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Abstract

In telecommunications, rate-reliability and encoding-decoding computa-
tional complexity (floating point operations - flops), are widely considered
to be limiting and interrelated bottlenecks. For this reason, any attempt
to significantly reduce complexity may be at the expense of a substantial
degradation in error-performance. Establishing this intertwined relationship
constitutes an important research topic of substantial practical interest. This
dissertation deals with the question of establishing fundamental rate, reliabi-
lity and complexity limits in general outage-limited multiple-input multiple-
output (MIMO) communications, and its related point-to-point, multiuser,
cooperative, two-directional, and feedback-aided scenarios. Our interest in
the outage-limited (non ergodic) setting (reduced or no channel state infor-
mation at the transmitter, i.e., reduced or no CSIT), stems from the pivotal
role of non-ergodic scenarios in modern wireless communications. These in-
clude scenarios of delay-limited data transmission in the absence of CSIT, or
more importantly scenarios that consider quick and high rate communication
of CSIT in the absence of channel reciprocity (over the feedback link), as well
as transmission of CSIT in a multiuser setting, by each of the receivers back
to their transmitters, in the presence or absence of channel reciprocity. The
crucial role of such scenarios brings to the fore the need for maximal reliabi-
lity, in the presence of the inevitable computational constraints. Finally we
explore a large subset of the family of linear lattice encoding methods, and
we consider the two main families of decoders; maximum likelihood (ML)
based and lattice-based decoding. Algorithmic analysis focuses on the effi-
cient bounded-search implementations of these decoders, including a large
family of sphere decoders.

Specifically, the presented work provides high signal-to-noise (SNR) ana-
lysis of the minimum computational reserves (flops or chip size) that allow
for a) a certain performance with respect to the diversity-multiplexing gain
tradeoff (DMT) and for b) a vanishing gap to the uninterrupted (optimal)
ML decoder or a vanishing gap to the exact implementation of (regularized)
lattice decoding. The vanishing gap condition guarantees that the decoder’s
error curve is arbitrarily close, given a sufficiently high SNR, to the opti-
mal error curve of exact solutions, which is a much stronger condition than
DMT optimality which only guarantees an error gap that is subpolynomial
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iv Abstract

in SNR, and can thus be unbounded and generally unacceptable for practi-
cal implementations. In some cases, the presented performance-complexity
guarantees hold for a very broad setting of channel statistics, MIMO settings
and lattice implementations.

Applying the methods of the derived complexity exponent and of the
DMT, the work establishes the rate-reliability-complexity tradeoff of both
ML-based sphere decoding as well as regularized (i.e., MMSE-preprocessed)
lattice decoding. Specifically the work derives the complexity exponent for a
given achievable DMT, as well as the achievable DMT for a given constraint
on the computational resources. The derived complexity exponent describes
the asymptotic rate of exponential increase of complexity, exponential in the
number of codeword bits. This complexity exponent, albeit much reduced
compared to that of an exhaustive ML decoder, still reveals a very consi-
derable complexity. The same exponent reveals how this complexity can be
modulated down to the complexity of linear receivers, at the expense of a
specific amount of DMT loss. Interestingly we will see that sacrificing perfor-
mance does not always pay back in terms of complexity reductions. Another
conclusion is that, for a relatively broad setting of practical interest, the fa-
milies of ML-based and regularized lattice sphere decoding behave identically
(in terms of error and complexity exponents). Furthermore the work rein-
forces the role of halting policies that allow for complexity savings by being
selective as to when to decode and when to suspend operations. Interestin-
gly enough, such policies allow for a complexity that is not monotonically
increasing in the rate.

The above described exponential complexity tends to render such trans-
ceiver algorithms inapplicable to several MIMO scenarios. This served as
motivation to explore other decoders, and to provide the first ever lattice de-
coding solution and halting policy, that jointly achieve a vanishing gap to the
exact implementation of regularized lattice decoding with a complexity that
is subexponential in the number of codeword bits as well as in the rate. This
work was able to, for the first time, rigorously demonstrate and quantify the
pivotal role of lattice reduction as a special complexity reducing ingredient in
MIMO systems. We here note that while lattice reduction has indeed allowed
here for near-optimal behavior at very manageable complexity (with respect
to lattice decoding), it is the case that there exist scenarios for which these
same lattice reduction methods cannot be readily applied. Such problematic
cases include the ubiquitous scenario where outer binary codes are employed.
It is for this exact reason that analysis of non LR-aided schemes remains of
strong interest.

The work then addresses the fundamental question of establishing the
rate-reliability-complexity ramifications of feedback. This setting is very im-
portant because it can offer near ergodic behavior (high diversity), even at
high multiplexing gains. We focus on two fundamental questions. The first
question asks what is the complexity savings that feedback provides for a gi-
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ven fixed rate-reliability performance, and the second question asks what is
the complexity costs of achieving the full rate-reliability benefits of feedback.
The analysis and the constructed feedback schemes tell us how to properly
utilize a finite number of feedback bits to alleviate the adverse effects of com-
putational constraints, as those seen in the derived rate-reliability-complexity
tradeoffs of the previous chapters. Emphasis is placed on MIMO-ARQ feed-
back schemes, although we do also consider feedback with antenna selection.

Finally we present preliminary work on extending the rate-reliability-
complexity analysis to simple instances of the multiple access, relay, and
bidirectional channels, where again we identify the computational reserves
that guarantee a DMT optimality, as well as address user/relay selection
criteria and communication protocols that provide improved joint reliability-
complexity performance in the presence of computational constraints.

The above methodology can be applied to quantify the rate-reliability-
complexity performance of novel or existing coding schemes, decoders, as
well as cooperative and multiuser protocols. Despite the serious efforts to
resolve each problem in their most general form, the current work leaves out
ample space for exponential reductions in complexity, and improvements in
the joint performance-complexity measure, both on the side of decoders, as
well as for encoders, protocols or feedback schemes.
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Résumé

Dans les télécommunications, le débit-fiabilité et la complexité de I'en-
codage et du décodage (opération a virgule flottante-flops) sont largement
reconnus comme représentant des facteurs limitant interdépendants. Pour
cette raison, tout tentative de réduire la complexité peut venir au prix d’une
dégradation substantielle du taux d’erreurs. Cette thése traite de I’établisse-
ment d’'un compromis limite fondamental entre la fiabilité et la complexité
dans des systémes de communications outage-limités a entrées et sorties mul-
tiples (MIMO), et ses scénarios point-a-point, utilisateurs multiple, bidirec-
tionnels, et aidés de feedback. Nous explorons un large sous-ensemble de la
famille des méthodes d’encodage linéaire Lattice, et nous considérons deux
familles principales de décodeurs : les décodeurs a maximum de vraisem-
blance (ML) et les décodeurs Lattice. L’analyse algorithmique est concentrée
sur I'implémentation de ces décodeurs ayant comme limitation une recherche
bornée, ce qui inclue une large famille de sphére-décodeurs.

En particulier, le travail présenté fournit une analyse a haut rapport
Signal-a-Bruit (SNR) de la complexité minimum (flops ou taille de puce
électronique) qui permet d’atteindre a) une certaine performance vis-a-vis
du compromis diversité-gain de multiplexage et b) une différence tendant
vers zéro avec le non-interrompu (optimale) ML décodeur, ou une différence
tendant vers zéro comparé a 'implémentation exacte du décodeur (régula-
risé) Lattice. L’exposant de complexité obtenu décrit la vitesse asymptotique
d’accroissement de la complexité, qui est exponentielle en terme du nombre
de bits encodés. L’exposant de complexité, quoique beaucoup plus réduit
que le décodeur optimal exhaustif comporte toujours une complexité consi-
dérable.

La complexité exponentielle décrite ci-dessus tend a rendre tout algo-
rithme d’émission-réception inapplicable au cas de plusieurs sources MIMO.
Ceci fournit la motivation pour explorer d’autres décodeurs et pour appor-
ter la premiére solution de décodage Lattice avec des consignes d’arrét, qui
atteint une différence tendant vers zéro comparée a I'implémentation exacte
du décodeur Lattice régularisé avec une complexité qui est sous-exponentiel
vis-a-vis du nombre de bits encodés ainsi que vis-a-vis du débit. Ce travail
a permis de démontrer rigoureusement pour la premiére fois et de quanti-
fier le réle crucial de la réduction Lattice en tant que méthode réduisant la
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viii Résumé

complexité dans les systémes MIMO.

Ce travail adresse ensuite la question fondamentale de 'impact du feed-
back sur la relation débit-fiabilité-complexité. Ce scenario est trés important
car il offre un comportement presque ergodique (forte diversité¢), méme a
haut degré de multiplexage. Nous nous concentrons sur deux questions fon-
damentales. La premiére question consiste & se demander quelle est la réduc-
tion de complexité que le feedback permet pour une performance donnée en
terme de compromis débit-fiabilité, et la seconde question est de se deman-
der quel est le cout en terme de complexité pour atteindre la performance
maximale en terme de compromis débit-fiabilité avec du feedback. L’analyse
et les méthodes de feedback développées nous montrent comment utiliser ef-
ficacement un nombre fini de bits de feedback pour réduire les effets négatifs
dus aux contraintes de complexité, comme celles vues dans le compromis
débit-fiabilité-complexité dans les chapitres précédents.

Enfin, nous présentons un travail préliminaire sur I’extension de ’analyse
du compromis débit-fiabilité-complexité a des cas simples d’accés multiples,
de relai, et de canaux bidirectionnels, ol nous mettons encore en évidence
quelle est la complexité minimum qui garantie un DMT optimal. Nous identi-
fions aussi des critéres de sélection des utilisateurs/relais et des protocoles de
communication qui permettent une amélioration conjointe des performances
fiabilité-complexité en présence de contrainte de complexité.



Table of Contents

Acknowledgements . . . . ... L Lo i
Abstract . . . . . .. iii
Résumé . . . . . ..o vii
Contents . . . . . . . . . ix
List of Figures . . . . . . . . . ... xiii
Acronyms . . . . ... xvii
Notations . . . . . . . .. L Xix
1 Introduction 1
1.1  Multiple Antenna Systems : Error Performance and Complexity 1
1.2 Complexity characterization in outage-limited MIMO . . . . . 2
1.2.1  Complexity Exponent . . . . . ... ... ... .... 3

1.2.2 On the suitability and applicability of the complexity
measure and the complexity exponent . . . . .. ... 3
1.2.3 Vanishing Gap . . . . ... ... ... ... ... .. 4
1.3 Dissertation Outline and main Contributions . . . . .. . .. 6
2 Channel Model, Encoders and Decoders 19
2.1 Channel model . . . . . .. ... ... 21
2.1.1 Quasi-static MIMO . . . . . ... ... ... ... ... 22
2.1.2  MIMO-orthogonal frequency division multiplexing . . 22
2.1.3 MIMO-automatic repeat request (MIMO-ARQ) . .. 23
2.2 Encoding . . . .. ... 23
2.3 Decoding . . . . . ... 24
2.3.1 Sphere decoder (SD) . . . . ... ... L. 25
2.3.2  Sphere Decoding Algorithm . . . . . ... ... .. .. 25
Appendix 2A : Inter-symbol-interference (ISI) channel model . . . 28
3 Complexity of Maximum Likelihood Decoding 31
3.1 Introduction . . . . . . .. ... oo 31
3.2 Complexity analysis ML-based sphere decoding . . . . . . .. 33
3.2.1 Complexity for vanishing gap to ML performance . . . 34
3.2.2  Complexity for fixed decoding order . . . . . ... .. 35
3.2.3  Quasi-static MIMO with fixed decoding order . . . . . 43

1X



Table of Contents

3.2.4  Complexity for dynamically changing decoding order . 47

3.3 Reliability-Complexity Measure . . . . . . .. ... ... ... 48
3.4 Rate-Reliability-Complexity Tradeoff . . . . . . . . ... ... 49

3.4.1 Quasi-static MIMO channels . . . ... ... .. ... 51
Appendix 3A : Proof of Theorem 4 . . . . . . . .. ... ... ... 55
Appendix 3B : Proof of Corollary 5b . . . . . . .. ... ... ... 56
Appendix 3C : Proof of Proposition 2 . . . . ... ... ... ... 57
Appendix 3D : Proof of Theorem 6 . . . . . . ... ... ... ... 58
Appendix 3E : Proof of Theorem 7 . . . . . .. .. ... ... ... 64
Complexity of Lattice Decoding 67
4.1 Introduction . . . . . . .. ... 67

4.1.1 'Transition to lattice decoding for reducing complexity 68
4.2 Regularized Lattice Sphere Decoding . . . . . .. ... ... 70

4.2.1 Lattice sphere decoding . . . . . .. ... ... .... 70

4.2.2  Complexity of regularized lattice decoding . . . . . . . 73
4.3 LR-~aided Regularized Lattice Sphere Decoding . . . . . . .. 75

4.3.1 Complexity of LR-aided regularized lattice decoding . 77
4.3.2 Gap to the exact solution of regularized lattice decoding 80

Appendix 4A : Proof of Theorem 10 . . . . . . .. ... ... ... 82

Appendix 4B : Proof of Corollary 10d . . . . . . . ... ... ... 90

Appendix 4C : Proof of Lemma 2 . . . . . . .. ... ... ... 91

Appendix 4D : Proof of Lemma 3 . . . . . . . ... ... ... ... 94

Feedback aided Complexity 97

5.1 Introduction and MIMO-ARQ signaling . . . ... ... ... 97
5.1.1 Reliability and complexity implications of feedback :

from DMT to the improved DMD . . . . . ... .. .. 98

5.1.2 MIMO-ARQ signaling . . . .. ... ... ....... 99

5.2  Complexity reduction using ARQ feedback . . . . . . .. ... 100

5.2.1 Feedback reduction for asymmetric channels : ng < np 103
5.3 Complexity for harvesting the full rate-reliability benefits of

feedback . . . . . ..o 105
5.3.1 Complexity costs for DMD optimality : the case of
L>np ..o 110
5.4 Complexity reduction using antenna selection . . . . . . . .. 111
5.5 Proof of Theorem 13 . . . . . . .. .. ... ... ... ..., 114
5.6 Proof of Theorem 14 . . . . . . . . . . . ... ... ...... 117
5.7 Proof of Theorem 15 and Corollary 15a . . . . . . . .. ... 119
5.8 Proof of Proposition 7 . . . . . . . ... 123
5.9 Proof of Proposition 8 . . . . . .. ... L. 125
Appendix 5A : Proof of Lemma 4 . . . . . .. ... ... ... 126

Appendix 5B : Proof of Lemma 5 . . . . . .. ... ... ... ... 129



Table of Contents xi

6 Complexity Analysis for Multi-node Networks 133
6.1 Multiple Access Channel . . . . . . .. ... ... ... ..., 133
6.2 Relay channels with orthogonal amplify-and-forward protocol

(OAF) . . . 136
6.3 Two-way relay channel (TRC) . . . .. ... ... ... ... .. 139
6.3.1 Diversity-Multiplexing Tradeoff . . . . . . . . ... .. 140
6.3.2 Complexity Analysis . . . . . . ... ... ... . ... 142
6.3.3 Reliability-Complexity Measure for HBC and TDBC
Protocols . . . . . .. ... 144
Appendix 6A : Proof of Theorem 16 . . . . . . .. ... ... ... 145
Appendix 6B : Proof of Proposition 10 . . . . . . . .. .. ... .. 148
Appendix 6C : Proof of Lemma 6 . . . . . . . ... ... ... ... 149
Appendix 6D : Proof of Theorem 17 . . . . . ... ... ... ... 152
Appendix 6F : Proof of Theorem 18 . . . . . .. . ... ... ... 153

7 Conclusions and Future Work 155

8 French Summary 157
8.1 Systémes & antennes multiples : performance en terme d’erreur

de décodage et de complexité . . . . . . ... ... 157

8.2 Caractérisation de complexité en MIMO avec une outage-limitée158

8.2.1 Exponentiel de complexité . . . . . . . ... ... ... 159
8.2.2 Pertinence et applicabilité de la mesure de complexité

et 'exposant de la complexité . . . . . ... ... ... 159

8.2.3 Vanishing écart . . . . . . . ... ... ... ... 160

8.3 Contribution majeure et plan de thése . . . . . . .. ... .. 162



xii Table of Contents




List of Figures

1.1
1.2

1.3
1.4

2.1
2.2

2.3

24
2.5

3.1

3.2

3.3

3.4
3.5

3.6

3.7

3.8

3.9

4.1

Instantaneous algorithmic complexity fluctuations . . . . . . . 2
Comparison of brute force ML complexity exponent with the

universal upper bound for ML-based SD . . . . . ... .. .. 10
Rate-reliability-complexity tradeoff for 2 x 2 perfect codes. . . 11
Complexity reductions using ARQ feedback. . . . . . . . . .. 15
Outage-limited channel model - no CSIT . . . . . .. ... .. 19
Mutliuser MIMO downlink : In the absence of reciprocity each

receiver is required to transmit CSIT over feedback link. . . . 20
Schematic for multi-user interference channel . . . . . . . .. 20
Schematic for sphere decoder with search radius &. . . . . . . 26
Sample tree illustrating lattice points search in a Kk = 4 di-

mensional sphere. . . . . ... ... L 26

The complexity exponent ¢(r) for decoding threaded mini-
mum delay DMT optimal codes over np X ng (ng > ny) MIMO 46
The complexity exponent ¢(r) for decoding V-BLAST over

n X n iid. Rayleigh channel . . . . . . .. ... .. ... .. 47
The complexity exponent ¢(r) for decoding diagonal DMT

optimal codes over np x 1 MISO . . . .. ... .. ... ... 48
Reliability-Complexity Measure . . . . . . .. .. ... .... 49

The figure depicts the diversity gain region for which the re-
quired complexity exponent is given by ¢(r). . . . . . . .. .. 50
Achievable diversity gain for 2 ><12 Perfect code in the presence
of a complexity hardbound of p2 flops. . . . . . .. ... ... 53
Achievable diversity gain for 2 x 2 Perfect code in the presence
of a complexity hardbound that only allows for the computa-

tional resources required by 2 x 2 V-BLAST. . . ... .. .. 53
Achievable diversity gain for 3 x ? Perfect code in the presence
of a complexity hardbound of pz flops and p flops. . . . . .. 54

Sample complexity optimization problem solution for np = 2
MIMO system. . . . . . . . .. 56

2-dimensional lattice for regularized lattice decoder . . . . . . 71

xiii



xXiv List of Figures
4.2 2-dimensional lattice for LR-aided regularized lattice decoder 76
5.1 Schematic for MIMO-ARQ system . . . . ... ... ..... 98
5.2  Optimal DMT and DMD for 4 x 4 MIMO. . . . . . ... ... 98
5.3 Complexity reduction with minimum delay ARQ schemes. . . 103
5.4  Joint performance-complexity measures with minimum delay

ARQ schemes. . . . . . ... 103
5.5 Complexity reduction ng|ny i.i.d. Rayleigh channel with ARQ

feedback . . . . . ... 105
5.6 Complexity reduction for MISO channel with one bit feedback. 105
5.7 Complexity exponent for 6 x ng (nr > 6) DMD-optimal

MIMO system. L = 2 (top line), L = 3 and L = 6 (lowest line).108
5.8 Upper bound on complexity exponent for DMD optimal per-

formance . . . . . ... 108
5.9 Complexity exponent for 4 x ng MIMO system . . ... ... 109
5.10 Joint reliability-complexity measure for DMT and DMD op-

timal ARQ schemes . . . . . . ... ... ... L. 109
5.11 Achieving partial DMD with reduced computational resources.

3 x ng MIMO system. The left figure shows the complexity

exponent of the proposed scheme, interrupted for high r to

not exceed the complexity exponent of the feedback scheme. . 110
5.12 Plot corresponding to Proposition 7. . . . . . .. .. ... .. 111
5.13 Antenna selection . . . . . .. ... 112
5.14 Complexity savings : antenna selection vs ARQ . . . . . . .. 113
6.1 Symmetric multiple access channel with K-users . . . . . .. 134
6.2 Complexity bounds for K-user MAC withng =1 . . . .. .. 136
6.3 Complexity exponent for K-user MAC with ng = K. . . . . . 136
6.4 System model for relay channel . . . . . ... ... ... ... 137
6.5 System model for relay channel . . . . . ... ... ... ... 137
6.6 Complexity performance of OAF . . . . . .. ... .. ... .. 138
6.7 Relay cluster selection in the presence of run-time constraints 139
6.8 mnon-separated Two-way Relay Channel model . . . . . . . .. 140
6.9 DMT Comparison . . . . . . . .. .. ... ... 143
6.10 Reliability-Complexity Measure . . . . . . .. .. .. ... .. 144
8.1 Fluctuations de complexité algorithmique instantanées . . . . 159
8.2  Outage-limités systémes de communications - no CSIT . . . . 163
8.3 Mutliuser MIMO downlink - en ’absence de réciprocité de canal164
8.4  Schématique pour canal d’interférence multi-utilisateur . . . . 164
8.5 Comparaison de I'exposant vigueur de la complexité brute ML

avec la partie supérieure universelle a destination de ML &
basede SD . . . . . .. 168



List of Figures XV

8.6

8.7

8.8

8.9

8.10

8.11

8.12

8.13

Compromis de taux de fiabilité-complexité pour des codes 2 x 2

parfaits. . . . . .. oL 169
Réductions de complexité & 'aide du retour d’informations
ARQ. . . 173
Réduction de complexité pour ng|ny canal de Rayleigh i.i.d.
avec ARQ feedback . . . . . . ... ... L 174
Réduction de complexité pour canal de MISO avec un bit
feedback. . . . . ... 175
Complexité exposant pour 6 X ng (ngr > 6) pour atteindre

l'optimal DMD. L = 2 (top line), L = 3 and L = 6 (lowest line).176

Borne supérieure sur les exposants de la complexité pour at-
teindre 'optimal DMD. . . .. .. ... ... ... ... ... 177
Limites supérieures de complexité pour K-utilisateurs MAC
avec R =1 . . . .. 179
Complexité des OAF . . . . . . . . . ... ... .. .. ... 180



xvi List of Figures




Acronyms

Here are the main acronyms used in this dissertation. The meaning of
an acronym is usually indicated once, when it first occurs in the text. The
English acronyms are also used for the French summary.

ACK Acknowledgement

ARQ Automatic Repeat Request

BC Broadcast Channel

CSI Channel State Information

CSIR Channel State Information at Receiver
CSIT Channel State Information at Transmitter
CDA Cyclic Division Algebra

DMD Diversity-Multiplexing-Delay

DSP Digital Signal Processing

DF Decode-and-Forward

DMT Diversity-Multiplexing gain Tradeoff
FLOPS Floating Point Operations

HBC Hybrid Broadcast

i.i.d. Independent and Identically Distributed
ISI Inter-Symbol Interference

LDPC Low-Density Parity Check

LLL Lenstra-Lenstra-Lovész

LR Lattice Reduction

MAC Multiple Access Channel

ML Maximum Likelihood

MIMO Multi-Input Multi-Output
MIMO-ARQ MIMO Automatic Repeat Request
MISO Multi-Input Single-Output

ML-SD ML-based Sphere Decoder

MMSE Minimum Mean Square Error
MMSE-DFE MMSE Decision-Feedback Equalizer
NACK Negative Acknowledgement

NP Non-deterministic Polynomial-time
ns-TRC non-separated Two-way Relay Channel
OAF Orthogonal Amplify-and-Forward

Xvii



xviii

Acronyms

OFDM
SD

SIC
SIMO
SNR
SISO
ST
STBC
TDBC
TRC
ZF
V-BLAST

Orthogonal Frequency Division Multiplexing
Sphere Decoder

Successive Interference Cancelation
Single-Input Multi-Output

Signal-to-Noise Ratio

Single-Input Single-Output

Space-Time

Space-Time Block Coding/Code

Time Division Broadcast

Two-Way Relay Channel

Zero Forcing

Vertical Bell Laboratories Layered Space-Time



Notations

Throughout the dissertation, we use the bold uppercase letters, e.g., H,
to refer to matrices, while bold lowercase letters, e.g., h, to refer to column
vectors. We use = to denote exponential equality, i.e., we write f = p? to

denote lim
p—00

1 . .
M = B, < and > are defined similarly. Other notational

log p

conventions are summarized as follows :

R, C
RT

Sets of real and complex numbers, respectively

Set of positive real numbers

N dimensional Integer Lattice

The absolute value of a scalar

The nearest integer less than or equal to x

The nearest integer greater than or equal to x

Maximum of 0 and z, i.e. max{0,z}

The Euclidian () norm of a vector x

The cardinality of the set X, i.e. the number of elements in the set
X

The circularly symmetric complex Gaussian distribution with
mean 4 and variance o2

The expectation operator over the RV X

The conjugate operation on X

The complex conjugate (Hermitian) operation on X
The transpose operation on X

The trace of X

The determinant of X

The inverse of X

The Moore-Penrose pseudoinverse of X

The vector obtained by stacking the columns of X
The i-th singular value of X

m X m identity matrix

All zeros matrix of appropriate dimensions
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Chapter 1

Introduction

1.1 Multiple Antenna Systems : Error Performance
and Complexity

In wireless communications there is an ever increasing demand to support
higher data rates, better quality of service (such as error-performance, co-
verage) and a large number of users, while maintaining the transmit power
and bandwidth. This entails considering novel technologies like multiple-
input multiple-output (MIMO) communication systems that can improve
both, the data rate and the error-performance for the given transmit power
and bandwidth, but at the cost of a potentially more challenging decoding
task for the receiver. Specifically for the brute force maximum likelihood
(ML) decoder ! the decoding complexity grows exponentially in the number
of codeword bits as 287 for some coding duration 7. This number of bits
generally increase with the dimensionality.

In MIMO scenarios with large signal dimensionality, ML computatio-
nal costs can be prohibitively large. This motivates the use of suboptimal
transceiver designs, whose sub-optimality can often entirely negate the re-
liability benefits of MIMO. Most of the present day MIMO receivers employ
low computational complexity linear MIMO detection schemes (zero-forcing
(ZF), minimum mean square error (MMSE), successive interference cancel-
lation (SIC)) which have been shown to be highly suboptimal (cf. [1]). The
recent computational speed advancements have paved the way for the use of
state-of-art MIMO decoders employing non-linear MIMO detection schemes

1. The ML decoder is strictly speaking the only optimal decoder, in the sense that it
minimizes the probability of codeword error (irrespective of the code), and it is arguably
the slowest possible decoder, in the sense that it has to visit all possible codewords.
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based on more advanced bounded search algorithms, generally referred to
as sphere decoders (SD). Such decoders can provide complexity savings over
the brute force ML implementation, at the expense of a small gap to the
optimal error performance (cf. [2-7]). This variability of algorithms brings
to the fore the natural question as to what is the relationship between com-
plexity and reliability. Answering this question can be challenging, especially
since the algorithmic complexity tends to fluctuate randomly with the chan-
nel, noise and code word realizations. This randomness also brings to the
fore the potential of trading off computational complexity for error perfor-
mance by selectively choosing when to decode and when not to. Generally
though any attempt to significantly reduce complexity may be at the ex-
pense of a substantial degradation in error-performance. In the delay-limited
outage-limited MIMO settings, establishing this intertwined relationship of
the complexity and error performance constitutes an important research to-
pic of substantial practical interest.

1.2 Complexity characterization in outage-limited
MIMO

The complexity measure here is simply the amount of computational re-
serves (floating point operations - flops) that one is allowed to use during
the decoding of any given codeword. Given the aforementioned fluctuating
nature of the instantaneous algorithmic complexity (fluctuating with, for
example, the fading realization), it becomes clear that the presence of com-
putational constraints, can cause error performance degradation, as a result
of what can be perceived as a decoding outage caused whenever the run-time
constraints are violated (Fig. 1.1).

M 105 Decoding Complexity

T T
—— Required number of FLOPS
— Run-time constraint

o
T

| 1 |

ES
T

Number of FLOPS
w
T

N

. .
0 20 40 60 80 100
Channel Realizations

FIGURE 1.1 — Instantaneous algorithmic complexity fluctuations
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1.2.1 Complexity Exponent

We denote the complexity constraint by Npax, where as stated, Npax
specifically describes the computational resources, in flops per T' channel
uses, that the transceiver is endowed with, in the sense that after Ny
flops, the transceiver must simply terminate, potentially prematurely and
before completion of its task. In establishing a meaningful representation
of the above, we draw from Zheng and Tse’s diversity multiplexing tradeoff
(DMT), which quantifies the relationship between rate (R) and probability of
error P, in the high SNR measure of multiplexing gain » = R/log SNR and
the diversity gain d(r) = — limgyp—00 10g Perr/ log SNR. In the same spirit
of high-SNR tail analysis (SNR will be henceforth denoted as p), we here
consider the complexity exponent, defined here as

c(r) = lim %.
p—oo  log p
We observe that ¢(r) > 0 implies a complexity that is exponential in the
rate.

1.2.2 On the suitability and applicability of the complexity
measure and the complexity exponent

A reasonable question at this point would pertain as to why the computa-
tional resources Nyax scale with p and are dependent on r, to which we note
that the complexity of decoding is generally dependent on the density and
cardinality of the codebook, which in turn depends on p and r. Furthermore
this dependence of the complexity exponent (and by extension of Nyax) on 7,
reflects a potential ability to regulate the computational resources depending
on the rate.

In further arguing that the above representation is a natural one (ra-
ther than a forced one), we also quickly note that ¢(r) captures the entire
complexity range

0<¢(r)<rT

of all reasonable transceivers, with ¢(r) = 0 corresponding to the fastest
possible transceiver (requiring a subexponential number of flops per T' chan-
nel uses), and with ¢(r) = T corresponding to the optimal but arguably
slowest, full-search uninterrupted ML decoder 2.

2. We here note that strictly speaking, a encoder-decoder may potentially introduce a
complexity exponent larger than r7". In such a case though, this encoder-decoder may be
substituted by a lookup table implementation of encoder and an unrestricted ML decoder
in the presence of a canonical code with multiplexing gain r, i.e., with the cardinality of
codebook |X,| = 2FT — p™T This encoder-decoder will jointly require resources that are a
constant multiple of |X,.| = p™ as it has to construct and visit all possible |X,| codewords,
at a computational cost of a bounded number of flops per codeword visit. It is noted that
the number of flops per visited codeword is naturally independent of p.
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In terms of the suitability of the asymptotic setting, i.e., the suitability of
the complexity exponent and the chosen scale of refinement, this is the scale
that best captures the entirety of the complexity problem. Similar to the
case of the probability of error, which varies from 1 to the values that scale
as K1 - p~7, bringing to the fore an error exponent d(r) € [0, z] (here K is a
subpolynomial function of p), in the case of complexity, we have a variation
from 1 flop to a maximum complexity that scales as K227 = Ky - p"T flops
(again Ko is essentially a constant), which naturally brings to the fore a
complexity exponent ¢(r) € [0, rT].

One can then argue that having the complexity cost share the same scale
as the probability of error, is not a forced choice but rather a natural conse-
quence of the fact that both the probability of error as well as the code
size are naturally polynomial functions of p, and (in the case of complexity)
exponential functions of R = rlogp. As a result the above error and com-
plexity exponents could be meaningfully combined to form a measure of the
overall rate-reliability-complexity capabilities of different transceivers. One
such measure could for example take the form of a joint reliability-complexity
measure I'(r) £ d(r) — yc(r), for some weighing factor v > 0. The measure
could be applied to describe, for example, the high-SNR error capabilities of
a particular encoder-decoder per unit power and per chip area. We note that
in nicely traversing the above reliability and complexity exponent tradeoffs,
what is important is to find proper encoding-decoding policies can regulate
complexity at a limited error performance loss. Such regulation could span
the two extremes of brute force MLL decoding to the highly inefficient linear
receivers. A special ingredient in traversing this tradeoff will be the halting
or requlating policies that we will employ.

1.2.3 Vanishing Gap

Finally, towards refining our above mentioned exponent analysis (DMT
and complexity exponent), we first note that DMT analysis fails to capture
potentially infinite (subpolynomial to SNR) gaps to the optimal error per-
formance. Towards this we are also interested in decoders that achieve a
vanishing gap to the brute force ML performance. This vanishing gap ap-
proach is a much stronger condition than DMT optimality which remains
insensitive to error gaps that could be unbounded.

In terms of error-performance gaps, one could consider the gap of a given
decoder D, to ML, i.e, the gap between the error performance P, of D, to
the optimal error performance P (8p/1, # s) of the brute force ML decoder,
where s denotes the transmitted symbol vector and where §,;7, denotes brute
force ML estimate of the transmitted symbol vector s. Given a certain com-
putational constraint Ny.x = p© for D,., this gap is quantified in the high
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SNR regime to be
- (1.1)
)

A wvanishing gap g(c) = 1 means that with Ny, = p¢ flops, D, can asymp-
totically have near identical error performance as the optimal ML decoder.

Similarly, when considering any other baseline decoder, such as the regu-
larized (MMSE-preprocessed) lattice sphere decoder, we would be interested
in the performance gap to the exact implementation of this lattice decoder.
As before, in the presence of Nyax = p°= flops for the lattice sphere decoder,
we would have a vanishing gap when

A 1 Py,
g(cr) :plggo m =1 (1.2)
where P;, describes the error probability of the preprocessed lattice sphere
decoder, and where P (87, # s) would describe the error probability of the
exact solution of MMSE-preprocessed lattice decoder.

One of our interests is to capture the minimum complexity that allows
for a vanishing gap to either full ML or full (regularized) lattice decoding.
We will study this and specifically expand the work of 7] to a very broad
setting.

Remark 1 (Comments on vanishing gap approach : a heuristic interpreta-
tion). The comments in this remark are not rigorous but do not affect at all
any of our analysis, but rather present heuristic insights on the utility of the
vanishing gap approach.

Consider, for a fized code and rate, the error curves (x axis is SNR, y
azis is the probability of error) corresponding to two different decoders. For
example let the first decoder be the optimal (uninterrupted) ML decoder. Let
the second decoder be an approximate implementation of the first decoder. Let
P(p) and Pyy(p) denote the actual probability of error curves, for increasing
p, respectively for the optimal and suboptimal decoders (P(p) < P,p(p) for
all p). Furthermore consider the following two assumptions.

Assumption 1 : There exists an SNR value p1 (resp. p2) after which the
error-curve slope dilpP (resp. d%Pap) 18 monotonically non-decreasing.

Assumption 2 : There exists an SNR value pg at which the error-curve
slope d%P of the first (ML) decoder attains its mazimum value in the mono-
tonic region, i.e., attains a value d%P|Po = max,>,, dipP.

Given the above two assumptions, one can see that the guarantee on the
vanishing gap implies that the two error curves coincide for any p > po, i.e.,

P(p)
Pap(ﬁ)

=1, VPZPO
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We here caution the reader that it is conceivably easy to violate the above
two conditions, for example by employing a decoding policy that alternates,
for different values of SNR, between two different decoders, or by employing
codes with specific distance distributions that may for example result in er-
ror floors. Despite this though, when the transceiver structure remains un-
changed, the two assumptions accept substantial validation by most empirical
observations, but have not been proven to be true.

Furthermore consider a third assumption, which asks that for any SNR
value in the monotonic region p > max{p1, p2}, the error-curve slope of the
exact (first) decoder, is not smaller than that of the approzimate solution,
1.e.,

iP > iP Vp > max{ }

dp = dp ap> p= P1,P25-
Then the three assumptions, together with the guarantee on the vanishing
gap, jointly imply that the error curves of the exact and approximate decoder,
match at (and after) the potentially much lower SNR value of max{p1, p2},

1.e., jointly imply that

P(p)
Pup(p)

Such values can indeed be moderate as they do not immediately relate to the
faithfulness of asymptotic approzimations, but are rather the starting points
of monotonic regions. This exposition suggests that under some assumptions,
a vanishing performance gap guarantee could carry over to finite SNR re-
gions.

=1, Vp > max{p1, p2}.

1.3 Dissertation Outline and main Contributions

We proceed with a summary of what is to come, focusing on the results
that offer more insight rather than focusing on the results with the broadest
scope, which will be presented in the chapters themselves. We hope that our
work can give concise insight on pertinent questions such as :

e What is the complexity price to pay for near-optimal implementation

of MIMO, multiuser and cooperative communications ?

e How does feedback reduce complexity ?

e What policies can regulate complexity at a limited performance loss?

e How do complexity-constraints affect reliability in different MIMO set-

tings ?

e How big of a MIMO system (how many transmit antennas or tones or

relays or mac users) can your DSP chip sustain ?

e How should multiple users behave in the presence of complexity constraints ?

e What is the role of antenna selection in reducing complexity ?
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e What are the cooperative protocols that perform best in the presence
of computational constraints?

Channel Model, Encoders and Decoders - Chapter 2

The next chapter presents the channel model, the lattice designs and ba-
sic decoders of interest, as well as provides motivation for the delay-limited
outage-limited setting and its relevance to present day communication sce-
narios.

Complexity for ML decoding - Chapter 3

The purpose of this chapter is two-fold. The first is to extend the scope
of the complexity analysis in previous work (cf. [7]), to a very broad setting
of lattice designs, decoding policies and fading statistics. This extension is
important in allowing us to explore interesting MIMO settings. The second
is to provide meaningful rate-reliability-complexity measures and tradeoffs.
The corresponding mathematical exposition is for the general MIMO case,
whereas the single-letter expressions are derived for the quasi-static MIMO
channel. All the results hold for ML-based decoding, and the algorithmic
analysis considers the efficient family of ML-based sphere decoding algo-
rithms. The derived complexity exponents of these algorithms describe the
sufficient, and in many cases necessary, computational resources required for
ML based SD to achieve either a specific DMT performance, or to achieve a
vanishing gap to (uninterrupted) ML.

Albeit possibly premature at this point, we note that the results suggest
complexity ramifications given a choice of lattice designs, fading statistics
and sphere decoding ordering policies. The concepts of lattice designs (and
specifically full-rate lattice designs), as well as of ordering policies, are com-
monly used but they will certainly be discussed in detail later on. We also
note that a common theme in this research is that we will often derive uni-
versal complexity upper bounds that hold irrespective of the above choices,
and then there are tightening results for relatively broad settings.

General MIMO setting Theorem 1 considers the general m xn (n > m)
MIMO 3 channel setting

y=Hx + w,

and considers ML based decoding. In what follows, I(p) will denote the rate
f ti £l A logo;(HEH) . 1
unction o “_(Nla 7,“’771)7 M]__T7 J = 1,--,m, correspon-
ding to the ordered singular values o; of the channel. We also recall that

rT'log p is the total number of bits.

3. Slightly less conclusive results hold for the n > m case.
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Theorem 1 : The complexity exponent of achieving a diversity gain d(r) is
upper bounded as

A (T 1 rT\ "
2 (), 1.3
é(r) max ; min ( - 2( ) - > (1.3a)
st I() < d(r), 1.3b)
M1 > > Hm > Oa 3c

for all families of fading statistics*, all full rate (or below full rate) lattice
designs, and all static or dynamic decoding ordering policies.

Then Proposition 1 establishes conditional tightness of the above.

Proposition 1 : Irrespective of channel fading statistics and of the full-rate
lattice code applied, there exists a fixed decoding order for which the above
universal upper bound is tight.

With respect to establishing sufficient resources for achieving a vanishing
gap to ML, Corollary la simply applies the above theorem after setting
d(r) = dy, to be the optimal DMT of uninterrupted ML decoding of the
specific (potentially suboptimal) code.

Corollary 1a : The complezity exponent required by SD for achieving a vani-
shing gap to optimal ML is upper bounded as

N Ui . rT 1 ‘ rT\ "
é(r) =max ;mln ( - 2(1 i), - > (1.4a)
st I(p) < dy(r), (1.4b)
p1 > > i >0, (1.4c)

wrrespective of statistics and ordering policies.

Quasi-static MIMO Transitioning to the specific case of the ny x ng
(ng > nr) quasi-static point-to-point MIMO channel (with 7" uses over
channel He € C"#*"T) where now p denotes the (asymptotics of) the
singular values of H¢, we have Theorem 3 establishing the following universal
upper bound.

Theorem 8 The SD complexity exponent of achieving a diversity gain d(r) is

4. Strictly speaking, this holds for the broad family of statistics that accept the large
deviation principle [8].
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upper bounded as

&(r) £ max Ti min <7" — (1= ), ’")+ (1.5a)

© = nr nrt
st I(p) < d(r), (1.5b)
1> > g >0, (1.5¢)

for any full rate lattice code.

Furthermore it is worth noting that, directly from Proposition 1, we know
that irrespective of the fading statistics and of the full-rate code, there exists
a fixed decoding order for which the above universal upper bound is tight.

From Theorem 3 we can now establish a universal upper bound on the
complexity to achieve the DMT optimal performance d*(r) of the np x ng
(nr <ngr) MIMO channel.

Theorem 4 The SD complexity exponent of achieving the optimal DMT d*(r)
18 upper bounded as

T
c(r) <e(r) = p (r(ng = [r] = 1) + (ng [r] —=r(np = 1)), (L6)
where ¢(r) is a piecewise linear function that, for integer values of r, takes

the form

T
é(r)y=—r(np—r), r=0,1,--- np.
nr

This holds for any set of fading statistics, all DMT optimal full rate code
designs, and for any decoding order policy.

Due to the fact that complexity is increasing in d(r), the above can be
used as a universal upper bound for all full rate codes. This is described
below.

Corollary 4a : The SD complexity exponent is upper bounded as in Theorem J
for any full rate code, all fading statistics and all decoding order policies.

We note that, as it turns out, this is the tightest upper bound that can
hold for all (full-rate) codes and fading statistics (cf. Proposition 1). This up-
per bound is already useful in itself as it establishes that the SD complexity
exponent is much lower than the worst-case SNR exponent 1T associated
with the brute force ML decoding, irrespective of the codes, channels or
ordering policies. For example, a comparison of brute force complexity ex-
ponent with the above derived bound is depicted in Fig. 1.2 for np =T = 2.

Tightness of universal upper bound Remaining in the np x ng (ng >
nr) quasi-static MIMO channel, and focusing on the case of i.i.d. Rayleigh
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FIGURE 1.2 — Comparison of brute force ML complexity exponent with the
universal upper bound for ML-based SD

fading statistics, Theorem 6 establishes that the above universal upper bound
is in fact tight for almost all DMT optimal full-rate lattice designs, irrespec-
tive of the ordering policies. Specifically it says that if the design is chosen
at random (each element of the lattice generator matrix is chosen in an i.i.d.
manner from a continuous distribution) but held fixed, then with probability
one in the choice of the code, the above bound in Theorem 4 is tight.

Theorem 6 : For the i.i.d. Rayleigh quasi-static MIMO channel, and irres-
pective of the fized or dynamically changing decoding ordering policy, the
complexity exponent of the ML-based sphere decoder almost surely, in the
choice of the DMT optimal lattice code, matches the universal upper bound
i Theorem 4.

Rate-reliability-complexity tradeoff : achievable DMT in the pre-
sence of computational constraints The above derivations suggest that
under some conditions, the complexity exponent can decrease with a reduc-
tion in the desired diversity gain. Careful study will show that such a tradeoff
is not always successful, that reductions in d(r) are not necessarily rewar-
ded with a reduction in the complexity, and that there are ranges of d(r)
for which ¢(r) remains fixed. We seek to understand the achievable diversity
gain in the presence of computational constraints. Theorem 7 gives a gene-
ral expression for this complexity-constrained DMT for the general MIMO
setting, and for any set of fading statistics. Focusing on the i.i.d quasi-static
Rayleigh fading np x ng (ng > np) MIMO channel, and on DMT optimal
lattice designs (achieving d*(r)), Corollary 8a gives a lower bound on the
complexity-constrained DMT. The bound is tight for the case of DMT opti-
mal layered codes®.

5. We will refer to layered codes in more detail later on. We note that all currently
known DMT optimal lattice designs belong in the family of layered codes
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Corollary 8a : The complexity-constrained DMT of sphere decoding any DMT
optimal lattice design using mazimally Npax = p°®") flops, is lower bounded
irrespective of the decoding ordering policy as dp(r) = min{d*(r), dp(r,cp(r))}
where

K
dp(r,ep(r) =Y (ng—nr+2j — 1)
j=1
(g — g+ 2k + 12 g EH D
T nr

where K = L%%(T)J Furthermore in the presence of DMT optimal layered

lattice designs, the above described DMT is the exact complexity constrained
DMT given by the natural sphere decoding ordering.

Example 1. The complexity-constrained DMT of sphere decoding the 2 x 2
Golden code ( [9]) over the i.i.d. Rayleigh channel, is illustrated in Fig. 1.3.
The upper line in Fig. 1.3 (a) describes the complezity exponent that would
have been needed by the 2 x 2 perfect code to achieve the optimal DMT (upper
line in Fig. 1.3(b)). The lower line in Fig. 1.8 (a) describes the complezity
exponent that would have been needed by the weaker coding design of V-
BLAST to achieve its own optimal DMT (middle line in Fig. 1.3(b)). This
same lower line in Fig. 1.8 (a) also describes the complexity limitations that
we are assigning to the 2 x 2 perfect code, which now, due to these complexity
limitations, is achieving a much reduced DMT (lowest line in Fig. 1.3(b)).

Complexity exponent for vanishing performance Achievable diversity gain in the presence of hardbound
T
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FIGURE 1.3 — Rate-reliability-complexity tradeoff for 2 x 2 perfect codes.

Complexity of regularized lattice decoding - Chapter 4

Our interest in lattice decoding stems from the derived proofs of high
complexity required in ML based decoding, as well as indications and proofs
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that lattice decoding can, in some cases, achieve near-ML performance. This
chapter achieves two main results. The first result proves the rate-reliability-
complexity equivalence between ML-based SD and regularized lattice SD 6
over a broad and common setting of interest, and the second is to provide the
first ever solution (decoder and computational halting policy) that achieves
a vanishing gap to the exact implementation of regularized lattice decoding
at a complexity that is subexponential in the rate.

Equivalence of ML-based SD and regularized lattice SD The work
will quantify the complexity of regularized lattice decoding and its rate-
reliability-complexity equivalennce to ML based SD.

Theorem 10 : For the quasi-static np X ng (ng > nr) i.i.d. Rayleigh fading
MIMO channel, the complezity exponent for regularized lattice (sphere) de-
coding any full-rate threaded lattice design at any requlated DMT, is equal to
the complexity exponent of ML-based SD (Theorem 3), for any fized layer-
preserving ordering including the natural decoding ordering.

We clarify that even though both (ML and lattice based) decoders are
DMT optimal, the above result incorporates more than just DMT optimal
decoding, in the sense that it shows that any timeout policy will tradeoff
d(r) with ¢(r) identically for ML-based and lattice-based sphere decoding.
In other words the decoders share the same d(r) and ¢(r) capabilities, irres-
pective of the timeout policy.

Furthermore, remaining in the setting of the np x ng (ng > nyp) iid.
Rayleigh fading quasi-static MIMO channel, Corollary 10b establishes that
the above equivalence in fact holds for almost all DMT optimal full-rate
lattice designs, and does so for a very general setting.

Corollary 10b : Irrespective of the fized or dynamically changing decoding
order, the complexity exponent for MMSE preprocessed lattice sphere decoding
any (fized but) randomly and uniformly chosen code (from an ensemble of
DMT optimal full-rate linear lattice designs) almost surely, in the choice of
DMT optimal lattice code, matches the complexity exponent of ML-based SD,
and does so irrespective of the requlated DMT.

Furthermore Corollary 10d reveals the surprising fact that there exists
no statistical channel behavior that will allow the removal of the bounding
region (lattice decoding) to cause unbounded increases in the complexity of
the decoder, i.e., reveals that this complexity bound holds even if the channel
statistics are such that the channel realizations cause the decoder to always
have to solve the hardest possible lattice search problem. We give this result
in its refined form which holds for the quasi-static MIMO channel.

6. A ‘regularized’ lattice decoder is simply a generalization of the known MMSE-
preprocessed lattice decoder.
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Corollary 10d The complexity exponent of reqularized lattice SD is upper
bounded by

or) = o (rlnr = 7] = D+ (np [r) = (o = 1)) (L7)

which for integer r stmplifies to

T
o(r) = —r(ng — 1), (18)
nr
for all fading statistics, all decoding ordering policies, all target DMT values
and all full-rate lattice designs.

Vanishing gap to exact regularized lattice decoding at a subexpo-
nential complexity With provable evidence of the very high complexity
of regularized lattice decoding, we turn to the powerful tool of lattice reduc-
tion (LR) and seek to understand its effects on computational complexity.
The main result is the following, and it holds for a very broad setting of
MIMO scenarios, lattice designs and fading statistics.

Theorem 12 : LR-aided MMSE-preprocessed lattice sphere decoding with a
computational constraint activated at Nyaxp® flops, for any x > 0, allows
for a vanishing gap to the exact solution of reqularized lattice decoding.

The above implies subexponential complexity in the sense that the com-
plexity scales slower than any conceivable exponential function. This work
constitutes the first proof that subexponential complexity need not come
at the cost of exponential reductions in lattice decoding error performance.
This work was also able to, for the first time, rigorously demonstrate and
quantify the pivotal role of lattice reduction as a special complexity reducing
ingredient in MIMO systems.

We here note that while lattice reduction has indeed allowed here for
near-optimal behavior at very manageable complexity (with respect to lattice
decoding), it is the case that there exist scenarios for which these same
lattice reduction methods cannot be readily applied. Such problematic cases
include the ubiquitous scenario where inner binary codes are employed. It
is for this exact reason that analysis of non LR-aided schemes remains of
strong interest.

Feedback-Aided Complexity of ML and Lattice Decoding - Chap-
ter 5

The work then addresses the fundamental question of establishing the
rate-reliability-complexity ramifications of feedback. This setting is very im-
portant because it can offer near ergodic behavior (high diversity), even at
high multiplexing gains. We focus on two fundamental questions. The first
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question asks what is the complexity savings that feedback provides for the
optimal DMT (d*(r)) 7, and the second question asks what is the complexity
costs of achieving the full rate-reliability benefits of feedback. The analy-
sis and the constructed feedback schemes tell us how to properly utilize a
finite number of feedback bits to alleviate the adverse effects of computatio-
nal constraints, as those seen in the derived rate-reliability-complexity tra-
deoffs of the previous chapters. Emphasis is placed on MIMO-ARQ feedback
schemes, although we do also consider feedback with antenna selection.

All the presented results hold for ML-based decoding as well as MMSE-
preprocessed lattice decoding.

Feedback-aided complexity of achieving the optimal DMT For the
setting of the np x ng (ng > nr) i.i.d. regular fading MIMO-ARQ channel
with L rounds of ARQ and with 7' channel uses per round (cf. [10]), the
following focuses on the case of LT" = nt and upper bounds the minimum
feedback-aided complexity that guarantees, with the assistance of ARQ, the
DMT optimal d*(r). Before proceeding with the result it is worth noting
that, as it turns out, the halting policies that decide when to decode and not
to decode during the intermediate rounds, play a crucial role in reducing the
derived complexity. We proceed with the result.

Theorem 13 : Let c(r) be the minimum complexity exponent required to
achieve d*(r), minimized over all lattice designs, all ARQ schemes with
L < nr rounds of ARQ and total delay LT = nr, and all halting and deco-

ding order policies. Then
(1) < ealr) = - [rlop = |r] = 1) + (r Lr) = rlng — 1))

which is a piecewise linear function that, for integer multiplexing gain values,
takes the form

Cred(r) = Er(nT —r), forr=0,1,---  np.

To note the complexity reduction, we recall from Theorem 5 and Corol-
lary ba that in the absence of feedback, the complexity exponent associated
to the same d*(r) took the form

c(r)y=r(np —r), (1.9)

(for integer r = 0,1,--- ,ny), whereas we have just seen that, for example,
in the presence of L = ny rounds of ARQ, the same DMT is achieved with

7. We stress here that d*(r) denotes the optimal DMT of the MIMO channel without
feedback.
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a much reduced feedback-aided complexity of at most

c(r) < anr(nT —-7).

After that, Propositions 3,4 will present a very simple MIMO ARQ
scheme that achieves d*(r) with ¢(r) < €.cq(r).

Example 2. Figure 1.4 considers the case of nt = 3 < nr and Rayleigh
fading, and compares the above complexity upper bound in the presence of
feedback (L-rounds, minimum delay), to the equivalent complexity exponent
n (1.9) of achieving the same DMT optimal d*(r) without ARQ) feedback
(Perfect codes and natural, fized decoding ordering).

Complexity reduction via feeback in 3x3 MIMO

Complexity exponent c(r)

=~ minimum delay ARQ scheme
—— Perfect code

1 1.5 2
Multiplexing Gain (r)

0
0 0.5

25 3
FI1GURE 1.4 — Complexity reductions using ARQ feedback.

In regard to the feedback reduction for asymmetric (ng < nr) channels,
Theorem 14 and Proposition 5 will describe the corresponding upper com-
plexity bound and very simple ARQ schemes that achieve this bound for the
case of ng < mp, and specifically the case where ng|nr (i.e., nt is an integer
multiple of ng).

The complexity cost of achieving the optimal feedback-aided DMT
d*(r/L) For establishing the complexity of harvesting the full rate-reliability
benefits of ARQ feedback, we again focus on the ny x ng (ng > ny) MIMO-
ARQ channel with i.i.d. regular fading statistics. As before all presented
results hold for ML-based decoding as well as MMSE-preprocessed lattice
decoding. The following holds for the case where ny > nt and the case
where L|nt (i.e., nr is an integer multiple of L). As has been shown in [10],
the optimal feedback-aided DMT performance is given by d*(r/L).

Theorem 15 : Let c(r) be the minimum complexity exponent required to
achieve the optimal L-round MIMO-ARQ DMT d*(r/L), for any given L|ny
(i.e., ny is an integer multiple of L), where the complexity is minimized over



16 Chapter 1 Introduction

all lattice designs, all halting policies and all decoding order policies. Then

1 r r +
<t e o= 7] 1) s [7] )
e(r) < Camalr) 7 [r nr 17 + (Lnr 7 r(np —1) ,
where Cama(r) is a piecewise linear function that, for r being an integer mul-
tiple of L, takes the form

rn r
Cama(r) = TQT <L - nT) :

Immediately after that, Proposition 6 will present very simple MIMO
ARQ scheme that achieves d*(r/L) with ¢(r) < Egma(r).

Other bounds, ARQ schemes, decoding policies and lattice designs are
presented later on in the same chapter. The same chapter also presents se-
veral examples for furthering intuition.

Complexity reductions due to antenna selection We here explore
another method that feedback might reduce complexity. We will specifically

nr
focus on antenna selection schemes. Such schemes employ log, | I7 | bits of

CSIT to reduce an np x ngp MIMO system to a smaller and more manageable
I x Ik system with generally reduced computational requirements. This part
of the thesis will analyze the complexity ramifications of antenna selection,
focusing on the case where the performance, after antenna selection, remains
DMT optimal (d(r) = dy, ., (r)). Our work here is preliminary, and it

builds only on the greedy selection algorithms in [11]. In this setting, for

: : (nt —p)(nr —p)
N, = =[r]|, (1.10
rT s N/ef{ffr.lm} (argpe{o,r-]-(-u,%ul} N' —p ) 7] ( )
we have the following that holds for the i.i.d. Rayleigh fading np x ng (ngp >
nr) MIMO setting. As before we consider ML based decoding as well as
MMSE-preprocessed lattice decoding.

Proposition 8 The minimum, over all antenna selection algorithms, all lattice
designs and all halting and decoding order policies, complexity exponent c(r)
required to achieve the optimal DMT d, (r), is upper bounded as

c(r) < Cus(r) = (T(NT —|r] =1)+ (Ny|r] = r(N, — 1))+) \

which, for the N, as above, is a piece-wise linear function that, for integer
values of multiplexing gain r, takes the form

Cas(r) =7r(Nyp — 1), forr=0,1,---  nr. (1.11)

The proper DMT optimal antenna selection scheme that achieves the
above bound is also presented in the same chapter.
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Complexity analysis for multiuser, cooperative, and bidirectional
settings - Chapter 6

The work in this chapter is preliminary and it extends the rate-reliability-
complexity analysis to simple instances of the multiple access, relay, and
bidirectional channels, where again we identify the computational reserves
that guarantee a DMT optimality, as well as address user/relay selection
criteria and communication protocols that provide improved joint reliability-
complexity performance in the presence of computational constraints.

Multiple access channels This work establishes bounds on the com-
plexity requirements for achieving the optimal MAC-DMT over an i.i.d. Ray-
leigh fading symmetric multiple access channel (MAC) with K-users, each
having the same multiplexing gain r, each having a single transmit antenna,
and where the destination has nyp < K receive antennas. In some cases the
bounds are shown to be tight. The upper bound on complexity is described
below, and as before it holds for ML-based decoding and for regularized lat-
tice decoding. In what follows, Ky = K if K is odd, and Ky = K 4+ 1 if K is
evern.

Theorem 16 : The minimum, over all lattice designs and halting and decoding
order policies, complexity exponent c(r) required to achieve the optimal DMT
of MAC, is upper bounded as

_ < g
() < Emaelr) = {C”(’") orrewe (1.12)
cr(r) forﬁ<r§?,
where
ng
Cy(r) = max (K —1)r+ Z (r—(1- M1)+)+
i=1
nR
st Y (K —ng+2— 1) <ng(l—r),
i=1
M1 2t 2 g,
where

er(r) = (K = 1)rKo + Ko (r(ng — [Kr] — 1) + ([Kr] —r(K = 1))"),

which is a piece-wise linear function that, for r = 0, %, o, 5B, takes the
form
1 nR

cf(r) = (K = 1)rKo + Kor(ng — K1), for r= O’E’... e
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Nice intuition can be deducted from the result in Proposition 9 which
will describe encoding-decoding policies that achieve the optimal MAC-DMT
with ¢(r) < Cnac(r). For the specific case of ngp = 1, the bound in (1.12)
takes the simple form

Ernelr) = (K —1)r for r < ﬁ,
mac - 1 1
(K —1)Kor for 7 <71 < %.

Cooperative relay channels Again preliminary, this work establishes
very early results on the complexity of achieving the optimal DMT of a
cooperative network with a source, n — 1 relays and a destination, each ha-
ving single transmit /receive antenna and communicating over i.i.d. Rayleigh
fading. This is done only for the orthogonal amplify-and-forward (OAF) pro-
tocol. The upper bound on complexity is described below.

Proposition 10 : The minimum, over all lattice designs and halting and deco-
ding order policies, complexity exponent c(r) required by ML-based decoding
to achieve the optimal DMT , is upper bounded as

2n —1
c(r) < Coay(r) = - r(n—|(2n—1)r] —1)
on —1 +
+(Len - =2 n)
n
which is a piecewise linear function that, for r =0, Wl—p oo, 5oy, takes the
form
2n —1

Coaf(r) = (2n —1)r(1 — ).

n

Proposition 10 also describes encoding-decoding policies that achieve the
optimal DMT of OAF with ¢(r) < Coaf(r).

For bidirectional channels, Theorem 17 and Theorem 18 describe the
optimal DMT of the non-separated two-way relay channel with asymmetric
fading and given the decode-and-forward protocol. Using this, Section 6.3.3
presents the complexity analysis and the joint reliability-complexity measure
for some of the related two-way protocols.

Finally Chapter 7 presents conclusions and thoughts about future work.



Chapter 2

MIMO Channels, Lattice Code
Designs and Bounded Search
Decoders

This chapter presents system model describing the underlying MIMO
channel model along with the description of encoding and decoding schemes
considered for the rate, reliability and complexity tradeoff studies. In this
dissertation we consider the general setting of delay-limited outage-limited
MIMO communications, where communication takes place between several
transmitting and receiving nodes, where the transmitting nodes generally
do not have substantial information on the forward channel state, whereas
receiving nodes have considerable information about the channels (coherent
communications). This setting captures several pertinent communication sce-
narios in modern wireless communications. These include scenarios of delay-

2| Mobile
H User

FI1GURE 2.1 — Outage-limited channel model - no CSIT

Base

Station

limited data transmission in the absence of channel state information at
the transmitter (no CSIT) as shown in Fig. 2.1, or more importantly sce-
narios that consider quick and high rate communication over the feedback
link of CSIT in a multi-user setting in the absence of channel reciprocity as

19
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shown in Fig. 2.2 | as well as the multi-user interference channel shown in
Fig. 2.3 where interference management solutions require global CSIT, i.e.,
each transmitter is required to have channel state information of all forward
links and even in the presence of channel reciprocity, CSIT required through
feedback scales with the number of users.

Base
Station

F1GURE 2.2 — Mutliuser MIMO downlink : In the absence of reciprocity
each receiver is required to transmit CSIT over feedback link.

Transmitter |1

Transmitter |3
2

Transmitter |3

+| Receiver
K

FIGURE 2.3 — Schematic for multi-user interference channel

The CSIT is meant to communicate large amounts of information (that
naturally scale with the capacity of the channel) at high rate, firstly because
any delays directly reduce the degrees of freedom for the forward channel
communication, and secondly so that the CSIT information does not be-
come obsolete. Furthermore, the presence of multiple users make these delay
limitations more severe because global CSIT need to be shared among all
transmitters and receivers in the network, which scales with the number of
users. Also the presence of multiple users, brings to the fore the need for
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high reliability because effect of erroneous communication of CSIT can carry
through for a substantially long time and may potentially render the outage-
limited feedback link as the reliability bottleneck of the entire transmission.
Thus, the transmission of CSIT over the feedback link in a multi-user setting
asks for reliable communication of large amounts of information at high rate
under the risk of outage from the receiver to the transmitter.

The stringent requirements on delay and high performance can be met
by employing DMT optimal lattice designs (cf. [12-16]) that offer high re-
liability with relatively short delays. Also, for these codes computationally
efficient ML-based sphere decoding solutions can be used to provide a vani-
shing gap to brute force ML performance. The very long coding structures,
such as for example turbo codes [17], polar codes |[18] and low-density parity
check (LDPC) codes [19] known to have excellent performance over different
channels, often fail to meet these stringent delay requirements. Interesting
work on such long codes, as well as their decoding performance and com-
plexity, can be found in [20], see also [21], [22], [23]| and a plethora of other
works.

2.1 Channel model

We consider the general m x n MIMO channel representation given by

y =+pHx +w, (2.1)

where x € R™, y € R® and w € R” respectively denote the transmitted co-
dewords, the received signal vectors, and the additive white Gaussian noise
with unit variance, where the parameter p takes the role of the signal to
noise ratio (SNR), and where the fading matrix H € R™™ " is assumed to
be random, with elements drawn from arbitrary statistical distributions. We
consider that one use of (2.1) corresponds to 7" uses of some underlying
“physical” channel. We further assume the transmitted codewords x to be
uniformly distributed over some codebook X € R™, to be statistically inde-
pendent of the channel H, and to satisfy the power constraint

E{|x|*} < T. (2.2)

We consider the rate,
1
R = T log |X|, (2.3)

in bits per channel use (bpcu), where |X| denotes the cardinality of X.

The model in (2.1) is known to encompass many pertinent communica-
tion scenarios such as quasi-static MIMO, MIMO orthogonal frequency divi-
sion multiplexing (MIMO-OFDM), MIMO automatic repeat request (MIMO-
ARQ), inter symbol interference (ISI) etc. Each of the above models intro-
duces its own structure on H and x, its own error performance limits, and
generally its own requirements on coding and decoding schemes.
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We now proceed to provide few specific MIMO channel models and es-
tablish their equivalence to the system model presented in (2.1).

2.1.1 Quasi-static MIMO

The general np X ng point-to-point quasi-static MIMO channel is given
by

Yo =vpHcXc +We, (2.4)

where X¢ € C"*T Yo € C*"2*T and W € C"2XT represent the trans-
mitted, received and noise signals over a period of T time slots, where the
fading matrix Ho € C"R*™T is assumed to be random, with elements drawn
from arbitrary distribution.

After vectorization the real values representation of (2.4) takes the form

y =+pHx +w, (2.5)
where
Re{Hc} —Im{Hc¢}
— 2nRT><2nTT —
H=Ir®Hpr R ,Hpg Ich} Re{Hc} ,
x = (x{,-- x0T e R?"17T with x; = [Re{X;. 0}, Im{X; 0} 77,
W = (WlT, . ,w%)T e R>"RT with w, = [Re{Wt,c}T,Im{Wt,c}T}T,

y = (yrlrv e 7y%)T € RQnRT with Yt = [Re{Yt,C}Ta Im{Yt,C}T]T7

fort =1,---,T, where X; ¢, Y;c and W, ¢ are t-th column of X¢, W
and Y respectively.

2.1.2 MIMO-orthogonal frequency division multiplexing

A natural extension of the quasi-static MIMO channel is the np X ng
parallel, or MIMO-OFDM channel. In this setting

Yo = pHL XL+ WL, 1=1,-- L, (2.6)
where ch = [xlc’l, e ,xlCLT] e C**T" denotes the complex space-time block

codeword transmitted over the [-th sub-channel in the T time-slots, and
where HZC € C"rXM"R i3 the channel matrix for the [-th sub-channel. Similar
to the flat fading quasi-static channel in (2.4), it is clear by the linearity of
(2.6) that the parallel or MIMO-orthogonal frequency division multiplexing
(MIMO-OFDM) channel can be rewritten according to (2.1).
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2.1.3 MIMO-automatic repeat request (MIMO-ARQ)

Another extension of the quasi-static MIMO channel is ny x ng MIMO
with ARQ signaling. Under ARQ signaling, each message symbol from source
is associated with a unique block [X} X2 ---XZ] of matrices, each X%, €
CrrxT i =1,-.., L, in such a way that it is possible to uniquely decode the
message symbol given [X} X2, .- Xé] for any £ = 1,---, L. For the long-
term static channel model, which assumes that the channel encountered over
the L ARQ rounds are identical received signal Yé after /-th ARQ round is
given by

Yo = JoHeXAO L WY, (=1, L, (2.7)

where XéRQ’e = [X} X2 .- X5 € CrT denotes the complex space-time
block code transmitted over £ rounds, and where Ho € C"EX"T is same as in
(2.4). Again, it is clear by the linearity of (2.7) that the MIMO-ARQ channel
can be rewritten according to (2.1).

Similarly ISI and MIMO-OFDM channels can be rewritten according to
(2.1) as shown in Appendix 2A.

2.2 Encoding

We consider the general class of lattice codes defined by a generator
matriz G and a shaping region R . Specifically for a rate R that scales with
SNR as a function of the multiplexing gain » = R/log p > 0, a (sequence of)
full-rate linear (lattice) code(s) X, is given by

X, =ANR,
where R’ is a compact convex subset of R” that is independent of p, where

—rT

A 2p7w A,

and where

A2{Gs | s € Z"},

where Z" denotes the x dimensional integer lattice, and where G € R™**
is full rank and independent of p. For full-rate code x = min{m,n}. In
our analysis we consider only those lattice designs where generator matrix
G remains fixed for all multiplexing gain values. The vectorized codewords
take the form

x = ,o_TTTGs, scSF2ZFN p%fR, (2.8)

where R C RF is a natural bijection of the shaping region R that pre-
serves the code, and contains the all zero vector 0. For simplicity we consider
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R2[-1, 1] to be a hypercube in R*, although this could be relaxed without
affecting the analysis and the results presented in this dissertation, as long as
the constellation is the same for all s;, ¢ = 1,--- , k. The presented general
definition of lattice codes covers most of the codes in [9,12-16,24-37]. In this
work a specific class of threaded algebraic space times codes [12] is conside-
red to present several closed form expression for complexity exponent over
quasi-static MIMO channels. The cyclic division algebra (cf. [13,25]) ba-
sed threaded (layered) code designs are the only currently known explicit
constructions capable of achieving the DMT for all values of np (ng > nr)
and simultaneously over all » € [0, nyp|. All these codes have a common
threaded (layered) structure. Specifically an d x d threaded code is built
from d component codes mapped cyclically in threads (or layers) to the co-
dewords X. For example, in the special case of quasi-static MIMO channel
with d = nt =T = 4, the thread structure is given by

1 4 3 2
21 4 3
3 21 4
4 3 2 1

where the numbers 1, 2, 3, 4 indicate the thread to which a particular entry
of X belongs. In general, symbol j in thread [ is mapped to [X];, where k =
mod (j —I,d) + 1 and where mod (e,d) denotes the modulo d operation.
In the specific case of perfect codes [15,28], the code takes the form

B,C (1)
lay(X) =6 :
B,C| |s@
where
B, =Diag{ 1,---,1,7,---,v}, fori=0,1,--- ,d—1
——— N —

d—i entries 1 entries
are full rank diagonal matrices incorporating a properly chosen thread-separating
scalar v € C, where C € C%*? is a (unitary) full rank generator matrix for
the component code of each thread, s' € S are the constellation symbols of
thread [, and where lay(X) denotes the matrix to vector operation obtained
by stacking the elements of X according to their thread. In this thesis we
refer to this stacking as thread-wise grouping or layer-preserving ordering.

2.3 Decoding

Combining (2.1) and (2.8) yields the equivalent system model
y =Ms +w, (2.9a)
where Mép%_%HG e R™". (2.9b)
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Let QR = M be the thin QR factorization of the code-channel matrix
M and r £ Qy, then the equivalent system model in (2.9a) is represented
by
r = Rs + Qw,

and the ML decoder for this system takes the form

8y7 = arg min ||r — R3||?, (2.10)
€Sy
where (2.10) is an optimization problem suitable for the sphere decoder.

2.3.1 Sphere decoder (SD)

The sphere decoding algorithm is a branch-and-bound search on a regular
tree. In the settings of coherent delay-limited outage-limited MIMO channels,
SD algorithm complexity fluctuates with the fading channel realizations. In
the worst case the sphere decoder is in essence forced to perform a complete
search over the entire codebook, and its complexity is same as that of the
brute force ML decoder. In the presence of constraints on the computational
reserves that may be allocated to decoding, the algorithm is faced with the
prospect of encountering channel realizations that force it to violate its run-
time constraints, thus having to declare decoding outages that inevitably
increase the error probability. The decoder can regulate the computational
costs and error performance with the proper selection of decoding policies
specifying when to decode and when not to. If a small gap to the optimal
error performance is acceptable then sphere decoder algorithms [2-7,38-48|
have been known to require reduced computational resources. These sphere
decoding solutions can be employed to decode a linear code from real lattices
(cf. [3-5]) or complex lattices (cf. [49]) and allow for efficient optimal or near
optimal decoding of a large number of high rate space-time codes [4,7,41,47].

The detailed descriptions and most implementation issues of the SD al-
gorithm are found in [2] and the semi-tutorial papers [3-5|. In order to intro-
duce notations that will be required for the subsequent complexity analysis
presented in the next chapters, we present important SD algorithm details.

2.3.2 Sphere Decoding Algorithm

As shown in Fig. 2.4 the sphere decoder solves ML problem in (2.10) by
recursively enumerating all lattice vectors § € S’ within a given sphere of
radius € > 0, i.e., it identifies as candidates the vectors § that satisfy

[r — R3|* < &2 (2.11)

The algorithm specifically uses the upper-triangular nature of R to re-
cursively identify partial symbol vectors 8§, k = 1,--- , k, for which

[k — Radel|” < &7, (2.12)
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FIGURE 2.4 — Schematic for sphere decoder with search radius &.

where §; and rj respectively denote the last & components of § and r, and
where Ry denotes the k x k lower-right submatrix of R. Clearly any set of
vectors § € SF, with common last k& components that fail to satisfy (2.12),
may be excluded from the set of candidate vectors that satisfy (2.11).

The enumeration of partial symbol vectors §, is equivalent to the traversal
of a regular tree with x layers — one layer per symbol component of the
symbol vectors, such that layer k corresponds to the kth component of the
transmitted symbol vector I s. A sample tree illustrating lattice points search

in a k = 4 dimensional sphere is shown Fig. 2.5.

FIGURE 2.5 — Sample tree illustrating lattice points search in a kK = 4
dimensional sphere.

There is a one-to-one correspondence between the nodes at layer k and
the partial vectors §;. We say that a node is visited by the sphere decoder if
and only if the corresponding partial vector §j satisfies (2.12), i.e., there is

1. We will henceforth refer to the symbol vector s € S; corresponding to the transmit-
—rT
ted codeword x = p~ = Gs (cf. (3.2)) , simply as the transmitted symbol vector.
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a bijection between the visited nodes at layer k and the set
N é{gk S Sﬁ | Hrk — RkékHz < 52} (2.13)

Consequently the total number of visited nodes (in all layers of the tree) is
given by

K
Nsp :ZNk’ (2]‘4)
k=1

where Nj, = |Ng| is the number of visited nodes at layer k of the search tree.

Complexity of sphere decoder

The total number of visited nodes (that scales polynomially with p) is
commonly taken as a measure of the sphere decoder complexity ( [3,5,7]). It
is easy to show that in the scale of interest the SD complexity exponent c(r)
would not change if instead of considering the number of visited nodes, we
considered the number of flops spent by the decoder. To see this, we consider
that the cost of visiting a node, is independent of p. Once at a visited node,
this same bounded cost includes the cost of establishing which children-nodes
not to visit in the next layer.

The sphere decoder complexity (i.e., the number of visited nodes) is a
random variable with a distribution that depends on a number of parame-
ters, e.g., the system dimensions, the SNR, the transmission rate, the code
generator matrix, and the search radius. This randomness must be consi-
dered when properly analyzing the sphere decoder complexity, unless one
resorts to a worst-case analysis, which can be same as that of the brute force
ML decoder and is unnecessarily pessimistic. In the next chapter we will des-
cribe decoding policies that take into account this randomness to estimates
computational reserves required by SD algorithm to achieve vanishing gap
to ML performance.

Sphere decoder search radius

The search radius of the sphere decoder affects both its error performance
as well as the total number of visited nodes by the sphere decoder. In choosing
this radius, we note that for the transmitted symbol vector s, the metric in
(2.10) satisfies

I — Rs||* = |Qw]]?,

which means that if |QYw]|| > &, then the transmitted symbol vector is
excluded from the search, resulting in a decoding error. For £ = \/zlogp it
can be shown that

P(IQw]? > ¢?) = p,
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We can set £ = y/zlog p, for some z > d(r) such that
P (IQ%w|?* > &%) < p),

which implies a vanishing probability of excluding the transmitted informa-
tion vector from the search, and a vanishing degradation of performance. If
instead of fixed radius, we considered adaptive radius updates, the resulting
complexity exponent would be the same (cf. [7]).

Decoding order policies

A sphere decoder can employ different decoding ordering policies, i.e.,
fixed decoding ordering and dynamic decoding ordering. The sphere deco-
der implementation with dynamic decoding ordering offers the possibility
to choose specific set of column permutation matrices that minimize the
complexity exponent of the sphere decoder by minimizing number of nodes
visited by the sphere decoding algorithm for each channel realization. A par-
ticular decoding order is obtained by permuting the columns of generator
matrix G, i.e., replacing G with GII where IT € R*** is a permutation ma-
trix. Note that choosing a different permutation matrix does not change the
underlying code. Instead, the effect such a permutation would have is that
it would change the order in which the symbols in s are enumerated by the
sphere decoder. For fixed decoding ordering the column permutation matrix
IT remains fixed for the entire duration of communication. The special case
of IT =1 is the natural decoding ordering for any given code. For the case of
layered codes (cf. [50], [15], [14], etc.), another set of decoding orderings will
be those that preserve the layered structure of the codes.

For dynamic decoding orderings the column permutation matrix IT is
channel dependent and changes dynamically with the channel realizations.

Appendix 2A : Inter-symbol-interference (ISI) chan-
nel model

From multi-path to OFDM

Consider the L tap SISO frequency selective channel {hg,--- ,hr—1} and
consider N, symbols x = [xg, 21, ,xn.—1]. Let

z=F'x=[z2,21,,2N.-1],

where F~! denotes the N, -point inverse DFT (modulation step). Add cyclic
prefix to get

U= [ZN,—L+41, ZN—c—L+2: """ » ZNo—1, 205 215" " » ZNe—1)s
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N, > L, N, < co. Transmit u sequentially in time. The received signal is

L—1
m = \/ﬁz hlumfl + Wiy,

=0
After ignoring the first L symbols (guard-band), we have
aTNC+L71]}fVC><1a

m=1— N.+L—1.

r= [TL7TL+17 T

. 1
W = (WL, WL i1, s WNeA L1y, 10

and
r=./ph*xz+w,
where * denotes circular convolution. Proceed to take the N.-point DFT to
get
y =Fr,
— /pF(h+2) + W,

where w = F'w. Let

20
~ <1
z:=DFT(z)=F -z= : ,

ZN.—1

where F' is the N.-point DFT matrix, and where

N.—1
Zj = Z zmexp(—21mm/N.), 7 =0,..,N.—
\ﬁ
Hence _
DFT h & Z =\ DFT T( )j = hjgj,

where ﬁj = \/—N—C Zm:Ol hmexp(—2z7rm/Nc), J

yj = \/ph;Z; + W5, j=0,..,N.—1,
ie.,
Y1 hy N Z1 (G
v2 | _ Y ho 2:2 N uf2
YN, ENC 2N, W,
P}rc

Thus,
y:ﬁHCz+ﬁ:ﬁHOFZ+W ﬁch—l—\Xl,

which can be rewritten according to (2.1).

= /pHcFF 'x + W =
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From MIMO-ISI to MIMO-OFDM

Consider the np xnp L-tap MIMO channel {Gy, - ,Gr—1},and N. > L
tones. Let n := npN.. Let x(k) be the n x 1 vector corresponding to
the kth time slot, and let z'(k) := (F~' ® I,,,)x(k) € R" come from
tone modulation. After adding cyclic prefix, we get u'(k) = A7z/(k) €

R(L-‘(‘Nc)nt’ where A]. = <|: 0 I IL :| ®IHT> c R(L‘i‘Nc)nTXNch, Se-
Ne

cR(L+N¢)xNe
quentially transmit (L + N.) times, the np-tuples (in space) of u’(k). The
received signal is r'(k) = \/pG'u'(k) + v/'(k) + Gigu'(k — 1), where G’ :=

is a Toeplitz matrix. Let r(k) = Aar'(k),

I GLi - Gy |
denote the action of nulling/dropping the first L np-tuples of r'(k), where

Ay = ([ On.xr. In, ] ® InR). Proceed to take the N .-point DFT to get

y(k) = (F&lIn)r(k),
(F ® Ing)Aox' (k)
= Vp(F®I,,)AG'U (k) + (F®I,,)Asv'(k),
= Vp(F®I,,)AG A7 (k) + (F @ I,,,,) Aav'(k),
= \/ﬁ(F®IHR)AQG/Al(F(X)InR)X(k)+(F®IHR)A2vl(k)‘

Given that A3G’A; is circulant, and given that left-right DFT, IDFT dia-
gonalizes circulant matrices, we get

H(O)nR Xnr

y(k) = x(k) + v (k),
H(NC - 1)nR><nT

Hc

where Ho = (F®I,,)A2G' A1 (F®I,,) and where v(k) = (FQI,,)A2v'(k).
For k=1 — T, it takes the form
y(1) x(1) v(1)
: =Vp(Hc @ Ir) : + : ;
y(T) x(T) v(T)

which can be easily rewritten according to (2.1).



Chapter 3

Complexity of Maximum
Likelihood Decoding

3.1 Introduction

The purpose of this chapter is two-fold. The first task is to extend the
scope of the complexity analysis in previous work (cf. [7]), to a very broad set-
ting of lattice designs, decoding policies and fading statistics. This extension
is important in further exposition. The second task is to provide meaningful
rate-reliability-complexity measures and tradeoffs. The mathematical expo-
sition is for the general MIMO case, and the single-letter expressions are
derived for the quasi-static MIMO channel. All the results hold for ML-
based decoding, and the algorithmic analysis considers the efficient family of
ML-based sphere decoding algorithms. The derived complexity exponents of
these algorithms describe the sufficient, and in many cases necessary, com-
putational resources required for ML based SD to achieve either a specific
DMT performance, or to achieve a vanishing gap to (full) ML.

Before proceeding with the analysis, we note that the choice of lattice
designs and fading statistics may conceivably play a crucial role in defining
the complexity behavior of different decoders. Another aspect that could have
substantial complexity ramification is that of the sphere decoding ordering
policies. We here provide universal upper bounds on complexity that hold
irrespective of such choices on lattice designs, fading statistics and decoding
ordering policies. We then proceed to establish the tightness of these bounds
in a very broad setting (of designs, statistics, and ordering policies). Even
though this tightness appears in a very broad setting, it still remains to
be shown whether any of these choices can in fact substantially reduce the

31



32 Chapter 3 Complexity of Maximum Likelihood Decoding

complexity behavior.
We consider the general m x n point-to-point MIMO channel, which can
be represented as

y =+pHx +w, (3.1)

where x € R, y € R" and w € R" respectively denote the transmitted
codewords, the received signal vectors, and the additive white Gaussian noise
with unit variance, where p denotes the signal to noise ratio (SNR), and
where the fading matrix H € R™"*™ is assumed to be random, with elements
drawn from arbitrary statistical distributions.

For the lattice codes described in the previous chapter, the codewords
take the form

X = piTTT Gs, seSF2z"n p%ﬂz, (3.2)

where R C RF is a natural bijection of the shaping region R  that pre-
serves the code, and contains the all zero vector 0. For simplicity we consi-
der R=[—1, 1] to be a hypercube in R, although this could be relaxed.
Combining (3.1) and (3.2) yields the equivalent system model

y =Ms +w, (3.3a)

T

where M2p2~ % HG € R™*. (3.3b)

Let QR = M be the thin QR factorization of the code-channel matrix
M and r 2 Qy, then the equivalent system model in (3.3a) is represented
by
r=Rs+ Qllw,

and the ML decoder for this system takes the form
8z = argmin ||r — R8|?, (3.4)
sesk
which is then solved by the sphere decoder which recursively enumerates all

candidate vectors § € SI' within a given search sphere of radius £ > 0. We
can set a fixed search radius & = /zlog p for some z > d(r) such that

P (IQ%w|? > €%) < p=i), (3.5)
which implies a vanishing probability of excluding the transmitted informa-
tion vector from the search.

Rate-reliability-complexity tradeoff

In the high SNR regime, a given encoder X, and decoder D, are said to
achieve a multiplexing gain r and diversity gain dp(r) if (cf. [51])
R(p)

lim =, and — lim
p—oo log p

= dp(r) (3.6)
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where P. denotes the probability of codeword error with a ML-based sphere
decoder D, employing time-out policies.

As stated before for Nyax denoting the amount of computational reserves,
in floating point operations (flops) per T' channel uses, that the transceiver
is endowed with, the complexity exponent then takes the form
108 Ninax

c(r) ;== lim

7
p—oo  logp (3.7)

In order to establish the complexity exponent (¢(r)) that describes the
computational resources required to achieve a vanishing gap to brute force
ML performance we quantify, in the high SNR regime, the ML-based SD the
error performance gap as

gc)= lim ——— =1, (3.8)

where P (8377, # s) = p~%") describes the error probability of the brute force
ML decoder.

Now we proceed to identify the amount of computational reserves requi-
red to achieve a vanishing gap to the brute force ML performance. While
this issue was first addressed and partially answered in |7] for the specific
settings of i.i.d. Rayleigh fading quasi-static channels with specific chan-
nel dimensions, specific codes, and specific permutation orderings, we here
provide answers for the most general MIMO settings, i.e., all fading distri-
butions from rational numbers, all channel dimensions, all MIMO scenarios
and all full-rate and below-full-rate lattice codes. After that Section 3.3 will
present the joint reliability-complexity measure that can be used to compare
worth of encoding-decoding policies, and Section 3.4 presents rate-reliability-
complexity tradeoff for ML-based decoders.

3.2 Complexity analysis ML-based sphere decoding

As discussed in the previous chapter the total number of visited nodes is
commonly taken as a measure of the sphere decoder complexity. We recall
that the total number of visited nodes (in all layers of the tree) is given by

K
Nsp = ZNka (3.9)
=1

where Nj denotes the number of visited nodes at layer k that corresponds
to the kth component of the transmitted symbol vector s and is given by
N 2 |Ng| where

Ne2{8, €S} | |re — Ri8yl < €}
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Before proceeding further we want to clarify that the analysis presented
here is specific to sphere decoding, and that it does not account for any other
ML based solutions that could, under some (arguably rare) circumstances,
be more efficient. A classical example of such rare circumstances would be a
MIMO scenario, or equivalently a set of fade statistics, that always generate
diagonal channel matrices. Another example would be having codes drawn
from orthogonal designs which introduce very small decoding complexity,
but which are provably shown to be highly suboptimal except for very few
unique cases like the 2 x 1 quasi-static MIMO case [52]. 1

3.2.1 Complexity for vanishing gap to ML performance

We are interested in the ML-based SD complexity required to achieve a
vanishing performance gap to brute force ML. We recall that a ML-based SD
with run-time constraints, in addition to making the ML errors (8577 # s),
also makes errors when the run-time limit of p* flops for > ¢(r) becomes
active, as well as when the fixed search radius £ causes N, = (). Consequently
the corresponding performance gap to the brute force ML decoder, takes the
form (cf. (3.8))

P ({8 Nsp > p* N, =
o0 — tim B # U (Nsp > 97} U (N = 0)
p—>0 P (SML 75 S)
To bound the above gap, we apply the union bound along with the fact that
(see Section 2.3.2)

P (N =0) <P (IQ"w| >¢),
to get that
. P(Bumr #5)+P (Nsp > p") + P (I|Q"w]|| > ¢)
g(x) < lim -
p—00 P (SML 75 S)

We recall that we set the search radius £ = y/zlog p, for some z > d(r) such
that P (|| Qfw]| > &) < p~") it then follows that

P > ¢)

im =
p—oo P (SML 75 S)

(3.10)

= 0. (3.11)

1. Conjecture : We here conjecture that for a nr X nr quasi-static MIMO, in the limit
of a large number nr of transmit antennas, and given encoding drawn from orthogonal
designs, the complexity of ML decoding one degree of freedom scales exponentially with
at least nr /2. This conjecture is supported by the fact that, as nr increases, orthogonal
designs maximally allow for 1/2 degrees of freedom, at a delay of T = O(2"7/?) (cf. [52]),
and by the fact that square orthogonal designs with 1" =~ nr, allow for approximately
loi% degrees of freedom, at a decoding complexity that scales as O(nr). We remind the
reader that the number of degrees of freedom is, in our setting, generally equal to x/2T", or
equivalently equal to the maximum achievable multiplexing gain that allows for positive
diversity gain. To put the above conjecture in perspective, we note that for brute force ML
decoding, in the presence of uncoded (V-BLAST, T' = 1) BPSK symbols (nr of them),
the complexity required per one degree of freedom scales as O(2"T).
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Thus a vanishing gap to the brute force ML decoding (g(x) = 1) requires
that
tim EWVsp 2 p*)
im — ==

=0.
p—oo P (8pr # 8)

Now going back to (3.7), and having in mind appropriate timeout poli-
cies that guarantee a vanishing gap, the complexity exponent ¢(r) can be
bounded as ¢(r) < ¢(r) < ¢(r), where

log P (Nsp > p*)

c(r)=inf{x | — plLrgo og p > d(r)}, and (3.12a)
log P (Nsp > p°
o(r)£supfe | — lim o8 (1021; 20 . (3.12b)

We note that ¢(r) in (3.12a) denotes a sufficient condition that guarantee
a vanishing performance gap to optimal performance, while ¢(r) in (3.12b)
denotes a necessary condition for a vanishing gap to optimal performance.

3.2.2 Complexity for fixed decoding order

In this section we consider ML-based SD employing fixed decoding order.
We first establish an upper bound that holds irrespective of the any fixed
or dynamically changing decoding order and then provide a lower bound
that matches this upper bound for any fixed decoding order. The complexity
results presented here are valid for all channel dimensions and for all-rate
lattice codes. For simplicity of analysis without loss of any generality? we

consider the case of m < n and k = m. We define p; = —%, =
1,---,m, where o;(H”H) denotes i-th singular value of the channel matrix
HH. It follows that
o0i(R) = 0;(M),
1_:T
> p2 = Umin(G)U(i)(H))7
= p tallom) =1 g, (3.13)

2. For the considered case n > m and full-rate codes (k = m), generator matrix G €
R™*™ is full-rank and square matrix, but for n < m and full-rate codes (k = n), generator
matrix G is full-rank but not a square matrix. In order to have uniformity in analysis, for
the case of n < m, we can substitute G with a new generator matrix G = UTG € R™*"
which is full-rank and square matrix, and where U € R™*" has orthogonal columns, this
substitution results in a new channel mzlxtr'% H=HU € I@ZX" such thatlth:eTcgdg—channel
matrix remains unaltered, i.e., Mls = p2~ = HGs = p2~ = HUGs = p2~ = HGs. As no
explicit assumption is made regarding the fading distribution of H, the complexity analysis
and results will directly apply for n < m with new matrices H and G. The analysis for
the below-full-rate code (k < min{m,n}) can be handled by making similar substitutions.
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where the asymptotic equality is due to the fact that oy, (G) = p°. We
recall from (3.9) that the total number of the visited nodes for any given
channel realization p = (u1,- - , ) takes the form

Nsp(p) = Ni(w),
k=1

where from |7, Lemma 1]

k
2& rT
Ni(p) < [\/Eﬂnin — == Wkp= ).
=11 Gy 2V ™)
From the interlacing property of singular values of sub-matrices [53] we have
that o;(Rg) > 0;(R). It follows that

rT

Njo(p) < pimamin (5 =0=p)50) "

Consequently, we have that

Ngp(p) épz?:l min(%_%(l_“i)’%)Jr (3.14)

Now let
J (.I‘) p‘| §K :IIliIl 21 (1 :u) > (3 15)
i=1 v | |

and note that for any y < z, then (3.14) and p ¢ T(y) jointly imply that
Ngp < p*, which in turn implies that P (p ¢ T(y)) < P (Ngp < p*) and
consequently that P (u € T(z)) > P(Ngp > p*). Thus for any y < z it
follows that

logP (Ngp > p* logP

ogP (Nsp 2 p*) . logP(peT(y)

— lim >
p—00 log p p—00 log p

(3.16)

In evaluating the right hand side of (3.16) we note that T(y) is a closed set
and thus, applying the large deviation principle (cf. [8]), we have that

logP (p € T(y))

— lim > inf I(w), 3.17
p—0 log p T HET(Y) (k) (3.17)
where g2 (pu1, -, u,) satisfies the large deviation principle with rate func-

tion I(p). Consequently from (3.16) and (3.17), it follows that

. logP (Nsp 2 p") _ .
— 1 > f I(p). 3.18
T T oge 2 iy T 19
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This lower bound specified in (3.18) holds for any y < z. Consequently to
get the tightest possible bound, we need to find sup, ., inf,cqq,) [(p). As
inf,cq(,) [ (1) is non-decreasing and left-continuous in y, it follows that

sup inf [ = inf I(w).
y<€ﬂ€7(y) () HET () ()

Consequently, it follows that

. logP (Nsp > p") _ .
—1 > inf I(p), 3.19
e P = it ) (3.19)

which in conjunction with (3.12a) gives that

elr) < &(r) 2int(x] inf 1) > d(r)},

:sup{x| inf I(H) < d(T)},
HET()

= max{z| “érc}{x)f(p,) <d(r)}, (3.20)

where the above follows from the aforementioned fact that — lim MP(QIM
pP—00 &P

(and by extension also inf,,cq(,) I(p)) is continuous and nondecreasing in z,
and from the fact that T(x) is a closed set. Consequently ¢&(r) takes the form

é(r) 2 max x (3.21a)
H
= v 1 rT\ "
. in(— —=(1—pw),— ) >u=, 3.21b
s ;mm< T s ) e (3.21b)
I(p) < d(r), (3.21¢)
1> > e > 0. (3.21d)

Furthermore since T(x) is a closed set, the maximum z in (3.21) must be
such that (3.21b) is satisfied with equality, in which case the upper bound
¢(r) can be obtained as the solution to a constrained maximization problem
according to

This results in following theorem
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Theorem 1. The complexity exponent of sphere decoding any full-rate lattice
code at d(r) is upper bounded, irrespective of the fading statistics and fized
or dynamically changing decoding orderings, as c(r) < ¢(r) where

- T 1 T\ "
&(r) £ max min (T — —(1 — wi), T> (3.22a)
woo ko2 K
s.t. I(p) <d(r), (3.22Db)
pr = > e > 0, (3.22¢)

Let d(r) = dy, be the optimal DMT of uninterrupted ML decoding of
the specific (potentially suboptimal) code. Then we have the following

Corollary 1la. The complezity exponent of achieving a vanishing gap to
optimal ML is upper bounded as

o (T 1 rT\ "
S 1w, 3.23
é(r) max ; min ( - 2( 5 - > (3.23a)
st I(p) < dy(r), (3.23b)
fin > > i >0, (3.23¢)

wrrespective of the full-rate code, the channel statistics and the ordering poli-
cles.

The above holds directly from Theorem 1.

Lower Bound on Complexity

In this section we establish that ¢(r) = é(r), i.e., the sphere decoder visits
a total number of nodes that is close to p®") with a probability that is large
compared to the probability of decoding error P (8,7, # s) = p~4").

For p* = (puf, -+, uk) being one of the maximizing vectors such that
I(p*) = d(r), the upper bound takes the form

&r) = imin <f - %(1 — ), ZT>+

Furthermore given the monotonicity of the rate function I(u), and the fact
that the objective function in (3.22) does not increase in p; beyond u; = 1,
we may also assume without loss of generality that p; <1fori=1,--- k.
It then follows that

=3 (L -y -u) (3.24)
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We let g € [1, k] be the largest integer for which % — %(1 — 1) > 0, in which
case (3.24) takes the form

=3 (L - 1a-u). (3.25)

i=1

We quickly note that without loss of generality we can assume that ¢ > 1
as otherwise ¢(r) = ¢(r) = 0. Consequently it is the case that p > 0 for
i=1,---,q.

We proceed to define three events €21, 29 and 23 which we will prove to
be jointly sufficient so that the total number of nodes visited by the sphere
decoder, employing a channel dependent fixed decoding order, is close to
pf() These events are given by

D&l —20 < <pl—08,j=1,--,q

. (3.26)
O<p; <di=q+1, - Kk},

for a given small § > 0,

02 {|[w]? <€} (3.27)

1 rr
g@é{mw<zp~}. (3.28)

Note also that by choosing 4 sufficiently small, and using the fact that p; > 0
fori=1,---,q, we may without loss of generality assume that €2y implies
that u; >0 foralli=1,--- |k

We begin the proof by first showing that in the presence of events 21, 2o
and €3 we can remove the boundary constraints of ML-based SD in (3.4),
which allows us to lower bound on the number of nodes visited at layer k as
(cf. [7, Lemma 1|)

N
NpH[m —Vk| . (3.29)

For boundary removal we let %, € S¥ be an arbitrary point in the k-
dimensional infinite constellation that satisfies the sphere constraint at layer
k, i.e.

e — Ryl < €. (3.30)

Note that rp = Rpsyp + wj, where s, denotes the last k& components of
the transmitted sysmbol vector s € S and where wy denotes the last k
components of Q7w It follows that

v — Ri8g|| =||Ri(sk — 8k) + wil[,
>01(Ri) || 8k — sw)l| — Wl
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substituting this back in (3.30) implies that

1
m(f + [[will) + lIskll- (3.31)

From (3.13), (3.26) and fact that uj <1 it further follows that

18% 1 <

o1(Ry) > o1 (R) > p~ % 73
As € = p¥ and ||wi|| < |QFw]| < € (cf. (3.27)) it follows that

1 < T
K

Sy € I <

[SI%)

Also from (3.28), ||sk|| < |Is]| < %p%, substituting this in (3.31) gives that

R T
18k]] < o=

This implies that %5 € SF. Thus, any integer point that satisfies the sphere
constraint must also belong to the constellation and it allows for the removal
of the boundary constraints of ML-based SD in (3.4).

In the following, and up until (3.41), we will work toward upper bounding
oi(Ry) for the case of ¢ € [1, k—1], the case of ¢ = k is treated separately later
on. Towards this we first consider a Greedy QR decomposition (cf. [11]) of
M resulting in a column permutation matrix IT such that MII = QR where
II = II; - - - II, and unitary matrix Q Q1 Qp is obtained by applying
p (p2 Kk — q) recursive steps of Greedy QR decomposition. The diagonal
elements of R satisfy 711 > -+ > 7pp. Let M), € R™P contains the first p
columns of MII. It then follows that

M,, £ MII, = QR,, (3.32)

where, IT, and f{p denote the sub matrices consisting of the first p columns
of IT and R respectively. Now let R, be the p X p upper triangular matrix
consisting of the first p rows of R, then we get that

(M|pM|p) = Ji(RgflRp)7 L= 17 D

For RII){ R,, having diagonal entries P> > rgp and singular values

o1 (RIR,) < -+ < 0p(RYR,), from [54, Theorem 2.3] we have that

k k
H iSH op-iv1i(RIR,), k=1,---,p.

Consequently, it follows that

2 K
17 <I]op-innMfiM,), E=1,-- p. (3.33)
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From [11, Lemma 4.3| regarding the Greedy QR decomposition, we have that

2 Or—ktl (MHAM)

k: 1 DRI
Ly  — k’+ 1 ) ) » Dy
and it follows that
Ok— 7,+1 M M) -
Hn—H k—i4+1 ) k_la"')p- (334)

From (3.33) and (3.34) we have that

Ok— H—IM M)
Hop i1 (M M) >H e k=1

Consequently, using [53, Theorem 4.3.15] which gives that 0,41 (Mg M) <

0r_ps1(MHPM), it can be shown recursively that

k
1
pktt (MpMy) > 0ot (MIM) [[———= k=1, .p. (335)
=1

Now using (3.35) along with the fact that o, k+1(M|pM\p) < Oy (MAM),

E=1,---,p (cf. [63, Theorem 4.3.15]), we have that
O'p—k—&-l(MgM\p) = 01l (MIM), k=1,---p.
Consequently, for k£ = p it follows that
o1(M[IM,) = o411 (M7TM), (3.36)

where we have used the fact that ¢ = x — p. Recalling that o1(M7M) <
0 (MHPM), we have that

1 (M{IM},) >0;(MPM) for i=1,---,q. (3.37)

The above inequality allows us to apply Lemma 3 from [7]|, which in turn
gives that

o (M)

(R < {UM) n 1] oi(M) = [UW(M)

(M, + 1] i (M), (3.38)

fori=1,---,q, where exponential equality follows from (3.36). From (3.13)
we have that

oi(M) = p e talom) =1 (3.39)
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Furthermore (3.26) gives that

oi(M) <p e () for = 1,---,4q, (3.40a)
0x(M) Lp~ % F3(mme) < p3= i (3.40D)

ogr1(M) =p 45 (1-pgt1) >p’7 3(1-6) (3.40¢)

)
Substituting (3.40) in (3.38) gives that
oi(Ry) Sp*%JF%‘”%(l*uf), i=1,-,q. (3.41)
Consequently, going back to (3.29), we have that
2¢ . (rT_ 35 1 *
_ \f S (i —30-30-m)), 3.42
Vhor(Ry) >p (3.42)

As a result, for k = ¢ with ¢ € [1, k — 1] we have that
N, > p(25:1 (F—30-p)-3a0) _ p(é(’")—%qfs)’ (3.43)

where the last equality follows from (3.25). For the case of ¢ = &, from (3.29)
and (3.40a) we have that

N, > pZi (W =0-30-0)) = p(er)—rd), (3.44)

Consequently for ¢ € [1, ] we have that Ngp > p® =K% for small § > 0,
where K € {2q, r}.

We note that (3.26)-(3.28) jointly imply that Ngp > p¢) =59 For some
8 & K6+ 61, where 6 > §; > 0, it follows that

P (NSD > pff(’")*‘s’) >P (0 NQNQs) = P(Q), (3.45)

where exponential equality follows from the independence of the events €2y,
Qs and Q3 and from the fact that P (Q2) = p° (cf.(3.5)) and P (923) = p°.
For any r > 0 in which case the the subset of the constellation defined by
(3 contains an asymptotically deterministic and strictly positive fraction of
the full constellation. With €2; being an open set, we have that

- S < 1) = 10) < 100) = ). (.6)

where fi = {u7 —26 -+, puy —26,0,---,0}, where the last inequality follows
from the monotonicity of the rate function I(u) and where the last equality
follows from the fact that, by definition, I(p*) = d(r).

Consequently (3.45) and (3.46) along with the definition of the lower
bound in (3.12b) imply that ¢(r) = &(r), for arbitrarily small 6 > 0. The fol-
lowing proposition directly holds corresponding to a vanishing performance

gap.
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Proposition 1. Irrespective of channel fading statistics and of the full-rate
code applied, for every realization of channel there exists a channel dependent
column permutation matriz IL such that the ML-based sphere decoder with
decoding order II has the complexity exponent c¢(r) = ¢(r) where

- T 1 T\ "
¢(r) =max » min (T — =1 — pi), T) (3.47a)
B K2 K
s.t. I(p) <d(r), (3.47b)
pr = 2 e 2> 0. (3.47¢)

This proposition also establishes that ¢(r) is the tightest upper bound
that can hold for any full-rate code and ML-based sphere decoder with fixed
decoding order. To show the dependence of IT on M, we henceforth use
IT,; instead of II. Under the assumption that each column permutation ma-
trix ’appears’ with non-zero probability, then for every column permutation
matrix IT, € R**® we have that P (ITy; = IT,) = p", where probability
is taken over random M. Then the following theorem is a consequence of
Proposition 1.

Theorem 2. For any full-rate code and fading distribution such that
P (Il =11,) > € V Il for some € > 0, the SD complezity exponent is
c(r) = é(r) for any fized decoding order.

After establishing complexity exponent for the general MIMO case, in the
following we consider the specific case of quasi-static MIMO channels and
derive the single-letter expressions for complexity exponent for decoding over
the quasi-static MIMO channels.

3.2.3 Quasi-static MIMO with fixed decoding order
Complexity upper bound

Recalling the equivalence of quasi-static MIMO channel and general MIMO
from Section 2.1.1 and transitioning to the specific case of the ny X np
(nr > nr) quasi-static point-to-point MIMO channel (with 7" uses over chan-
nel Ho € C"r*"7) where now p denotes the (asymptotics of) the singular

A log o (HgHC)

values of H¢, i.e., u; = —Togp j=1,---,np, where p; > -+ > i,

and where p=(juy, -+, piny) satisfy the large deviation principle with rate
function I(p), the following holds directly from Theorem 1.

Theorem 3. The SD complezity exponent of achieving a diversity gain d(r)



44 Chapter 3 Complexity of Maximum Likelihood Decoding

18 upper bounded as

nr +
Couasi(r) Zmax T min (r — (1 — i), 7«> 3.48a
quasi(T) p ]z; nr ( 145) T ( )
st I(p) <d(r), (3.48b)

LS 2 g 20, (3.48¢)

wrrespective of the full rate lattice code.

Furthermore it is worth noting that, directly from Proposition 1, we know
that irrespective of the fading statistics and of the full-rate code, there exists
a fixed decoding order for which the above universal upper bound is tight.

From Theorem 3 we can now establish a universal upper bound on the
complexity to achieve the DMT optimal performance d*(r) of the np x ng
(nr < ng) MIMO channel.

Theorem 4. The SD complexity exponent of achieving the optimal DMT
d*(r) is upper bounded as

c(r) <e(r) = 73; (r(nT —|r]=1)+ (np|r] —r(np — 1))+) , (3.49)

where ¢(r) is a piecewise linear function that, for integer values of r, takes

the form

T
é(r)y=—r(np—r), r=0,1,--- np.
nr

This holds for any set of fading statistics, all DMT optimal full rate code
designs, and for any decoding order policy.

The proof for this theorem is given in Appendix 3A.

Universal upper bound

Furthermore we can see from (3.48) that, regardless of the fading statis-
tics and the corresponding I(u), the upper bound on complexity exponent is
non-decreasing in d(r) and is hence maximized when d(r) is itself maximized,
i.e., it is maximized in the presence of DMT optimal encoding and decoding.
Combining it with the fact that the corresponding maximization problem in
(3.48) does not depend on the fading distribution, other than the natural
fact that its tail must vanish exponentially fast. The following corollary then
holds for all full-rate codes.

Corollary 4a. For ny x ngr (nr > nr) quasi-static MIMO channel, the SD
complexity exponent is upper bounded as in Theorem 4 for any full rate code,
all fading statistics and all decoding order policies. This takes the form

e(r) <é(r) = 73; (r(nT —|r] =1+ (np |r] —r(ny — 1))*) i (3.50)
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which, for integer r, simplifies to

T
—r(np —r), r=0,1,--- ,np.
nr
This is the tightest upper bound that can hold for all (full-rate) codes
and fading statistics (cf. Proposition 1).

SISO and SIMO systems

Corollary 4b. For quasi-static SISO and SIMO systems, irrespective of the
fading statistics and given any full-rate code of arbitrary DMT performance,
the ML-based sphere decoder has zero complexity exponent.

This corollary follows directly from the universal upper bound as a special
case for np = 1.

Tightness of complexity upper bound

For quasi-static MIMO channels following theorem holds directly from
Theorem 2 which describes complexity exponent for decoding over general
MIMO channels.

Theorem 5. For np X ng (ng > nr) quasi-static MIMO channel with any
full-rate code and fading distribution such that P (IIy; =11,) > € V Tl
for some € > 0, the complexity exponent of the ML-based sphere decoder with
any fized decoding order is given by

s r r\ 7"
wasi(r) = max TS “min | — — (1 — u;), — 3.51
Cquasi(T) max ;mm (nT (1 — py) nT) (3.51a)
st I(p) <d(r), (3.51b)
1 > > gy > 0. (3.51c¢)

Complexity for DMT optimal codes

Corollary 5a. For np X ng (ng > nr) quasi-static MIMO channel with
DMT optimal codes, the complexity exponent for ML-based SD with fized
decoding order takes the form

T
Cnpxnn(T) = T [r(ne = |r] = 1) + (ng [r] —=r(ne = 1)T],  (3.52)
which is a piece-wise linear function that, for integer values of multiplexing
gain 1, takes the form

Cnpxng (1) = Er(nT —r), forr=0,1,--- np.
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This corollary follows directly from universal upper bound and Theorem 5
and holds under the same settings as described in Theorem 5.

Example 3. For the specific case of decoding threaded minimum delay (T =
ny) DMT optimal codes over ny X ng (ng > ny) MIMO, the complexity
exponent takes the form

Cnpxng (1) = r(nr = |r] = 1) + (nr [r] = r(ne = 1))7,

which again is a piece-wise linear function that, for integer values of multi-
plexing gain 7, takes the form

Cnpxng(r) =r(np —1), forr=20,1,--- np.

The Fig 3.1 describes the complexity exponents that are needed by the 2 x 2
(np =T =2) and 3 x3 (np =T = 3) threaded minimum delay codes to
achieve the optimal DMT.

Complexity performance for threaded minimum delay DMT optimal codes

e B =
s o —n;=2
18f s SN
\ ’ =
K . ' | s
. S 0y
v N ¥ q
’ e v
. \

Complexity exponent c(r)

0 05 1 15 2 25 3
Multiplexing Gain (r)

FIGURE 3.1 — The complexity exponent ¢(r) for decoding threaded
minimum delay DMT optimal codes over np x ng (ng > nyp) MIMO

V-BLAST

Corollary 5b. For n x n i.i.d. Rayleigh MIMO channel with V-BLAST,
the complexity exponent for ML-based SD with fived decoding order takes the
form

2 +
+<T nor—((vn-r)) ) . (3.53)

——1+4
n 2 L\/n - TJ +1
The proof for this corollary is given in Appendix 3B. For example, the

complexity exponent that is needed to achieve the optimal DMT for V-
BLAST over n x n i.i.d. Rayleigh channel for n = 2, 3,4 is shown in Fig 3.2.
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Complexity performance for V-BLAST
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FIGURE 3.2 — The complexity exponent ¢(r) for decoding V-BLAST over
n x n ii.d. Rayleigh channel

MISO systems

Proposition 2. The minimum, over all lattice designs and halting and deco-
ding order policies, complexity exponent c(r) required by ML-based decoding
to achieve the optimal DMT of np x 1 MISO channel, is upper bounded as

(1) < Cmiso(r) = [r(ng — [ner] — 1) + ([npr] — r(ne — 1)) %],

which is a piece-wise linear function that, for r = 0, %, -+, 1, takes the form

Crmiso(T) = npr(1 —r).

The proof for this proposition is given in Appendix 3C. The comparison of
the MISO complexity exponent upper bound with the complexity exponent
for np xng (ng > nr) quasi-static MIMO channel with DMT optimal codes
in (3.52) reveals that

Cnpxng (NTT)

6m'iso("ﬂ) = nr

For example, the upper bound on complexity exponent for decoding over
ny x 1 MISO for np = 2,3 is shown in Fig 3.3.

3.2.4 Complexity for dynamically changing decoding order

In the previous section we established complexity requirements for the
fixed decoding order implementation of SD. It turns out that for the fixed
decoding order implementation, the complexity exponent meets the univer-
sal upper bound. A natural improvement can be a sphere decoder employing
dynamically changing decoding orders. In this section we wish to quantify
the advantages, if any, of using dynamically changing decoding order imple-
mentations.
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Complexity exponent for nrx1 MISO System
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FIGURE 3.3 — The complexity exponent ¢(r) for decoding diagonal DMT
optimal codes over np x 1 MISO

The results of analysis presented in this section establish that for any
randomly picked lattice code (randomly and uniformly drawn from an en-
semble of lattice designs), irrespective of the fixed or dynamically changing
decoding order, the complexity exponent of the ML-based sphere decoder
almost surely, in the choice of the lattice code, matches the upper bound
derived in the previous section. For the analysis presented in this section
we consider slightly restricted quasi-static MIMO model with i.i.d. Rayleigh
fading statistics.

Theorem 6. For the i.i.d. Rayleigh quasi-static MIMO channel, and ir-
respective of the fixed or dynamically changing decoding ordering policy, the
complexity exponent of the ML-based sphere decoder almost surely, in the
choice of the DMT optimal full-rate lattice code, matches the universal upper
bound in Theorem 4.

The proof for this theorem is given in Appendix 3D. At this point we want
to clarify that Theorem 6 does not imply that dynamic decoding ordering
policies can not reduce complexity exponent for any DMT optimal code. For
any given specific DMT optimal code finding dynamically changing decoding
orders that can guarantee reduction in the complexity exponent as compared
to the universal upper bound in Theorem 4, remains a challenging open
problem.

3.3 Reliability-Complexity Measure

Aforementioned complexity characterization provides basis to quantify
the performance of specific encoders/decoders. A joint reliability-complexity
measure, described as I'(r) £ d(r) — vc(r) for v > 0, can be used as a mea-
ningful unified performance metric to compare the worth of encoders and
decoders. The weight factor v compares the price of flop vs error and can be
derived from the system design requirements (what is more critical - error
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performance or computational resources), e.g., high ~ signifies scarcity of
computational resources.

Example 4. Figure 3.4 depicting the joint reliability-complezity measure for
2 x 2 perfect codes and V-BLAST over 2 x 2 MIMO system clearly illustrates
that a policy that employs perfect codes up to multiplexing gain of r = ﬁ
and then switches to V-BLAST scheme results in a preferable reliability-
complexity measure. In this dissertation all the joint reliability-complexity
measure results, except for this section, unless stated clearly consider the
metric with v = 1, i.e., T(r) 2 d(r) — c(r). In the Fig. 3.4 (b) the diversity-
complezity tradeoff of 2 x 2 perfect codes and V-BLAST is shown as dotted
lines for v = 0.2 and as solid lines for v = 2. The figure suggests that for
very low values of v using perfect codes will result in uniformly better joint

reliability-complexity measure.

Reliability—complexity measure for 2x2 MIMO
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FIGURE 3.4 — Reliability-Complexity Measure

3.4 Rate-Reliability-Complexity Tradeoff

In this section we present rate-reliability-complexity tradeoff for ML-
based SD. The motivation for using ML-based SD is evident from the fact
that it can achieve vanishing gap to ML error performance with significantly
smaller computational reserves as established in the previous section. The
scenarios where ML-based SD is used in the absence of sufficient computatio-
nal reserves required to achieve vanishing gap, there exists a rate-reliability-
complexity tradeoff describing the optimal diversity performance that can
be achieved in such scenarios. This tradeoff analysis is of particular interest
for the scenarios involving transceiver designs (like software defined radios)
where computational reserves might vary with time and render it insufficient
to achieve a vanishing performance gap.

From the concise closed form expressions for complexity exponent pro-
vided in Theorem 2 and Theorem 6, it is evident that one can potentially
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tradeoff diversity gain with complexity exponent, i.e., complexity exponent
can decrease with reduction in diversity gain. Careful study though will show
that such a tradeoff is not always successful, that reductions in d(r) are not
necessarily rewarded with a reduction in the required complexity, and that
there are ranges of d(r) for which ¢(r) remains fixed. Such ranges can be
described relatively concisely.

Example 5. For anpxnpg (ng > nr) quasi-static MIMO system a diversity
gain,
np—|r]—1 np—|r]—1

dirye | D a, Y aj+anT_Lrj(1—L)

n
=1 =1 T

with aj, j = 0,--- ,np denoting the coefficients of rate function I(w), re-
quires computational reserves denoted by c(r) = %(nT —|r] =1), eg., for
a 2 x 2 MIMO system for 0 < r < 1, all diversity gains d(r) € [1,4 — %]
shown with shaded area in Fig. 3.5 (a) require the same complexity exponent
r as shown as a line in Fig. 3.5 (b). Although premature at this point, we
hasten to note that any attempt to reduce complexity exponent below specified

c(r) = ZL(np — |r] — 1) results in a reduction in achievable diversity gain,

= —nT
. . . nr— LTJ —1
causing it to sink below » 7, aj.
Diversity Performance for 2x2 System Complexity Performance for 2x2 System
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FIGURE 3.5 — The figure depicts the diversity gain region for which the
required complexity exponent is given by ¢(r).

The practical implication of this result is that any small reduction in
the the complexity exponent might result in potentially high error perfor-
mance loss. The complexity and diversity gain relationship can be succinctly
described by a rate-reliability-complexity tradeoff which identifies optimal
diversity gain achievable in the presence of any run-time constraint impo-
sed due to the unavailability of enough computational resources required to
achieve a vanishing gap.
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Theorem 7. For any full-rate code with ML-based diversity gain d(r) and
any fading distribution such that P (I1py = I1,) > € YV Il for some e > 0,
the achievable diversity performance dp(r) for ML-based SD with any fized
decoding order and a run-time constraint p°®") flops is uniquely described by

dp(r) = min{d(r),dp(r,zp)} V¥ epn(r) >0, (3.54)
where dp (r, vp) 2 lim,_g+ dp (1, cp(r) + €), and where

dp(r,cp(r) + €) =inf I(p)

The proof for this theorem is given in Appendix 3E.

3.4.1 Quasi-static MIMO channels

For an npxng (ng > nr) quasi-static MIMO, the following holds directly
holds from Theorem 7

Theorem 8. For any full-rate code and any fading distribution such that
P (Il =11,) > € YV I, for some € > 0, the achievable diversity perfor-
mance dp(r) for ML-based SD with any fized decoding order and a run-time
constraint p®(") flops is uniquely described by

dyp(r) = min{d(r), dp(r,cp(r))} ¥V cp(r) =0,

where d(r) is the optimal diversity gain (of uninterrupted brute force ML,
for the given code), where dp(r,z) 2 lim,_g+ dp(r,cp(r) + €), and where

dp(r, cp(r) + €)= inf I ()

1>p1 =2 ppy 20,

Focusing on the quasi-static i.i.d Rayleigh fading np x ng (ng > nr)
MIMO channel, and on DMT optimal lattice designs (achieving the optimal
DMT d*(r)), the following Corollary gives a lower bound on the complexity-
constrained DMT. The bound is tight for the case of DMT optimal layered
lattice designs, which we will refer to in more detail later on, and which are
currently the only known DMT optimal lattice designs. The corollary follows,

after basic algebraic manipulation, directly from Theorem 8 and |7, Theorem
5].
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Corollary 8a. The best possible complexity-constrained DMT of ML-based
decoding any DMT optimal lattice design using mazimally Nyax = p2 )
flops, is lower bounded as dp(r) = min{d*(r),dp(r,cp(r))} where

K
dp(r,cp(r)) :Z (nr—nr+2j—1)
j=1
+ (nr —nr + 2K + 1)(c®T(T) +1- W)7

T
more in the presence of DMT optimal layered lattice designs, the above des-
cribed DMT is the exact complexity constrained DMT given by the natural
sphere decoding ordering.

where K = VTC'D(T)J, wrrespective of the decoding ordering policy. Further-

The following directly holds directly from the Corollary 8a.

Corollary 8b. For a np xng (ng > nr) i.i.d. Rayleigh fading channel with
a DMT optimal threaded code and ML-based SD employing natural decoding
order with a run-time constraint of p° flops, the achievable diversity gain is
uniquely described by dp(r) = min{d*(r), dp(r,cp(r))}, where d*(r) is the is
the optimal DMT of channel and where dp(r,cp(r)) = (np—nr+1)(1—-).

In the following we present several clarifying examples corresponding to
Corollary 8a under the natural decoding order.

Example 6. Figure 3.6 presents achievable diversity gain for 2 x 2 Perfect
code (cf. [15]) over i.i.d. Rayleigh channel in the presence of a fized run-
time constraint. The upper solid line in Fig. 3.6 (a) describes the complexity
exponent that would have been meeded by the 2 x 2 perfect code to achieve
the optimal DMT (upper solid line in Fig. 3.6(b)). The lower straight line in
Fig. 3.6 (a) describes the complexity limitations that we are assigning to the
2x 2 perfect code, which now, due to these complexity limitations, is achieving
a much reduced DMT (blue line in Fig. 3.6(b)) wherever the complexity limit
becomes active.

Example 7. Figure 3.7 presents achievable diversity gain for 2 x 2 Perfect
code (cf. [15]) over i.i.d. Rayleigh channel in the presence of a run-time
constraint that allows for computational resources required by V-BLAST to
achieve its own optimal DMT. The upper line in Fig. 3.7 (a) describes the
complezity exponent that would have been needed by the 2 x 2 perfect code
to achieve the optimal DMT (upper line in Fig. 3.7(b)). The lower line in
Fig. 3.7 (a) describes the complexity exponent that would have been needed by
V-BLAST to achieve its own optimal DMT (middle line in Fig. 3.7(b)). This
same lower line in Fig. 3.7 (a) also describes the complexity limitations that
we are assigning to the 2 x 2 perfect code, which now, due to these complexity
limitations, is achieving a much reduced DMT (lowest line in Fig. 3.7(b)).
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Complexity exponent for 2x2 MIMO System

Diversity Performance for 2x2 MIMO System
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FIGURE 3.7 — Achievable diversity gain for 2 x 2 Perfect code in the
presence of a complexity hardbound that only allows for the computational
resources required by 2 x 2 V-BLAST.

Example 8. Figure 3.8 presents achievable diversity gain for 3 x 3 Perfect
code (cf. [15]) over i.i.d. Rayleigh channel again in the presence of fixed run-
time constraints. The upper solid line in Fig. 3.8 (a) describes the complezity
exponent that would have been needed by the 3 x 3 perfect code to achieve the
optimal DMT (upper solid line in Fig. 3.8(b)). The middle blue line and
lowest red line in Fig. 3.8 (a) describe the complezity limitations that we
are assigning to the 3 x 3 perfect code, which now, due to these complexity
limitations, is achieving a much reduced DMT (middle blue line and lowest
red line respectively in Fig. 3.8(b)) wherever the complexity limits become
active.
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Complexity Performance for 3x3 System Diversity Performance for 3x3 System
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FIGURE 3.8 — Achievable diversity gain for 3 x 3 Perfect code in the
. 3
presence of a complexity hardbound of p2 flops and p flops.

Discussion on rate-reliability-complexity tradeoff results

As we see in Fig. 3.6, Fig. 3.7 and Fig. 3.8 that the effect of run-time
constraint p(") on the performance of DMT optimal codes is more severe
at lower multiplexing gains, this phenomenon can be explained by unders-
tanding the behavior of the decoding policies in different multiplexing gain
regions.

In high multiplexing gain region, say close to maximum multiplexing gain
(for np — 1 < r < nyp), the optimizing vector p* for optimal DMT is of the
form

pi=mnp =71, py == pp, = 0.

and results in the complexity exponent c¢(r) required to achieve optimal
DMT. Any small reduction in complexity exponent ¢(r) by some positive
constant € > 0 will result in a new optimal solution ] = nr —r —¢€, 5 =
-+ = fiy,. = 0 and the achievable diversity gain is reduced by (ng —nr+1)e.
However, in the low multiplexing gain region, for say multiplexing gain close
to zero (for 0 < r < 1), the optimizing vector for optimal DMT is of the
form

/"LT:”.:IU’:;Tflz]W /’L:LT:]‘_T'

Again the identical small reduction in complexity exponent by € > 0 will
result in a new optimal solution a7 = -+ = [ o =1, iy 1 = 1—
€, fn, = 0, that corresponds to a reduction in achievable diversity gain by
(np+nr+1)(1—r)+ (nr+mnr—1)e, which is much larger than the reduction
at higher multiplexing gains.

The result of Theorem 6 allows for a meaningful rate-reliability-complexity
tradeoff that holds, almost surely in the random choice of the DMT optimal
full-rate lattice design, and which holds irrespective of the decoding ordering
policy. This tradeoff is defined in the following



3.4 Rate-Reliability-Complexity Tradeoff 55

Theorem 9. With probability one in the random choice of a full-rate lattice
design, the achievable diversity performance dp(r) for ML-based SD with a
run-time constraint p¢") flops, is uniquely described by

dp(r) = min{d(r),dp(r,z)} ¥V cp(r) >0, (3.56)

where d(r) is the optimal diversity gain (of uninterrupted brute force ML,
for the given code), where dp(r,x) £ lim,_,g+ dp(r, cp(r) + €), and where

dp(r,cp(r) + €) = inf I(p)

and where the above holds irrespective of the fixed or dynamically changing
decoding order.

The proof follows directly from the footsteps of the proof of Theorem 7
and the lower bound proof for Theorem 6.

Appendix 3A : Proof of Theorem 4

For DMT optimal performance we have that

nrt r , +
équasi(r) = max TZ min ( — (1 — ,U'j>7 nT)

S nr
nr
s.t. Z(l — i)t >
j=1

1 = 2 gy > 0.

For any r € [k, k + 1), solution to Z?gl pi < np —rresults in a p* given
by

M= = s = 1
P =k +1 =1,

g —kg1 = = iy = 0.
A sample optimization problem solution for 0 < r < 1 and np = 2 is shown
in Fig. 3.9. Substituting the above solution back into the objective function
of the maximization problem of (3.48) proves Theorem 4. [J
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FIGURE 3.9 — Sample complexity optimization problem solution for np = 2
MIMO system.

Appendix 3B : Proof of Corollary 5b

For n x n i.i.d. Rayleigh MIMO channel with V-BLAST, the complexity
exponent for ML-based SD with fixed decoding order takes the form

n
+
cp(r) = max Tj; min (% — (1 — ), %)
n
s.t. Z(Zj —Dpj<n-—r,

j=1
> > iy > 0.

For any r, solution to Z?=1(2j — 1)pj < n —rresults in a p* given by

p ==y =1,
. _n—r—p2
Fp1 = o 11
Hppo =+ = py, = 0,

where p£ L\/n — rJ . Substituting the above solution back into the objective
function of the maximization problem of (3.48) proves Corollary 5b. [J
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Appendix 3C : Proof of Proposition 2

Let us consider a ny x 1 quasi-static MISO channel h” = [hy hy -+ hy,,]
with a DMT optimal code 0X,,is0, where 02 = p!~" and where

I 0 . 0
0 o4 e 0

Xmiso = . ( 0) . . R (358)
0 0 . gnT—1<gO)

where £y € Agam(B1,- -+, Bny) (see below (3.59)) and where o is the gene-
rator of the cyclic Galois group Gal(L/F) with L. being a degree-np cyclic
Galois extension field of F = Q(i), where Q(i) = {a + ibla,b,e Q}. Q is
the set of all rational numbers. Let O and Op, denote the ring of algebraic
integers in F and L, respectively. Let {51, -, Bn,} be an integral basis for
Or/Op and for M even, let Agaps denote the M?—QAM constellation given
by Agam = {a +ibl|a|,|b] < M —1,a,b,odd} and

Agant (B, s Bny) = {Z a;fila; € -AQAM} . (3.59)

The received signal vector y© = [y1 v -+ yn,] for np x 1 quasi-static MISO
channel with the space-time code 0X,,,;s0 is given by

yT = HhTXmiso + WT7

where w is the noise vector. The equivalent system model for this MISO
system takes the form

hl 0 . 0 60
y=0|. . U_(.E‘_)) +w,
0 0 - hy| Lo" (k)

:HHmiso Gmisos +w,

where the code generator matrix Giiso € C*"T*"T is such that Gyuiso8 =
[loo(bo) - - o™ ~1(£y)]T and where

0 hy --- 0
Hmiso — . . . .
0 0 - hy,

. H .
For ii.d. Rayleigh fading channel we define p; o _logo (nggs;H"wso), J =

1,--- ,np. Following the footsteps of the complexity analysis presented in
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Section 3.2.2 the upper bound complexity exponent takes the form

nr
Criso = i — (1 — > * 3.60
c (r) mﬁx;mln (r—( i), T) ( a)
ny
s.t. Z,uj <np(l—r), (3.60b)
=1
i > > i, > 0. (3.60c)

The solution to this optimization problem is given by

Cmiso(r) = [r(np — npr] — 1) + (|ngr] — r(np — 1)), (3.61)
which is a piece-wise linear function that, for r = 0, %, -+, 1, takes the form

Crmiso(T) = npr(1 —r).

This proves Proposition 2. [J

Appendix 3D : Proof of Theorem 6

The general np X ngr point-to-point quasi-static MIMO channel is given
by

Yo = /pHceXc + W, (3.62)

where X¢ € C"7*T Yo € C*"2*T and W € C*2XT represent the trans-
mitted, received and noise signals over a period of T" time slots, where the
fading matrix Ho € C"R*"T ig assumed to be random, with i.i.d. Rayleigh
fading statistics. After vectorization the real values representation of (3.62)
takes the form

y =+pHx +w, (3.63)
where
Re{Hc} —Im{H¢}
— QnRTXQTLTT — C C
H=1Ir©Hg€R He =11 Hol  Re{Ho} |
X = (xlT, e ,X;)T e R*rT with x; = [Re{XtVC}T, Im{Xt,c}T]T,
w=(wi,-- ,wi)T € R?rT with w; = [Re{W;c}", Im{W,c}"|T,

Yy = (le7 o 7Y%)T € RanT with Yt = [Re{Yt,C}Tv Im{Yt7C}T]T>

fort =1,---,T, where X; ¢, Yic and Wy ¢ are t-th column of X, W¢
and Y respectively.



3.4 Rate-Reliability-Complexity Tradeoff 59

For the lattice codes described in the previous chapter, the codewords
take the form

X = p%ﬁGs, seSFEZN p%R, (3.64)

where R C R” is a natural bijection of the shaping region R’ that preserves
the code, and contains the all zero vector 0 and for full-rate code kK = 2npT.
For simplicity we consider R 2[—1, 1]* to be a hypercube in R”, although this
could be relaxed. Combining (3.63) and (3.64) yields the equivalent system
model

y =Ms +w, (3.65a)
1 T
where M 2p2 2t HG € R™*", (3.65b)

Let QR = M be the thin QR factorization of the modified code-channel
matrix M and r2 Qfy, then the equivalent system model in (3.65a) is
represented by

r = Rs + Qw,

and the ML decoder for this system takes the form

Spr = argérenggur—RgH?, (3.66)

which is then solved by the sphere decoder which recursively enumerates all
candidate vectors § € S within a given sphere of radius & > 0.

logo;(HEH
We define ujé—w

full-rate code it follows that

, J=1,--- ,np, where 1 > -+ > pip,. For

1 T
oi(M) < Pa_mamaX(G)Ui(H)v

11 .
- p_QnT+2(1 'u‘l2T(1))’ i=1,-,2n7T, (3.67)

where the asymptotic equality is due to the fact that oma(G) = p° and

where lop(i) 2 [ 35 ].
The upper bound ¢(r) holds irrespective of the fixed or dynamically chan-
ging decoding order. For quasi-static MIMO the upper bound in (3.24) takes

the form
nr r —+
é(r) = TZmin (nT —(1- u}")) , (3.68)
j=1
where p* = (ui,--- , y,,.) is one of the maximizing vectors such that I(pu*) =
d(r).

In order to establish a lower bound that matches the upper bound in
(3.68) irrespective of the decoding ordering policy, we define the following
lemma.
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Lemma 1. Let Gy, be the matriz consisting of any 2pT columns of the (fized
but) randomly chosen generator matric G where entries of G are indepen-
dently chosen from a continuous distribution over the real numbers. Let V,,
be the matrixz consisting of the 2p columns of the unitary matriz 'V cor-

responding to the 2p largest singular values of Hg, where V is such that
Hp = UV where

¥ £ diag{o1(Hg), - , 020, (Hp)}
and VVH =1. Then almost surely, in the choice of G we have that
rank((Ir ® VIG,) = 2pT. (3.69)
It then follows that for any fized or dynamically changing column permutation
matriz I1, and for Gy, denoting the first 2pT" columns of the matriz GII, it

holds that

P ({01 (Ir @ VING},) > u}) =p°, u>o0. (3.70)

Proof. For VZH , i =1,---,2pT denoting the 2pT linearly independent rows

of the matrix It ® Vf with rank 2pT and for g;, i = 1,--- , k denoting the
k linearly independent columns of the full rank matrix G, then

viigr ... vilg,
(It ® Vf)G = :
Vg)Tgl . vé}’ipg,ﬁv

Since v, i = 1,---,2pT are fixed and linearly independent, any 2pT" co-

i
lumns of (I7® VE )G are linearly independent (rank((Ir @ VI G,) = 2pT),
with probability one. This in turn implies that, given such linear lattice codes
that are drawn with probability one, there exists a unitary matrix V,, such
that irrespective of the fixed or dynamically changing column permutation

matrix II, it is the case that
rank (Ip ® (Vp)H)G‘p) = 2pT.
Consequently, it follows that
o1 (Ir ® (V,)"G,) > 0.

Now, by the continuity of singular values [53], it follows for sufficiently small
u > 0 that

P ({o1 (Ir @ VING},) > u}) >0,
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which implies® that
P ({0'1 ((IT (=) V;I)G‘p) 2 u}) = pO
as (Ir ® (V)2 )G, is independent of p. This proves Lemma 1. O

To tighten the lower bound and show that c(r) = é(r), we will use
Lemma 1 to show that, irrespective of the ordering policy, the sphere de-
coder visits a total number of nodes that approaches pE(T), and does so with
probability that is large compared to the ML error probability. We consider
the codes that satisfy (3.69) and which appear almost surely as shown in
Lemma 1.

Towards this we let ¢ € [1, x] be the largest integer for which =~ — (1 —
py) > 0, in which case (3.68) takes the form

&r) = Ti <JT (- M;)) . (3.71)

We quickly note that without loss of generality we can assume that ¢ > 1
as otherwise ¢(r) = ¢(r) = 0. Consequently it is the case that pj > 0 for
j=1,---,q.

We proceed to define four events €1y, 25, Qg and 27 which we will prove
to be jointly sufficient so that that at layer k = 2¢T, for some ¢ € [1,ny]
the total number of nodes visited by sphere decoder is close to p"). These
events are given by

. (3.72)
O</"’] < 55] ZQ+1, ,’I’lT},
for a given small § > 0,

Qs 2{o1 (Ir @ VIG),) > u}, (3.73)

for some given u > 0 independent of p, where for p £ np — ¢,
Q6 = {[lw]* < €}, (3.74)

A 1 v

Q=48] < 2P (3.75)
Note also that by choosing d sufficiently small, and using the fact that p; > 0
for j =1, ---,q, we may without loss of generality assume that )4 implies

that yu; >0 forall j=1,--- ,np.

3. Inlight of the fact that event V, has zero measure, what the continuity of eigenvalues
guarantees is that we can construct a neighborhood of matrices around V,, which are full
rank, and which have a non zero measure. We also note that the matrices 'V, can be created
recursively, starting from a single matrix Vay,..
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Similar to Section 3.2.2 it can be shown that in the presence of events
Qy4, Q¢ and Q7 we can remove the boundary constraints of ML-based SD in
(3.4), which allows us to lower bound on the number of nodes visited at layer
k as (cf. |7, Lemma 1])

Nk>ﬁ[2§¢%+ (3.76)
~ it LVEoi(Ry) ' .

In the following, and up until (3.83), we will work towards upper boun-
ding 0;(Ry) so that we can then lower bound Nj. Towards this let

1__r
M‘pépg 2np HG"p c RQTLRTXQ})T

contain the first 2pT" columns of M, and note that

H 1= ~HyyH
(Mp)" My, = p "7 G, H'HG,

and by substituting for H we get
|
(M) "™, = p "7 Gl (Ir @ HHR) Gy (3.77)
Since
HHy = V(diag{o1(HJHRg), -, 00n, (HFHR)}) V",
= V(diag{o(HHpg), - , 000, (HiHp)}
—0 HIHz)V (diag{0,---,0,1,---, 1)V
(2q+1)( rHR)V (diag{ )
2q 2p
+o HIHR)V (diag{0,---,0,1,--- , 1)V,
(2q+1)( rHRr)V (diag{ 1y
2q 2p
hence we have that
H H . H
HRHR t U(2q+1) (HRHR)V(dIag{()? e 707 17 T 1})V B
2q 2p

= 0(2g+1)HFHR)V, VI, (3.78)

where A = B denotes that A — B is positive-semidefinite. Since o;(H?H) €
R and since the Kronecker product induces singular value multiplicity, from
(3.78) it follows that

1— -
(M\p)HM|p Zp T U(2q+1)(HRHg)G\IZ<IT ® vaf)G\p'
With respect to the smallest singular value of (M|p)H M,, we have

1
o1 (M) ™M) = p' 77 (a0 (HpHE o1 (G (Ir & V, V)G, )
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and consequently, given that Hg € (25, we have that

> p? w2, (3.79)
Furthermore (3.72) and (3.67) give that for i = 1,--- ,2¢T then

S S WL
gi(M) < p = o2 H6), (3.80)
Given that u;f > (0 for j = 1,---,q, then for sufficiently small § and for
i=1,---,2q¢T, we have that
r 1 T 1 .
—— 450 =)T 2 —— 40+ S =)
which means that for sufficiently small 0, a comparison of (3.79) and (3.80)
yields
oi(M) < o1(Mp,), fori=1,---,2qT.

The above inequality allows us to apply Lemma 3 in [7], which in turn gives
that

oi(Ry) < [m + 1} o:(M), fori =1, ,2qT. (3.81)

Furthermore (3.26), (3.81) and (3.67) give that

A 1rq_,*
o(M) <p~ Zor 0T 7Hrw) for G =1, 24T, (3.82a)
(M) <p~ 7 T 20 yrenem) < p3=2F (3.82b)
o1(Mpp) ép_ﬁJ“%(l—MZ;T(QqTﬂ)) > p~m+301-9), (3.82¢)

Substituting (3.82) in (3.81) gives that

oi(Ryy) £ p Fr 20 0) o g, (3.83)
Consequently, going back to (3.76), we have that

+ T *
B SN/ BN € L (U ) (3.84)
Vkoi(Ry)

As a result, for k = 2¢T" with ¢ € [1,n7 — 1] we have that

: 2qT ( _r . )
N2qT > p(ziil (znT_%(l_lle(i)))_?’qT&) _ p(c(r)—SqTé)’
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where the last equality follows from (3.71).
For the case of ¢ = np, it can be shown that

Nogr > p7 =551 (5 =20-0-) _ (e(r)-20rTo)

Consequently for ¢ € [1,n7] we have that Ngp > p®) =K% for small § >
0, where K € {3¢T,2n7T}. We note that (3.72)-(3.75) jointly imply that
Ngp > pf)=K3 For some & £ K6+ 61, where § > 8; > 0, it follows that

P (NSD > pémfﬁ’) >P Q4N Q5N 0%%NQ) =P (Q), (3.85)

where exponential equality follows from the independence of the events €24,
05, Q¢ and Q7 for i.i.d. Rayleigh fading statistics (cf. [55]) and from the fact
that P (Q5) = p¥ (cf. (3.70)), P (%) = p° (cf.(3.5)) and P (Q7) = p°.With
Q4 being an open set, we have that

- lim, ifg;) < inf 1(0) = I() < I(6) = dr), (350

where fi = {uj —26 -+, py —26,0,---,0}, where the last inequality follows
from the monotonicity of the rate function I(p) and where last equality
follows from the fact that, by definition, I(p*) = d(r). Consequently (3.85)
and (3.86) along with the definition of the lower bound in (3.12b) imply that
c(r) = é(r), for arbitrarily small § > 0. This proves Theorem 6. [J

Appendix 3E : Proof of Theorem 7

For a ML-based SD with run-time constraint p (") flops, (3.10) and
(3.11) tell us that for some xp > cp(r), it is then the case that

P, <max{P (8y;1 #s),P (Nsp > p*?)}.
Combining this with the trivial lower bound
max{P (Sy/1, #s),P (Nsp > p*®)} < P,
gives that
P. = max{P 8y #5s),P(Nsp > p*?)}. (3.87)

If we can derive the precise optimum SNR exponent for P (Ngp > p*®) then
we have the DMT performance of SD implemented with run-time constraint
p°2(") flops. Let

logP (Ngp > p*®
dpp(T) £ _ lim 0gP (Nsp 2 p™)
p—00 log p
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denotes the precise optimum SNR exponent for P (Ngp > p*?), then in the
presence of complexity hardbound at p*® flops, the achievable diversity gain
dp(r) is given by

dp(r) = min{d(r), dpy(r)}.

We recall that from (3.15) and (3.19)

dpp(r) > Inf I(p).
b ( )_”ej(m) (1)

It then follows that

dpp(r) > dop(r, zp), (3.88)

where dp(r, zp) £ lim_,o+ dp(r, cp(r) + €) and where

dp(r,cp(r) + €) Zinf I () (3.89a)
(T 1 *
s.t Z(:—Q(l—uzo > cp(r) + e,
7=1
1>2m=z-->p, >0

Let 1* be one of the maximizing vectors of the optimization problem in
(3.89). It then follows that

dp(r,zp) = I(@"). (3.90)

In the following we derive a upper bound on dp,(r) and show that it
matches the lower bound dyp(r, zp). Going back to (3.90) with 0 < g <1,
we let ¢ be the largest integer for which % — (1 = fiz) > 0, and similar to
Section 3.2.2 we define the set Qy_y; as

Qo 2{ =20 <pj <l —06,j=1,,q

, (3.91)

O<,Uj <57j ZQ+17 anT}7

for a given small ' > 0. Then from (3.45) it follows that
P (NSD > pC'D(TH_e_‘S,) SP(Q_py) . (3.92)

Choosing € > ¢’ > 0, for zp > cp(r) gives that
P(Nsp = p*?) = P <NSD > ,OCD(T)JFH;I) ;
and it follows that

P (Nsp > p*®)>P (Q_m), (3.93)
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We now compute P (Q_p;p) similar to P (£21) in (3.46), to get that
P (1 1) > pqua(hrraa)_
Substituting this in (3.93) gives that
P (Ngp > p*0) > p~do (o),

Consequently, we have that dp(r) < dp(r,zp). This along with (3.88) gives
that dpp(r) = dp(r, zp). Thus, it follows that

dp(r) = min{d(r),dp(r,zp)}.

This proves Theorem 7. [J



Chapter 4

Complexity of Lattice
Decoding

4.1 Introduction

The complexity analysis of the ML-based sphere decoding solutions pre-
sented in this work has revealed that, to achieve a vanishing gap to ML
solutions, these decoders generally require computational resources that, al-
beit significantly smaller than those required by an exhaustive ML decoder,
again grow exponentially in the rate and the dimensionality, and remain
prohibitive for several MIMO scenarios. As an indicative example of this
increased complexity we recall that such SD algorithms, when applied for
decoding a large family of high-performing codes including all known full-
rate DMT optimal codes, over the nt x ng ( ng > nr) quasi-static MIMO
channel, introduce a complexity exponent ! of the form

() = - (rln = [r) = )+ o ) = (o = )7, (41)

The exponent, which simplifies to ¢(r) = %r(nT — r) for integer values of

r, reaches at r = ny/2 (for even values of ny) an overall maximum value of
n1T /4 which, for the aforementioned codes is equal to /8, corresponding to
complexity in the order of 95rlogp — P/ = \/m . At any fixed multiplexing
gain, these required computational resources can be seen to be in the order of

1. Although premature at this point, we hasten to note this complexity indeed holds
irrespective of the radius updating policy, irrespective of the decoding ordering, and as we
will see later on, holds even in the presence of MMSE preprocessing.

67
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'ILT*?"
9T (S flops which reveals a complexity that is exponential in the number
of codeword bits, and a corresponding exponential slope of "E—T_’"

4.1.1 Transition to lattice decoding for reducing complexity

This high complexity required by ML-based decoding solutions, serves as
further motivation for exploring other families of decoding methods. A natu-
ral alternative is lattice decoding obtained by simply removing the constel-
lation boundaries of the ML-based search, an action that loosely speaking
exploits a certain symmetry which in turn may yield faster implementations
and takes the general form

%;, = arg min |ly — /pHE|”. (4.2)

Naturally when X7, ¢ X,., the decoder declares an error.

The use of lattice decoding, and specifically of preprocessed lattice de-
coding in MIMO communications has received substantial attention from
works like [3], [5] and [56], where the latter proved that lattice decoding in
the presence of MMSE preprocessing achieves the optimal DMT for specific
MIMO channels and statistics, and for DMT-optimal random codes. The use
of lattice decoding as an alternative to computationally expensive ML based
solutions, was recently further validated on the one hand by the aforemen-
tioned work in [7] which revealed the large computational disadvantages of
ML based solutions, and on the other hand by the work in [57] which fur-
ther confirmed the performance advantages of lattice decoding by showing
that regularized (MMSE-preprocessed) ? lattice decoding achieves the opti-
mal DMT performance, for almost all MIMO scenarios and fading statistics,
and all non-random lattice codes, irrespective of the codes’ ML performance

It is the case though that even with lattice decoding, the computational
complexity can be prohibitive : finding the exact solution to the lattice deco-
ding problem is generally an non-deterministic polynomial-time (NP) hard
problem (cf. [38]). At the same time though, the other extreme of very early
terminations of lattice decoding, such as linear solutions, have been known
to achieve computational efficiency at the expense though of a very sizable,
and often unbounded, gap to the exact solution of the lattice decoding pro-
blem. In this work we explore lattice decoding solutions that, in conjunction
with terminating policies, strike the proper balance between this exponential
complexity and exponential gap.

The aforementioned extreme complexity of exact lattice decoding so-
lutions, in conjunction with the potentially unbounded error-performance

2. We will interchangeably use MMSE-preprocessed decoder and regularized decoder,
with the first term being more commonly used, and with the second implying a more
general family of decoders (cf. [57]). Even though in the asymptotic setting of interest,
the two accept the same results throughout the work, some extra error-performance gains
can be achieved by proper optimization of the regularized decoder (cf. [58]).
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degradation (gap) of very early terminations (as opposed to exact imple-
mentations) of lattice decoding, bring to the fore the need for approximate
lattice decoding solutions that better balance the very sizable complexity
and gap. Specifically for any simplified variant D, of the baseline (exact)
MMSE-preprocessed lattice decoder, this gap can, in the high SNR regime,
be quantified as

s Pe

PO B P £ )
where P (X7, # x) describes the probability of error of the exact MMSE-
preprocessed lattice decoder, where P. denotes the probability of error of D,.,
and where ¢ (i.e., ¢(r)) is the complexity exponent that describes the (asymp-
totic rate of increase of the) computational resources required to achieve this
performance gap. The clear task has remained for some time to construct de-
coders that optimally traverse this tradeoff between g and ¢, i.e., that reduce
the performance gap to the exact lattice decoding solution, with reasonable
computational complexity. Equivalently for Nyax(g) denoting the computa-
tional resources in flops required to achieve a certain gap g to the baseline
exact MMSE-preprocessed lattice decoder, the above task can be described,
in the high SNR regime, as trying to minimize

(4.3)

1i log Nimax(9)
m ——.
p—oo logp

This will be achieved later on.

In Section 4.2 we first show that the computational complexity required
by the MMSE-preprocessed (unconstrained) lattice sphere decoder, asymp-
totically matches the complexity of the (constrained) ML-based (MMSE-
preprocessed or not) sphere decoders, and is commonly exponential in the
dimensionality and the number of codeword bits. This is established for a
large class of codes of arbitrary error-performance, a large class of fading
statistics, and specifically for the quasi-static MIMO channel — for example
the complexity required for DMT optimal lattice sphere decoding, in the
presence of a large family of DMT optimal codes, takes the previously seen
simple piecewise linear form in (4.1). We also provide a universal upper bound
on the complexity of regularized lattice sphere decoding, which holds irres-
pective of the lattice code applied and irrespective of the fading statistics.
This upper bound again takes the form in (4.1), matching that in the case
of constrained ML-based sphere decoding, thus revealing the surprising fact
that there exists no statistical channel behavior that will allow the removal
of the bounding region to cause unbounded increases in the complexity of
the decoder 3.

3. In other words, this complexity bound holds even if the channel statistics are such
that the channel realizations cause the decoder to always have to solve the hardest possible
lattice search problem.
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With provable evidence of the very high complexity of regularized lattice
decoding, in Section 4.3 we turn to the powerful tool of lattice reduction (LR)
and seek to understand its effects on computational complexity. While there
has existed a general agreement in the community that lattice reduction
does reduce complexity, cf. [4], this has not yet been supported analytically
in any relevant communication settings. In fact, and quite opposite to com-
mon wisdom, it was recently shown that for a fixed radius sphere decoding
implementation of the naive lattice decoder [59], LR does not improve the
sphere decoder complexity tail exponent.

What this work shows is that lattice reduction reduces an ML-like expo-
nentially increasing complexity, to very manageable subexponential values.
We specifically proceed to prove that the LR-aided regularized lattice deco-
der, implemented by a fixed-radius sphere decoder and timeout policies that
occasionally abort decoding and declare an error, achieves

1 Nmax
gu() =1, lim 08 Nnax(9)

=0 Ve>0,9>1,
p—>00 log p

i.e., achieves a vanishing gap to the exact implementation of regularized
lattice decoding and does so with a complexity exponent that vanishes to
zero, which in turn implies subexponential complexity in the sense that the
complexity scales slower than any conceivable exponential function. It is
noted that this vanishing gap approach serves the practical purpose of an
analytical refinement over basic diversity analysis which generally fails to
address potentially massive gaps between theory and practice.

4.2 Regularized Lattice Sphere Decoding

We proceed to describe the preprocessed lattice decoder, its sphere deco-
ding implementation, and for a practical setting of interest that includes the
quasi-static MIMO channel and common codes, to establish the decoder’s
computational complexity.

4.2.1 Lattice sphere decoding

We again start with the general m x n point-to-point multiple-input
multiple-output model given by

y=+pHx+w (4.4)

For the class of lattice codes considered here, the codewords take the form

X = p_TTTGs, s € SﬁéZ”ﬂp%R, (4.5)
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where R C R” is a natural bijection of the shaping region R’ that preserves
the code, and where R contains the all zero vector 0. Combining (4.4) and
(4.5) yields the equivalent model

y= MT’S +w (46)
where

M, = pz~ = HG € R"** (4.7)
is a function of the multiplexing gain? r.
Consequently the corresponding naive lattice decoder in (4.2) takes the
form (see for example [57], also [4])

81, = arg min ||y — M3||*. (4.8)

As a result though of neglecting the boundary region, the above decoder
declares additional errors if §7, ¢ SF, resulting in possible performance costs.
These costs motivated the use of MMSE preprocessing which essentially
regularizes the decision metric to penalize vectors outside the boundary
constraint S¥ (cf. [57]). A pictorial representation of the MMSE-preprocessed
lattice is shown in Fig. 4.1.
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(a) Transmitted lattice (b) Received lattice (c) Regularized lattice

FIGURE 4.1 — 2-dimensional lattice for regularized lattice decoder

Specifically the MMSE-preprocessed lattice decoder is obtained by imple-
menting an unconstrained search over the MMSE-preprocessed lattice, and
takes the form

814 = arg min [Fy — R8|”, (4.9)

where F and R are respectively the MMSE forward and feedback filters such
that F = R-7M* | where

RAR = MM + o1, (4.10)

4. For simplicity of notation we will, in most cases, denote M, with M.
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where o, = p%T and where R is an upper-triangular matrix. For r £ Fy,
the model transitions from (4.6) to

r = REIMIMs+R IMIw
= RARIR-D)s+ R IMIw
= Rs—a,.’R s+ R TMw
= Rs+w (4.11)

where

w =—-a’R s+ R TMw (4.12)
is the equivalent noise that includes self-interference (first summand) and
colored Gaussian noise. Consequently the corresponding regularized lattice
decoder takes the form

Sp_1q = arg gEHZ% ||I‘ - R§H2 ’ (413)

which is then solved by the sphere decoder which recursively enumerates all
lattice vectors § € Z* within a given sphere of radius £ > 0.

We recall that there is a one-to-one correspondence between the nodes at
layer k and the partial vectors §. We say that a node is visited by the sphere
decoder if and only if the corresponding partial vector §; satisfies (2.12), i.e.,
there is a bijection between the visited nodes at layer k& and the set

N é{ék S Zk | HI‘;C — RkékHQ < 52} (4.14)

Consequently the total number of visited nodes (in all layers of the tree) is
given by

K
Nsp = N, (4.15)
k=1
where Nj, = |Ny| is the number of visited nodes at layer k of the search tree.
Again, the total number of visited nodes is taken as a measure of the sphere
decoder complexity.
In choosing this radius, we note that for the transmitted symbol vector
s, the metric in (4.21) satisfies

/
Ir = Rs||* = [|w ||,

which means that if |[w’|| > &, then the transmitted symbol vector is excluded
from the search, resulting in a decoding error. As Lemma 3 will later argue
taking into consideration the self-interference and non-Gaussianity of w', we
can set & = \/zlog p, for some z > dr(r) such that

P (w2 > ) < pie),

which implies a vanishing probability of excluding the transmitted informa-
tion vector from the search, and a vanishing degradation of performance.
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4.2.2 Complexity of regularized lattice decoding

Regarding complexity, we note that the MMSE-preprocessed lattice sphere
decoder differs from its ML-based equivalent in two aspects : the presence of
MMSE preprocessing and the absence of a bounding region to constrain the
search. These two aspects are generally perceived to have an opposite effect
on the complexity. On the one hand, MMSE preprocessing, which we recall
from (4.14) to introduce unpruned sets

N 2{8k € Z | |t — Ry8i? < €}, k=1, ,k,

is associated to reduced complexity in lattice-based SD solutions (cf. [59])
due to the resulting penalization of faraway lattice points (cf. [57]). On the
other hand, the absence of boundary constraints can be associated to increa-
sed complexity as it introduces an unbounded number of candidate vectors.
We proceed to show that in terms of the complexity exponent, under com-
mon MIMO scenarios and codes, these two aspects exactly cancel each other
out, and that consequently MMSE-preprocessed lattice sphere decoding in-
troduces a complexity exponent that matches that of ML-based sphere de-
coding, which it self is shown here to also match the complexity exponent of
ML-based SD in the presence of MMSE preprocessing °.

In light of this, in this section only, we mainly focus on the widely consi-
dered np x ng (ng > ny) ii.d. and quasi-static MIMO setting and on the
large but specific family of full-rate (k = 2min{ny,ng}7T = 2n7T) threaded
codes (cf. [12-15]), which includes all known DMT optimal codes as well as
uncoded transmission (V-BLAST).

We proceed with the main result of the section, which applies to the case
of the np X ng (nr > nr) quasi-static MIMO channel with i.i.d. Rayleigh
fading statistics, and which applies under the natural detection ordering
(cf. 15,7]).

Theorem 10. Under natural decoding ordering, the complexity exponent of
reqularized lattice sphere decoding any full-rate threaded code, is equal to the
complezity exponent of ML-based SD with or without MMSE preprocessing.

The proof for this theorem is given in Appendix 4A. We clarify that even
though all three decoders are DMT optimal, the above result incorporates
more than just DMT optimal decoding, in the sense that any timeout po-
licy will tradeoff d(r) with ¢(r) identically for ML-based and lattice-based
sphere decoding. In other words the three decoders share the same d(r) and
¢(r) capabilities, irrespective of the timeout policy. Furthermore, considering
different SD detection orderings (cf. [5]), the following extends the range of

5. We clarify that ML-based SD in the presence of MMSE preprocessing, corresponds
to unpruned sets Ny N'S¥ where SF is the k-dimensional set resulting from the natural
reduction of S from (4.5).
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codes for which the ML-based and lattice-based SD share a similar com-
plexity.

Corollary 10a. Given any full-rate code of arbitrary DMT performance,
there is always at least one mon-random fized permutation of the columns
of G, for which the complexity exponent of the MMSFE-preprocessed lattice
sphere decoder matches that of the ML based sphere decoder.

The proof follows from the proof of Theorem 10 and from Theorem 4
in [7].

Corollary 10b. Irrespective of the fized or dynamically changing decoding
order, the complexity exponent for MMSE preprocessed lattice sphere decoding
any (fized but) randomly and uniformly chosen code (from an ensemble of
DMT optimal full-rate lattice designs) over the quasi-static MIMO channel
with i.i.d. Rayleigh fading statistics almost surely, in the choice of DMT
optimal lattice design, matches the complexity exponent of ML-based SD with
or without MMSE preprocessing.

The proof follows from the proof of Theorem 10 and from Lemma 1.
This corollary establishes the fact that ML and (MMSE-preprocessed) lattice
decoding share the same complexity exponent for a very broad setting, which
includes almost any code (randomly and uniformly drawn from an ensemble
of lattice designs) and all decoding order policies. The following focuses on
a specific example of practical interest.

Corollary 10c. The complexity exponent for DMT optimal MMSE prepro-
cessed lattice sphere decoding of minimum delay (T = np) DMT optimal
threaded codes over the quasi-static MIMO channel with i.i.d. Rayleigh fa-
ding statistics, takes the following form

cr_a(r) =r(ny — |r] = 1) + (nr |r] —r(ny —1))". (4.16)

The proof follows directly from Theorem 10 and Corollary 5a.

Further evidence that connects the complexity behavior of MMSE prepro-
cessed (unconstrained) lattice-based SD, with that of its ML-based (constrai-
ned) counterpart, now comes in the form of a non-trivial universal bound that
is shared by the two methods. This is particularly relevant because uncons-
trained lattice decoding could conceivably require unbounded computational
resources given the unbounded number of candidate lattice points. Specifi-
cally the following universal upper bound on the complexity, presented in
Corollary 4a for the ML case, is shown here to apply also to the lattice ba-
sed sphere decoders. The bound holds irrespective of the lattice code applied
and irrespective of the fading statistics. The generality with respect to the
fading statistics is important because it guarantees that no set of fading sta-
tistics, even those that always generate infinitely dense lattices, can cause
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an unbounded increase in the complexity due to removal of the boundary
constraints.

Corollary 10d. For any decoding ordering policy, and set of fading statistics
and any full-rate lattice design, the complexity exponents of reqularized lattice
SD is upper bounded as

er1a(r) <E(r) = ;’; (r(ng — |r] — 1) + (nr |r] —r(nr — 1)) (4.17)

which simplifies to
¢(r)=—r(np—r) (4.18)
for integer r.

The proof for this corollary is given in Appendix 4B.

Coming back to the main focus of the work, we recall that Theorem 10 re-
vealed that for common practical scenarios of interest, MMSE-preprocessed
lattice decoding introduces very high complexity that often matches the ex-
ponential complexity of ML based solutions. In the following, and after rever-
ting to the most general setting of MIMO scenarios, statistics and full-rate
lattice codes, we show how proper utilization of lattice sphere decoding and
LR techniques can indeed reduce the complexity exponent to zero, at an
error-performance cost that vanishes in the high SNR limit.

4.3 LR-aided Regularized Lattice Sphere Decoding

Lattice reduction techniques have been typically used in the MIMO set-
ting to improve the error performance of suboptimal decoders (cf. [60], [61],
see also [62], [63]). In the current setting the LR algorithm, which is em-
ployed at the receiver after the action of MMSE preprocessing, modifies the
search of the MMSE-preprocessed lattice decoder, from

8,14 = arg min [|r — R3|?
ez~
(cf. (4.13)), to the new
Sir_pig = arg min ||r — RT3|?, (4.19)
Sezk

by accepting as input the MMSE-preprocessed lattice generator matrix R,
and producing as output the matrix T € Z"*** which is unimodular mea-
ning that it has integer coefficients and unit-norm determinant, and which
is designed so that RT is (loosely speaking) more orthogonal than R. As a
result of this unimodularity, we have that T—'Z* = Z*, and consequently
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(a) Received lattice (b) Regularized lattice  (¢) LR-Regularized lattice

FIGURE 4.2 — 2-dimensional lattice for LR-aided regularized lattice decoder

the new search in (4.19) corresponds to yet another lattice decoder, referred
to as the LR-aided MMSE-preprocessed lattice decoder, which operates over
a generally better conditioned channel matrix RT. A pictorial representation
of the LR~aided MMSE-preprocessed channel matrix is shown in Fig. 4.2.

Finally with sphere decoding in mind, the LR algorithm is followed by the
QR decomposition ® of the new lattice-reduced MMSE-preprocessed matrix
RT, resulting in a new upper-triangular model

f = Rs+w (4.20)

and the new LR-aided MMSE-preprocessed lattice search, which accepts the
application of the sphere decoder, and which takes the form

~ 2
f—Rﬂ, (4.21)

Sir—rld = arg min
ez~

where Qf{ = RT corresponds to the QR~decomposition of RT, where R is
upper-triangular, where ¥ £ Qfr, § = T~ s, and where w” = Qw’.

At the very end,
Sir—rid = TSir—rid, (4.22)

allows for calculation of the estimate of the transmitted symbol vector s in
(4.6).

We note here that this (exact) solution of the LR-aided MMSE preproces-
sed lattice decoder defined by (4.21), (4.22), is identical to the exact solution

6. A more proper statement would be that the QR decomposition is performed by the
LR algorithm it self.
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of the MMSE-preprocessed lattice decoder given by (4.13), because

min ||r — R3||? minHr—RTT_1§H2
se7Zr Hay/g
2

—
S
=

= min

r— QRT '8
sezr

2

—
=
=

F—RT !5

= min

sezr
) o~ 2
= min || — RS
§eT-17+

~ 2
f—RéH , (4.23)

= min
ser

where (a) follows from the fact that QR = RT, (b) follows from the rota-
tional invariance of the Euclidean norm, and (c¢) follows from the fact that
T-1'7% = 7~.

While though the two lattice decoding solutions (with and without LR)
provide identical error performance in the setting of exact implementations,
we proceed to rigorously prove that, in terms of complexity, lattice reduction
techniques, and specifically a proper utilization of the LLL algorithm [64],
can provide dramatic improvements.

4.3.1 Complexity of LR-aided regularized lattice decoding

We are here interested in establishing the complexity of the LR-aided re-
gularized lattice sphere decoder. Given that the costs of implementing MMSE
preprocessing and of implementing the linear transformation in (4.22) are
negligible in the scale of interest”, we limit our focus on establishing the
cost of lattice reduction, and then the cost of the SD implementation of the
search in (4.21). Starting with the SD complexity, as in (4.14), we identify
the corresponding unpruned set at layer k to be

Ny 2{8;, € ZF | |Fr — Rydp||? < €23, (4.24)

and in bounding the size of the above, we first focus on understanding the
statistical behavior of the k& x k lower-right submatrices R, of matrix R
(k=1,---,k), where we recall that R is the upper triangular code-channel
matrix, after MMSE preprocessing and LLL lattice reduction. Towards this,
and for dr(r — €) denoting the diversity gain of the exact implementation
of the regularized lattice decoder at multiplexing gain r — €, we have the
following lemma on the smallest singular value of Ry.

7. Even though the work here focuses on decoding, we can also quickly state the obvious
fact that the cost of constructing the codewords is also negligible in the scale of interest
because it again only involves a finite-dimensional linear transformation (cf. (4.5)).
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Lemma 2. The smallest singular value omin(Ry) of submatriz Ry, k =
1,--- | K, satisfies

P (amm(f{k) < p%J) <p~ =9 for all v > € > 0. (4.25)

The proof for this lemma is given in Appendix 4C. To bound the cardina-
lity Ni, of Nj (cf. (4.24)), and eventually the total number Ngp = > 7 Nj
of lattice points visited by the SD, we proceed along the lines of the work
in [7], making the proper modifications to account for MMSE preprocessing,
for the removal of the bounding region, and for lattice reduction.

Towards this we see that, after removing the boundary constraint, Lemma
1 in [7] tells us that

Nkéwsﬁ[ﬁ+ 2 }
i=1 oi(Ry)

where _ _ _
Omin(Rg) = 01(Ry) < -+ < ok (Ry)
are the singular values of Ry,. Consequently we have that
k
2
Meos (VB 2]

Omin (Rk

(4.26)

As a result, for any Ry such that

—eT

Omin(Rp) > p =, (4.27)

and given that & = v/zlog p for some finite z, then

k
s (V4 AR < (425)

—€T

pT
which guarantees that the total number of visited lattice points is upper
bounded as

K K
~ Tk
k=1 k=1
Consequently, directly from Lemma 2, we have that

P (Ngp > pT) < pdrlr=9), (4.30)

A similar approach deals with the complexity of the LLL algorithm, which is
known (cf. [65]) to be generally unbounded. The LLL-based lattice reduction
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algorithm is applied here in the presence of specific time-out policies which
will limit the otherwise unbounded complexity of the LLL algorithm by ti-
ming out and declaring an error whenever the number of LLL flops exceeds
a certain threshold.

Specifically drawing from [57, Lemma 2|, under the natural assumption
of power-limited channels® (cf. [57]), under the natural assumption that
dr(r —e) > dp(r) for all € > 0, and for Npr denoting the number of flops
spent by the LLL algorithm, one can readily conclude that

P (NLg > ylogp) < p~ 9, (4.31)
for any v > %(dL (r — €)). Consequently the overall complexity
N = Nsp + Nirg,

in flops, for the LR-aided MMSE preprocessed lattice sphere decoder, satisfies
the following

P (N>pT) = P({Nsp>p"}U{NLr>p"})
< plr—e), (4.32)

Now going back to (3.12a), and having in mind appropriate timeout policies
that specifically guarantee a vanishing gap to the exact solution of regula-
rized lattice decoding, we can see that the complexity exponent c¢j._iq(r) is
upper bounded as

. . logP (N > p*
unalr) = int{o |~ lim ETIEE) gy ). (433)

Applying (4.32) we see that for any positive €; < ¢, it is the case that

1 P(N > eT+e€1
Crria(r) = inf{e | — lim —2 W= p7e)

lim o s > dp(r)} (4.34)

which vanishes arbitrarily close to zero, resulting in a zero complexity ex-
ponent, and in the aforementioned subexponential complexity. The following
theorem then holds.

Theorem 11. LR-aided MMSE-preprocessed lattice sphere decoding intro-
duces a zero complexity exponent.

8. This is a moderate assumption that asks that E {||H|*F} < p. We note that this
holds true for any telecommunications setting.
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4.3.2 Gap to the exact solution of regularized lattice deco-
ding

We here prove that the LR-aided regularized lattice sphere decoder and
the associated time-out policies that guarantee a vanishing complexity ex-
ponent, also guarantee a vanishing gap to the error performance of the exact
lattice decoding implementation. This result is motivated by potentially ex-
ponential gaps in the performance of other DMT optimal decoders (cf. [57]),
where these gaps may grow exponentially up to 22 (cf. [66]) or may poten-
tially be unbounded [67].

Towards establishing this gap, we recall that the exact MMSE prepro-
cessed lattice decoder in (4.9) makes errors when §,_;; # s. On the other
hand the LLL-reduced MMSE-preprocessed lattice sphere decoder with run-
time constraints, in addition to making the same errors (§y—,1q # S), also
makes errors when the run-time limit of p® flops becomes active, i.e., when
N > p®, as well as when a small search radius causes N, = (). Consequently
the corresponding performance gap to the exact regularized decoder, takes
the form

gp() = lim P Brroria #sLUN 2 p73 U (N = 0)
L pP—r00 P (ér—ld 75 S)

To bound the above gap, we apply the union bound and the fact that
P(Ne =0) <P (v > ¢)

to get that

. PGrra#s) . PO =p")
< lim 7+ lim o
gr(z) < lim — G a2s) e P B )

. P(w" > ¢)
1 RS U | v
+P1ﬁ120 P (gr—ld 75 S)

Furthermore from (4.23) we observe that
P (81p—r1a #8) =P (8;-1a # 8) , (4.36)
and from (4.32) we recall that

. (4.35)

P (szeT) S pde(rfe)
which implies that for any > 0 it holds that
PN =p")
lim ———————
p—00 P (8,14 # 8)

Finally the last term in (4.35) relates to the search radius &, and to the
behavior of the noise w' which was shown in (4.12), (4.20) to take the form

~0. (4.37)

w' = QY (-’ R s+ R"M w). (4.38)
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The following lemma accounts for the fact that w includes self interfe-
rence and colored noise, to bound the last term in (4.35).

Lemma 3. There exist a finite z > dp(r) for which a search radius § =
Vzlog p guarantees that

i PO > )

Jim S g =0 (4.39)

The proof for this lemma is given in Appendix 4D.
Consequently combining (4.36), (4.37) and (4.39) gives that gr(x) =
1, Vz > 0. The following directly holds.

Theorem 12. LR-aided MMSE-preprocessed lattice sphere decoding with a
computational constraint activated at p® flops, allows for a vanishing gap to
the exact solution of MMSE-preprocessed lattice decoding, for any x > 0.
Equivalently the same LR-aided decoder guarantees that

log Nmax
gr(e) =1 and lim 208 Vmax\g) (9)

=0 Ve > 0,9 > 1,
p—oo  logp

for all fading statistics, all MIMO scenarios, and all full-rate lattice codes.

Summary

The work identified the first lattice decoding solution that achieves, in
the most general outage-limited MIMO setting and the high rate and high
SNR limit, both a vanishing gap to the error-performance of the (DMT
optimal) exact solution of preprocessed lattice decoding, as well as a compu-
tational complexity that is subexponential in the number of codeword bits.
The proposed solution employs lattice reduction (LR)-aided regularized lat-
tice sphere decoding and proper timeout policies. As it turns out, lattice
reduction is a special ingredient that allows for complexity reductions; a
role that was rigorously demonstrated here for the first time, by proving
that without lattice reduction, for most common codes, the complexity cost
for asymptotically optimal regularized lattice sphere decoding is exponential
in the number of codeword bits, and in many cases it in fact matches the
complexity cost of ML sphere decoding.

In light of the fact that, prior to this work, a vanishing error performance
gap was generally attributed only to near-full lattice searches that have ex-
ponential complexity, in conjunction with the fact that subexponential com-
plexity was generally attributed to early-terminated (linear) solutions which
have though a performance gap that can be up to exponential in dimen-
sion and/or rate, the work constitutes the first proof that subexponential
complexity need not come at the cost of exponential reductions in lattice
decoding error performance.
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Appendix 4A : Proof of Theorem 10

We begin by providing an upper bound on the complexity exponent
of MMSE-preprocessed (unconstrained) lattice sphere decoding, where this
bound holds for the general quasi-static MIMO channel, for all fading sta-
tistics and for any full-rate lattice code. We then proceed to provide a lower
bound on the complexity exponent of the same decoder, where this bound,
under the extra assumptions of i.i.d. Rayleigh fading statistics and of laye-
red codes, will in fact match the above mentioned upper bound to prove the
theorem and the associated corollaries. We recall from Section 2.1.1 that any
nr X ng (ng > nr) quasi-static point-to-point MIMO channel corresponds
to the general MIMO channel model. Specifically, from (3.63) for quasi-static
channel the real-valued model takes the form

y=+pHx+w (4.40)
as in (4.4) with m = 2n7T, n = 2ngT, and where
H = IT (9] HR. (441)

As before the vectorized codewords x, associated to the full-rate code, take
the form

x=p~ Gs, s € Z", (4.42)
where k = 2npT = m, which allows us to rewrite the model as
y =Ms+w, (4.43)
for
1_rT 1_rT
M=p2  «HG=p2 = (I  HR)G. (4.44)

Finally the corresponding coherent MMSE-preprocessed lattice decoder for
s can be expressed, as in (4.13), to be

érfld = arg glellzg ”I’ - R§H2 ’ (445)

where r = Qffy and where R € R™ ™ and Q; € R™™ are obtained by
considering the thin QR decomposition of an equivalent representation of
the MMSE-preprocessed lattice decoder (cf. [68])

where Q; = R™'M € R™™, Qy = o, R™! € R™*™ ¢, = p_TW and where
RYR = MYM + o1
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Upper bound on complexity of regularized lattice SD

In establishing the upper bound, we consider Lemma 1 in |7], which we
properly modify to account for MMSE preprocessing and for the removal of
the constellation boundaries, and get that the number Nj of nodes visited at
layer k by the MMSE-preprocessed lattice sphere decoder, is upper bounded
as

N = |Ng| < + } 4.47
= N IIP/ . (a.47)
where o;(Rg), i = 1,--- , k denote the singular values of Ry in increasing
order.
Towards lower bounding o;(Ry), we note that
0i(Ri) = 0i(R) = 0i(M™) = /a2 + 0,(MHM), (4.48)

where the first inequality makes use of the interlacing property of singular
values of sub-matrices [53]. Furthermore for

L i=1ny (4.49)

and f11 > -+ > fin,., we see that 0;(He) = p_%“f, and from (4.44) that

rT

mmﬁzp%nomaewmaT®Hm>
1_rT
=p2 % 0y,,6)(He)
pirT—‘ré(l_“lzT(i))’ (4.50)

where lop(i) = |
that omin(G) =

], and where the asymptotic equality is due to the fact

7
2T
p°. Substituting from (4.50) in (4.48) we now have that

oi(Ry) > p_,:T-i—%(l—ulQT(z'))+7 i=1,---, K (4.51)

Corresponding to (4.47) we see that

p(%_%(l_MZQT(i))+)+,

[J+ mm]‘

for any i = 1,--- ,2n7T, and from (4.47) we have that

Na(p) < pZims (F =30 ) ™) (4.52)
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where pp = (g1, -+, fing). It follows that

" . " k rT +
Nsp(p) = Z Ni(p) < ZPZi:l (5 =3 (0=t 9) ™)
k=1

k=1
K rr 1 +
- pZizl (775(17’1‘12T(i))+)

n +
ipTZj:T1<%*(1fﬂj)+> , (4.53)
where the last asymptotic equality is due to the multiplicity of the singular
values.

Following the footsteps of the complexity analysis in Section 3.2.2 an
upper bound on the complexity exponent c,_;4(r) can be obtained as the
solution to a constrained maximization problem according to

nrp 4
r
crota) < olr) 2 TS (L = (1= ) ) (4542)
j=1

st I(p) < dp(r), (4.54b)
1 > > i, > 0. (4.54c)
Equivalently for pu* = (uj, -+, u;,.) being one of the maximizing vec-
tors?, i.e., such that pu* € T(x) and I(u*) = dp(r), then &._14(r) takes the

form

&) =T (=-a- u§)+)+- (455)
=1 N

As we will now show, the above bound is also shared by the ML-based
sphere decoder, with or without MMSE preprocessing, irrespective of the full-
rate code and the fading statistics. Directly from Corollary 5, and taking into
consideration that MMSE-preprocessed lattice decoding is DMT optimal for
any code [57], we recall that the equivalent upper bound for the ML-based
sphere decoder, without MMSE preprocessing, takes the form

nrt +
r r
Cquasi(T) £ max TZ min < — 1+ py, ) (4.56a)
Lt nr nr
sit. I(p) <dgp(r), (4.56D)
> > iy > 0. (4.56¢)

Comparing (3.22) and (4.56) we are able to conclude that both the objective
functions (3.22a) and (4.56a) as well as both pairs of constraints are identical.

+

9. In general, (3.22) does not have a unique optimal point because (a)™ is constant in

a for a <0.
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To see this, we first note that for 0 < p; <1, then
. T r\" r *
min ( — —1+p;,— | = — —1+4u;) ,
nr nr nr

<an—(1—Mj)+>+: <an_1+Nj>+7

and furthermore we note that for p; > 1, then

+ +
. r r r r
win (L1 D) = (Do) =L
nr nr nr nr
which proves that Cgyqesi(r) and ¢,_jq(r) are identical.

In considering the case of MMSE-preprocessed ML SD, it is easy to see
that the summands in the objective function in (4.56a) will be modified

to take the form min (é —(1—=p)™, %)Jr which can be seen to match
(3.22a) for all ; > 0, which in turn concludes the proof that the upper
bound ¢, _;4(r) for MMSE-preprocessed lattice SD is also shared by the ML-
based sphere decoder, with or without MMSE preprocessing, irrespective of
the full-rate code, and for all fade statistics represented by monotonic rate

functions.

Lower bound on complexity of regularized lattice SD

We will here, under the extra assumptions of i.i.d. Rayleigh fading statis-
tics and of layered codes with natural decoding order, provide a lower bound
that matches the upper bound in (4.55). The same bound and tightness will
also apply to any full-rate code, under the assumption of a fixed, worst case
decoding ordering.

The goal here is to show that at layer & = 2¢T, for some g € [1,nT],
the sphere decoder visits close to p°r—14(") nodes with a probability that is
large compared to the probability of decoding error P (sy #s) = pdr(n),
which from the expression of the complexity exponent (3.12b), will prove
that ¢, _14(r) = &—1a(r).

Going back to (4.55), we let ¢ be the largest integer for which

é — (1)t >0, (4.57)

in which case (4.55) takes the form

q
r
Cota(r) =T . (1—uj)™ (4.58)
j=1
_logo;(HEHC)

We recall from (4.49) that p; = Tog o , 7 =1,--- np, and that
p* € T(x) satisfies I(pu*) = dp(r) and maximizes (4.54). We also note that
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without loss of generality we can assume that ¢ > 1 as otherwise ¢,_j4(r) =
0 (cf. (4.55)). Consequently it is the case that uj > 0 for j = 1,--- ,q.
Furthermore given the monotonicity of the rate function I(u), and the fact
that the objective function in (4.54a) does not increase in p; beyond p; = 1,
we may also assume without loss of generality that ,u;‘- <lforj=1,--- ,nr.

We proceed to define two events 21 and €22 which we will prove to be
jointly sufficient so that, at layer k = 2¢T’, the sphere decoder visits close to
p°r=1d(") nodes. These are given by

O 2{uf =20 <y < pf =0 j =1, g

. (4.59)
0<:u’] <57] :q+17 ,TLT},
for a given small § > 0, and
L 2{oy (Ir @ VIG,) > u}, (4.60)

for some given u > 0, where for p£np — ¢ then Gy, denotes the first 2pT'
columns of G, and where V, denotes the last 2p columns of V obtained by
applying the singular value decomposition on Hpg, i.e., Hr = USVH  where

¥ 2 diag{o1(HRg), - , 00, (Hg)}

with o1(Hg) < -+ < 09n,.(Hg) and VVH = T. Hence, VI corresponds to
the 2p largest singular values of Hg.

Note also that by choosing ¢ sufficiently small, and using the fact that
pu; >0 for i =1,---,q, we may without loss of generality assume that {2y
implies that pu; >0 for all j =1,--- ,ny.

Modifying the approach in [7, Theorem 1| to account for MMSE pre-
processing and unconstrained decoding, the lower bound on the number of
nodes visited at layer k by the sphere decoder, is given by

k

2¢ +
N, > 1;[1 [\/W -~ \/E] . (4.61)

In the following, and up until (4.67), we will work towards upper bounding
0;(Ry) so that we can then lower bound Nj.
Towards this let

1_rT
Mggé [ PQI ~HG, € R2(nrtnr)Tx2pT
Qrdp

contain the first 2pT" columns of M"Y from (4.46), and note that

H 1—-2"T ~HyyH 2
(Mgg) M’{peg:p = GlpH HG‘p—kaTI,
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and that from (4.41) we get

_2rT
(MM = p'= 7 G (Ir ® H{HR) Gy, + ;1.

Since

HIHp = V(diag{o1(HEHR), -, 00n, (HEHR)}) VH
= V(diag{o1(HEHg), -, 02n, (HE Hp)}
H . H
— a(2q+1)(HRHR)Vd1ag{O, e ,0, 1, Tty 1})V
2q 2p
H . H
+ 0(2¢+1) (HRHR)V(dlag{O7 e, 0,1 1})V )
2q 2p

we have that

HiHR = (2041 (HEHR)V(diag{0,---,0,1,--- , 1}V
2q 2p
= 0(2g+1)HFHR)V, VY

where the last equality follows from the fact that V, contains the last 2p
columns of V and where A > B denotes that A — B is positive-semidefinite.
Since o;(HH H) € R and since the Kronecker product induces singular value
multiplicity, it follows that

_2rT
(MTPEQ)HMITPEQ = p T U(2q+l)(HgHR)Gg(IT ® Vpr)G‘p + o1

With respect to the smallest singular value of (Mrpeg i Mrpeg we have

_2rT

g (HAHR) 0y (Gg (Ir  V, V1 )G‘p) + a2

(M) = !

and consequently, given that Hgr € (o, we have that

T
o1(M9) > p~w \/U20012(2q+1)(HgHC) +1

- p—%p%(l—uqﬂ)+

> p a0 (4.62)
where the first inequality follows from (4.60), the exponential equality follows
from (4.49) and from the fact that u > 0 is fixed and independent of p, and
the last inequality follows from (4.59).

From (4.44) we have that

(M) < pT (1L pl(0w(G) ey ) (He))?)

—rT

= p K +%(1_“12T(i))+’ ’L = 17 LRI ,2nTT, (463)
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where the asymptotic equality follows from the fact that o.(G) is fixed and
independent of p. Furthermore (4.59) gives that for i = 1,--- ,2¢T then

Ui(Mreg) S p_%+5+%(1_“?2T(i))+’ (4.64)

where we have made use of the fact that ,u; <lforj=1,---,np.
Given that u;‘f > 0 for j =1,---,q, then for sufficiently small § and for
i=1,---,2q¢T, we have that
' 1 rT 1
+ £\
— (=0T = =+ S (L= piy) T
which means that for sufficiently small ¢, a comparison of (4.62) and (4.64)
yields

O_i(Mreg) < Ul(MT;g)v i=1,--+,2qT.

The above inequality allows us to apply Lemma 3 in [7]|, which in turn gives
that

O.I{(M’I’Eg)
— 41
nMG7)

oi(Ry) < [ oi(M™9), i=1,---2qT. (4.65)

Setting ¢ = k in (4.63) upper bounds the maximum singular value of
M’ as

(SIS
gs

O_K(MTGQ) ép_%+%(1—ﬂnT)+ S p - s (466)

where the last inequality is due to the fact that p; > 0. Consequently com-
bining (4.66) and (4.62) gives that

0, (M) ~ s
——regy T 1| <p2°,
[Ul(Mpg)

which together with (4.64) and (4.65) gives that

T 35,1 x
%+§5+§(1*“12T(¢))+

oi(Ry)<p~ i=1,---,2qT. (4.67)
Consequently, going back to (4.61), we have that
+ T *
[25 — \/E} > p(%’%‘s’% hie)t) S g (4.68)
Vkoi(Ry,)
. T 3 1 *
and furthermore fori =1, --- ,2¢T, we have that ’"?—55—5(1—/””(1.))+ >0

directly from definition of ¢ and for sufficiently small 4. As a result, for
k < 2¢T we have that

. Hp<7—36—%(1—u;‘ﬂ(i))) (4.69)

_ (5 =5y )T ) 30 (4.70)
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and setting k = 2¢7T" we have that

Nogr = p (S (=30t 347 (4.71)
— p(T o (55— (=) ™) =34T) (4.72)
_ p(Eszd(T)—3qT5)’ (4.73)

where the last equality follows from (4.58). Consequently
Nsp > Nogr > pr-ta(r) =3T3

for small § > 0. Given that § can be chosen arbitrarily small, and given that
events €27 and €2 occur, then the number of nodes visited by the SD at layer
2¢T is arbitrarily close to the upper bound of pET*ld(’“).

p ( N pa_ldm—saqm)

Now we just have to prove that — lim <dr(r).
p—00 log p

Toward this we note that as (4.59) and (4.60) imply that N > pr-1a(r)=3dT9
it follows that

P (N2 pf-u)=34T0) > P () 1.Qy) = P () P ()

where the equality follows from the i.i.d. Rayleigh assumption on the entries
in He, which makes the singular values of Hg H¢ independent of the singular
vectors of HZHc [55], and which in turn also implies independence of the
singular values of HZH¢ (event Q1) from the singular vectors of HEHp
(event €9).

We now turn to |7, Lemma 2| and recall that for the layered codes as-
sumed here, as well as for any full-rate design and some non-random fixed
decoding ordering (corresponding to a permutation of the columns of G),

there exists a unitary matrix V; such that rank((IT ® (VI;)H)GW) = 2pT
i.e., that

o1 ((IT ® (\/;)H)G‘,,) > 0.
However, by continuity of singular values [53] it follows for sufficiently small

u > 0 (cf.(4.60)) that P (Q2) > 0, which implies ' that P (Q2) = p° as s is
independent of p. This in turn implies that

P (N2 pfru=T0) S p(Qy). (4.74)

10. In light of the fact that event Vp, has zero measure, what the continuity of eigenvalues
guarantees is that we can construct a neighborhood of matrices around Vp/ which are full
rank, and which have a non zero measure. We also note that the matrices Vp/ can be

’
created recursively, starting from a single matrix V, ..
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With € being an open set, we have that

P (22
— lim () < inf I(p),
p—oc logp ne

q

= ) (nr —nr| + 25 — 1) (1 — 20),
j=1

= dr(r) = 2(Inr — ngr| + ¢)qd,
< di(r), (4.75)

where the above follows from the monotonicity of the rate function

nr

I(p) = (ng—nr +2j — ),
j=1

evaluated at

£_25 . pt—26,0,---,0} =arg inf I(p),
{11 It } arg inf (1)

and also follows from the fact that, by definition, I(u*) = dp(r).
Consequently from (4.74) we have that

P (N > pEr—ld(r)_SqT5>
— lim
p—00 log p

< dp(r), (4.76)

and directly from the definition of the complexity exponent, we have that
Cr—1da(r) > Cr_1q(r) — 3¢T0. As the bound holds for arbitrarily small § > 0,
it follows that ¢,_jq(r) = ¢._iq(r). Directly from Corollary 5 which analyzes
the ML-based complexity exponent ¢gyqsi(7), together with the fact that the
ML-based sphere decoder, with or without MMSE preprocessing, shares the
same upper bound ¢,_;4(r) as the MMSE-preprocessed lattice decoder, gives
that cquasi(r) = Gr—1a(r), which in turns implies that

Cr—ld(r) = Cquasi (T) .

This establishes Theorem 10. J

Appendix 4B : Proof of Corollary 10d

We can see from (4.54) that, regardless of the fading statistics and the
corresponding I(u), the exponent ¢._j4(r) is non-decreasing in dr(r) and
is hence maximized when dy,(r) is itself maximized, i.e., it is maximized in
the presence of DMT optimal encoding and decoding. Combined with the
fact that the corresponding maximization problem does not depend on the
fading distribution, other than the natural fact that its tail must vanish
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exponentially fast, results in the fact that, for any full-rate code and statis-
tical characterization of the channel, the complexity of MMSE-preprocessed
lattice SD is universally upper bounded as (cf. Corollary 4a)

L otnr— ) =0+ o ) —rnr— 1)) (@7

This proves Corollary 10d. U

Appendix 4C : Proof of Lemma 2

For RIR, = MZM, + oI (cf. (4.10)) !, it follows by the bounded
orthogonality defect of LLL reduced bases that there is a constant K, > 0
independent of R, and p, for which (cf. [64] and the proof in [69])

~ K,
- < " 4.
where
AR,)2 min |R.c| (4.79)

ceZr\0

denotes the shortest vector in the lattice generated by R,. As a result we
have that

AR;)

(R, >
Umzn(Rr) =K,

(4.80)

Looking to lower bound oy, (R,), we seek a bound on A(R,). Towards this
let 7' = r — « for some r >~ > 0, in which case for s being the transmitted
symbol vector, and for any § € Z" such that § # s, it follows that

[r—R8 = [|(r —Rys) + Ry(s —3)|
< |(r = Rys)| + Ry (s — 8)] (4.81)

and

IR(s—8)| = [r—Ry8|—[(r ~ Rys)]
— v =Ry — [wll (4.82)

From (4.82) it is clear that to find a lower bound on A(R,/), we need to
lower bound |r — R,/8|| for all § € Z* and upper bound ||w||. Let us, for
now, assume that ||w||* < p?. To lower bound ||r — R,.8||, we draw from the

11. Note the transition to the notation reflecting the dependence of R on r.
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equivalence of MMSE preprocessing and the regularized metric (cf. equation
(45) in [57]), and rewrite

It — R3] = [ly — M/8| + o2 [8]° — ¢, (4.83)

where ¢ £y [I - ME(MIM, + o2I)"'M, ]y > 0. We now note that for
§ = s then [ly — Mys||* +a? ||s||* = |[w]* < p°, and since the left hand side
of (4.83) cannot be negative, and furthermore given that ¢ is independent of
§, we conclude that ¢ < p.

We will now proceed to lower bound ||y — M,/8||*+a2 ||8]|* and then use
(4.83) to lower bound ||r — R,+8||. Towards lower bounding |ly — M,.8||* +
o?, 18/|* we draw from Theorem 1 in [57] and we let B be the spherical region
given by

B2{d e RY |d? < T?)

where the radius I' > 0 is independent of p and is chosen so that dy+ds € R

for any di,ds € B. The existence of the set B follows by the assumption
that 0 is contained in the interior of R. Now let

A : 1

Uy = min -

'T
dep’® BNZ~:d£0 4

ML,

and for given v > ¢ > 0 choose b > 0 such that

20T
—C >b>0.
K

This may clearly be done for arbitrary ¢ > 0. We will in the following
temporarily assume that v,., ¢ > 1 and prove that, together with [wl* < p,

the two conditions are sufficient for A(R,) > ,0% to hold.

In order to bound the metric for § € Z" where § # s, we note that

«'+OT
Vpr4¢ > 1 implies that Vd € p B NZ",d # 0 it is the case that

1 2
1 IMppd]” > 1
- 2 (a)
i'pl (iC)THGd g 1
1y 1 +7 2 2T
e =

where (a) follows from the fact that M, = péf%HG. Consequently

2T @'+OT
K

1
SIMpd|P>p e, Vdep = BNZEd#O. 4.84
4

As R is bounded, and as ¢ > 0, it holds that R C %p%B for all p > pq,

'+QT .
= B for p > p; since

for a sufficiently large p;. This implies that s € %p
T

sep= R
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1 (T/JrOT o . . (T/+()T kA
Fors,d € 5p° » BNZ", thereexistsan§ € p= »  BNZ", 8 # s, such
A A «'+OT
that § = d +s. Hence for any § € p~ = B NZ", we have from (4.84) that

1 R 1 2T
1 IMy (8 = 8)[* = [Md|* > p7 (4.85)
As ||w]|* < p?, it follows that + 1 [IM,. /d||? > ||w]? for large p, and that
A2 R 2o 2T
Iy = M8l = [My(s — 8) + w|” = o (4.86)
Consequently

~ N - 2T
ly — M8 + a2 [8]2 3 o5 (4.87)

On the other hand if § ¢ p t B, then by definition of B we have that

a?, I18)* > %I’Qp%TT, and consequently that

1 «r
ly = M8l + ol |87 = ST (4.88)
From (4.87) and (4.88) we then conclude that
o An2 < xT
Iy — Mo3|? + a2 523 5 (4.89)

Given (4.87) and (4.89), for any § € Z" such that § # s, it is the case that

ly — M8[* + a2 |3]* > p “%, which combined with ¢ < p® allows for (4.83)
to give that

e~ Ru8|22p% . (4.90)
Applying (4.79) and (4.82), we have

ARy) > [lr = Ry8|| — [lw

: T b
> pr —p2
. (4.91)

where the exponential inequality follows from (4.90). Furthermore we know
that

—T . —eT

AR,) = p 7 ARy 2 p (4.92)

where € = v — (¢, r > € > 0, and from (4.80) and (4.92) it follows that
eT

O'mm(R )>p P
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We now note that the above implies that for v,/ ¢+ > 1 and [wl? < p?

then oy (Ry) > pirzT, and thus applying the union bound yields

P(omin(®) <0 ) = P (e <DU(Iw]* > o)

P (e < 1) +P (HwH? > pb) .

IN

We know from the exponential tail of the Gaussian distribution that
P (HWHQ > Pb> = p~°° and from [57, Lemma 1] that P (v, < 1) < p~dmz("+0),
Hence
P (Umm(ﬁ,r) < p;ZT> ép—dML(T—@

forall r > € > 0.
The association with the singular values

o1(Rpg) < - < op(Rpp)

is made using the interlacing property of singular values of sub-matrices,
which gives that

O-i(RT,k) > O-i(f{'r‘)u 1 < k= Ry (493)

—eT

P (amm(ﬁnk) & pT> < o),

Finally from the DMT optimality of the exact implementation of the regu-
larized lattice decoder [56], [57], we have that

P (omin(Rop) < p = ) < p7 2070,

This proves Lemma 2.[]

Appendix 4D : Proof of Lemma 3

For a search radius that grows as & = /zlog p = p", we first prove that
for z > dp(r)

P (I > ¢2) < pmie).
From (4.12) and (4.46) the equivalent term for MMSE-preprocessed lat-
tice decoding is given by

I

w = —o’R s+ R IMIw
—0, Qs + QHw. (4.94)
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Consequently we calculate

P(IWII>¢) < P({l-aQfsl+Qfwl}>¢)
@ p({i-aat | 2 1+1a | 3 |1} >e)
<P ({sup | = arsll + ku} > €)
(0)
< PUK+Iwl}>¢)
= P(lw| > {¢- K}
(§C) P (||w||* > 21 log p)
< ph) (4.95)

where (a) follows from the MMSE-preprocessed equivalent channel repre-
sentation in (4.46), where the inequality in (b) follows for some fixed K > 0
independent of p such that K > supgegs || — ars||, where the inequality
in (c) follows for some arbitrary z > z; > 0 independent of p such that
(6 — K)? > zlogp and where the last asymptotic inequality follows for
some z1 > dr(r) > 0. Consequently

P(IWl>¢) =P (I1Q7w | > ¢) < p=ts)
and as a result
(Il >¢)
pi)rgo P(Sr ld #S) B

This proves Lemma 3. [J
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Chapter 5

Feedback-Aided Complexity of
ML and Lattice Decoding

5.1 Introduction and MIMO-ARAQ signaling

The work in the previous chapters has focused on deriving complexity
exponents for the case where there is no feedback information sent to the
transmitter (no CSIT). Such feedback is known to improve the rate-reliability
performance in MIMO systems. What we show here is that feedback also
changes the required computational complexity. We focus on two funda-
mental questions. The first question asks what is the complexity savings
that feedback provides for a given fixed rate-reliability performance, and
the second question asks what is the complexity costs of achieving the full
rate-reliability benefits of feedback. The analysis and the constructed feed-
back schemes tell us how to properly utilize a finite number of feedback bits
to alleviate the adverse effects of computational constraints, as those seen
in the derived rate-reliability-complexity tradeoffs of the previous chapters.
Emphasis is placed on MIMO-ARQ feedback schemes, although we do also
consider feedback with antenna selection.

In the MIMO-ARQ setting (Fig. 5.1), communication of a certain mes-
sage is divided into rounds, each of duration 7. At the end of each ARQ
round, the receiver feeds back to the transmitter a single bit (known as an
ACK or a NACK response). An ACK implies that the receiver has success-
fully decoded, in which case the transmitter moves on to the next information
message. On the other hand, upon receiving a NACK, the transmitter re-
transmits a (possibly different) encoded version of the same message. There
can be up to L such ARQ rounds.

97
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Signal Signal
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Receiver

Simple Transmission

® NACK
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Transmitter : ARQ bits ARQ bits Receiver

ARQ Transmission

FIGURE 5.1 — Schematic for MIMO-ARQ system

5.1.1 Reliability and complexity implications of feedback :
from DMT to the improved DMD

The work in [10] has quantified the benefits of such a MIMO-ARQ
scheme, and has shown that it can increase the rate-reliability performance,
elevating it from the optimal DMT d*(r) of the MIMO channel without feed-
back, up to a much improved ! d*(7). This optimal performance d*(r/L) is
generally referred to as the optimal DMD tradeoff (diversity multiplexing
delay tradeoff, cf. [10]). Figure 5.2 illustrates these performance gains for the
case of L = 4-round ARQ over the Rayleigh fading 4 x 4 MIMO channel. A
practical implication of such feedback schemes is that in the presence of a
moderate number of transmit and receive antennas, and a moderate number
of (L — 1) bits of feedback, one can enjoy near ergodic behavior (i.e., very
substantial diversity), even for rates close to the ergodic capacity (high r).
Such gains may entail though increased complexity. While the complexity

T : : : :
*. = Optimal DMT of ARQ with L=4
1af Y = = =Optimal DMT non-feedback |/
‘\
12 hes
.
= .
T 10+ *
£ \,
o .
= 8 Sy
4 .
o
> 6 -
a “,
.
4r N
~~
2 “~~
S
0 ; ; i
0 05 1 3 3.5 4

15 2 25
Multiplexing Gain (r)
FIGURE 5.2 — Optimal DMT and DMD for 4 x 4 MIMO.

implications will be clarified later on, loosely speaking, to achieve the op-
timal DMD d*(r/L) for specific settings, the last round decoding must be

1. We focus on the quasi-static case and on the case of no power adaptation.
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sufficiently reliable, something that can happen only if the associated lattice
designs encountered by the decoder in the last round are themselves suffi-
ciently strong, which in turn implies even more heavily packed and complex
coding schemes for the intermediate rounds (cf. [36]).

The other side of the coin is that, if one were willing to sacrifice some
of the feedback reliability gains, this aforementioned complexity may be re-
duced even below the original complexity corresponding to the case of no
feedback, i.e., below the complexity corresponding quantified by the com-
plexity exponents derived in Theorem 5 and Corollary 5a.

With the above in mind, we seek to understand the computational costs
that allow for a) the optimal DMT d*(r) and b) the optimal DMD d*(r/L),
both with the assistance of L-rounds of ARQ feedback. Specifically we will
derive bounds on the minimum complexity exponent required by ML and
lattice based SD to achieve the optimal DMT d*(r) and the optimal DMD
(d*(r/L)), where this complexity is minimized over all lattice designs (which
must vary accordingly depending on the setting), all ARQ schemes (L <
nt), all policies of computational halting, as well as all policies on decoding
ordering. The results are presented for ML-based (sphere) decoding as well as
(MMSE-preprocessed) lattice decoding. The derivations focus on ML-based
decoding, but extend automatically to the lattice decoding case, as we have
learned from Chapter 4. The validity of the presented results depends on
the existence of actual schemes that meet them. These schemes will be here
provided, together with the associated lattice designs, decoders, as well as
halting and ordering polices.

5.1.2 MIMO-ARQ signaling

We here present the general ny x np MIMO-ARQ signaling setting, and
focus on the details which are necessary for our exposition. For further un-
derstanding of the MIMO-ARQ channel, the reader is referred to [10], see
also [36].

Under ARQ signaling, each message is associated to a unique block
[ch X% . Xé] of signaling matrices, where each X’C eCrxT §=1,... L,
corresponds to the nt x T matrix of signals sent during the ith round. The
accumulated code matrix at the end of round ¢, £ =1, --- , L, takes the form
XéRQ’e = [X} XZ...XE] € €T We note that the signals XéRQ’L
are drawn from a lattice design that ensures unique decodability at every
round 2.

In the quasi-static case of interest, the received signal accumulated at the
end of the f-th round takes the form

Y. = JpHe XS v Wh, =1, L, (5.1)

2. Loosely speaking, unique decodability means that, for any £ = 1,--- | L, the corres-
ponding X’SRQ’Z carries all bits of information.
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where Hp € Cne*nr |

We proceed with quantifying the complexity reductions due to ARQ feed-
back. After that Section 5.3 will consider the complexity that allows for
harvesting the full rate-reliability benefits of ARQ feedback, and Section 5.4
presents similar results for the antenna selection case. The rest of the sections
are dedicated to proofs of the main results.

5.2 Complexity reduction using ARQ feedback

We here seek to analyze the complexity reductions due to MIMO ARQ
feedback. Specifically for d*(r) denoting the optimal DMT of the nt x ng
MIMO channel in the absence of feedback, we here seek to describe the
complexity exponent required to meet the same d*(r) with the assistance
now of an L-round ARQ scheme. This exponent is to be compared with the
exponent in Theorem 5 and Corollary ba which describes the complexity
that guarantees the same rate-reliability performance (d*(r)) but without
feedback.

The following holds for the nt x ng (nr > nr) ii.d. regular fading?
MIMO channel.

All the presented results hold for ML-based decoding as well as MMSE-
preprocessed lattice decoding.

Theorem 13. Let ¢(r) be the minimum complezity exponent required to
achieve d*(r), minimized over all lattice designs, all ARQ schemes with L <
nt rounds of ARQ, all halting policies and all decoding order policies. Then

(1) < Crealr) & - [r(nr = r] = 1)+ (nr Lr) = r(nr = 1))*]

which is a piecewise linear function that, for integer r, takes the form

1
Cred(T) = Er(nT —r), forr=0,1,--- ,np.

The proof of the above theorem will be presented later on, together with
the proofs for the upcoming Propositions 3 and 4, and it will include the de-
rivation of the upper bound, and the constructive achievement of this bound
which is presented in Propositions 3,4. The constructive part of the proof is
based on designing ARQ schemes and implementations (lattice designs and
halting policies) that meet the bound. We proceed with these propositions

3. The i.i.d. regular fading statistics satisfy the general set of conditions as described
in [70], where a) the near-zero behavior of the fading coefficients h is bounded in probability
as c1|h|" < p(h) < ca|h|" for some positive and finite c;, c2 and ¢, where b) the tail behavior
of h is bounded in probability as p(h) < ch_b“"‘E for some positive and finite ¢z, b and S,
and where ¢) p(h) is upper bounded by a constant K.
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where we identify cases for which the above complexity bound suffices to
achieve d*(r) with the help of feedback.

An important aspect in ARQ schemes is knowing when to decode and
when not to decode across the different rounds. Towards this we have the
following definition.

Definition 1 (Aggressive intermediate halting policies). We define aggres-
sive intermediate halting policies to be the family of policies that halt decoding
in the first round whenever the minimum singular value of the channel scales
as p~€ for some € > 0, which do not decode in the second to the L-1 round,
and which decode at the last round iff a) they have not decoded in the first
round and b) the channel is not in outage with respect to the effective rate of

ARCQ) scheme.

Furthermore we will henceforth use the term minimum delay ARQ scheme
to refer to any ARQ scheme with T' = 1. We will also use the term ARQ-
compatible, minimum delay, NVD, rate-1 lattice designs to refer to the family
of np X nr lattice designs XéRQ’L with k = 2n7, with non-vanishing de-
terminant (NVD)* for » < 1, and with all the information appearing in all
rounds.

Proposition 3. A minimum delay ARQ scheme with L = nt rounds achieves
d*(r) with c(r) < Geq(r), irrespective of the ARQ-compatible, minimum de-
lay, NVD, rate-1 lattice design, for any aggressive intermediate halting policy,
and any sphere decoding order policy.

The following describes a very simple MIMO ARQ coding implementa-
tion that achieves d*(r) with ¢(r) < €.eq(r). The proof of this proposition
will appear later on, and is crucial in the achievability part of the proof of
Theorem 13.

Proposition 4. The minimum delay ARQ scheme with L = nt rounds,
implemented with any aggressive intermediate halting policy, any sphere de-
coding order policy, and a rate-1 lattice design XéRQ’L drawn from the center
of perfect codes (cf. [18,25])°, achieves d*(r) with c(r) < Cpeq(r).

Theorem 13 has quantified the computational reserves that are sufficient
to achieve DMT optimality. These computational reserves can be seen to be

4. A code has a non-vanishing determinant if, without power normalization, there is a
lower bound on the minimum determinant that does not depend on the constellation size.
The determinant of any non-normalized difference matrix is lower bounded by a constant
independent of p (see [25]).

5. For general lattice designs derived from cyclic division algebra (CDA) (cf. [13,25]),
F and L are number fields, with L a finite, cyclic Galois extension of F of degree n. Let
o denote a generator of the Galois group Gal(L/F). Let z be an indeterminate satisfying
lz = zo(l), V1 €L and 2" = v for some non-norm element v € F*. Then the set of all
elements of the form 3" ' z'l; forms a CDA D(L/F,0,7) with center F and maximal
subfield L. The mentioned codes are limited in the center of the division algebra and take
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smaller than those required to achieve the same optimal DMT d*(r) without
feedback, and in the presence of any known minimum delay DMT optimal
designs. Specifically, in the absence of ARQ), the latter designs have been
shown in Theorem 5 and Corollary ba to require a complexity exponent of

o(r) =r(nr —r), (5.3)

(for integer r = 0,1,--- ,np), whereas we have just seen that, for example,
in the presence of np rounds of ARQ, the same DMT is achieved with a
much reduced
c(r) < —r(ng —r).
nr
We proceed with a few examples.

Example 9 (Corresponding to Theorem 13 and Propositiond). For the ge-
neral np X ng setting with ng > nr, and for r = ny/2, the computational
resources required to achieve the optimal d*(r) with existing DMT optimal
(minimum delay) non-feedback schemes (cf. Corollary 5a), scales as

Nmax = Pngr/4 = 2RnT/27

whereas the feedback aided complexity required by the feedback scheme in
Propositiond scales as

Nmax = pnT/4 = 2R/2'
Generally, given a rate that scales linearly with min{nr,ng}), in the absence
of feedback the complexity exponent of achieving d*(r) scales with nQT, whereas

the feedback aided complexity exponent scales with nr.

Example 10. Figure 5.3 considers the case of ny = 4 < ngr and Rayleigh
fading, and compares the above complexity upper bound in the presence of
feedback (L-rounds, minimum delay), to the equivalent complezity exponent
n (5.3) of achieving the same DMT optimal d*(r) without ARQ feedback
(Perfect codes and natural, fized decoding ordering).

Example 11. Figure 5.4 considers, for the same 4 X ny channel ng > nr,
the joint performance-complexity measures

I(r) = d(r) = c(r)

for the above feedback aided and non-aided schemes of the previous example.
Naturally the feedback aided scheme exhibits a uniformly increased measure.

the simple form

foo Afar—1 - A
fl fO fyfz

XéRQ’L _ f.2 f:l fy:f?) EC”TXHT7 (52)
Fovct fames o

where f; belong to the QAM constellation.
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Complexity reduction via feeback in 4x4 MIMO
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ARQ schemes.

5.2.1 Feedback reduction for asymmetric channels : ng < nr

We now consider the case of ng < nr, and specifically the case where
nr|nt (i.e., ny is an integer multiple of ny), to observe again how simple
implementations offer substantial reductions in complexity. In terms of sta-
tistics, the results hold for any i.i.d. regular fading distribution. As before
the results apply to MIL-based decoding as well as to MMSE-preprocessed
lattice decoding.

Theorem 14. In the MIMO ARQ channel with ng|nr, the minimum com-
plezity exponent c(r) required to achieve d*(r), minimized over all lattice de-

signs, all halting policies, and all minimum delay ARQ schemes with L < np
rounds of ARQ, is bounded as

o(r) < Broalr) 2 = an [r(ng — |r] — 1) + (ng |r| — r(ng — 1)*],

which is a piecewise linear function that, for integer r, takes the form

1
Cred(r) = ar(ng —r), forr=0,1,--- ngR.
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Applying as the constructive part of the proof of the above theorem, the
following describes a very simple MIMO ARQ block-diagonal repetition co-
ding implementation that achieves d*(r) with a much reduced ¢(r) < G.cq(r).

Proposition 5. A minimum delay ARQ scheme with L = nt rounds, imple-
mented with any aggressive intermediate halting policy, any sphere decoding
order policy, and a mte—% block-diagonal repetition lattice design XéRQ’L
where the (rate-1) block component code is drawn from the center of ng X ng

perfect codes, achieves d*(r) with c¢(r) < Geq(r) from Theorem 14.

Of interest is the special MISO-ARQ case of ng = 1, where the above
described scheme will allow for a zero complexity exponent, and for a com-
plexity that scales as a subpolynomial function of p and as a subexponential
function of the number of codeword bits and of the rate.

Corollary 14a. Over the nt x 1 MISO channel, the minimum delay ARQ
scheme with L = ny rounds, implemented with a mte-% repetition QAM

design X‘éRQ’L, achieves d*(r) with c(r) = 0.

This corollary follows directly from Theorem 14.
We proceed with a few examples.

Example 12 (Corresponding to Theorem 14 and Proposition 5). For the
4 x 2 MIMO channel with an L = 2-round ARQ, applying a lattice design of
the form

fo vfi 0 0
0 0

XARQL _ fi fo e o,
¢ 0 0 fo vfi
0 0 fi fo

where fo, f1 ~ QAM, together with an aggressive intermediate halting policy
for the first round decoder, and with any sphere decoding ordering policy, can
achieve the optimal d*(r) of the 4 x 2 channel, and can do so with compu-

tational resources of Nmax = p°red") flops, which for integer r translates to
1

Ny = pﬁr(nR*r) — p3(2-7),

Example 13 (Corresponding to Theorem 14 and Proposition 5). Figure 5.5
compares two schemes : the 2 x 2 MIMO channel (minimum delay, DMT
optimal lattice design), and the 4 x 2 minimum delay MIMO-ARQ channel
with L = nt = 4, 3 bits of feedback, and the implementation of Proposi-
tion 5. We see a considerably reduced complezity of the feedback aided scheme
(Fig. 5.5(a), lower line) which, at the same time, achieves a much higher
DMT performance (Fig. 5.5(b), upper line) than its non-feedback counter-
part.
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Example 14 (Corresponding to Corollary 14a). For the np x 1 MISO case,
the corresponding feedback-aided complexity is shown in Corollary 14a to be
subexponential in the rate and the number of codeword bits. This dramatic
reduction is depicted in Fig. 5.6 which compares it with the corresponding

complezity (required to achieve the same d*(r)) in the absence of feedback.
This is done for the case of np = 3.
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FIGURE 5.6 — Complexity reduction for MISO channel with one bit

feedback.

We proceed with the second question of interest.

5.3 Complexity for harvesting the full rate-reliability
benefits of feedback

As shown in [10], the presence of L-rounds of ARQ can improve the
DMT performance, from the optimal d*(r) achieved without feedback, to the
DMD optimal d*(r/L) which offers closer to ergodic behavior even at high
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multiplexing gains. We here study the complexity implications of achieving
this DMD optimal performance d*(r/L).

The following holds for i.i.d. regular fading statistics. For now we will
focus on the case where ng > nr and the case where Liny (i.e., ny is an
integer multiple of L). As before all presented results hold for ML-based
decoding as well as MMSE-preprocessed lattice decoding.

Theorem 15. Let c¢(r) be the minimum complexity exponent required to
achieve the optimal L-round MIMO-ARQ DMD d*(r/L), for any given L|nT,
where the complexity is minimized over all lattice designs, all halting policies
and all decoding order policies. Then

) < anr)2 1 [r (o= ] = 1) # (bor 3] = rtor =) .

where Cama(r) is a piecewise linear function that, for r being an integer mul-
tiple of L, takes the form

T T
@dmd(T) = Tg <L — nT) .

For a clarifying example see Example 15 and Fig. 5.7.

An important note is in order here with respect to the above theorem. We
specifically note that one can clearly construct arbitrarily inefficient schemes
that meet the optimal d*(r/L) with a complexity that far exceeds the derived
bound on the minimized complexity. For that case, we will be able to say
that such a scheme is provably suboptimal in terms of complexity. At the
same time, there might exist schemes that do better than the above upper
bound. In such a case we will have a tightening of the bound.

A second important note is that the bound is proven valid because there
do exist ARQ schemes and implementations (lattice designs and policies)
that in fact meet this bound. These designs and policies will be shown in
Proposition 6 to provide for DMD optimal ARQ schemes.

These above mentioned constructed schemes happen to incur minimum
possible overall delay. This brings us to a third important note. As stated,
it is entirely conceivable that the bound in the theorem can be tightened.
This is because the bound is met, as we will see in the next proposition, by
ARQ schemes that incur an overall delay that remains fixed at a minimum of
TL < np. This limitation partially explains why the complexity described by
the bound decreases with L, despite the substantial increases in the DMD.
In brief, given a fixed LT, an increasing L results in a decreasing T for the
first round, which nicely translates to complexity savings.

As a result, in the presence of a choice for any L|ny, L > 2, the choice
of L = ny surprisingly minimizes the above bound. For this special case, we
have the following.
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Corollary 15a. The minimum, over all lattice designs and halting and deco-
ding order policies, complexity exponent c(r) required to achieve the optimal
DMD d*(r/nt) of the (L = ny)-round ARQ, is upper bounded as

1
c(r) <epup(r) = <1 - > . (5.4)
nr
np—1
From Corollary 15a we can see that Nyax = p T " suffices to achieve the

np—1

DMD optimal d*(r/nr). This translates to Nyax = 2%}2 for any r, and

approaches Npax = 2% for increased values of n. From the same corollary

it is also easy to see that the presence (and proper utilization) of feedback,

while guaranteeing a much increased DMT performance (d*(r/L) > d*(r)),
2

also results in a provably reduced complexity for any r < nnifrl, compa-
T
red to the ¢(r) required to achieve the reduced d*(r) without feedback (cf.
2

Corollary 5a). On the other hand, in the small region of n:il <r <np,
this feedback-aided complexity Npax = 2 does not vanish and exceeds the
complexity of the no feedback case which, as r increases, can vanish by em-
ploying halting policies that capitalize on the fact that d*(r) also vanishes.
For a clarifying example see Example 16 and Fig. 5.8.

With respect to the achievability of Theorem 15 and Corollary 15a, and
under the same conditions as above, we identify cases for which the derived
complexity bounds suffice to achieve d*(r/L). The presented schemes also
happen to incur the minimum possible overall delay, minimized over all de-
lays that could allow for DMD optimality. The implementation considers
ARQ-compatible, minimum-delay, full-rate NVD lattice designs (cf. [36])
which exist for all cases of interest here.

Proposition 6. An L-round (L|nt) MIMO ARQ scheme achieves d*(r/L)
with ¢(r) < Cama(r), for any ARQ-compatible square (LT = nt) NVD lattice

design, for a search radius & > 1/d*(%)log p, for any aggressive interme-

diate halting policy, and any decoding order policy.
We proceed with a few clarifying examples.

Example 15 (Corresponding to Theorem 15). Figure 5.7 shows the com-
plexity bounds from Theorem 15, describing the derived sufficient complexity
resources for achieving the optimal DMD d*(r/L) for the cases of 6 X ng,
L=2,3,6.

Example 16 (Corresponding to Corollary 15a). Figure 5.8 plots the com-
plezity bounds from Corollary 15a describing the derived sufficient complexity
resources for achieving the optimal DMD d*(r/L) for the cases of 2 X ng,
L =nt =2 and of 3 x ng, L = nt = 3. These are compared with the
corresponding complexity exponents that guarantee d*(r) in the absence of
feedback.
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Complexity of DMD optimality 6x s MIMO-ARQ
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FIGURE 5.7 — Complexity exponent for 6 x ng (ng > 6) DMD-optimal
MIMO system. L = 2 (top line), L = 3 and L = 6 (lowest line).
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Example 17 (Comparing Corollary 15a to Theorem 13). Figure 5.9 plots the
complezity bound from Corollary 15a (upper dotted line) describing the deri-
ved sufficient complezity resources for achieving the optimal DMD d*(r/L),
and compares this with the (much reduced) complexity bound from Theo-
rem 18 describing the derived sufficient complexity resources for achieving
the optimal DMT d*(r) for the case of 4 x ng, L = np = 4.

The question arises as to whether it is better to use the scheme that
provides for d*(r) with reduced complexity (upper line in Fig. 5.9, corres-
ponding to Theorem 13), or the scheme that provides for the much improved
d*(r/L) = d*(r/nt) but does so with much increased complexity (upper line
in Fig. 5.9, corresponding to Corollary 15a). Towards deciding this, one must
first decide what is the price of flops, compared to the price of errors. A mea-
ningful joint rate-reliability-complexrity measure could for example be chosen
to take the form I'(r) = d(r) — ~v(r) where v reflects the relative cost of chip
size vs reliability ; the higher the v the more importance is placed on compu-
tational efficiency rather than reliability. The cases of v =1 and v = 10 are
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respectively shown in Figures 5.10(a) and 5.10(b). We observe that if the
price of flops, compared to the price of errors, justifies a v > 10, then the
computationally efficient DMT (not DMD) achieving scheme with L = ny
rounds, seems to be a better choice.

Complexity reduction via feeback in 4 x N MIMO

3 i i ! ! i .
= ARQ scheme with DMT '¢'
2.50-|===ARQ scheme for DMD s
= ’
T g
-— ’
g 2 -
g .
5 15/ 1
z .
g 1r L
5] 4
(@]
0.5
0

0 05 1 15 2 25 3 35 4
Multiplexing Gain (r)

FIGURE 5.9 — Complexity exponent for 4 x ng MIMO system

Joint Reliability-Complexity Measure for 4 x N MIMO-ARQ Joint Reliability-Complexity Measure for 4 x ) MIMO-ARQ

16 < 20
= Seo == ARQ scheme with DMT = = ARQ scheme with DMT
E 14 R = = =ARQ scheme for DMD E 15 - = = ARQ scheme for DMD |]
e - e
5 ~ 5 10 : . : .
2 12 Ty . 2
[ ~e (o} 5
=10 Sey =
= ~ =
£ ~. £ 0
i v ]
g . Seo . g -5 <
3 Q -10 Tag
2 4 2z .
2 5 15
8 8 ~
g ? 5 20 e

0 - i i i i -25 i i i i i H i
0 05 1 15 2 25 3 35 4 0 05 1 15 2 25 3 35 4
Multiplexing Gain (r) Multiplexing Gain (r)
(a) y=1 (b) v =10

FI1GURE 5.10 — Joint reliability-complexity measure for DMT and DMD
optimal ARQ schemes

Example 18 (Drawing from Corollary 15a). In an nt x ng MIMO setting
(nr > n1), consider a legacy system that achieves d*(r), that does not have
an ARQ mechanism, and which is limited to computational resources that
suffice only to achieve this DMT optimality (Theorem 5, Corollary 5a, dotted
line in Fig. 5.11(a)). What if, for the same exact system, and the same
resources, we are now given the ARQ option with L = nr bits of feedback.

2
One way to utilize this would be to limit ARQ) to the region of r < n::FI—l
(achieving d*(r/n7)) and switch it off otherwise (going down to d*(r)). In

terms of implementation, for r < nZ?H’ one could simply decode after the
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first time slot, employing an aggressive intermediate halting policy in the
first round, and then wait np — 1 slots to decode if and only if out of outage.
For r > %, to switch off ARQ, the only thing that would change would
be the intermediate halting policy that would now never decode. Figure 5.11
tllustrates the above for the case of nT = 3.

Complexity exponent for 3 x U MIMO Joint reliability-complexity measure for 3 x s MIMO
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FIGURE 5.11 — Achieving partial DMD with reduced computational
resources. 3 X ng MIMO system. The left figure shows the complexity
exponent of the proposed scheme, interrupted for high r to not exceed the
complexity exponent of the feedback scheme.

5.3.1 Complexity costs for DMD optimality : the case of L >
nr

For completeness we present bounds on the minimum required complexity
to achieve the DMD optimal d*(r/L) provided by L bits of feedback. The
following holds for the np x ng (ng > ny) MIMO-ARQ channel with i.i.d.
regular fading statistics.

Proposition 7. The minimum, over all lattice designs and halting and deco-
ding order policies, complezity exponent c(r) required to achieve the optimal
DMD d*(r/L) of the (L > nrt)-round ARQ, is upper bounded as

) < eparp(r) = (1 ) v (5.5)

The above described bound is sufficient for DMD optimality given any ARQ-
compatible, T = nr, full-rate NVD lattice design, any aggressive interme-
diate halting policy, any decoding order policy, and given a search radius

§> \/d*(1)logp.
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We note that the above designs exist for all nt and all L > ny (cf. [36]).
We also note that for all known existing lattice design implementations (cf.
[36]), the bound is tight for at least one fixed decoding order.

Example 19 (Corresponding to Proposition 7). We consider the complexity
cost of achieving DMD optimality (d*(r/L)) for the example cases of np = 2
and np = 3, and for a fixzed number L = 4 of bits of feedback, and we compare
this complezity (upper line in Fig. 5.12(a)-(b) for 2x2 and 3 x 3 respectively,
see Proposition 7) with the complexity cost of achieving the optimal DMT
d*(r) without feedback (lower line in Fig. 5.12(a)-(b) for 2 x 2 and 3 x 3

respectively, see Theorem 5, Corollary 5a).
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FIGURE 5.12 — Plot corresponding to Proposition 7

We proceed with a different utilization of feedback, and briefly study the
complexity ramifications of antenna selection.

5.4 Complexity reduction using antenna selection

Transmit /receive antenna selection (Fig. 5.13) is a means of utilizing
CSIT feedback to reduce the system size while maintaining high DMT per-

nr
formance. Such selection schemes employ logs ( I7 | bits of CSIT to reduce

an np X ng MIMO system to a smaller and more manageable I7 X [ system
with generally reduced computational requirements. The extend of system re-
duction is naturally limited by the rate-reliability requirements. We will here
explore the complexity ramifications of antenna selection, and focus on the
case where the performance, after antenna selection, remains DMT optimal
(d(r) = d}, ;. xnp (7). Our work here is preliminary, and it builds on the greedy
selection algorithms in [11]. This scheme, in the presence of a requirement
for achieving dy, .., .(7), places a reduction constraint on min{ir,lg} =: N,
where this constraint takes the form

(nr —p)(nr —p)\
- N/_;{ )_ﬁ;‘

min (ar min
p€{0,-,N'—1}

N, = arg
N'e{l,- nr}

(5.6)
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Naturally N, depends on r; it increases with r up to a certain point after
which there is no antenna pruning (N, = nr).

The following holds for the i.i.d. Rayleigh fading ny x ng (ng > nrp)
MIMO setting. As before we consider ML based decoding as well as MMSE-
preprocessed lattice decoding. Furthermore the results also describe the com-
plexity that guarantees, given any specific antenna selection policy, a vani-
shing gap to the optimal ML performance, and a vanishing gap to the exact
implementation of regularized lattice decoding.

Proposition 8. The minimum, over all antenna selection algorithms, all lat-
tice designs and all halting and decoding order policies, complexity exponent
c(r) required to achieve the optimal DMT d, (r), is upper bounded as

c(r) < Cus(r) = (T(Nr —r] = 1)+ (Np[r] = (N — 1))+) )

which, for the N, in (5.6), is a piece-wise linear function that, for integer
values of multiplexing gain r, takes the form

Cos(r) =7r(Np — 1), forr=0,1,--- ,np. (5.7)

The above described bound Tqs(r) is sufficient to achieve the optimal DMT
Ay rxny (1), given the square (I7 = Ir = N, ) greedy antenna selection algo-
rithm® in [11], given any N, x N,. full-rate NVD (CDA) lattice design, given

*
nrXngr

a sphere decoder with a search radius & > \/d (r)log p, a decoding hal-

ting policy that decodes iff out of outage of the original (unpruned system),
and any decoding order policy. Furthermore, given the above implementation
and natural decoding ordering, the above described bound is also necessary.

Example 20. For the 4 x 4 MIMO channel, and given a target of dj, ,(r),
we compare the previously derived ARQ-aided complexity with the current

6. It is easy to show that the complexity of implementing the greedy algorithm does
not affect the complexity exponent.
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complexity described above. We first note that no meaningful antenna selec-
tion can take place with less than three bits of feedback. For fairness we also
consider an L = 4-round ARQ system which also employs L — 1 = 3 bits of
feedback™. The above result reveals (see Fig. 5.14) that the ARQ-aided com-
plezity is uniformly less than that of the specific implementation of antenna
selection, which in fact yields no complexity reduction for anyr > 2 (N, =3
forr <2 and N, =4 for r > 2) with respect to the complezity exponent that
would have been needed (perfect code implementation) to achieve the optimal
DMT dj, ,(r) without feedback (dotted blue line, Theorem 5, Corollary 5a).
The lowest line corresponds to ARQ) (Theorem 13).

Complexity reduction via feeback in 4x4 MIMO

4 : + ‘ : :
S = ARQ scheme
a5l N N = = =Antenna selection ||
- HEERN 11 Perfect code
FE
3L ] "‘ -
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Multiplexing Gain (r)

FIGURE 5.14 — Complexity savings : antenna selection vs ARQ

Remark 2. It is interesting to observe that the expression in (5.7) surprisin-
gly corresponds to the complexity of achieving the DMT optimal performance
d?‘Tle(r) of the Iy x I pruned system, rather than the actual achieved (tar-
get) DMT performance dy, ., (1) > dj ., (r). This is surprising because,
whereas complezity is generally increasing with d(r) (for a fived system di-
mensionality), in our case there seems to be no complexity penalty on this
DMT increase from dj ., (r) to dy, . (r). The explanation for this lies in
the fact that, despite having less freedom to halt (as compared to the case
of a target dz‘Tle(r)), the decoder operates over improved channels (com-
plements of the antenna selection algorithm), which are generally associated

with reduced lattice search complexity.

We proceed with the proofs for the whole chapter.

7. The rationale here is that the case of L = 1 entails no feedback.
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5.5 Proof of Theorem 13

Now we proceed to prove Theorem 13. We first establish necessary condi-
tions for ARQ signaling to achieve optimal DMT of non-feedback system.
For an np X ng (ng > np) MIMO system any DMT optimal signaling must
satisfy two conditions

Condition 1 : To achieve maximum diversity gain of np.np, the total
number of channel uses need to be greater than or equal to np, i.e., LT > np,
where T is the number of channel uses in each ARQ round. For minimum
delay (T' = 1) L-round ARQ schemes with L < nr, it then follows that
L= nr.

Condition 2 : To achieve maximum multiplexing gain 7., = nr (as
ngr > nr), the total number of integers transmitted needs to be greater than
or equal to 2nyT, which means that k > 2nyp.

It can be seen from (3.9) that the complexity of sphere decoder

K
Nsp =) Ny
k=1

increases with k. Thus, for minimum delay L-round ARQ schemes with
L < nt tightest upper bound on the complexity exponent is established
by considering T = 1, L = np and kK = 2nyp. Setting 7' = 1 and L = nyp
implies use of at least rate-1 lattice designs for L-round ARQ scheme for
achieving DMT performance of d*(r) for 0 < r < ngp. We will later show
that encoding-decoding policy described in Proposition 3 and Proposition 4
achieve DMT performance of d*(r) for T'= 1, L = np and k = 2np, which
in turn implies that lim, .o, 7 = r1, where r is the multiplexing gain for the
first round of ARQ.

Having established the necessary parameters k and L we proceed to prove
the upper bound in the Theorem. Following the footsteps of the proof of
Theorem 1 we can show that for decoding full-rate code at the end of first
round the total number of visited nodes is given by

n : T T +
N () < pEommin (51w

)
where p1; = —%, Jj=1,--- np with p1 > --- > p,, and where
we have made use of the fact that » = r1. Recalling that first round decoding
is performed iff oy (HZH¢) > p=¢ for some € > 0, the upper bound on the
complexity exponent for first round decoder can be obtained as the solution
to a constrained maximization problem according to

nrt —+

A [ T

c(r)= max min (| — — (1 — ), — |
{m<e, p1>>pn, >0} = nr
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which simplifies (in the limit € — 0) to take the form
C1 (T) =0.

To establish the L-th round complexity cost, we proceed with the system
model given by

Y& = (Ho XSO + WE,

where for rate-1 lattice designs we have 02 = p!~"% where r; = 7 denotes
multiplexing gain for L-th round of ARQ. The vectorized real valued repre-
sentation of L-th round system model takes the form

yl = oHlxE - wh, (5.8)
where

o Re{Hc} —Im{Hc}

L _ 2nrLX2npL —
H I,  Hp € R ,Hp ImHC} RG{HC} ,

xb = (xlT, e 7x%)T e R?"rL with x; = [Re{XQC}T,Im{XLC}T]T,
wh = (wl,-- ,wh)T e R?#L with w; = [Re{W, o }", Im{W,c}"]",
yL = (Y1T, e J%)T € R*"#L with Yyt = [Re{Yt,C}Ta Im{Yt,C}T]T7

fort =1,---,L, where X; ¢, Yy c and Wy ¢ are t-th column of XéRQ’L,

WL and Y/ respectively. The vectorized codeword xp, takes the form (cf.

(3.2))
L _ KA K L
x'=Gs, seSI=Z'Np2R, (5.9)

where R C R” is a natural bijection of the shaping region R that pre-
serves the code, and contains the all zero vector 0. For simplicity we consi-
der R=[~1, 1]¥ to be a hypercube in R*, although this could be relaxed.
Combining (5.8) and (5.9) yields the equivalent system model

yl =Mls + wl, (5.10a)
where ML 2p:~ 3 HLG e R2rLxA, (5.10b)
Let G = [IT TT...TT)T where I'; € C?"7*2"7 for j =1,--- L.
Then the equivalent code-channel matrix (M?*) takes the form
Hr 0 --- O Iy
ME—pp- | O Heo O (5.11)
0 0 - Hg |T:
=p:~#[rTH, TTH}. . T]H])". (5.12)
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In order to compute the singular values of M* we note that

MHE ML) =pt-re(rHHEHRD, + TYHIHRD, + - + TYHEHAT)),
_pl "THRHRT, (5.13)

where A > B denotes that A — B is positive-semidefinite. Without loss
of generality we can assume that I'y is full-rank. It then follows that the
singular values of M¥ can be lower bounded as

oi (M5 (M")) >p! "L oy(TTHE HRT ),
>p! LT ), (5.14)
where we have made use of the fact that oy, (T'1) = p° and where 13(7) = (%—‘ )
Let QR = M’ be the thin QR factorization of the code-channel matrix
M’ and r 2 Qfy% then the equivalent system model in (5.10a) is represen-
ted by
r = Rs+ Qwt,

and the ML decoder for this system takes the form

Surr :arggensgnr—RgH?, (5.15)

which is then solved by the sphere decoder which recursively enumerates all
candidate vectors § € S within a given sphere of search radius € = v/z log p,
for some z > d*(7).

To establish an upper bound on the complexity exponent for L-th round
decoding, we note that o;(R) = o;(M¥) and recall from |7, Lemma 1] that
the number of nodes visited at layer-k of the SD is upper bounded as

Ni(p) < H[fmm{

=1

SRCal

k

:EM”““{ M)

+
=5 (=py@) %) "

2Vkp'F }]

Consequently, the total number of nodes visited by SD is upper bounded as

Nsp(p) = Ni(p)
k=1

& oS (F -3 0-my0) )T (5.16)

Following the footsteps of the proof of Theorem 1 in Section 3.2.2, the upper
bound on the complexity exponent for the L-th round decoding of minimum
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delay L-round ARQ schemes achieving d*(r) can be obtained as the solution
to a constrained maximization problem according to

nrt +
Erea(r) £ max Y min <T — (1 — ), TT> (5.17a)

i1 nr T
st. I(p) < d*(r), (5.17b)
p1 = 2 g 20, (5.17¢)

where we have made use of the fact that L = np and r;, = % The solution
to this optimization problem takes the form

1
Cred(r) = o [r(nT —|rl =1+ (nr|r] —r(nr — 1))+] ,
which for integer multiplexing gain values simplifies to

1
Cred(r) = Er(nT —r), forr=0,1,--- ,np.

For the proof to be complete we must now prove that the family of ARQ
schemes, halting policies and lattice designs can indeed achieve the desired
DMT d*(r). To achieve this we make use of following lemma

Lemma 4. For an i.i.d. reqular fading channel, a minimum delay ARQ
scheme with L = n rounds achieves d*(r) for all ARQ-compatible, minimum
delay, NVD, rate-1 lattice designs, all intermediate aggressive halting policies

and a sphere decoder with search radius & > /d*(7)log p.

The proof for lemma is given in Appendix 5A. In the presence of Lemma 4
and upper bound @,..4(r), it is direct to see that a minimum delay ARQ
scheme with L = n rounds achieves d*(r) with ¢(r) < G..q(r), irrespective
of the ARQ-compatible, minimum delay, NVD, rate-1 lattice design, for any
aggressive intermediate halting policy, and any decoding order policy. This
proves Theorem 13, Proposition 3 and Proposition 4. [

5.6 Proof of Theorem 14

To prove this theorem we first prove Proposition 5. We proceed to consi-
der minimum delay ARQ scheme with L. = np rounds, implemented with
any aggressive intermediate halting policy, any decoding order policy, and a
rate-7 block-repetition lattice design XéRQ’L where the (rate-1) block com-
ponent code is drawn from the center of ng x nr perfect codes. Let lattice
design OXéRQ’L is given by
O --- 0

X ... 0
xpRel 0 T | e, (5.18)
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_r
where 6% = p1 "r , and where block component code X € C"r*"E  The L-th
round received signal is given by

Yi = Ho XS L W,

1— nrrL
where 82 = p~ "r , where we have made use of the fact that r, = 7% Let

HC: [Hl H”l e(cnRXnT7
nR
where H; € CPRX"R for § = 1,--- ,Z—; After substituting for Heo and
XéRQ’L we get that
X 0 0
0 X --- 0
Y=g [Hi o Haz] )" |+ WE,
nR . . . . . :
0 O X
H,
=0 : X + W(LJ’
Hrp
"R
=0H X + Wé’,,
where He = HT ... HL T e Crrxng,

We observe that the lattice design in (5.18) converts the system into an
equivalent channel ﬁc with inverted channel dimensions. It follows that for
this equivalent channel He the system parameters are given by n/. = np,
np=np, L' =nl,, T =1, L' =nl,and 1} = %T‘L. Since for the new system
we have n’, > n/,, the upper bound and its achievability can be established
by following the footsteps of the proof of Theorem 13. After making pro-
per substitutions in (5.17) the upper bound on complexity exponent can be
obtained as the solution to a constrained maximization problem according
to

ngr nr +
C. — —_— — 1 — 1
Cred(r) HlﬁlX ; (nR rL ( iu])>

st I(p) < d*(r),
]—ZHIZZMTLR>07

where we have made use of the fact that d*(r}.L") = d*(ry.L) = d*(r). The
solution to this optimization problem takes the form

Crealr) = an [r(ng — |r] — 1) + (ng |r] — r(ng - 1))*],
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which is a piecewise linear function that, for integer multiplexing gain values,
takes the form
1

Cred(r) = %r(nR —r), forr=0,1,--- ,ng.

This proves Proposition 5 and Theorem 14. [J

5.7 Proof of Theorem 15 and Corollary 15a

We first establish necessary conditions for ARQ signaling to achieve DMD
optimality over np xng (ng > np) MIMO-ARQ channel. Any L round ARQ
signaling scheme that achieves optimal DMD performance must satisfy two
conditions

Condition 1 : To achieve maximum diversity gain of np.np, the total
number of channel uses needs to be greater than or equal to np, i.e., LT > nyp,
where T is the number of channel uses in one ARQ round.

Condition 2 : For a full-rate lattice design with ngp > np, we have that
Kk > 2np LT > 2n2.

It can be seen from (3.9) that the complexity of sphere decoder

K
Ngsp = Z N,
k=1
increases with x. Also, for L-th round decoder which operates over a full-
rate DMT optimal code XéRQ’L the complexity exponent in (3.52) indicates
that complexity increases with the number of channel uses LT'. Thus, tightest
upper bound on the complexity exponent is established by considering LT =
np and kK = 2n2T.

Having established the necessary parameters xk and L we proceed to prove
the upper bound in the Theorem. In order to establish decoding complexity
for the first round decoding we proceed with the vectorized real valued re-
presentation of /-th round signal model in (5.1), which takes the form

y' = /pH + w', (5.19)
where

_ |Re{H¢c} —Im{Hc}

y) _ 2nplT X 2n 0T —
H Lr®Hg eR Hr ImH¢} Re{Hc}]’

X = (Xrlrv T aX%)T € R2nTZT Wlth Xt = [Re{Xt,C}Tv Im{Xt,C}T]Ta
w' = (wi,-- wh)T € R?"*T with w; = [Re{W, o}, Im{W;c}"]",

y = (yrlrv e ay%)T € RZ”RZT with Yt = [Re{Yt,C}Ta Im{YlZC}T]Tv



120 Chapter 5 Feedback aided Complexity

fort = 1,--- /T, where X; ¢, Yic and Wy ¢ are t-th column of XéRQ’Z,

Wec and Yé respectively.
For the lattice codes described in Chapter 2 and ¢-th round multiplexing
gain 1y, the vectorized codewords take the form

—reTy

x{ =p~= Gs, scSFEZFNp

Ty

SR, (5.20)

where Ty = T, and where R C R” is a natural bijection of the shaping region
R’ that preserves the code, and contains the all zero vector 0. For simplicity
we consider fRé[—l, 1]¥ to be a hypercube in R” although this could be
relaxed. We note that for /-th ARQ round ry7; = +1 for £ = 1,--- , L, where
r is the effective multiplexing gain of ARQ signaling and we will later argue
that for the DMD optimal scheme lim, .o 7 = 71. Combining (5.19) and
(5.20) yields the equivalent system model

y! =M’s + w’, (5.21a)
where M’ é,c)%_%HZG € RIrIxK, (5.21b)

For the complexity analysis we need a square and full-rank generator
matrix (see Section 3.2.2), we proceed to consider a new generator matrix G’/
obtained by adding k—2n7/¢T linearly independent rows to G, such that G’ €
R#*F is full-rank and square matrix. This substitution calls for a new channel
matrix H € R"** obtained by appending x — 2nr¢T columns containing
zeros to HY, such that the code-channel matrix M remains unaltered. The
combined code-channel matrix then takes the form

1_r

M = p2~ = H'G', (5.22)

As discussed before, to implement ML-based SD for first L — 1 rounds
decoder needs to perform MMSE-preprocessing. Let Q‘R’ = M be the thin

QR factorization of the MMSE-preprocessed code-channel matrix Y [ ol

where a = p%m, then (5.21a) yields
r’ = R's 4+ w,

where rf = (R)~H (M) "y’ where (R (RY) = (M) (M) + oI, and
where the equivalent noise term

V’{,K _ _QQ(RZ)—HS + (Re)_H(Mﬁ)HWE.
Consequently, the ML decoder for this system takes the form

2
: (5.23)

Sy = arg min
sesk

r R%’

MZ
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which is then solved by the sphere decoder which recursively enumerates all
candidate vectors § € S within a given sphere of radius £ = v/zlogp, for
some z > d*(7).

. H
Following the similar approach as in Section 3.2.2, for p; £ —%,
fori=1,--- ,nyp, it follows that
0i(RY) = 0(MY) = /a2 + o (MO)H (M),
which results in
—rT
- " fori=1,--+ ,k —2nplT,
Uz‘(Rz) > p—rT+1(1_M ) )+ . '
p 2 taer (i=(r=2ntT)) fori=x—2nplT+1,--- K.
(5.24)

where we have made use of the 2¢7T multiplicity of the singular values of
H' and the fact that opin(G') = p° and where 1907 (i) £ [ﬁw We recall
from (2.14) that the total number of the visited nodes for any given channel
realization g = (u1,- -, b)) takes the form

Nsp(p) = > Ni(w),
k=1

where from |7, Lemma 1]

Ni(p) < ﬁ [\/EwLmin{ 254 ,Z@pf}] .
i=1 i(Ry)

From the interlacing property of singular values of sub-matrices [53] we have
that o;(RY) > o;(RY). It follows that

Ny(p) < ]i[l [\/%+min{gi(2fw,2\/%pf H .

Consequently, we have that

oot <31 [V min {26 2vi# ]

k=1 \i=1
2

. 2nplT nplT . T 1 7\ +
<p(1—T)TT+Z¢:1 min (28— 4 (1—p,,0. 1) T 2F)

= )

= T (2 (1)) (5.25)

where we have made use of the fact that

(T 2rT\ " 20T *
win (28 - -7 20) = (2T -

K
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After substituting x = 2n% and LT = nr in (5.25) we have that

. TN In n r ) +

NSD(N) Sp(L*Z) L2T+TTZ]£1 (m*(lfﬂj)-‘r) )

Recalling that first round decoding is performed iff Jl(Hg He) > p€ for
some € > 0, for a given L the upper bound on the complexity exponent for
first round (¢;(r)) can be obtained as the solution to a constrained maximi-
zation problem according to

nr +
— rnr nr r
ci(r) = max (L — 1)F + TZ ( —(1- ,uj)+> ’
ji

) Z =
{m<e, p1> ">M7LT>O}

which simplifies to take the form

_ rnr

Cl(r) = (L — 1)ﬁ
For a given L, the upper bound on the complexity exponent of the L-
th round decoder (¢r(r)) which operates over a full-rate DMT optimal code
XéRQ’L follows from (3.52). After making proper substitutions for total num-
ber of channel uses LT and effective multiplexing gain r;, = T, the upper

bound takes the form

eu(r)i= (= [ 2] 1)+ (10 || = rtwr - )]

which is a piece-wise linear function that, for multiplexing gain values equal
to the integer multiples of L, takes the form

_ rr r
CL(T) = ? (L — nT> .

The upper bound on the overall complexity exponent of ARQ signaling then
takes the form

epymp(r) = max (¢ (r),cp(r)).
It turns out that for all feasible values of L such that L|np, ¢p(r) > ¢ (r).
It then follows that
cpup(r) =cp(r).
For the proof to be complete we must now prove that the family of ARQ

schemes, halting policies and lattice designs can indeed achieve the desired
DMT d*(r/L). To achieve this we make use of following lemma

Lemma 5. For an i.i.d. reqular fading channel, an L rounds ARQ scheme
over achieves d*(r/L) for all ARQ-compatible, minimum delay, NVD, full-
rate lattice designs, all intermediate aggressive halting policies and a sphere

decoder with search radius & > /d*(1)log p.
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The proof for lemma is given in Appendix 5B. In the presence of Lemma 5
and upper bound it is direct to see that an L-round (L|nt) MIMO ARQ
scheme achieves d*(r/L) with ¢(r) < Egnq(r), for any ARQ-compatible
square (LT = n1) NVD lattice design, for a search radius > /d*(;-) log p,
for any aggressive intermediate halting policy, and any decoding order policy.
This proves Proposition 6 and Theorem 15. [J

For L = n1, we have that

a(r) =en(r) = <1 — 1) r

nr

It then follows that

Epnp(r) = (1 - 1) .

nr

This proves Corollary 15a. [J

Note on decoding policy : We here note that the statement of Theorem 15
also holds for a decoding policy where decoding is performed after each
ARQ round instead of decoding only after first and last round. For this
decoding policy, the decoder of intermediate rounds £ = 1,--- , L — 1 should
apply aggressive halting strategy that allows decoding with ACK iff the
minimum singular value of channel al(HgH(;) > p~¢ for some € > 0 and
NACK otherwise. For L-th round the decoding is performed as before, i.e.,
whenever channel is not is outage. For intermediate rounds the complexity
upper bound follows from (5.25), for a given L this upper bound on the
complexity exponent for /-th round can be obtained as the solution to a
constrained maximization problem according to

_ e Inp o= r i *
c(r) = (ur<e, #gf}éuwzo} (L =0y + 2 <LnT — (1= py) ) ;
which simplifies to take the form
2(r) = (L— 075

We can easily see that ¢(r) > ¢(r) > --- > ¢r_1(r). Consequently, the
overall complexity exponent of ARQ signaling remains unchanged. The DMD
achievability again holds directly from Lemma 5.

5.8 Proof of Proposition 7

The DMD optimality of any L > np ARQ-compatible, T'= n, full-rate
NVD lattice design, any aggressive intermediate halting policy, any decoding
order policy, and given a search radius § > /d*(})log p is direct from [36,
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Proof of Theorem 9] and Lemma 5. In order to prove the claim of proposition
we now look to establish the upper bound on the complexity exponent. The
full-rate DMD optimal lattice designs with L ARQ rounds transmit x =
2Ln2T integers in each round of 1" = ny channel uses.

In order to establish complexity cost of the first round decoding we follow
the footsteps of the proof of Theorem 15. Following from (5.25) with x =
2Ln2T and T = np, the first round decoding the total number of visited nodes
is given by

. 1 n T X +
NSD(H) Sp(l_f)T’nT-‘rnTijl (LnT _(1—M1)+> 7 (5.26)
Recalling that first round decoding is performed iff al(Hg H¢) > p~€ for
some € > 0, for a given L the upper bound on the complexity exponent for
first round can be obtained as the solution to a constrained maximization
problem according to

nrmr +
C a rnp r .
ci(r)= max L-1)—2X4+n BT 7
) {m<e paz2png 20} ( ) L szz:l <LnT (1= p) )

which simplifies to take the form

alr) = (1 - ;) -

For a given L, the upper bound on the complexity exponent of the L-th
round decoder which operates over a full-rate DMT optimal code XéRQ’L

can be obtained as the solution to a constrained optimization problem

nr +
T r
cr(r) = max Ln min | — — (1 — pj), ——
() 3 (g =) )

M LnT
nr ”
7=1

P12 2 g = 0.

The solution to this optimization problem takes the form

r T

cr(r)=r (nT - LZJ — 1) + (LnT {EJ —r(np — 1))+ , (5.27)

which is a piece-wise linear function that, for multiplexing gain values equal
to the integer multiples of L, takes the form

cr(r)=r <nT — %) .
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For L > np, the complexity exponent ¢y (r) simplifies to take the form

() = <1 - an> -

The upper bound on overall complexity exponent is given by
cpmp(r) = max (¢1(r),er(r)),

which for the case of L > np, takes the form

cpup(r) = (1 - i) rn.

Furthermore, following the footsteps of the proof of Proposition 1 it can be
shown that irrespective of ARQ-compatible, T' = n, full-rate NVD lattice
design, any aggressive intermediate halting policy, and given a search radius
§ > \/d*(})logp there exists one fixed decoding order for which upper
bound éparp(r) is met. This proves Proposition 7.0J

5.9 Proof of Proposition 8

The antenna selection algorithm in [11] guarantees that N, singular va-
lues of the N, x N, pruned system are exponentially equal to the N, largest
singular values of the full system, i.e.,

&ki0k+(nT_Nr), k:]-a )Nv (528)

where o denotes singular values for the full system and &5 denotes singu-
lar values for the pruned system. The DMT performance of pruned system
matches with the optimal DMT of full system up to multiplexing gain thre-
shold P, where

(nr —p)(nr —p)
N—p ’
subject to 0 < P <N, —1,p€Z.

P = arg min
P

For any given operating multiplexing gain 7, the complexity exponent is
minimized by selecting the smallest number N, such that P = [r], i.e.,

- , (nr — p)(nr — p)
N, = _ .
ve N'E{I{I}'I'IWT} [(arg pe{O,I?l,I]:f’—l} N —p ]

It is shown in [11, Theorem 4.1] that N, x N, achieve optimal DMT d*(r)
with lattice designs of [14] with 7' = N,.. In these settings of the complexity
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exponent of ML-based SD with fixed decoding order is given by (cf. Theo-
rem 5)

N, +
_ . r r
Cas(r) = mliiX NTjE:;[ min <Nr -(1- lu(j-f—nT—Nr))? M)

nr
s.t. Zuj <nr-—m,
j=1
H1 > 2> g > 0. (5.29)

Solution to this optimization problem takes the form

Cas(r) = (r(N,« —|r] = 1)+ (Np|r] — r(Ny — 1))+) . (5.30)

Furthermore, following the footsteps of the proof of Proposition 1 it can be
shown that there exists at least one fixed decoding order for which upper
bound €,s(r) is met. Also, from [7, Theorem 5| it follows that ML-based
decoding with the natural decoding order meets the upper bound us(r).
This proves Proposition 8. [J

Appendix 5A : Proof of Lemma 4

To prove DMT optimality for ARQ-compatible, minimum delay, NVD,
rate-1 lattice designs with intermediate aggressive halting policies and a
sphere decoder with search radius £ = zlogp, for some z > d*(7), it is
sufficient to show

e that with high probability there will be just a single ARQ round, i.e.,
P(ﬁl) ip*‘r, where T >0V 0 <r <nr,

e the error probability of the first decoder applied to the task of ML
sphere decoding the ST code XéRQ’l is no larger than that incurred
by the ML sphere decoder applied to the task of decoding the ST code
XA e, P (1) 4poa <P (rL) g, and

e the full-length ST code XéRQ’L in L-th round achieves diversity gain
dARQ,L(TL) = d*(TL.L) = d*(r) with r;, = %

Towards proving the first condition above, we recall that in the presence
of an aggressive intermediate halting policy, the decoder of first round sends
NACK iff oy (HEH¢) < p=¢ for some € > 0 and ACK otherwise. Thus, the
probability of a NACK being received at the end of the first round is given
by

P (A1) =P (o1(HEHe) < p~°).
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For i.i.d. regular fading channel H¢, from [70] it follows that
P (o1 (HEHe) < p~°) é/ p L) = =1
A

where asymptotic equality comes from Varadhan’s lemma [71], where ®

nr
nrnrt

I(p) = Z}(HR —np+2j = 1)p; + Tﬁtm,
‘7:

A={p|pm >epu >0, fori=2,--- np},

and where
pt = argi%fl(u).

It follows that I(u*) = (ng — nr + 1)e and consequently, we have that
P (ﬁl) épf(annT+l)6‘

It proves that P (ﬁl) S ,0*7 with T >0V 0 < ry < np. It also implies that
lim, o 7 = r1. It is in the proof of this condition that we make use of the
fact that communication takes place over i.i.d. regular fading statistics, rest
of the proof holds irrespective of the fading statistics.

For second condition we need to show that P (r) 4 pg <P (rL) arg.1- For
first decoder with aggressive halting policy it follows that

d?(Hp, AXS9N) = 0HoAX 292,
>0 (HEHE) |0AX 92,

T

Spl T
ARQ1,2 < 1--*—

where we have made use of the fact that [[JAX,""||*>p "7 (cf. [36,
Proof of Theorem 5]). Note that 6 :=1— .~ —€>0for 0 <r <np—e In
the limit ¢ — 0 whenever first decoder sends ACK the minimum euclidean
distance dg(Hc,AXéRQ’l) > p° & >0 for 0 < r < ng. This implies that
whenever ACK is sent only one received codeword can be inside the search
sphere of radius £ = /zlog p. Thus, from the definition of first decoder it is
clear that error probability of the first decoder is the probability of the event
that

e VH CXéRQ’l is not included in the search sphere of radius £ centred

around Y};, or

e VH CXéRQ’l is the unique matrix included in the sphere for some er-

roneous codeword GXéRQ’l.

8. Recall that parameter ¢ was introduced as a parameter that regulates the near zero
behavior of the random variable.
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Now P (7) 4 ro.1 can be upper-bounded by the probability that HX’éRQ’I was
transmitted and the additive noise was such that 0 H (;XéRQ’1 is not in the

search sphere of the corresponding received matrix Yé. We thus have
12 2
P(r)apg1 <P (IWelE > €%).

We note that search radius &2 = zlog p, for some z > d*(%), it then follows
that

P ([WellE > ¢%) < pm @)
which implies that probability of excluding the transmitted codeword from

the search is exponentially smaller than probability of error for the L-th
round, i.e.,

p (T)ARQ,I <P (TL)ARQ,L'

To satisfy third condition we prove that darg(rr) > d*(r) by proving

that P (TL)ARQ’L < p*d*(’"L'L). For this purpose we proceed to consider the
pairwise error probability (PEP) of the decoder when the channel is not
in outage for rate r;. Let vy > -+ > v, be the ordered eigenvalues of

(AXéRQ’L)(AXéRQ’L)H . then using the mismatched eigenvalue bound [14]
we have that

H
&2(He, AX ) 0P Te(He (AXFOH) (ax2FON) T ml),

nr
» »
>0 § p iy,
=1

nr
292 Z p_’uiyia 1 S J < nr,
i=np—J
1 1
(a) ny J+1 ny J+1
(T o) (10 W)
i=np—J i=np—J
1
(b) nr T+ 1
. 1 J+1
2 —Hi _
29 H p <p(nT—J—1)rL) ’
Z‘ZTLT*J

n
J“*"T’"L*Ei:TnT,J Hi

—p , (5.31)

where (a) follows from arithmetic mean-geometric mean inequality and (b)

follows from the facts that the product of the eigenvalues is equal to the

determinant, the non-vanishing determinant property which implies that
ARQ,L ARQ,LN\HA\ < 0 :

det{(AX J(AXG )"} >p” and the fact that the eigenvalues of a

matrix are upper bounded by the trace. We will now show that if the block

fading channel (H¢) is not in outage for rate 71, that for some J, 1 < J < np,
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J+1—nprp — Z?:THT_J w; > 0. If the block fading channel is not in outage
for rate 71 + ¢, € > 0, we must have

log det{L,, + pHZH:} >(Lrp, + €)log p,

nr
=Y (1—w)" >Lrp +e

i=1

Let np — J be the smallest index ¢ for which p; < 1, then for L = np we
have that

nr
Z (1= p) 2nprr + e,
i=np—J
nr
=J+1—npr; — Z i €.

i:TlT—J

By taking the limit as ¢ — 0 we see that the probability of error is negli-
gible in no outage region of H¢e. Consequently, from (5.13) probability of
error is negligible in no outage region of M”. Again from (5.13) the outage
probability for the channel M” can be upper bounded as

P (0) <P (logdet{I,, + pHEH:} < Lrylogp),
ip_d* (L?“L) .
It follows that P(rL)ARQyLép*d*(TL'L). Thus the lattice design XéRQ’L

achieves diversity gain
darQ,r(rp) > d*(rp.L) = d*(r).

This proves Lemma 4. [J

Appendix 5B : Proof of Lemma 5

To prove DMD optimality for ARQ-compatible, minimum delay, NVD,
full-rate lattice designs with intermediate aggressive halting policies and a
sphere decoder with search radius ¢2 = zlog p, for some z > d*(7), it is
sufficient to show
e that with high probability there will be just a single ARQ round, i.e.,
P(ﬁl) =p~ 7, where T >0V 0 <r <nr,

e the error probability of the first decoder applied to the task of ML
sphere decoding the ST code XéRQ’l is no larger than that incurred
by the ML sphere decoder applied to the task of decoding the ST code

ARQ.L .
Xs @ e, P (") arg1 <P (re) apg.r- and
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e the full-length ST code X‘éRQ’L achieves diversity gain darg.r(rr) =
a*(5).

Towards proving the first condition above, we recall that in the presence
of an aggressive intermediate halting policy, the decoder of first round sends
NACK iff oy (HEH¢) < p7¢ for some € > 0 and ACK otherwise. Thus, the
probability of a NACK being received at the end of the first round is given
by

P (A1) =P (o1(HEH) < p79).

For i.i.d. regular fading channel H¢, from [70] it follows that

P (o1(HEHg) < p™°) é/ o L) = T
A

where asymptotic equality comes from Varadhan’s lemma 71|, where

nr
nrnrt

I(p) = z;(nR —nr +2j — 1) + Tﬂnp
J:

‘A:{M ’ MIZG’M‘ZQ fOfiZQ,"' ,TLT},
and where
u* :argirfllff(u).

It follows that I(u*) = (nr — nr + 1)e and consequently, we have that
P (7{1) < p~(nr—nrtl)e

It proves that P (ﬁl) S p_T with T > 0V 0 < ry < np. It also implies that
lim, ;o 7 = r1. It is in the proof of this condition that we make use of the
fact that communication takes place over i.i.d. regular fading statistics, rest
of the proof holds irrespective of the fading statistics.

For second condition we need to show that P (r) ypg 4 <P (rL) apg.z- For
first decoder with aggressive halting policy it follows that

&2 (He, AX) = gHoAX AR 2,
>0 (HEH) |0AX 2,

T

>p'Thr T

where we have made use of the fact that ||9AXéRQ’1H2 épl_ﬁ (cf. |36,
Proof of Theorem 5]). Note that § :=1— = —€>0for 0 <r <ny—e In
the limit ¢ — 0 whenever first decoder sends ACK the minimum euclidean
distance dg(HC,AXéRQ’l) > p% 6 >0 for 0 < r < np. This implies that
whenever ACK is sent only one received codeword can be inside the search
sphere of radius € = v/zlog p. Thus, from the definition of first decoder it is
clear that error probability of the first decoder is the probability of the event
that
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e VH (;X’éRQ’1 is not included in the search sphere of radius £ centered
around Y}, or

e VH CXéRQ’l is the unique matrix included in the sphere for some er-

roneous codeword QXéRQ’l.

Now P () 4 RQ.1 Can be upper-bounded by the probability that HXéRQ’l was
transmitted and the additive noise was such that 6 H CXéRQ’l is not in the
search sphere of the corresponding received matrix Y%;. We thus have
p (T)ARQ,I <P (HV~VIH2 > 52) .
where W! = —a?(RY) s + (RY)~H (MY w!, where w! is the real valued
representation of noise vector Wé Let
Q% 1_ nlpl 2nrTHk) XK
Q) R =QR R , (5.32)
2

where Qi = (RY)"1(M!) € R™™ and Q) = . (RY)™! € R™*™ then it
follows that

V~Vl _ —OZQ(R]')_HS—F (Rl)—H(Ml)HWl
= —a(Qy)"'s+(Q))"w'.
Consequently we calculate

P(Iw!>¢) < P{ll-a(Q)s|+(Q)"wW!}>¢),

o ([ e [(roner ]}
. ({ugp | — sl + uwlu} > 5) :

P({E +[Iw'[} >¢),
P (Ilw'll > {¢ - K}),

P (|[w!|* > 21 logp),

IN

INS

—
)
~

p

where (a) follows from (5.32), where the inequality in (b) follows for some
fixed K > 0 independent of p such that K > supgcgs || — arsl|, where the
inequality in (¢) follows for some arbitrary z > z; > 0 independent of p such
that (¢ — K)? > z1log p and where the last asymptotic inequality follows for
some z1 > d*(1) > 0.

Thus, the probability of excluding the transmitted codeword from the
search is exponentially smaller than probability of error for the L-th round,
ie.,

P (r) arga < P(re)arq.r -
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Consequently, it follows that the degradations caused by MMSE-preprocessing
in first round are not visible in the overall performance.

For third condition we note that the L-th round code is DMT optimal
and is operating with effective multiplexing gain rz. It then follows that
darqQ,r(rp) = d*(ry) which implies that darq,r(rr) = d*(f). This proves
Lemma 5. [J



Chapter 6

Complexity analysis for
multiuser, cooperative and
bidirectional networks

The work in this chapter is preliminary. We here present preliminary work
on extending the rate-reliability-complexity analysis to simple instances of
the multiple access, relay, and bidirectional channels, where again we iden-
tify the computational reserves that guarantee a DMT optimality, as well
as address user/relay selection criteria and communication protocols that
provide improved joint reliability-complexity performance in the presence of
computational constraints.

We begin with the multiple access channel (MAC).

6.1 Multiple Access Channel

The work considers the symmetric MAC with K single-antenna transmit-
ters and a receiver having np antennas shown in Fig. 6.1. We consider that
each user operates at a multiplexing gain r, and that the receiver employs
a joint ML (or joint lattice) decoder. The emphasis on joint decoders stems
from their DMT optimality for symmetric MAC (cf. |[72,73]). These joint ML
or lattice decoders are implemented as bounded search sphere decoder (SD)
algorithms with a search radius ¢ := \/zlog p, for a properly chosen z > 0,
and where p denotes the signal to noise ratio.

In order to establish complexity requirements for the symmetric MAC,
we quickly recall that the optimal DMT performance of the MAC system

133
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y
User 1

User 2

Receiver

User K

FIGURE 6.1 — Symmetric multiple access channel with K-users

under consideration is given by (cf. [72])

& () = nr(l—r) forr< I’g—fl, 6.1)
mac d*(Kr) for gh; <r < &,

where d*(r) denotes the optimal DMT of K x ng channel. We note that the
DMT region d;,,.(r) can be divided into two regimes, which are referred to
as the lightly-loaded regime (r < I?—fl) where DMT is independent of multi-
user interference, and the heavily-loaded regime (72 < r < Z&) where

specific lattice designs are required to achieve the DI\I/<[—'E’1 optimalityK(cf. [72]).
For K < ng, the MAC system always stays in the lightly loaded regime,
and the DMT performance of the MAC is the same as if only a single user
is active ; hence our interest is in the case of K > np, which we henceforth
consider.

We focus on establishing upper bounds on the complexity exponent that
guarantees DMT optimal ML-based (or lattice-based) decoding. This will
be achieved by considering specific codes, decoders and halting policies, as
these are presented in upcoming Proposition 9. It is interesting to note that
for some ordering policies, these bounds are tight. The following holds for
i.i.d. Rayleigh fading statistics.

Theorem 16. For the K x ng (K > nr) MAC, the minimum, over all
lattice designs and halting and decoding order policies, complexity exponent
c(r) required to achieve the optimal DMT d,,.(r), is upper bounded as

mac

ey(r)  forr < #h,

o) for iy <7 < B,

c(r) < Cmac(r) = { (6.2)
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where
ngR
cu(r) = max (K — np)r + S r—@—p)t)"
=1
nR
s.t. Z(K —np+2i— 1), <ng(l—r),
=1
H1 Z e Z ,U,nR,
where
o5(r) = (K — ng) rKo
+ Ko (r(ng — [Kr] = 1) + ([Kr] - r(K = 1))7),
which is a piece-wise linear function that, for r = 0, %7 e ,”?R, takes the
form

¢p(r) = KoKr(1—r),

and where Ky = K for K odd and Ko = K + 1 for K even.

Proposition 9. The above described bound Cpqc(r) is sufficient to achieve
the optimal DMT dy,,.(r), with uncoded QAM symbols for r < 785, lattice
designs given in [73] for g4y <r < %, given a sphere decoder with a search
radius & > \/d¥,..(r)1og p, a decoding halting policy that halts decoding if
Nipaz = p* for © > Cpac(r), and any decoding order policy. Furthermore
there exists a fixed decoding order policy for which the above described bound

s also mecessary.

The proofs for Theorem 16 and Proposition 9 are presented in Appendix
6A. To provide more meaningful insights regarding the upper bound presen-
ted in Theorem 16, we present examples for two specific cases with np = 1
and np = K.

Example 21. For the specific case of ng = 1, the bound in (6.2) takes the
simple form

ooy = { =D Jorr < g,
c r) =
e (K —D)EKor  for 21 <r< 4.

Figure 6.2 describes the upper bounds for the K = 4 and K = 5 user cases
with single antenna receiver (ng =1).
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Complexity exponent for Symmetric MAC (with nR=1)

4
—K=5
_ 35 —Kea
T 3
5
225
o
g
o 2
z
315
£
8 1
0.5
0
0 0.05 0.1 0.15 0.2 0.25

Multiplexing Gain (r)

FIGURE 6.2 — Complexity bounds for K-user MAC with ng =1

Example 22. For the specific case of ng = K, the optimal DMT of (6.1)
can be achieved by V-BLAST (cf. [72]). The complexity exponent for this
case takes the form (cf. (6.18))

Crmac(T) =7 { K(1- T‘)J

K1 -7~ (|[VET=7)])?

M 2| VET=7)| +1

Figure 6.3 describes the upper bounds for the K = 3 and K = 4 user cases
with ngp = K.

Complexity performance for MAC with K=n,

r
SO
® © =

omplexity exponent c(r)

=
w M o N

C
o o
SN

0O 01 02 03 04 05 06 07 08 09 1
Multiplexing Gain (r)

FI1GURE 6.3 — Complexity exponent for K-user MAC with ng = K.

6.2 Relay channels with orthogonal amplify-and-
forward protocol (OAF)

We consider a cooperative network with a source, n — 1 relays and a
destination, each having single transmit/receive antenna as shown in the
Fig. 6.4. In this work we establish very early and preliminary results on the
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_

FIGURE 6.4 — System model for relay channel

complexity of achieving the optimal DMT of a cooperative network with a
source, n — 1 relays and a destination, each having single transmit/receive
antenna and communicating over i.i.d. Rayleigh fading. This is done only for
the orthogonal amplify-and-forward (OAF) protocol. For DMT optimal OAF
protocol the source transmits a signal to the relays and to the destination for
n channel uses. Over the next n — 1 channel uses, each relay applies a linear
transformation to the received signal and simultaneously transmits it to the
destination, while source remains silent. The orthogonal amply-and-forward
protocol is shown in Fig. 6.5. The optimal DMT of OAF protocol when the

FIGURE 6.5 — System model for relay channel

number of relay is n — 1 is given by

oy (1) = {" (1- ). o

1—r, for

r

o= O
IN
IN

A

1
27
r<1.

IN

The upper bound on complexity is described below, and as before it holds
for ML-based decoding and for regularized lattice decoding. The following
holds for i.i.d. Rayleigh fading statistics.

Proposition 10. The minimum, over all lattice designs and halting and de-
coding order policies, complexity exponent c(r) required to achieve the optimal
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DMT doqf(r), is upper bounded as

c(r) < Coaf(r) = - r(n—|[(2n—1)r] —1)
2n — 1 +
+(Len - == n)
n

which is a piecewise linear function that, for r =0, ﬁ, <+, 5oy, takes the
form

2n —1

Coaf(r) = (2n — 1)r(1 — - r).

The above described bound Coqf(r) is sufficient to achieve the optimal DMT
doaf(r), with lattice designs and OAF protocol of [34], given a sphere deco-
der with a search radius & > \/doqf(r)log p, a decoding halting policy that
halts decoding if Nyaz > p* for @ > Coqf(r), and any decoding order policy.
Furthermore there exists a fized decoding order policy for which the above
described bound is also necessary.

The proof for Proposition 10 is presented in Appendix 6B. The com-
plexity exponent for single and two relay case in shown in Fig. 6.6.

Complexity exponent for OAF with N relays
0.7 . : . , . ;

—o— N=1

—0—N=2||

o
)
:

o © o o
N w » o
: : . :

Complexity exponent c(r)

©
=

\{

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Multiplexing Gain (r)

FIGURE 6.6 — Complexity performance of OAF

It is clear that decoding complexity scales exponentially with the number
of relay used in communication. In the presence of complexity constraints
a subset of relays can be selected (say set of n* relays) to keep decoding
complexity within the allocated computational resources while achieving the
optimal DMT of smaller relay network. A schematic depicting the relay se-
lection scheme is shown in in Fig. 6.7.
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Cooperative Cluster
with n* Relays
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FIGURE 6.7 — Relay cluster selection in the presence of run-time constraints

6.3 Two-way relay channel (TRC)

In this section we demonstrate how reliability-complexity measure could
be utilized as a unified performance metric to compare worth of different
communication protocols over a non-separated two-way relay channel (TRC).
In a TRC communication nodes exchange messages with cooperation of an
intermediate relay node employing intelligent two-way relaying strategies
[74], [75]. The fundamental advantage of TRC over classical one-way relay
channels is that the duplexing loss due to half-duplex constraint (a node
cannot transmit and receive simultaneously) can be avoided.

We consider a TRC with an asymmetric fading channel model, which
corresponds to a very pertinent communication scenario where source-relay
links are statistically different from the direct link between sources. In our
channel model, the source relay links are i.i.d. Rayleigh distributed but the
direct link between sources is left more general as i.i.d. Nakagami-m (c.f. [76])
distributed (Nakagami-m includes Rayleigh for m = 1). We refer to this
channel model as a non-separated two-way relay channel (ns-TRC) because
of existence of direct link between sources. This model is more general than
many TRC scenarios considered in previous works (c.f. [77], [78], [79], [80],
[81]). We assume that all the channels are frequency flat, quasi-static, and
they are all independent of each other. We assume perfect channel state
information (CSI) at the receiver (CSIR) of each link, but no CSI at the
transmitters (CSIT).

The system model consists of two source nodes A and B who want to
exchange information in the presence of an assisting relay node R as shown
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First Phase
Second Phase
Third Phase
Fourth Phase

N\

8

FIGURE 6.8 — non-separated Two-way Relay Channel model

in Fig. 6.8. The relay employs decode-and-forward (DF) strategy and does
not have any information of its own to transmit. Each node uses a single
antenna and operates under half-duplex constraint. Note that this system
model is statistically symmetrical with respect to the two source nodes.

Communication between nodes A and B takes place via a four-phase
hybrid broadcast (HBC) protocol as shown in Fig. 6.8 with the direction of
arrow indicating the transmit/receive mode of each node. For instance, in
the first phase node A transmits while all other nodes listen. We denote the
fraction of time-slot allocated for the i** phase with A;, and hence S~ A; = 1.
The third and the fourth phase are called multiple access channel (MAC)
phase and broadcast channel (BC) phase respectively. Note that this is the
most general scheduling possible, with the half-duplex constraint imposed.

The relative phase durations affect both the error performance as well
as the achievable transmission rates. We want to investigate for any possible
gains in the achievable DMT and reliability-complexity measure using four-
phase HBC protocol, as compared to three-phase time division broadcast
(TDBC) protocol. TDBC protocol is obtained by removing third MAC phase
from the HBC protocol.

6.3.1 Diversity-Multiplexing Tradeoff

The following holds for four-phase protocol for ns-TRC DF channel.

Lemma 6. For the asymmetric fading model, the DMT for a static four-
phase protocol with fized phase-durations A1, Az, Ay satisfying A1 = Ag and
Al Z mA4, 18

dy—pn(Aj,7) = min{(di(r) + da(r)), ds(r)} (6.3)
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where
di(r)=m(l—5-) for 0<r <A, (6.4)
1

1— for 0<r <Ay

da(r) = At As (6.5)
1+ X558, Jor Ar<r <A+ 3,
1+m-— <+ orr <A

da(r) = B Jorrsdu (6.6)
m(1+ AL ) fOT’A4<TSA1—|—A4

The proof for this lemma is presented in Appendix 6C.

Remark 3. e For a static protocol with A1 < mAy, the DMT expression
18 similar as in Theorem 6, but with

{1+m—’£: forr < Aq

ds(r) =
3(r) 1—}—2—1—& for Ay <r <Ay + Ay
o [orm =1, we get the DMT for symmetric Rayleigh fading model.

In order to obtain optimal DMT of ns-TRC DF system, we need to solve
the following problem for any r :

dopr(r) = A da—pn (A, 1)
subject to 2A1 + A3+ Ay =1, A; > 0. (6.7)

Optimal DMT for m > 1

The optimal DMT achievable for m > 1, which is a situation that can be
interpreted as the direct link having similar or a more stable fading statistic
compared to source-relay links, is given by :

Theorem 17. For the given system settings with m > 1, optimal DMT is

1+m—(2m+3)r forrgﬁ
dopr(r) = { Lom)(1-2r e (68
ot 72)751 ) for (2m1+3) <r<gj
and it can be achieved using TDBC protocol with
(m—+1) 1
Al _ {(2T+3) fOT T Sl (2m+3) . (69)
rom SO GmEm <7 <3

AQZAl, A3:OandA4:1—2A1,

Corollary 17a. For the Rayleigh fading case (m = 1), the optimal DMT
dopr(r) is altained by an orthogonal three-phase TDBC' protocol.

The proofs for Theorem 17 and Corollary 17a are presented in Appendix
6D.
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Optimal DMT for % <m<1

Now we consider the case % < m < 1, which corresponds to the case

where direct link between sources is less stable compared to source-relay
links.

Theorem 18. For the given system settings with % <m <1, optimal DMT
18

dopr(r)=1+m — 2 for r <k, (6.10)

where,

o 24+m)—(1—m)As—X
N 34 2m ’

X = \/(m2 +4)A%2+ (2m2 4+ 2m — 4) Az + (m + 1)2

and it can be achieved using HBC protocol with

(I =m)(2+m —2ym) B
A3_ 4+m2 ) A4_K'a

and
1— Az — Ay

2

The proof for Theorem 18 is presented in Appendix 6E. For k < r < %,
we do not have a closed form expression for the optimal DMT, however, this
optimization problem can be solved using linear programming. A discussion
on this optimization problem is presented in Appendix 6E. Numerical results
are shown in Fig. 6.9 for m = % Theorem 18 establishes DMT optimality
of HBC protocol for the case where direct link between sources is less stable
compared to source-relay links.

Ag=A; =

6.3.2 Complexity Analysis

The overall complexity of the communication protocol is the sum total
of the number of flops spent in each phase of the communication, i.e., the
total complexity of the communication protocol takes the form

p
Nprotocol = E Niv
=1

where NV; is the number of flops spent during phase 7, and where p is the
total number of phases for the protocol. Let N; = pci(r), where ¢;(r) is the
complexity exponent for i-th phase, then the overall complexity exponent for
the protocol is given by

Cprotocol(T) = max{q (T)’ T 7Cp(r)'} (6'11)
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FIGURE 6.9 — DMT Comparison

Complexity of TDBC protocol

In order to perform complexity analysis for the TDBC and HBC pro-
tocols, we first define the decoding operations that are required for these
protocols. For TDBC protocol in first phase SISO decoding is performed at
node B and relay R (¢; tapc(r) = 0), in the second phase again SISO decoding
is performed at node A and relay R (¢2 ¢gpc(r) = 0). In the third phase each of
the source nodes A and B perform decoding after removing self-interference
term, which is again equivalent to SISO decoding (c3tdpe(r) = 0). Hence, the
overall complexity for TDBC protocol is the is given by (cf. (6.11))

crppo(r) =0.

Complexity of HBC protocol

For HBC protocol, the first two rounds and the last round are similar
to TDBC protocol, i.e., ¢1 ppe(r) = c2npe(r) = canpe(r) = 0, but there is an
additional third round where decoding is performed at relay R over a multiple
access channel with sources nodes A and B. The complexity exponent for this
third round is given by (cf. Theorem 16)

(r) Asgr for r < %,
C3,hbelT) =
¢ 3A3r  for % <r< %

It follows that the overall complexity exponent for the HBC takes the form
(cf. (6.11))

crpol(r) = Agr for r < %,
3A3r for % <r< %
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6.3.3 Reliability-Complexity Measure for HBC and TDBC
Protocols

The question arises as to whether it is best to use the TDBC protocol
that provides smaller DMT (line marked with circles in Fig. 6.9) for § <
m < 1 with zero complexity exponent, or the HBC protocol that provides
for higher DMT (line marked with stars in Fig. 6.9) but does so with much
increased complexity. Towards deciding this, one must first decide what is
the price of flops, compared to the price of errors, and design a joint rate-
reliability-complexity measure. Such a measure could for example be chosen
to take the form I'(r) = d(r) — ye(r) where again v compares the price of
flop vs error. As shown in Fig. 6.10 the reliability-complexity measure (with
v = 1) reveals that even for the statistically weaker direct link (3 < m <
1) the TDBC protocol provide higher reliability-complexity performance as
compared to HBC protocol. In fact for all v > 1 TDBC protocol results in
higher reliability-complexity measure.

Reliability-Complexity measure for non-separated Two-way Relay DF Channel
1.5

—eo— Four-Phase Protocol, m=0.5
—6— Three—Phase Protocol, m=0.5

0.5r

I'(r) (Reliability-Complexity Measure)

0 | | | | | | | | |
0 0.05 01 015 02 025 03 035 04 045 05
r (Multiplexing Gain)

FI1GURE 6.10 — Reliability-Complexity Measure

Summary

The analysis indicates that for a DMT optimal protocol, duration of MAC
phase decreases with improvement in direct link fading stability relative to
source-relay links. For m > 1, which is a situation that can be interpreted as
the direct link having similar or a more stable fading statistic compared to
source-relay links, the optimal DMT is shown to be achieved by the ortho-
gonal three-phase TDBC protocol. The operational meaning of this result is
that the MAC phase of HBC protocol is not necessary to achieve optimal
performance, this results in a simplification of the communication protocol.
For less stable direct link (% < m < 1), the MAC phase of HBC protocol is
necessary to achieve optimal DMT but a simpler TDBC protocol achieves
preferable joint reliability-complexity performance.
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Appendix 6A : Proof of Theorem 16

In the following we establish an upper bound on the minimum complexity
exponent ¢(r) required by MIL-based decoding to achieve optimal DMT of
MAC. The joint ML decoder sees a K x ng equivalent MIMO-MAC channel
with sum multiplexing gain r; = Kr, the optimal DMT in terms of sum rate
r; can be described as

K
djoint(11) = na(l =) form: < R (6.12)
! d*(ry) for }L(Rfi <1 <ng.

For complexity analysis we proceed with representation equivalent MIMO-
MAC channel He € R"#*K with T' channel uses (cf. (3.63))

y =Ms +w, (6.13a)
where MZ2p:~ "5 HG € R2RTxx, (6.13b)

where H = Iy @ Hi € R#eT><2KT Hp is real valued representation of
Hco and where G € R2ETxk Ag k = 2KT > 2ngpT, we need MMSE—
preprocessing to have SD implementation of ML decoding. Let QR = M be
the thin QR factorization of the MMSE-preprocessed code-channel matrix
M £ [ 1;/; ] where a = p2% | then (6.13a) yields

r=Rs+w,

where r = R™¥MF"y, and where w = —a’?R s + R""M#"”w. The ML
decoder for this system takes the form

Sy = arggreliSQHr—R?;HQ, (6.14)

that is implemented by the sphere decoder which recursively enumerates
all candidate vectors § € SI within a given search sphere of radius £ =
Vzlog p, for some z > dZ,..(r). To compute an upper bound on the com-
plexity exponent, we follow the approach similar to Chapter 3 and define

X H
e —% with g1 > -+ > py,,. It then follows that

0i(R) = 0;(M) = \/a2 + 0;(MF M),
which results in
p%ﬁ fori=1,--- 2T(K — ng),
oi(R) > Q par ta(ltpp-2rie—np) (6.15)

for i =2T(K —ngr)+1,--- ,2KT,

where we have made use of the fact that o, (G) = p® and where o7 (i) £ (QL] .
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SD Complexity

The total number of visited nodes is commonly taken as a measure of the
SD complexity (cf. [7]). For any given channel realization g2 (p1,--- , tim),
this total number of visited nodes is given by

Nsp(p) £ ) Ni(p)

where from |7, Lemma 1] we know that

k
) < 1;[1 [\/E + min{ 2\/Ep”f}] .

2€
oi(Rg)’
From the interlacing property of singular values of sub-matrices [53] we have
that o;(Rg) > 0;(R). It follows that

p) < ]i [\/E+ min {02(;) N e H .

Consequently, we have that

Naplw <Z{HV”““{ <>2f’“H}’

T +
(1_"7R)r T+Z R mln(*}(_%(l—/ﬁLQT(i))ﬂ%) ,

ST T S (5 +) (6.16)
where for the last equality we made use of the 27" multiplicity of the singular
values of H, and of the fact that

Following the footsteps of the complexity analysis in Chapter 3 for the
MMSE-preprocessed channel matrix R, the upper bound on the complexity
exponent can be obtained as the solution to a constrained maximization
problem according to ¢(r) < Gpac(rt), where

Emac(rt) émax <1 - nfR) re + Ti? (% — (1 — Mi)+)+ (617&)

(w)
st I((1) < djoint(r1), (6.17D)
> g, (6.17¢)
where g = (u1, -, py;) satisfies the large deviation principle with rate func-

tion I(p).
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nrK
K+1

Multiplexing gain region r; <

Towards establishing tight complexity bounds, we vary the dimensiona-

. . . . K
lity of the codes, and by noting that uncoded QAM is optimal for r; < %,
we get for the same multiplexing gain region that
n Ko +
_ R
Cmac(rt) - HlliiX (1 - f) T+ ; (Et - (1 - :U’Z)Jr)
nR r
s.t. ;(K —np+2i— 1, <ng(l-— ?t),
H1 2 2 g
For the case of np = 1, the above simplifies to
_ 1
Cmac(rt) =(1- ? Tt,
and for the case of ngp = K it simplifies to
_ 1 [vng — 1]
Cmac(Tt) -
nR
e —(Ivma =2\ T
4 (Tt 14 nr —"T¢ (|_ nR TtJ) > . (618)
nRr 2£\/TLR—7}J +1
npK

Multiplexing gain region <ri<np

K+1

For % < ry < npg, we consider the DMT optimal lattice designs pro-
posed in [73]. These designs incur T' = Ky and k = 2K Ky, where Ky = K
for K odd and Ky = K + 1 for K even. Consequently, the upper bound for

71 <1t < npis given by

nR
— o nr Tt N+ +
Cmac(rt) = n}ﬁx (1 - T{ )TtT + T i:E 1 (7K — (1 — Nz) )

st I((p) < d*(re),
1> > g,

It can be shown that the solution to this optimization problem takes the
form

n
Crnac(r) = (1 — %) 7 Ko

—i—% (re(np — [re] = 1) + (K [re] — (K = 1)),
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of a piece-wise linear function that, for integer 7, is of the form

Crac(r) = %n(K — 7).

Recalling that r, = K, results in the bound specified in the theorem.

Furthermore, following the footsteps of the proof of Proposition 1 it
can be shown that with QAM symbols for r < I?—fl, lattice designs gi-
ven in [73] for gH; < r < 5, given a sphere decoder with a search ra-
dius € > \/dmac(r)log p, a decoding halting policy that halts decoding if
Npaz > p* for & > Cpace(r), there exists one fixed decoding order for which
the above described bound is also necessary. This proves Theorem 16 and

Proposition 9. [J

Appendix 6B : Proof of Proposition 10

Let hsp, hsr; and hg,p, for j = 2,---,n, denote the channel fading
coefficients for source-destination channel, source-to-j** relay channel and
jth relay-to-destination channel respectively. The induced channel model for
this OAF protocol takes the following form (cf. [34]) :

hsp 0 e 0
H,.f = " hSR2:hR2D . (:) (6.19)
0 0 hsmhmp
The overall system model takes the form
hsp 0 e 0
y==0 0 hSRZ.hRQD | O X+ w, (6.20)
0 0 - hSRn}anD

where 62 = pl_an_lr, for the DMT optimal performance the code vector x

is given by (cf. [34])
x = [loo (o) - o™ (£o)],

where lo € Agan(Bi,- -+, Bny) (see below (6.21)) and where o is the gene-
rator of the cyclic Galois group Gal(LL/F) with L being a degree-np cyclic
Galois extension field of F = Q(i), where Q(i) = {a + ibla,b,€ Q}. Q is
the set of all rational numbers. Let Or and O, denote the ring of algebraic
integers in IF and L, respectively. Let {51, -, fn,} be an integral basis for
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Or/OF and for M even, let Aganr denote the M? —QAM constellation given
by Aganm = {a + ib||al,|b]| < M —1,a,b,odd} and

AQam (Br, -+, Bny) = {Z aifila; € -AQAM} - (6.21)

Following the footsteps of the complexity analysis presented in Section 3.2.2
1 j HH Hou, . .
and defining f1; = —W, 7 =1,--- n, the complexity exponent

required to achieve a vanishing performance gap is upper bounded as

c(r) < Coar(r) = max j;min <2nn_ 17‘ — (1 —py), 7‘>+ (6.22a)
E 2n — 1
s.t. Zuj <n(l-— - ), (6.22b)
j=1
1> > g > 0. (6.22¢)

The solution to this optimization problem takes the form

_2n—1 2n —1

Coaf(r) = ——r(n—[2n = Dr] = 1)+ (|2n - 1r] - r(n— 1),
(6.23)
which for r = 0, ﬁ, -+, 5 simplifies to

2n —1
n

Coaf(r) = (2n —1)r(1 — r).

The comparison of the OAF complexity exponent in (6.23) with the com-
plexity exponent for n x 1 quasi-static MISO channel Proposition 2 reveals
that

2n —1
—r).

Furthermore, following the footsteps of the proof of Proposition 1 it can be
shown that with lattice designs and OAF protocol of [34], given a sphere
decoder with a search radius & > \/doqf(r)log p, a decoding halting policy
that halts decoding if Ny,qe > p* for @ > Coup(r), there exists one fixed
decoding order for which the above described bound is also necessary. This
proves Proposition 10. [

Coaf (T) = Emiso(

Appendix 6C : Proof of Lemma 6

Proof. (sketch) We here derive the DMT dy_pp (A, r) for a static four-phase
protocol with fixed phase durations. We are interested in the case where both
source nodes transmit with the same rate R, and also, both demand the same
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DMT performance. Since the system model is symmetric with respect to the
two source nodes, there is no loss of generality in making the two phase
durations A and As equal.

To analyze the system performance for fixed phase durations, we define
the average error probability P, = P[{Ea U Ep}], where o and Ep, defined
later, denote the error events at the receive node A and B respectively.

In order to analyze the information flow from source node A to B, we

define the following error event &g é{gB’l U {ER,g N 33,4}}, where denotes
complement of , and where
e &g, - occurs if B is able to decode message from A at the end of phase

1.
° ER,3 - occurs if R is able to decode message from A and B at the end
of phase 3.

° 51374 - occurs if B is able to decode message from A at the end of phase
4, conditioned on the occurrence of event ER,g.
Note that EBJ C €B74 . Error event corresponding to € can be similarly
defined by interchanging A and B in the above expressions. With these de-
finitions, we have the upper bound

P[gB] = P[gBJ U {ERQ, N gBA}]
= P[EBJ N {81{73 U 8]374}]

[

[

P {8]371 N 8R73} ) {8871 N 8B,4H
P[{&1N Ers} UEp4]

IN=

P{€s1N Ers}] + P[Ep 4]
P[EBJ]P[SR,g} + P[(C:BA], (6.24)

where (f) follows from union bound, . We also have a lower bound,
max{P[Ep1]P[Er 3], P[EB4]} < PlER]. (6.25)

Bounds corresponding to £a can be obtained similarly by replacing B with
A in the expressions (6.24) and (6.25).
Now, since

max{P[Ea], P[€g]} < P. < P[EA] + P[ER], (6.26)

if we can derive the precise optimum SNR exponents for each of the P[Ep 1],
P[ER 3] and P[€p 4] defined above and also show that P[€s] = P[Eg], then
we have the DMT expression for the static four phase protocol.

Toward this end, we define the outage events for information flow from
A to B. Let Xy) denote the transmit signal, Y}k) denote the receive signal
for any node J € {A,B, R}, in the i-th and the k-th phase, i,k € {1,2,3,4}.
The outage event O, for the respective error event € ;. is defined as :
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Op1 2{hap : A T(XVY; YV |hap) < R}, (6.27)
Or,3 ={Or31UOR32}
Org31= {(hAPm hpr) : A T(X; Yf({l)|hAR)

(XD, YO XD han) < R}, (6.28)
Org32= {(hAR, hor) : A I(X8; Y [har)
+01(X Y5 VP hp ) (6.29)
+A I(Xff’),X]g ViV [har, hew) < 2R},
Op4 s {(hAB,hRB) : A1I(X1g1);YB |haB)
(6.30)

A A(XD Vi ) < R} .

Again, Opy4 C O, where hjx denotes channel from node J to node
K (J,K € {A,B,R}). The corresponding events for information flow from
B to A are similarly defined by interchanging A and B in all the mutual
information expressions. Now we claim that

Plep] = PlOg,] = p~ (),

P[Er3] = P[Og3] = p~%(),
Plep4] = P[Op4] = p~ B, (6.31)

To prove (6.31), one can follow similar analysis as in [51,72,81]. For each
of the events O and € defined above, we have

P(Oyy) < P(Esk) < P(Oyk) + P(Ek|Osk). (6.32)

Then, for sufficiently long, independent random Gaussian encoding at
every transmitter, joint maximum-likelihood decode-and-forward relaying at
the relay node, we show that

P[€p,|Op1] = PlOp,] = p~ 1, (6.33)
PEr 3|0 3] = P[Og] = p~®1), (6.34)
P[€p4|Opa] = P[Op4] = p~ B0 (6.35)

In particular, (6.33) follows from DMT for single antenna point-to-point
transmission [51], (6.34) follows from the DMT for MAC [72] and (6.35)
follows from the DMT for parallel channels [81]. These along with (6.32)
gives

P[EB] = p_ min{(d1 (r)+dz2(r)),ds(r)} (636)

)
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where, (6.36) follows from (6.24), (6.25) and Varadhan’s lemma [71]|. Due
to symmetry we have P[Ep] = P[Ep] and applying Varadhan’s lemma to
(6.26), we can write

P.=p min{(dy (r)+dz(r)),ds(r)} (6.37)

This completes the proof of Lemma 6. O

Appendix 6D : Proof of Theorem 17

From Lemma 6 we have :
dy(r) + do(r)

mr r
{1+mA— A A +As fOI'T<A1 R
1 _2r 3
1+A1+A3 AR for Ay <r <A1+ 5

(6.38)

We are looking at dopr = maxa, min{d;(r) + da(r),ds(r)} under the
sum-constraint and the positivity constraints in (6.7). First we prove that
any optimal protocol must have Asg = 0, for m > 1.

This can be proved by contradiction - suppose (A7) maximizes the DMT
(dopr(r)) with A% > 0. Now consider the four phase protocol with new
phase durations Ay = A} + %, Ay = A} and Az = 0. These new phase
durations are in the feasible set (6.7), and substituting these in (6.38) and
(6.6) we get

dl(Ai,T) +d2(Ai,T) > dl(A;‘,T’) + dQ(Ar,T) and
ds(A;,r) > d3(A],r)

for all values of r. This contradicts the optimality of (A¥) and show that for
m > 1 any optimal protocol must have Ag = 0.
The optimization problem in (6.7) can now be written as

dopr(r) = nax da—pn(A1, Ay, 1)
subject to 201 + Ay =1, A1, Ay >0,

where we now have
dy(r) +da(r) = (m+1) (1 - ) for 0<r<A;.

Since we are looking at a max-min problem, for any given multiplexing
gain r, the optimal DMT is achieved when the two DMT curves d; (r) +da(r)
and d3(r) meet at 7. When A; < mAy it is easy to see that the curves meet
only at 7 = 0. So we only need to consider the case A1 > mA,4. Now we have

dy(r) = 1+m—AL4 for r < Ay
K m(1+A3:T) for Ay <r <A1+ Ay
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The expression for ds(r) suggests that the optimization can be divided
in to two exclusive cases : (i) r < Ay (ii) Ay <7 < Aj.

Case r < Ay

With di(r) + da(r) = d3(r), and all other constraints, it is straight-
forward to check that the optimum solution must satisfy A; = (m + 1)Ay4.
Substituting this in the sum-constraint, we get

B 1 _ (m+1)
M emey T emry)

and optimum DMT as dopr(r) =1+ m — (2m + 3)r for any r < (2ml+3)-

1 1
Case o7 <7 <3

Again with dy(r) 4 da(r) = d3(r), we get

B r+m
142m’

Al Ag = 0, and A4 =1- 2A1.

and optimum DMT as

1 1-2
m(l +m)( r) for L <r< %

dopr(r) = tm @m+3)

This proves Theorem 17. Also, for all values of  and m = 1, we have proved
that Az = 0 is optimal, which proves Corollary 17a. [J

Appendix 6E : Proof of Theorem 18

Again we are looking at a max-min problem, for any given multiplexing
gain 7, the optimal DMT is achieved when the two DMT curves d; (r)+da(r)
and dg(r) meet at r. Solving for dy(r) + da(r) = dz(r) from (6.38) and (6.6)
and sum constraint 2A; + Az 4+ Ay = 1, we get

(1 -=m)(2+m—2ym)
A - A =
3 4+ m? ' 1=
and I
A = %_4

r

and optimum DMT as dopr(r) = 1+ m — ¢ for r < k. This proves
Theorem 18. [J
Optimization problem for k < r < %
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For k <r < %, again, optimal DMT is computed by solving for dy(r) +
da(r) = dz(r) from (6.38) and (6.6) and sum constraint 2A; + Az + Ay = 1.

Now we have,
m+r—Bm+1)As+Y

2(2m + 1) ’

Ay = (6.39)

where,

Y = (m+r—3Bm+1)A3)2 4+ 4m(2m + 1)Az(1 — A3z).

Substituting for A; and Ay = 1 — 2A; — Ag, the optimization problem in
(6.7) can now be written as,

i A
Ogg;gll_rf( 3,7),

where

m+r—Bm+1)Az3+Y
A = :

This optimization problem can be solved using linear programming.



Chapter 7

Conclusions and Future Work

This dissertation deals with the question of establishing fundamental
rate-reliability-complexity limits in general MIMO, cooperative and mul-
tiple access communications. The work succinctly described the high-SNR
fundamental tradeoff among rate, reliability and computational complexity
in the form of the achievable DMT for a given complexity exponent, which
is a fundamental (not heuristic) measure originating from this work. The
work then proceeded to constructively meet these high-SNR limits by iden-
tifying fast, reliable and efficient MIMO and cooperative encoders, decoders,
and protocols that optimally tradeoff the DMT performance with the com-
plexity exponent. This approach constitutes, to the best of our knowledge,
the first time that the complexity-performance tradeoff has been succinctly
quantified. Specifically we have been able to identify the general complexity-
performance tradeoff for a broad family of ML-based and lattice based de-
coders, as well as provide the first ever lattice decoding solution, and the
corresponding activation policy that jointly achieve a vanishing gap to the
exact implementation of (regularized) lattice decoding with complexity that
is subexponential in the rate. The derived reliability and complexity guaran-
tees hold for most multiple-input multiple-output scenarios, all reasonable
fading statistics, all channel dimensions and all-rate lattice codes.

In a nutshell, we provided simple answers and insights to the following
pertinent complexity issues :

e Computational reserves required to achieve a vanishing gap to ML or

(regularized) lattice decoding performance.

e Impact of computational constraints on the system reliability for ML-
based decoding implementations.

e Encoding-decoding policies that can regulate complexity at a limited
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performance loss.

e Complexity costs of ripping full rate-reliability benefits of ARQ feed-
back and also the use of ARQ feedback to reduce decoding complexity.

e Joint reliability-complexity measure that can be used to compare worth
of encoding-decoding policies.

e The role of antenna selection in reducing decoding complexity.

e Multiple/cooperative users selection/scheduling in the presence of com-
plexity constraints.

Future Work

The work presented methodology that can be applied to quantify the
rate-reliability-complexity performance of novel or existing coding schemes,
decoders, as well as cooperative and multiuser protocols. One interesting
scenario where this rate-reliability-complexity tardeoff can be applied is ca-
pacity scaling analysis for the large networks [82-84]. In large networks de-
coding complexity will also scale exponentially with cluster size and in the
presence of computational constraints, optimal capacity scaling might not be
achievable. Another interesting application could be use of rate-reliability-
complexity tardeoff for enhancing the physical layer security [85,86].

Despite the serious efforts to resolve each problem in their most general
form, the current work leaves out ample space for exponential reductions in
complexity, and improvements in the joint performance-complexity measure,
both on the side of decoders, as well as for encoders, protocols or feedback
schemes. One such interesting open problem is finding dynamically chan-
ging decoding orders that provide guaranteed reductions in the decoding
complexity for DMT optimal threaded CDA based codes.



Chapter 8

French Summary

Dans les télécommunications, le débit-fiabilité et la complexité de I'en-
codage et du décodage (opération a virgule flottante-flops) sont largement
reconnus comme représentant des facteurs limitant interdépendants. Pour
cette raison, tout tentative de réduire la complexité peut venir au prix d’une
dégradation substantielle du taux d’erreurs. Cette thése traite de I’établisse-
ment d’un compromis limite fondamental entre la fiabilité et la complexité
dans des systémes de communications outage-limités a entrées et sorties mul-
tiples (MIMO), et ses scénarios point-a-point, utilisateurs multiple, bidirec-
tionnels, et aidés de feedback. Nous explorons un large sous-ensemble de la
famille des méthodes d’encodage linéaire Lattice, et nous considérons deux
familles principales de décodeurs : les décodeurs a maximum de vraisem-
blance (ML) et les décodeurs Lattice.

8.1 Systémes a antennes multiples : performance en
terme d’erreur de décodage et de complexité

Avoir une transmission des données a haut débit, une meilleure qualité
de service en terme de reduction d’erreurs de décodage et de covarage, et
avec un grand nombre d’utilisateurs; tout en gardant la méme puissance de
transmission et la méme bande passante est une demande qui ne cesse d’aug-
menter en communications sans fil. Cela exige de considérer des nouveaux
technologies comme les systémes de communications & entrées-sorties mul-
tiples (MIMO) qui peuvent améliorer les deux demandes, le débit des données
et la reduction d’erreur de décodage pour une puissance de transmission et
une bande passante données, mais cela au cotit d’une tache de décodage plus
laborieuse a la reception. Spécifiquement, pour le decodeurde maximum de
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vraisemblance force brute! la complexité de décodage augmente exponen-
tiellement en mot de code bit comme 257 pour une durée de codage 7. En
général, ce nombre de bits augmente avec la dimension.

Dans les scénarios MIMO avec des signaux de dimensions élevées, le calcul
de maximum de vraisemblance peut étre trés cotiteux. Cela donne toujours la
motivation pour utiliser des designs émetteur-récepteur sous-optimaux dont
la sous-optimalité peut souvent annuler la fiabilité du systéme MIMO. La
plupart des récepteurs MIMO de nos jours utilisent des régimes de détection
MIMO linéaires de complexité réduite (zero-forcing (ZF), minimum mean
square error (MMSE), successive interference cancellation (SIC)) dont la
sous-optimalité a été prouvée trés élevée (cf. [1]).

Les avancées récentes de vitesse de calcul ont permis l'utilisation de dé-
codeurs MIMO qui emploient des méthodes de détection non-linéaires qui a
leur tour se basent sur les algorithmes de recherche bornée, connus sous le
nom de décodeurs sphérique. Ces décodeurs sont plus performants que ceux
qui utilisent ML mais en introduisant plus d’erreur. (cf. [2-7]).

La diversité de ces algorithmes nous ménent a poser la question concer-
nant la relation entre complexité et fiabilité. La réponse a cette question
n’est pas triviale, vu que la complexité algorithmique fluctue aléatoirement
avec le canal, le bruit et les réalisations de codeword. Ce comportement aléa-
toire met en évidence la possibilité d’introduire plus d’erreur pour améliorer
la complexité. En général, toute tentative visant I'optimisation de la com-
plexité algorithmique est au détriment de fiabilité de transmission. Dans le
cadre de MIMO & délai limité ou de MIMO & panne limitée, la définition et
la compréhension de cette relation étroite entre complexité et fiabilité consti-
tuent un sujet de recherche trés important dont 'apport pratique est trés
intéressant.

8.2 Caractérisation de complexité en MIMO avec
une outage-limitée

Ici la complexité est estimée par le nombre d’opérations calculatoires (en
termes d’opérations arithmétiques et de flops) qu’on peut utiliser pendant le
décodage d’un codeword. Quand on prend en compte la nature fluctuante de
la complexité algorithmique instantanée, ca devient évident que la présence
de limitations calculatoires peut entrainer une dégradation de fiabilité. Ceci
peut étre interprété comme une panne de décodage liée a la violation du
délai de temps d’exécution. (Fig. 8.1).

1. le décodeur ML est strictement le seul décodeur optimal en terme de minimization
de probabilité d’erreur par mot de code, et il est le plus lent dans le sens qu’il doit visiter
tous les mots de code possibles.
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FIGURE 8.1 — Fluctuations de complexité algorithmique instantanées

8.2.1 Exponentiel de complexité

Soit Nmax la contrainte de complexité, qui décrit les capacités calcula-
toires en flops d’un émetteur-récepteur qui a le droit a utiliser le canal T fois.
Apres Npax flops, émetteur-récepteur doit tout simplement s’arréter, éven-
tuellement avant I'achévement de sa tache. Pour représenter ce qu’on a dis-
cuté ci-dessus, on utilise le compromis de la diversité de multiplexage proposé
par Zheng and Tse qui quantifie la relation entre le débit (R) et la probabilité
d’erreur Py quand on mesure le gain de multiplexage r = R/logSNR et le
gain de diversité d(r) = limgyg—so0 10g Perr/ l0g SNR dans un environnement
a SNR élevé. Dans le méme cadre du tail-analyse de SNR-élevé (le SNR sera
noté désormais p), on définit ’exposant de complexité comme suit :

Nm X
c(r) = lim =,
proo log p

On observe qu'un ¢(r) > 0 implique que la complexité est une fonction
exponentielle du débit.

8.2.2 Pertinence et applicabilité de la mesure de complexité
et ’exposant de la complexité

En ce qui concerne 'adéquation de la configuration asymptotique, a sa-
voir 'adéquation de I'exposant de complexité et de I’échelle choisie de raffi-
nement, c’est I’échelle qui capture mieux 'intégralité du probléme de com-
plexité. Comme dans le cas de la probabilité d’erreur, qui varie de 1 jusqu’au
Ky - p~%, mettant en évidence un exposant d’erreur d(r) € [0,z] (ici K
est une fonction sous-polynomiale de p), dans le cas de la complexité, on
a une variation de 1 flop pour une complexité maximale qui évolue comme
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K92FT = K5 - prT flops (K3 est essentiellement une constante), ce qui donne
un exposant de complexité c(r) € [0,rT].

Ayant le cott de complexité et la probabilité d’erreur de la méme échelle,
n’est pas un choix forcé, mais ¢a correspond a une conséquence triviale du fait
que la probabilité d’erreur ainsi que la taille du code sont des fonctions natu-
rellement polynomiales de p, et (dans le cas de la complexité) exponentielles
de R = rlogp. En conséquence, l'erreur, mentionnée ci-dessus, et les expo-
sants de la complexité pourraient étre combinées pour former une mesure des
capabilités taux-fiabilité-complexité des différents émetteurs-récepteurs. Une
telle mesure pourrait par exemple prendre la forme d’une mesure commune
sur la fiabilité-complexité I'(r) = d(r) — ve(r), pour un facteur pesant > 0.
La mesure pourrait étre appliquée pour décrire, par exemple, les capacités
d’erreur high-SNR d’un codeur-décodeur particulier par unité de puissance
et surface sur la puce.

On note que, en observant les compromis entre la fiabilité et la com-
plexité mentionnés ci-dessus, le plus important est de trouver les procedures
appropriées de codage-décodage qui peuvent régulariser la complexité en
conservant une perte limitée de performance. Une telle réglementation pour-
rait étendre les deux extrémes de décodage brute force ML aux récepteurs
linéaires inefficaces. En observant ce compromis, un élément necessaire serait
le halting ou bien les procedures de régulation que nous allons utiliser.

8.2.3 Vanishing écart

Pour raffiner notre analyse de I’exposant, mentionnée ci-dessus (DMT et
la complexité de 'exposant), nous notons d’abord que 1’analyse de DMT ne
parvient pas a capturer potentiellement les écarts infinis (sous-polynomiale
a SNR) a la performance optimale. Nous sommes également intéressés aux
décodeurs qui permettent d’atteindre un vanishing écart & la performance
ML. Cette approche de vanishing écart est une condition plus forte que
I'optimalité de DMT qui reste insensible aux écarts d’erreur qui pourraient
étre illimités.

En termes d’écarts d’erreur-performance, on pourrait envisager 1’écart
d’un décodeur donné D, a ML, c-a-d, I’écart entre la performance P, de D,
et la performance optimale P (8577 # s) du décodeur brute force ML. Etant
donnée une certaine contrainte de calcul Nyax = p© pour D, cet écart est
quantifié dans le régime de high-SNR d’étre :

p—oo P (SML 75 S)

Un wvanishing écart g(c) = 1 signifie que, avec Nyax = p© flops, D, peut
asymptotiquement avoir une performance identique a celle du décodeur brute
force ML optimal.
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De méme, lorsqu’on considére tout autre décodeur de base, comme par
exemple le décodeur de lattice sphere regularise¢ (MMSE-prétraité), nous
serions intéressés a 1’écart de performance qu’a I'implémentation exacte de
ce décodeur. Comme précédemment, en présence de Npa.x = p°L flops pour
le décodeur de lattice sphere, nous avons un vanishing gap lorsque :

A qe PL
e B A9
ou P;, décrit la probabilité d’erreur du décodeur de lattice sphere prétraité,
et P (81 # s) décrit la probabilité d’erreur de la solution exacte du décodeur
de lattice sphere MMSE-prétraité.

Un de nos intéréts est de capturer la complexité minimale qui permet
un vanishing écart pour plein ML ou plein décodage de lattice (régularisé).
Nous allons étudier cela et en particulier développer le travail de [7] dans un
cadre plus large.

Remark 4 (Commentaires sur l'approche de vanishing écart : une inter-
pretation heuristique). Les commentaires dans cette remarque ne sont pas
rigoureur, mais n’affectent pas notre analyse, et présentent plutdt des heu-
ristiques sur l'utilité de l'approche de vanishing gap.

Si on considére, pour un code et un tauz fizes, les courbes d’erreur (I’aze
z represente le SNR, l'aze y est la probabilité d’erreur) correspondants & deux
décodeurs différents. Par exemple, supposant que le premier décodeur soit un
décodeur ML optimal (sans interruption). Supposant que le second décodeur
soit une implémentation approrimative du premier décodeur.

Soit P(p) et P,y(p) désignant la probabilité réelle des courbes d’erreur,
pour accroitre p, respectivement, pour les décodeurs optimales et sous-optimales
(P(p) < Pup(p) pour tout p). En outre, supposant que les deux hypothéses
sutvantes sotent justes.

Hypothese 1 : Il existe une valeur SNR py (resp. p2), aprés laquelle la
pente de la courbe d’erreur d%P (resp. dipPap) est monotoniquement non
décroissante.

Hypothése 2 : Il existe une valeur SNR po pour laquelle la pente de la
courbe d’erreur d%P de la premieére (ML) décodeur atteint sa valeur mazimale

L. N . d _ d
dans la région monotone, c-a-d, atteint une valeur de d—pP\pO = max,>,, chP'
Compte tenu des deux hypothéses mentionnées ci-dessus, on observe que
la garantie sur vanishing écart implique que les deux courbes d’erreurs coin-
cident pour tout p > pg, c-a-d,

P(p)
Pap(P)

Nous ict nous avisons le lecteur qu’il est concevable facile de violer les
deux conditions ci-dessus, par exemple en employant une politique de déco-

=1, Vp = po.
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dage qui alterne, pour différentes valeurs de SNR, entre deux décodeurs dif-
férents, ou en utilisant des codes a distance avec des distributions spécifiques
qui peuvent étre par exemple entrainer étages d’erreur. Malgré cela, cepen-
dant, lorsque la structure émetteur-récepteur demeure inchangée, les deux
hypothéses accepter la validation importante par la plupart des observations
empiriques, mais n’ont pas été prouvées pour étre vrai.

En outre envisager une troisieéme hypothése, qui demande que pour toute
valeur SNR dans la région monotone p > max{pi,p2}, la pente d’erreur
exacte courbe de la (premiére) décodeur, n’est pas plus petite que celle de la
solution approximative, c-a-d,

dpo 4

dp  — dp
Ensuite, les trois hypothéses, conjointement avec la garantie sur vanishing
écart, conjointement impliquent que les courbes d’erreur du décodeur exacte
et approximative, correspondent au (et aprés) la valeur potentiellement beau-
coup plus faible SNR de max{p1, p2}, c-a-d, conjointement impliquent que

P(p)
Pap(P)

Ces valeurs peuvent en effet étre modérée, car ils ne se rapportent pas immé-
diatement a la fidélité des approxzimations asymptotiques, mais sont plutot
des points de départ des régions monotones. Cetle exposition suggére que,
dans certaines hypothéses, une garantie sur vanishing écart pourrait se ré-
percuter a finies régions SNR.

Pup, Vp > max{pi, p2}.

=1, Vp > max{p1, p2}.

8.3 Contribution majeure et plan de thése

Nous procédons dans le reste de ce résumé a une synthése de la probléma-
tique, en se concentrant sur les résultats qui offrent une meilleure perspicacité
plutot que de se concentrer sur les résultats avec plus large champ d’applica-
tion, qui sera présenté dans les sections qui suivent. Nous espérons que notre
travail peut donner un apercu sur des questions pertinentes telles que :

e Quel est le prix a payer pour une complexité quasi-optimale lors de
I'implémentation des communications coopératives MIMO et multi-
utilisateurs ?

e Comment le retour d’information pourra réduire la complexité ?

e Quelles politiques peuvent réduire la complexité pour une perte des
performances limitées 7

e Comment les contraintes de complexité peuvent affecter la fiabilité
dans des milieux MIMO différents 7

e Quelle est la taille du systéeme MIMO (nombre d’antennes d’émission,
nombre de relais ou nombre d’utilisateurs MAC) pour que la puce DSP
peut étre configuré ?
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e Comment les utilisateurs multiples doivent se comporter en présence
de contraintes de complexité ?

e Quel est le role de la sélection d’antenne dans la réduction de la com-
plexité ?

e Quels sont les protocoles de coopération qui obtiennent les meilleurs
résultats en présence des contraintes de calcul 7

Modéle de canal, codeurs et décodeurs - Chapitre 2

Ce chapitre présente le modéle du systéme décrivant le modéle de canal
MIMO sous-jacent ainsi que la description de l'’encodage et de décodage
régimes considérés comme des études de compromis du taux, de fiabilité et
de la complexité. Dans cette thése nous considérons le cadre général de la
retard-limités outage-limités systémes de communications MIMO. Ce réglage
capture plusieurs scénarios de communication modernes pertinentes dans les
communications sans fil.

Base

Mobile
User

Station

FIGURE 8.2 — Outage-limités systémes de communications - no CSIT

Il s’agit notamment des scénarios de retard-limités de transmission de
données en l'absence d’informations d’état de canal a I’émetteur (pas CSIT)
comme le montre la Fig. 8.2, ou, plus important scénarios qui tiennent
compte de la communication rapide de la vitesse et & haute au cours de
la lien rétroaction de la CSIT dans un cadre multi-utilisateur en 'absence
de réciprocité de canal comme indiqué sur la Fig. 8.3, ainsi que le canal
d’interférence multi-utilisateur représenté sur la Fig. 8.4 ou les solutions de
gestion des interférences exigent mondiale CSIT, c-a-d, chaque émetteur est
nécessaire de disposer d’'informations d’état de canal de tous les liens vers
I'avant et méme en présence de réciprocité du canal, la CSIT nécessaire a
travers les échelles de rétroaction avec le nombre d’utilisateurs.

Nous explorons un large sous-ensemble de la famille des méthodes d’en-
codage linéaire Lattice, et nous considérons deux familles principales de dé-
codeurs : les décodeurs & maximum de vraisemblance (ML) et les décodeurs
Lattice. L’analyse algorithmique est concentrée sur I'implémentation de ces
décodeurs ayant comme limitation une recherche bornée, ce qui inclue une
large famille de sphére-décodeurs.
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FIGURE 8.3 — Mutliuser MIMO downlink - en I'absence de réciprocité de

canal
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FIGURE 8.4 — Schématique pour canal d’interférence multi-utilisateur

Complexité pour un décodage ML - Chapitre 3

Ce chapitre a un double intérét. Le premier intérét consiste a étendre
I'analyse de la complexité des précédents travaux ( [7]), dans un cadre plus
large de modéles en lattice, des politiques de décodage et de statistiques
a la décoloration. Cette extension est important dans le sens qu’elle nous
permettra d’explorer les paramétres intéressants du modéle MIMO. Le se-
cond intérét est de fournir un taux de fiabilité de complexité, de mesures
et des compromis significatives. Le développement mathématique correspon-
dant est pour le cas MIMO général, tandis que les expressions d’une seule-
lettre sont dérivées pour le canal quasi-statique MIMO. Tous les résultats
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sont valables pour la base ML de décodage, et 'analyse algorithmique consi-
dére que la famille ML efficace des algorithmes basés sur décodage par sphére.
Les exposants issus de la complexité de ces algorithmes décris le suffisante,
et dans de nombreux cas, les ressources de calcul nécessaires requises pour le
ML basée sur SD pour atteindre soit une performance DMT spécifique, ou
a obtenir un écart de fuite pour (sans interruption) le ML.

Peut-étre prématuré a ce stade, nous notons que les résultats suggérent
des ramifications de la complexité pour un choix de design en lattice, les sta-
tistiques de décoloration et politiques en sphére de décodage de commande.
Les concepts de designs en lattice (et en particulier designs en lattice a taux
plein), ainsi que les politiques de commande, sont couramment utilisés, mais
ils vont certainement étre discuté en détail plus tard.

Nous notons également que le théme commun dans cette recherche est
que nous allons souvent obtenir des bornes supérieures universelles de la
complexité qui détiennent indépendamment des choix ci-dessus, et par la
suite un contraction de résultats pour les paramétres relativement larges.

Réglage MIMO général Théoreme 1 Considerant le cas général pour
m xn (n>m) MIMO? de la spécification du canal :

y = Hx + w,

et considerant un ML basée sur le décodage. Dans ce qui suit, I(p) repré-

. - A & logo,;(HIH)
sentera la fonction du débit de p=(p1, -, fim), 1= ——og, >
1,---,m, correspondant a des valeurs ordonnées singuliers oj du canal. Nous

rappelons aussi que 1" log p est le nombre total de bits.

Théoreme 1 : L’exposant de la complexité de la réalisation d’un gain
de diversité d(r) est supérieure délimitée comme pour toutes les familles de
statistiques de déperdition®, tous les taux plein (ou en dessous du taux plein)
congoit en lattice, et toutes les politiques statiques ou dynamiques de décodage
de commande.

m +
T 1 T
é(r) =max ;mln % — 5(1 — i), T) (8.1a)
st I(p) <d(r), (8.1
241 > > Hm > 07 C

2. des résultats moins concluants considére le cas n > m.
3. Strictement parlant, ceci est valable pour la grande famille des statistiques qui ac-
ceptent le principe de grandes déviations [§].
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Puis Proposition 1. Etablit I'étanchéité conditionnelle de ce qui précéde

Proposition 1 : Indépendamment des statistiques canal a évanouissement et
du code en lattice, plein taux appliqué, il existe un ordre fixe de décodage pour
lesquels la partie supérieure au-dessus universelle liée est serré.

En ce qui concerne I’établissement des ressources suffisantes pour at-
teindre un écart de fuite & ML, Corollaire 1a applique simplement le théoréme
ci-dessus aprés la mise en d(r) = dy,, pour étre le DMT optimale ininterrom-
pue de ML décodage du spécifique (potentiellement sous-optimale) du code.

Corollaire 1a : L’exposant la complexité requise par SD pour atteindre un
écart de fuite a ML optimale est supérieure délimitée comme

o (T 1 rT\ "
2 L S R et 8.2
é(r) mﬁxx 2 min ( - 2( 1) - > (8.2a)
st I(p) < dy(r), (8.2b)
p1 > > i > 0, (8.2¢)

mndépendamment de statistiques et les politiques de commande.

Quasi-statique MIMO La transition vers le cas spécifique de la np X ng
(nr > nr) quasi-statique point-a-point de canal MIMO (avec T utilise sur
le canal Hp € C"R*"T) | ot maintenant p désigne le (asymptotique de) les
valeurs singuliéres de H¢, nous avons Théoréme 3 instituant la suivante
universelle borne supérieure.

Théoréme 3 : L’exposant la complexité SD de parvenir ¢ un gain de diversité
d(r) est supérieure délimitée comme

&(r) £ max THZT: min (’“ — (1), T)+ (8.3a)

12 = nr nr
s.t. I(p) <d(r), (8.3b)
M1 Z T 2 IU’TLT 2 07 (830)

pour n’importe quel code en lattice a tauz plein.

En outre, il convient de noter que, directement & partir de Proposition 1,
nous savons que, indépendamment de la déperdition des statistiques et du
code a taux plein, il existe un ordre fixe de décodage pour lesquels la partie
supérieure au-dessus universelle liée est serré.

D’aprés Théoréme 3 , nous pouvons maintenant établir une limite supé-
rieure universelle liée & la complexité, pour atteindre la performance optimale
de DMT d*(r) de np x ng (np < ng) pout le canal MIMO.
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Théoreme 4 : L’exposant de la complexité SD, pour d’atteindre la DMT op-
timale d*(r) est délimitée comme

T
co(r) <e(r) = - (r(nr =[] = 1) + (ng [r] = (0 = 1))7)
ot ¢(r) est une fonction linéaire par morceaux qui, pour les valeurs entiéres
de r, prend la forme

T
é(ry=—r(np—r), r=0,1,--- np.
nr
Cela vaut pour n’importe quel ensemble de statistiques d’évanouissement,
tous les DMT optimales, et de toute politique de l'ordre de décodage.
En raison du fait que la complexité est de plus en plus d(r), ce qui pré-
céde peut étre utilisé comme une borne supérieure universelle a destination
de tous les codes & taux plein. Cette procédure est décrite ci-dessous.

Corollary 4a :L’exposant la complexité SD est majorée comme dans Théo-
reme 4 pour n’importe quel code a taux plein, toutes les statistiques d’éva-
nouissement et toutes les politiques ordre de décodage.

Nous notons que, comme il s’avére, ce n’est le plus serré limite supérieure
qui peut contenir tous les codes (a taux plein) et les statistiques fading (cf.
Proposition 1). Cette limite supérieure est déja utile en soi, car il établit que
I’exposant de la complexité SD est beaucoup plus faible que le pire des cas
SNR exposant 71" associé a la brute de décodage ML vigueur, quelles que
soient les codes, les canaux ou les politiques de commande. Par exemple,
une comparaison de l’exposant vigueur de la complexité brute avec la borne
ci-dessus dérivée est représentée sur Fig. 8.5 pour np =T = 2.

Etanchéité de la borne supérieure universelle En restant dans le
ny X ng (ng > nr) quasi-statique canal MIMO, et en se concentrant sur le
cas de i.i.d. Statistiques Rayleigh, Théoréme 6 établit que la limite supérieure
ci-dessus universelle est en effet serré pour presque tous les DMT optimaux
en lattice a taux plein, quelles que soient les politiques de commande. Plus
précisément, il dit que si la conception est choisi au hasard (chaque élément
de la matrice génératrice réseau est choisi de maniére iid d’une distribution
continue), mais maintenu fixe, puis avec une probabilité dans le choix du
code, ce qui précéde liée au Théoréeme 4. est serré

Théoreme 6 : Pour un canal Rayleigh MIMO quasi-statique i.i.d., et quelle
que soit l'ordre de décodage, fize ou dynamique, [’exponentiel de complexité
de la spheére du décodeur basé sur ML, dans le choix du code DMT Lattice
optimal , correspond presque stirement & la bande supérieure universelle dans
Théoréeme 4.
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Complexity exponent (T=2)
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ML avec la partie supérieure universelle a destination de ML a base de SD

Débit-Fiabilité-complexité compromis : DMT réalisable en pré-
sence des contraintes de calculs Les dérivations précédentes suggérent
que,sous certaines conditions,l’exponentiel en complexité peut décroitre avec
une réduction dans le gain désiré de diversité. Une étude prudente montrera
plus tard que un tel compromis n’est pas toujours réussi, que des réductions
en d(r) ne donnent pas nécessairement une réduction en complexité, et qu’il
y a des gammes de d(r) pour lesquelles ¢(r) reste fixe. On cherche a com-
prendre le gain de diversité réalisable en présence des contraintes de calcul.
Théoréme 7 donne une expression générale de ce DMT avec contrainte de
complexité pour un cadre MIMO général, et pour tout ensemble de statis-
tiques évanouissantes. En se concentrant sur le canal MIMO Rayleigh éva-
nouissant, i.i.d. et quasi-statique nyp xng (ng > nr), et sur les designs DMT
Lattice optimaux (réalisant d*(r)), Corollaire 8a donne une borne inférieure
pour le DMT avec contrainte de complexité. La borne est serrée pour le cas
des codes DMT & couches optimales .

Corollaire 8a : La contrainte de la complexité DMT de décodage par
sphére de nimporte quelle conception DMT utilisant au maximum Npax =
) flops, est minoré indépendamment de la politique de décodage de com-

4. Nous reviendrons sur les codes a couches plus en détails dans la suite. On remarque
que tous les designs DMT Lattice optimaux connus jusqu’a présent appartiennent a la
famille des codes a couches
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mande en tant que dp(r) = min{d*(r),dp(r,cp(r))} avec

K
dp(r,ep(r)) =Y (ng—nr+2j— 1)
j=1
+ (ng — np + 2K + 1)(0931(]") +1- W)’

nrep(r)

avec K = T J . De plus, en présence de conceptions optimales du lattice

en couches, la DMT décrite en dessus correspond a la complexité de DMT a
contraintes donnée par le décodage-ordonnancement naturel en sphére.

Example 23. La complexité de DMT & contraintes de décodage en sphére
de 2 x 2 du Golden code ( [9]) sur canal du Rayleigh i.i.d. est illustrée par la
Fig. 8.6. La ligne en haut sur Fig. 8.6 décrit l’exposant de complexité qu’un
code idéal de 2 X 2 pourrait exiger pour atteindre le DMT optimal. La ligne
en milieu sur Fig. 8.6 (b) décrit ’exposant de complexité qu’un codage moins
optimal du VBLAST pourrait exiger pour atteindre son DMT optimal. Cette
méme ligne sur Fig. 8.6 (a) décrit aussi les limitations de complexité qu’on
a attribué un code idéal 2 x 2, qui maintenant & cause de ces limitation ne
peut réaliser quSun DMT réduit (ligne en bas Fig. 8.6(b)).

Complexity exponent for vanishing performance Achievable diversity gain in the presence of hardbound

——2 x 2 Perfect code —— 2 x 2 Perfect code - No HardBound
0.91 ——2x2V-BLAST 5l - =2 %2 V-BLAST - No HardBound

—— 2 x 2 Perfect code - Hardbound V-BLAST c(r)

w
o

Diversity gain d(r)
N
N o w
7 T

3

Complexity exponent c(r)
I
o

o
o

i 0 i i i
1 1.5 2 0 0.5 1 15 2
Multiplexing Gain (r) Multiplexing Gain (r)

0 0.5

(a) Complexité variable Hardbound  (b) Gain de diversité possible d’at-
teindre

FIGURE 8.6 — Compromis de taux de fiabilité-complexité pour des codes
2 x 2 parfaits.

Complexité du décodage en lattice régularisé- Chapitre 4

Notre intérét en décodage par lattice découle du fait que le décodage a
base de ML exige une grande complexité et que le décodage par lattice atteint
parfois des performances comparables a celles du décodage ML. Ce chapitre
permet d’aboutir & deux principaux résultats. Le premier résultat prouve
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I’équivalence taux-fiabilité-complexité entre SD basé sur ML et SD lattice
régularisé ®, et le second est de fournir la premiére solution (décodeur et pro-
cedure de calcul) qui permet d’obtenir un vanishing gap a I'implementation
exacte de décodage de lattice regularisé & une complexité sous-exponentielle
en termes de taux.

Equivalence de ML-based SD et lattice SD régularisé Ce travail
permettra de quantifier la complexité de décodage de lattice regularisé et de
son équivalence taux-fiabilité-complexité & SD basé sur ML.

Théoréme 10 : Pour la quasi-statique np X ng (ng > nr) i.i.d. canal MIMO
Rayleigh avec fading, 'exposant de complexité du lattice régularisé (sphére)
décodant toute conception d’un “full-rate threaded lattice” pour tout DMT ré-
gulée, est égal a l’exposant de complexité de SD basé sur ML (Théoréme 3),
pour tout ordre fizé “layer-preserving” comprenant l’ordre naturel de déco-
dage.

On précise ici que, méme si les deux décodeurs (ML et le décodeur basé
sur lattice) sont DMT optimales, le résultat ci-dessus intégre plus qu’un
simple décodage optimal DMT, dans le sens ot il montre que toute procedure
de délai sera un compromis entre d(r) et ¢(r) identiquemet pour les décodages
basé sur ML ou basé sur lattice sphere. En d’autres termes, les décodeurs
partagent les mémes capacités d(r) et ¢(r), indépendamment de la procedure
de temporisation.

Par ailleurs, pour le réglage de ny x ng (ng > np) ii.d. canal MIMO
quasi-statique Rayleigh avec fading, Corollaire 10b démontre que 1’équiva-
lence ci-dessus est valable pour pratiquement tous les DMT optimaux a
conception full-rate lattice, et ce, pour un réglage trés général.

Corollaire 10b : Indépendamment de ['ordre de ayant fire ou dynamique,
lexposant de complexité de MMSE preprocessed lattice sphere, décodant tout
(fize, mais) code aléatoirement et uniformément choisi (a partir d’un en-
semble de DMT optimal a conception full-rate linear lattice) presque sire-
ment, dans le choix DMT optimal lattice code, correspond a l’exposant de
complezité de SD basé sur ML, et indépendamment de la DMT réglementé.

De plus, Corollaire 10d révéle le fait surprenant qu’il n’existe pas de
comportement de canal statistique qui permettra la suppression de la région
de limites (décodage de lattice) pour provoquer des augmentations illimi-
tées dans la complexité du décodeur, c-a-d, cette limite de complexité existe,
méme si les statistiques du canal sont tels que les réalisations de canaux qui
provoquent le décodeur d’avoir toujours & résoudre le probléme le plus dur
de la recherche de lattice. Nous donnons ce résultat sous sa forme la plus

5. Un décodeur de lattice “régularisé” est une généralisation du décodeur de lattice
MMSE-prétraité.
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raffinée qui correspond ai canal MIMO quasi-statique.

Corollaire 10d : L’exposant de la complexité de lattice réqularisé SD est ma-
jorée par :

e(r)=— (r(Ny = |r] = 1) + (N¢ 7] — (N — 1)) T) (8.4)

qui, pour entier r simplifie a

o(r) = f,tr(zvt _n), (5.5)

pour toutes les statistiques avec fading, toute procedure d’ordre de décodage,
toutes les valeurs cibles de DMT et tous les conceptions de full-rate lattice.

Ecart d’erreur pour un décodage régularisé en lattice a une com-
plexité sous-exponentielle Avec la preuve démontrable de la complexité
trés élevé de la régularisation de décodage en lattice, nous nous tournons
vers 'outil de réduction de réseau (LR) et chercher a comprendre ses effets
sur la complexité algorithmique. Les résultats principaux seront présentés,
et ils sont valables pour un cadre trés large de scénarios MIMO, des designs
en lattice et des statistiques & la décoloration.

Théoréeme 12 : Le décodage en sphere lattice du LR-assistée par MMSE-
prétraité avec une contrainte de calcul activé & Nyax = p*, pour x > 0,
permet un écart de fuite a la solution exacte de réqularisation de décodage en
lattice.

La complexité sous-exponentielle ci-dessus implique en ce sens que les
échelles de complexité plus lent que toute les fonctions exponentielle ima-
ginables. Ce travail constitue la premiére preuve que la complexité sous-
exponentielle n’intervient pas au colit de réduction de la performance de
décodage. Ce travail a également été en mesure de, pour la premiére fois,
rigoureusement démontrer et de quantifier le réle central de la réduction de
réseau comme une complexité particuliére et de réduire I'ingrédient dans les
systemes MIMO.

Notant aussi que, si la réduction de réseau a en effet permis un comporte-
ment quasi-optimale & la complexité trés maniable (par rapport au décodage
en lattice), c’est le cas qu’il existe des scénarios pour lesquels ces mémes
méthodes ne peuvent pas étre facilement appliqués. Ces cas peuvent inclure
le scénario omniprésente, oit les codes binaires internes sont employés. C’est
pour cette raison précise que I’analyse des régimes LR non-assistés reste d'un
grand intérét.
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L’impact du feedback sur complexité de ML et les décodeurs lattice
- Chapitre 5

Le travail aborde ensuite la question fondamentale de 1’établissement des
taux de fiabilité de la complexité de la feedback. Ce paramétre est trés im-
portant car il peut offrir prés de comportement ergodique (grande diversité),
méme & d’importants quels gains de multiplexage. Nous nous concentrons
sur deux questions fondamentales.

La premiére question demande ce qui est des économies de la complexité
que la feedback prévoit de la DMT optimale ((d*(r)) %, et la seconde question
demande ce qui est des cotits de la complexité de la réalisation des pleins
avantages et de la fiabilité du taux de retour. L’analyse et les systémes de
feedback construits nous dira comment utiliser correctement un nombre fini
de bits de feedback pour atténuer les effets néfastes des contraintes de calcul,
comme ceux observés dans les dérivés de taux de fiabilité de complexité des
arbitrages dans les chapitres précédents. L’accent est mis sur les régimes
de feedback MIMO-ARQ), bien que nous ne considérons pas également la
feedback avec la sélection d’antenne.

Tous les résultats présentés sont valables pour ML-base de décodage ainsi
que MMSE-prétraité lattice de décodage.

Commentaires assistée par la complexité de la réalisation de P'DMT
optimale Pour le réglage de la nt x ng (ngr > nr) réguliére d’évanouis-
sement MIMO-ARQ canal avec des rondes L de ARQ et avec le canal T
utilise par tour (cf. [10]), ce qui suit se concentre sur le cas de LT = ny et
supérieure délimite le minimum feedback assistée par la complexité qui ga-
rantit, avec 'aide de PARQ, la DMT optimale d*(r). Avant de procéder avec
le résultat, il est intéressant de noter que, comme il s’avére, les politiques
qui décident quand & décoder et a ne pas décoder au cours des tours inter-
médiaires, jouent un roéle crucial dans la réduction de la complexité dérivée.
Nous procédons avec le résultat.

Théoréeme 13 : Soit c¢(r) est l'exposant de la complexité minimum requis
pour atteindre d*(r), minimisé sur tous les modéles de lattice, tous les régimes
ARQ avec L < nt rounds de ARQ et le retard total de LT = nr, et tout
stopper et politiques ordre de décodage. puis

_ 1
c(r) < Crea(r) = p [r(ng = [r] = 1) + (n7 r] — r(np — 1))"],
qui est une fonction linéaire par morceaux que, pour des valeurs de gain de
multiplexage entiers, prend la forme

1
Cred(r) = Er(nT —r), forr=0,1,--- ,np.

6. Nous signalons ici que d*(r) désigne la DMT optimale du canal MIMO sans feedback.
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A noter la réduction de la complexité, nous rappelons Théoréme 5 et Co-
rollaire 5a que dans 'absence de feedback, ’exposant la complexité associée
a la méme d*(r) a pris la forme

c(r) =r(ny —r), (8.6)

(pour 'entier 7 = 0,1,--- ,np), alors que nous venons de voir que, par
exemple, en présence de L = nt rounds de ARQ, le DMT méme est réalisée
avec un trés réduite feedback assistée par la complexité d’au plus

1
c(r) < —r(ngp —r).
nr

Apres cela, Proposition 3,4 va présenter un schéma trés simple de MIMO
ARQ qui atteint d*(r) avec ¢(r) < Gpeq(T).

Example 24. Figure 8.7 traite le cas np = 3 < nr dans le cas d’un canal
de Rayleigh, et compare la borne supérieur pour complexité qui est décrite ci-
dessus en présence de feedback (L-étapes, délai minimum), avec ’exposant
de complexité équivalent dans (8.6) pour atteindre le méme DMT optimal
d*(r) sans ARQ feedback (codes parfaits et naturel, ordre de décodage fize).

Complexity reduction via feeback in 3x3 MIMO

1.5F

Complexity exponent c(r)

osl /\/\

minimum delay ARQ scheme
— Perfect code

0 0.5 1 1.5 2 2.5 3
Multiplexing Gain (r)

FIGURE 8.7 — Réductions de complexité a ’aide du retour d’informations
ARQ.

Concernant la réduction de feedback pour les canaux asymétrique (ng <
nr), Théoréme 14 et Proposition 5 décrivent la borne supérieur correspon-
dante pour la complexité et des schémas trés simple pour 'ARQ qui at-
teignent cette borne pour le cas ng < n, et particuliérement pour le cas
nr|nT (i.e., nr est un entier multiple de nR).



174 Chapter 8 French Summary

Example 25 (Correspondant & Theorem 14 et Proposition 5). Figure 8.8
compare deux régimes : le 2 X 2 canal MIMO (délai minimum, DMT concep-
tion réseau optimal), et le montant de 4 x 2 délai minimum MIMO-ARQ
canal avec L = np = 4, 3 bits de feedback, et la mise en oeuvre de Propo-
sition 5. Nous voyons une complexité considérablement réduite de la voie de
retour aidé (Fig. 8.8(a), ligne inférieure) qui, dans le méme temps, réalise
une performance DMT beaucoup plus élevé (Fig. 8.8(b), la ligne supérieure)
que son homologue.

Complexity reduction via ARQ feeback
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(a) Complexity exponent (b) DMT

FIGURE 8.8 — Réduction de complexité pour ng|ny canal de Rayleigh i.i.d.
avec ARQ feedback

Example 26 (Correspondant a Corollary 14a). Pour le nt X 1, correspon-
dant feedback assistée par la complexité est montré dans Corollary 14a étre
sous-exponentielle dans le tarif et le nombre de bits de mots de code. Cette
réduction spectaculaire est représentée dans Fig. 8.9 qui la compare & la com-
plexité correspondante (nécessaire pour atteindre le méme d*(r)) en labsence
de feedback. Ceci est fait pour le cas de np = 3.

Complexité nécessaire pour atteindre le DMT optimal en présence
de feedback d*(r/L) Pour établir la complexité liée a 'obtention du bé-
néfice maximum débit-fiabilité de ’ARQ feedback, nous nous concentrons
une fois de plus sur le canal ARQ MIMO np x ng (ng > nr) avec des sta-
tistiques i.e. réguliéres. Comme précédemment, tous les résultats présentés
sont valides pour le cas du décodage ML ainsi que pour le cas du décodage
a base de lattice MMSE-prétraité. Le résultat suivant est valide pour le case
ot ng > nr et le cas ou Lint (i.e., nt est un entier multiple de L). Comme
il a été montré dans [10], les performances optimales du DMT avec feedback
sont données par d*(r/L).
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Complexity exponent for 3x1 MISO System
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F1GURE 8.9 — Réduction de complexité pour canal de MISO avec un bit
feedback.

Théoréme 15 : Soit c(r) l'exposant de complexité minimum nécessaire
pour atteindre le DMT optimal pour un canal L-étapes MIMO-ARQ d*(r/L),
pour tout Lint (i.e., np est un entier multiple de L), quand la complezité
est minimisée sur toutes les conceptions possibles de lattice, tous les critéres
dgarrét, et tous les ordres de décodage. Alors,

o) Sttt 2 [ o= 5] 1) + (s [5] ~rter )]

0l Camd(r) est une fonction affine par morceau, qui, pour le cas de r étant
un entier multiple de L, prend la forme

TN T
Camd(T) = T; (L — nT) :

Corollary 15a : Le minimum, sur toutes les conceptions de lattice, tous
les criteres dgarrét, et tous les ordres de décodage, qui est nécessaire pour
atteindre le optimal DMD d*(r/nt) de (L = nt)-round ARQ, est borné
supérieurement par

) < Canalr) = (1= )
nr
Suivant directement ce résultat, Proposition 6 va présenter des schémas
trés simple de MIMO ARQ qui atteignent d*(r/L) avec c(r) < Cgmal(r).
DSautres bornes, schémas ARQ), types de décodages, et conceptions de lattice
seront présentés plus tard dans le méme chapitre. Ce méme chapitre présente

aussi plusieurs exemples pour approfondir I'intuition du lecteur.
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Example 27 (Correspondant & Theorem 15). Figure 8.10 montre les limites
de la complexité de Theorem 15, décrivant les ressources suffisantes de la
complezité dérivées pour atteindre 'optimal DMD d*(r/L) pour les cas de
6 xnr, L =2,3,6.

Complexity of DMD optimality 6x nL MIMO-ARQ
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FIGURE 8.10 — Complexité exposant pour 6 x ng (ng > 6) pour atteindre
l'optimal DMD. L = 2 (top line), L = 3 and L = 6 (lowest line).

Example 28 (Correspondant a Corollary 15a). Figure 8.11 parcelles les
bornes de complexité de Corollary 15a décrivant les ressources suffisantes de
la complexité dérivées pour atteindre l'optimal DMD d*(r /L) pour les cas des
2xnr, L =np =2¢et3xng, L =np = 3. Ces résultats sont comparés
avec les exposants de la complexité correspondants qui garantissent d*(r) en

l’absence de feedback.

Réductions de complexité due a la sélection d’antennes Nous ex-
plorons ici une autre méthode avec laquelle le feedback peut réduire la com-
plexité. Nous nous concentrons particuliérement sur des schémas de sélection

nrt
d’antennes. Ces schémas utilisent log, <ZT> bits de CSIT pour réduire le sys-

teme MIMO np X ng en un systéme de dimensions plus réduites I X [g, et
ainsi plus gérable avec en général des besoins en terme de complexité plus
réduits. Cette partie de la thése va analyser la complexité de la sélection
d’antennes en se concentrant sur le cas ou les performances, aprés sélection
d’antennes, restent optimal en terme de DMT (d(r) = d;, .., (7)) Ce tra-
vail est préliminaire, et est basé seulement sur les algorithmes de sélection
incrémentielle [11]. Dans cette configuration, pour
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Complexity exponent for L|n.|_ DMD optimal code in 2 x Ny MIMO

1

Complexity exponent for L|n.|_ DMD optimal code in 3 x s MIMO
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FI1GURE 8.11 — Borne supérieure sur les exposants de la complexité
atteindre 'optimal DMD.

pour

(nT —p)(nR —P))
N —p

min
pe{oa 7N/71}

-, 67

min (ar

N, = arg
N'e{l,- nr}

Nous avons le résultat suivant qui est valide pour les canaux MIMO de
Rayleigh i.i.d. np x ng (ng > nr) . Comme précédemment, nous considé-
rons le décodage ML ainsi que le décodage a base de lattice MMSE-prétraités.

Proposition 8 L’exposant de complexité c(r) minimum sur tous les al-
gorithmes de sélection d’antennes, toutes les conceptions de lattice, tous les
critéres d’arrét, et tous les ordres de décodage, qui est nécessaire pour at-

teindre le DMT optimal dy, .., . () est borné supérieurement par

c(r) < Cus(r) = (T(Nv" —r] = 1)+ (Np[r] = r(N; — 1))+) )

qui est, pour le N, ci-dessus, une fonction affine par morceau, qui, pour
valeurs entiéres de gain de multiplexage r, prend la forme

E(LS(T) = T(NT _T)v fOTT‘ = 071)' s, nT. (88)

Le schéma de sélection d’antennes optimal en terme de DMT qui atteint
la borne supérieur ci-dessus est aussi présenté dans le méme chapitre.

Analyse de complexité pour multi-utilisateurs, cooperative et bidirectionnel-
Chapitre 6

Le travail dans ce chapitre est préliminaire et étend l’analyse débit-
fiabilité-complexité aux simples examples des canaux & accés multiples, relais
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et bidirectionnels, ol encore nous identifions les précautions de calculs qui
garantissent un DMT optimal , nous adressons également le critére de sé-
lection utilisateur/relais et les protocoles de communications qui améliorent
la performance conjointe fiabilité-complexité en présence de contraintes de
calculs.

Canaux a accés multiples Dans ce travail, on établit les bornes exigées
en terme de complexité pour réaliser le MAC-DMT optimal sur un canal Ray-
leigh évanouissant i.i.d. a accés multiple (MAC) avec K-utilisateurs, ayant
chacun le méme gain de muliplexage r, ayant chacun un seul antenne de
transmission, et ou la destination a ngp < K antennes de réception. dans
certains cas, les bornes sont montrées étre étroites. La borne supérieure de
complexité est décrite en dessous, et comme avant, elle est valable pour le
décodage basé sur ML et pour le décodage Lattice régularisé. Dans ce qui
suit, Ko = K si K est impair, and Ky = K + 1 si K est pair.

Théoréeme 16 : Le minimum, sur tous les modéles de Lattice et de halting
et l'ordre de décodage, l’exponentiel de complexité c(r) exigée pour atteindre
le DMT optimal de MAC, est borné supérieurement comme le suivant

eu(r)  forr < g,

. . (8.9)
ce(r)  for g <r <,

c(r) < Cmac(r) = {

ol
ngr
Cy(r) = max (K —1)r+ Z (r—(1- Mz’)+)+
i=1
ng
st Y (K —=ng+2— 1) <ng(l—r),
i=1
,ul Z e Z ,U/TLR7
ot

er(r) = (K = 1)rKo + Ko (r(ng — [Kr] — 1) + ([Kr] —r(K =1))7),

est une fonction linéaire par morceaux telle que, pour r = 0, %, e 2 elle
prend la forme
nr

1
Ef(?”) = (K— 1) TKo—i-Ko’l”(nR —K’F), for r = 07E7... ’f'

Une intuition subtile est déduite du résultat de Proposition 9 qui va
décrire la politique de codage/décodage qui atteind le MAC-DMT optimal
avec ¢(1) < Cmac(r).
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Example 29. Pour le cas spécifique ou ng = 1, la borne dans (8.9) prend
la forme simple

Eaclr) (K —1)r forrgﬁ,
Crmac(T) =
mae (K —1)Kor  for ﬁ <r< %

Figure 8.12 décrit les limites supérieures de cas de K = 4 et K =5 utilisa-
teurs avec récepteur a antenne unique (ng = 1).

Complexity exponent for Symmetric MAC (with nR=1)
4

R /
3.5 e /
3, 4

2.5}

2,
1.5}
1+

Complexity exponent c(r)

0.5r

0 i i i i
0 0.05 0.1 0.15 0.2 0.25

Multiplexing Gain (r)

FIGURE 8.12 — Limites supérieures de complexité pour K-utilisateurs MAC
avec ng = 1

Canaux a relais coopératives Encore préliminaire, ce travail établit des
premiers résultats dans la complexité d’atteindre le DMT optimal d’un ré-
seau coopérative avec une source, n — 1 relais et une destination, ayant
chacun une seule antenne transmetteur/récepteur et communicant sur un
canal Rayleigh évanouissant i.i.d.. Cela est fait seulement pour le protocole
amplify-and-forward (OAF) orthogonal. la borne supérieure de complexité
est décrite en dessous.

Proposition 10 : Le minimum, sur tous les modeles Lattice et halting et po-
litiques d’ordre de décodage, [’exponentiel de complexité c(r) exigée par le
décodage basé sur ML pour atteindre le DMT optimal , est borné supérieure-
ment comme le suivant

2n—1

c(r) < Coaf(r) = - r(n—|[(2n—1)r| — 1)

4 (L(2n— | — 2”; Ln - 1)>+,
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qui est une fonction linéaire par morceaux telle que, pour r = 0, ﬁ, e, 5o,

elle prend la forme

2n —1
n

Coaf(r) =(2n —1)r(1 — r).

Proposition 10 décrit aussi les politiques de codage-décodage qui réalisent
le DMT optimal de OAF avec ¢(r) < Coqf(r). L'exposant la complexité des
cas de seul et deux relais en montre dans Fig. 8.13.

Complexity exponent for OAF with N relays
0-7 T T T T T T

—e—N=1

—0—N=2|

061

©c o o @
Now ™ o

Complexity exponent c(r)

o
=

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Multiplexing Gain (r)

F1GURE 8.13 — Complexité des OAF

Pour les canaux bidirectionnels, Théoréme 17 and Théoréme 18 décrivent
le DMT optimal du relais canal & deux-chemins non-séparables avec asymé-
trique évanouissant et protocole décodage-et-forward donné. Utilisant cela,
Section 6.3.3 présente 'analyse de complexité et la mesure de fiabilité-complexité
conjoint pour certains protocoles & deux-chemins.

Conclusions et perspectives - Chapitre 7

Cette these traite de la question de la création fondamentaux taux de
fiabilité de complexité limites en général MIMO, les communications d’accés
de coopération et multiples. Le travail décrit succinctement le compromis
de haut SNR fondamentale entre le taux, la fiabilité et la complexité de
calcul sous la forme de la DMT réalisable pour une donnée emph expo-
sant la complexité, qui est un droit fondamental (non heuristique) mesure
en provenance de ce travail. Le travail a ensuite procédé a répondre & ces
limites de maniére constructive & haute-SNR en identifiant MIMO rapide,
fiable et efficace et des encodeurs de coopération, de décodeurs, et les pro-
tocoles de facon optimale compromis la performance DMT avec ’exposant
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la complexité. Cette approche constitue, au mieux de notre connaissance, la
premiére fois que le compromis complexité-performances a été quantifiée de
fagon succincte. Plus précisément, nous avons pu identifier le général de la
complexité-performances compromis pour une grande famille de ML a base
de lattice et de décodeurs a base, ainsi que de fournir la premiére solution de
lattice de décodage, et la politique d’activation correspondant qui, ensemble,
obtenir un écart de fuite a la la mise en oeuvre exacte de (régularisé) lat-
tice de décodage de la complexité qui est sous-exponentielle dans le tarif. La
fiabilité et les garanties provenant de la complexité valent pour la plupart
Multiple-Input Multiple-output scénarios, toutes les statistiques raisonnables
décoloration, toutes les dimensions des canaux et des codes en lattice tous
les taux.

Perspectives Le travail présenté méthodologie qui peut étre appliquée
pour quantifier la performance du taux de fiabilité de complexité du roman
ou de systémes de codage existants, décodeurs, ainsi que des protocoles de
coopération et multi-utilisateurs. Un scénario intéressant ot cette tardeoff
taux de fiabilité de complexité peut étre appliquée est mise a 1’échelle d’ana-
lyse des capacités des grands réseaux [82-84]. Dans les grands réseaux de la
complexité de décodage sera également 1’échelle de fagon exponentielle avec
la taille de cluster et en présence de contraintes de calcul, mise & 1’échelle
capacité optimale peut ne pas étre réalisable. Une autre application intéres-
sante pourrait étre 'utilisation du taux de fiabilité de complexité tardeoff
pour améliorer la sécurité de la couche physique [85,86].

Malgré les efforts sérieux pour résoudre chaque probléme dans leur forme
la plus générale, les travaux en cours laisse de coté suffisamment d’espace
pour des réductions exponentielles dans la complexité, et des améliorations
dans la commune la performance de la complexité mesure, & la fois sur le c6té
de décodeurs, ainsi que pour les codeurs, protocoles ou les schémas de feed-
back. Une telle problématique intéressante ouvert est de trouver changeant
dynamiquement des commandes de décodage qui permettent des réductions
garantis dans la complexité de décodage pour les codes de TADC DMT op-
timales filetés base.
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