined by the choice of either or d. It will be shown in section 4.2.3.1 that the
distribution which minimizes the sum-distortion(.63) may not be the best for our CF

relaying problem. We therefore compute the rateiired to achieve a component-wise

distortiond:
&) (d) = (yg),y(l)‘y(”)
2 | (U y®:u (1)‘y(1))
I (z; Z‘y‘”)
=H(2y8)- 1 (2 2

(E)H(Az +A Ky Q) -H(Az+A +Ky DRy ) (6.67)

(?H(z+ y®)-H( )

(d) Ngr Ng

2 " log s+ sd
i=1 s-d i S
Ng Ng

= log(s/d)

i=1 i=1

where
(a) follows from equation (13) in [NM93], which giveke entropy of the product of a

proper complex Gaussian vectorby a non-singular matrii :

H (Mx)=H (x) +2log|defM )| (6.68).
(b) is straightforward from equation (4.12)
(c) stems from (6.68) and the fact that the entropy kfiown variable is zero.
(4) from the fact that the components oére conditionally independent giveyy) by
definition of the CKLT.
As in [W78], let denote by*(d) the rate with side information at the decoder ofilye
equality betweenr(d) and ryp(d) follows from section 3 of [W78] in which the
equivalence between Fig. 1 and Fig. 2 and thetfettthe following Markov chain holds:

Yo ® y® v (6.69)

(whereV is defined on Figure 13) lead to:
L(Yrivlyo) =1 (YaiV Y o) (6.70)
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Finally, the rate-distortion function” (@) is obtained by minimizing the rate under total
squared distortior . This constrained problem is convex and the smiu given by the

well-known (section 13.3.3 in [CT91]) reverse wétkmg algorithm.

C.3 Proof of Proposition 4.3

Applying the chain rule for mutual information #.27) gives:
Ro=1(xQiy@.y ) =1 (x @iy §) +1 (x iy Rly ) (6.71)
FeO,d |%),r
The first termR, , is equal to (R‘Sl), HO). The second ternik;, can be computed as
follows:
Ry =H(YP+U 1y®)- H(y@+ U [xPy?)
(a)
SHYR+U 1y8)-H(yEru )
=log|RY, +Udiag( )U"|- lodR%+ U diad )U"| (6.72)

RD

(glog‘Udiag(s+ )U”‘- quU(sleR+ diad ))UH

= " log S+
i=1 s%+h,

where (2 comes from the fact that is a noisy version oH x> and ) from the fact

that white thermal noise was assumed in our sigalel.
The maximization ofR; w.r.t.  can now be performed. From (4.16) we have

h =5 /(2ri - 1), which can be inserted into (6.72), resultinghia following equivalent

problem:
Ng fi
max  log ZL
] S (Zr‘ - l)+ S
Ne (6.73)
r. £
st R

rr20 for Eif Ng
It can be checked that this objective is concave jand since the inequality constraints
are affine the problem is convex is standard foFhe KKT conditions yield after a few

simple calculations the solution (4.31).
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C4 Proof of Proposition 4.4

Let parameterize the sum-rate side of the achievaié region (4.36), denoting by
al [O;]] the fraction of the time during which, is decoded first, assuming that the
rest of the timew, is decoded first. In the single-antenna case Hammel matrices are
complex scalar denoted Iy, H, and H, which are normalized in this proof such that

s%=1. The achievable rates read as:

|H2|2PR 2
=alog 1+ +(1-a) log ¥ [H,|"P 6.74
R =alog TR, (1-a) log| # [H,[" ) (6.74)
Ho| P
— alog(1+|HJ* R) +(1-a) log 1+l % 6.75
R, =alog(1+|H,[* R) +(1-a) log TR (6.75)
R, =log 1+/H,[ R NLAR (6.76)
0 S 1+/7 )
aog - * 1
where /1 =( BH* R +[H*R) 2 - 1 (4|H[ R) (6.77)

From (4.3) and (6.74)-(6.77), it can be shown (aftdious calculations) that:

(1- )R (1 YR !
Re- g o 201 (2a)@aolR ¢ (6.78)
Ta Ta

Since from (6.74) we haviR / la £0 , thereford]R.- / 1a 2 0. In general, inequality
(6.78) is strict andgy =1 is optimum, Q.E.D.

C.5 Proof of Proposition 4.8

Equations (4.56) and (4.58) are straightforward. $dew that (4.57) is equivalent to

(4.39) in Proposition 4.5 under a sum-rate constrémdeed, we have:
noi Y ~ AYMr M ~
{1 M (y Y ‘YO Y ,M}\f) I({yi}l §9 1 Yo du wp )

EL{IE {9 T Ivo)

Since equality holds in (6.79) when:{l, ,M} , the constraint (4.39) is equivalent to

(6.79)

(6.79) under a backhaul sum-rate constraint. Thezethe rate of Proposition 4.8 is
achievable by the DCF-JD strategy of Propositidh #.remains to check whether it is
also achievable by DCF-SD strategy of Propositidh Bor a given permutatiop, the
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minimum rate required to compress thih BS observation is equal to
i-1

I (yp(i);)“/p(i) ‘yo,{)“/p(j)}'l ) . Therefore the minimum sum-rate is:

M i@ .
YO’{yp(j)} 1 1) = = I ({yi} :A Yoi)

'(ypmiypm

i=1

yO’{le(j )} '11)
(i)l ({y.}y ;{9/70)}2/' |y°)

where (@) comes from the Markov chain relationship (4.443 b) from the Chain
rule. Equation (6.80) is equivalent to (4.57) whidmcludes the proof.

(6.80)
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Appendix D EESM model for cooperative links

In this annex we provide details on error predittior the cooperative DF strategies of
§5.2.2 (cooperative IR) and 85.2.3 (superpositimtireg). For cooperative IR, we need to
predict the error rate for an equivalent code fatmed by the combined transmission by
the source and relay. Therefore, we compute by lations EESM parameters for code
rates in the range 1/3 to 5/6 with a granulariip #nough to allow the prediction for any
code rate by linear interpolation of the tabulatedle rates. The asumptions are the
following:

Data block size of 120B

PUSC subchannel to subcarrier mapping

Code rates: 1/3, 2/5, Y2, ¥4, 5/6

Channel: 40 independent snapshots of SCME typiteruchannel [BO5].

EESM beta factor optimized to minimize the standdesiation of g, ( &) at

target BLER of 5%

No channel estimation error
Link simulation results plotted on Figure 53 illiege the BLER prediction performance
of EESM in the non-cooperative case. The code datermines the color of the curve.
Solid line curve represents the AWGN channel pentorce, whereas the performance on
actual channel snapshots is represented by clofidpoimts at values of BLER

logarithmically spaced between 100% and 1%.
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Figure 53: BLER vs EESM SNRy curves on AWGN and Actual Channel snapshots
for code rates 1/3 to 5/6 and constellations QPSK6QAM and 64QAM.

On Table 2, the error prediction performance of EFE&rresponding to Figure 53 is
summarized. As mentioned before, a look-up tablgeserated for each MCS. For a
given channel snapshot, the prediction error (mealsin dB) is the difference between
the actual SNR required to meet the target PERtlamgbredicted SNR. The Root Mean
Squared Error of the predictor which is providedTable 2 gives an idea of the SNR
margin that is to be taken by the MCS selectiowrilgm to avoid a bad MCS selection.
Typically, twice the RMSE is enough to minimize thed MCS selection event. It means
that in the worse case, the throughput performascgegraded by twice the RMSE.
However, the impact on the average throughputvigidhan the worst case degradation.
The RMSE figures of Table 2 confirm that EESM caadict the throughput envelope

with an accuracy better than 0.2 dB.
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Modulation Code EESM EESM RMSE
Rate Beta (dB)

QPSK 1/3 1.58 0.02
QPSK 2/5 1.58 0.02
QPSK 1/2 1.58 0.02
QPSK 3/4 1.74 0.06
QPSK 5/6 1.74 0.08
16QAM 1/3 3.98 0.05
16QAM 2/5 4.57 0.04
16QAM 1/2 5.01 0.06
16QAM 3/4 7.94 0.10
16QAM 5/6 8.32 0.13
64QAM 1/3 19.95 0.08
64QAM 2/5 15.85 0.07
64QAM 1/2 16.60 0.08
64QAM 3/4 28.84 0.12
64QAM 5/6 33.11 0.12

Table 2: Error Prediction performance of EESM

We now evaluate the error prediction accuracy ofSHEfor cooperative links. The
following techniques used in cooperative codingtsygies require specific study:
Reliability combining of packets with partial rejiietn of coded bits, different
constellation and large SINR difference
Superposition coding
The EESM modeling of superposition coding is stddie [FIR07], and it is concluded
that the EESM can be computed by assuming a Gawudistibuted interferer and
modifying the SINRs for each sub-carrier accordingVe will focus on the first bullet
point. In [CSLO06], a method to compute the expoiargffective SNR is proposed for
HARQ involving incremental redundancy with partiatransmission of coded bits, and
possibly a change of constellation by means of mapping penalty [RGC02]. The
method originally proposed in [CSL06] computes d#ffective SNR by considering the

channel SINR for all the coded bits over all theaesmissions. When a coded bit is
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repeated, the SINRs add-up. The beta parameterbraustlected based on the equivalent
code rate. The problem with this method is thaB#4R must be stored for each coded
bit. Therefore, [CSLO6] proposes a recursive foamtiiat replaces the SINR for the
coded bits of all previous transmissions by a snglffective SNR value. Such
simplification completely removes the need for atm, but reduces the prediction
accuracy. Finally, binning is proposed as a trafflddetween the recursive and the full-
accuracy methods. We want to check if the accudddhis recursive method is enough
for our objective.

For EESM, the recursive formula for computing tffecive SNR at théth transmission

attempt is the following:

9

g =- blog — exp- 22 (1.81)
! |Ul| iTUl b
R
gk, =- blog 1 exp - M + exp- G (1.82)
Ul o, b i (UU,y)

whereU, is the set of received coded bits at kife transmission attempt anlg, =1 if
theith coded bit of théth transmission is a repetition of a previoushnsmitted coded
bit.
Formula (1.82) assumes that the same constellatamnused in all transmissions. If the
constellation is changed, then a reference coatitall can be chosen, for instance QPSK,
and the 6 shall be taken for the equivalent code rate ofréference constellation. A
demapping penalty is added ggf}l and g, that corresponds to the difference in dB
between the BLER vs. SNR curves of the M-QAM arférnence QPSK. In the following
we assumed demapping penalties of 5dB and 10dBectigply for 16QAM and
64QAM:

P(QPSK16 QAM » 5 dB

P(QPSK 64 QAM)» 10 dE (1.83)

P(16QAM, 64QAM )» 5dE
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Figure 54: Distribution of target SNR prediction erors for recursive (top) and non-
recursive (bottom) EESM. S-R: 64QAM, R=5/6 R-D: 64@M, R=1/2, Cooperative
IR v1.



190

Figure 55: Distribution of target SNR prediction erors for recursive (top) and non-
recursive (bottom) EESM. S-R: 16QAM, R=3/4 R-D: 16@M, R=3/4, Cooperative
IR v1.
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Figure 56 Distribution of target SNR prediction errors for recursive (top) and non-
recursive (bottom) EESM. BS-RS: 16QAM, R=3/4 RS-MS:64QAM, R=1/2,
Cooperative IR v1.

From the above simulation results, we conclude wWesshould select the non-recursive
formula to compute the EESM for our simulationscobperative IR, in order to benefit
from the best error prediction accuracy. Note thlatever the formula chosen, in some
cases a large prediction error may occur. Howetlese events -which occur at low
SNR- correspond to a positive target SNR predicgaor, which will only result in a

conservative selection of the MCS, but not to alfatisadaptation. Therefore the impact

on throughput should be low (a few percent).
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