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AbstractThe full connectivity o�ered by the nature of wireless communication posesa vast number of bene�ts and challenges to the designers of future generationwireless networks. One of the main challenges being faced is dealing withthe unresolvable interference at the receivers. It is widely recognized thatthe heart of this challenge lies in the design of resource allocation schemeswhich provide the best trade-o� between e�ciency and complexityExploration of this trade-o� requires appropriate choices of performancemetrics and mathematical models. In this regard, the thesis is concernedwith certain technical and mathematical aspects of resource allocation inwireless networks. We speci�cally argue that an e�cient resource allocationin wireless networks needs to take into account the following parameters: (i)rate of environment changes, (ii) tra�c model, and (iii) amount of informa-tion available at transmitters. As mathematical tools for our investigation,we use optimization theory and game theory.We are especially interested in distributed resource allocation in net-works with slow fading channels and with partial channel side informationat the transmitters. Transmitters with partial channel side information haveexact information of their own channel as well as statistical knowledge ofother channels. In such a context, the system is inherently impaired bya nonzero outage probability. We propose low complexity distributed algo-rithms for joint rate and power allocation, aiming at maximizing the individ-ual throughput, de�ned as the successfully-received-information rate, undera power constraint. We study this problem in two network setups.First, we consider throughput maximization in an OFDM-based MACnetwork with 2 transmitters. As well known, the problem is non-convex withexponential complexity in the number of transmitters and subcarriers. Weintroduce a two-level approach to the problem based on duality theory andBayesian game theory. The trade-o� between complexity and performanceis investigated.Secondly, we study the resource allocation problem in a single hop ad hoci



ii Abstractnetwork. We relax the intrinsic assumption on in�nite backlog of packets inthe queues made in the previous study. Therefore, each transmitter is pro-vided by a �nite bu�er. We introduce distributed cross-layer algorithms forjoint admission control, rate and power allocation aiming at maximizing theindividual and the global throughput. The problem is modeled as a stochas-tic game in which mixed strategies are based on the statistical knowledge ofthe states (channel attenuation and bu�er length) of the other transmissionpairs and on the exact knowledge of their own states.Finally, we consider the same problem in a dense interference networkwith a large number of transmitter-receiver pairs. The asymptotic approachof large interference networks enables a considerable complexity reductionand is used to evaluate the performance of �nite networks.



RésuméLa connectivité totale o�erte par la communication sans �l pose un grandnombre d'avantages et de dé�s pour les concepteurs de la future généra-tion des réseaux sans �l. Un des principaux dé�s qui se posent est lié àl'interférence au niveau des récepteurs. Il est bien reconnu que ce dé� ré-side dans la conception des systèmes d'allocation des ressources qui o�rentle meilleur compromis entre l'e�cacité et la complexité.L'exploration de ce compromis nécessite des choix judicieux d'indicateursde performance et des modèles mathématiques. À cet égard, cette thèse estconsacrée à certains aspects techniques et mathématiques d'allocation desressources dans les réseaux sans �l. En particulier, nous démontrons quel'allocation de ressources e�cace dans les réseaux sans �l doit prendre encompte les paramètres suivants: (i) le taux de changement de l'environnement,(ii) le modèle de tra�c, et (iii) la quantité d'informations disponibles auxémetteurs. Comme modèles mathématiques dans cet étude, nous utilisonsla théorie d'optimisation et la théorie des jeux.Nous sommes particulièrement intéressés à l'allocation distribuée desressources dans les réseaux avec des canaux à évanouissement lent et avecdes informations partielles du canal aux émetteurs. Les émetteurs avec infor-mation partielle disposent d'informations exactes de leur propre canal ainsique la connaissance statistique des autres canaux. Dans un tel contexte, lesystème est fondamentalement détérioré par une probabilité outage non nul.Nous proposons des algorithmes distribués à faible complexité d'allocationconjointe du débit et de la puissance visant à maximiser le "throughput"individuel, dé�ni comme le débit d'information reçu avec succès, avec unecontrainte de puissance. Nous étudions ce problème dans deux con�gurationsréseau. Premièrement, nous considérons la maximisation du débit dans unréseau OFDM Mac avec 2 transmetteurs. Comme on le sait, le problème estnon-convexe avec une complexité exponentielle du nombre des émetteurs etdes sous-porteuses. Nous introduisons une approche à deux niveaux baséesur la théorie de la dualité et la théorie des jeux Bayésienne. Le compromisiii



iv Resumeentre la complexité et la performance est étudiée.Deuxièmement, nous étudions le problème d'allocation de ressources dansun réseau ad hoc sans relais. Nous considérons une �le d'attente avec unnombre limité de paquets. Par conséquent, chaque émetteur est assuré parune capacité limitée. Nous introduisons des algorithmes distribués d'inter-couche pour le contrôle d'admission, l'allocation du débit et de puissancevisant à maximiser le "throughput" individuel et global. Le problème estmodélisé comme un jeu stochastique dans lequel les stratégies mixtes sontfondées sur les connaissances statistiques des états (atténuation du canal etlongueur de la �le d'attente) de la transmission d'autres paires d'émetteurs-récepteur et sur la connaissance exacte de leurs propres États.En�n, nous considérons le même problème dans un réseau dense d'interférencesavec un grand nombre de paires d'émetteurs-récepteur. L'approche asymp-totique des réseaux d'interférences dense permet une réduction considérablede la complexité et elle est utilisée pour évaluer les performances des réseaux�nis.
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Chapter 1
Algorithmes Distribuésd'Allocation de Ressourcesdans les Réseaux Sans Fil
Dans un réseau sans �l, les utilisateurs communiquent en émettant de l'énergiedans toutes les directions. Cela crée une connectivité totale entre tous lesutilisateurs, et un lien isolé n'existe pas. L'un des dé�s de ce moyen decommunication est d'a�ronter l'interférence que les di�érentes transmissionss'imposent l'un à l'autre.La génération actuelle de réseau sans �l réduit la complexité du problèmeen utilisant des protocoles d'accès multiples, et en exploitant de l'atténuationnaturelle du médium (par le contrôle de puissance ou la réutilisation desbandes de fréquences). Dans un tel contexte, une autorité centrale modi�eles stratégies d'utilisateurs a�n de satisfaire à un critère global. Toutefois, cesréseaux ne parviennent pas à béné�cier de la connectivité complète o�ertepar l'interface air.La prochaine génération de réseau sans �l vise à exploiter la connectiv-ité complète en a�aiblissant la notion d'une autorité centrale (par exemple,la radio cognitive) ou l'annuler complètement (par exemple, les réseaux adhoc) sans réduire la �exibilité totale et le niveau de services déjà o�ertspar les réseaux cellulaires. L'approche centralisée implique généralementdes techniques d'optimisation compliquées et des charges de signalisation1



2 Chapter 1 Algorithmes Distribués d'Allocation de Ressourcesqui croissent avec le nombre d'émetteurs et de récepteurs dans le réseau.Comme ces algorithmes ont tendance à être complexe et pas facilement ex-tensible, des algorithmes décentralisés sont préférés dans les scénarios deprochaine génération. Di�érents niveaux de coopération entre les émetteurset/ou les récepteurs peuvent être envisagés, mais en général, la délocalisationdes mécanismes de contrôle, tels que l'attribution de débit et de la puissance,la plani�cation, le contrôle d'admission, et le routage sont souhaités.Dans les régimes décentralisés, les décisions concernant les paramètresdu réseau (les dèbits et/ou les puissances) et des conditions de transmis-sion sont e�ectuées par des émetteurs individuels a base de l'information surl'environnement qui est localement disponible. Un régime e�cace d'allocationde ressources nécessite un choix approprié d'une mesure de performanceprenant en compte les deux paramètres suivants: (i) le rythme de mod-i�cations de l'environnement, et (ii) la quantité d'information disponibleaux émetteurs. Récemment, une quantité considérable de recherche dansles réseaux multi-utilisateur a mis l'accent sur des modèles réalistes danslesquels chaque terminal a une connaissance complète de son propre canalainsi que la connaissance statistique des canaux des autres terminaux. Dansce contexte, L'approche innovante de Shamaï et Wyner [1] suivie par les deuxarticles très référencés de Hanly et Tse [2, 3] ont mis en place les fonctionsde capacité qui conviennent pour les di�érents modèles de l'évanouissementet di�érents niveaux d'information des canaux aux émetteurs.L'allocation de ressources dans les réseaux sans �l doit être adaptée nonseulement aux changements dans les canaux de transmission, mais aussi auxapplications. Ce sujet a été traditionnellement étudié soit par la théorie del'information soit par la théorie de réseau de communication. Toutefois, a�nde briser les barrières entre ces deux approches distinctes, il y a un besoindes modèles de communication qui rapproche la couche physique des couchessupérieures grâce aux techniques inter-couche d'allocation de ressources.L'allocation de ressources inter-couche permet une optimisation des ressourcesd'un réseau et permet aussi aux ingénieurs d'améliorer la qualité du signal,d'améliorer le réseau et l'utilisation des canaux, d'augmenter le débit, et derégler le problème de shadowing. Un exemple pertinent pour notre étude estque, l'a�ectation des ressources basée uniquement sur l'information de canal(CSI) est incapable de mettre à jour correctement l'allocation de débit enfonction de la dynamique du tra�c d'arrivé. En ignorant le caractère aléa-toire de l'arrivée des paquets et de �les d'attente, telles approches peuventgarantir ni la stabilité des �les d'attente, ni un délai d'attente acceptable.Les avantages de l'approche inter-couche et l'optimisation conjointe de cesmécanismes de contrôle sont bien connus dans les systèmes de communica-



1.1 L'allocation de Ressources dans les Réseaux Sans Fil 3tion sans �l (par exemple, [4] et références citées).Les transmissions sur un support sans �l sont toujours a�ectuées par desinterférences de transmissions des autres. En outre, certaines contraintessont imposées par les appareils sans �l en raison des limites du système (tellesque le charge limité de la batterie) et/ou d'exigences de service. Il est essen-tiel de prendre ces facteurs en compte dans la conception d'algorithmes pourl'allocation e�cace des ressources. Par conséquent, un problème d'allocationde ressources est très souvent dé�ni comme un problème d'optimisation souscontraintes (OPC). OPC est un domaine qui o�re la possibilité d'optimisercertaines fonctions objectives compte tenue des limites imposées par le sys-tème ou les services. En outre, dans le cas de l'allocation de ressourcesdistribuées, la théorie des jeux joue également un rôle important en o�rantdes méthodes moins complexes et plus évolutives. Un exemple de ceci,l'algorithme de Water�lling itératif [5, 6], est dé�ni dans la littérature basésur la théorie de l'optimisation et également la théorie des jeux. Certainescaractéristiques des réseaux sans �l font la théorie des jeux un moyen pratiquepour les analyser [7]: (i) les terminaux mobiles sont équipés d'un certain de-gré d'intelligence qui rend la con�guration distribuée des décideurs possible,(ii) les appareils mobiles partagent des ressources communes qui implique uneinteraction naturelle entre eux, et (iii) les réseaux sans �l sont très structurés.Dans ce qui suit, nous examinons d'abord les di�érents aspects de l'allocationde ressources dans les réseaux sans �l, compte tenue des hypothèses et descon�gurations di�érentes. En plus, on représente la littérature liées aux cessujets. Nous présentons deux théories fondamentales, à savoir, la théoried'optimisation sous contrainte et la théorie des jeux, ainsi que quelquesexemples de leur application dans les communications sans �l, fournissantles principaux outils mathématiques utilisés dans cette thèse. En�n, nousreprésentons le plan de thèse, l'hypothèse de base et les principales contri-butions.1.1 L'allocation de Ressources dans les Réseaux SansFilL'allocation de ressources est une évaluation pour décider la façon de di-viser une quantité limitée (e.g., la puissance de transmission) ou restreinte(e.g., le débit) des ressources entre les individus qui sont en concurrenceou s'in�uencent mutuellement. Les ressources de communication sans �lvarient selon les di�érentes con�gurations de réseau. Les ressources, danscette étude, sont la puissance, le débit et la bande de fréquence. Les algo-



4 Chapter 1 Algorithmes Distribués d'Allocation de Ressourcesrithmes existants tentent de répartir séparément ou conjointement une ouplusieurs ressources.Dans ce rapport, nous avons spécialement tenir compte de trois facteursprincipaux qui in�uent sur le choix d'un régime d'allocation de ressources:
• Réserve de la �le d'attente: La performance de scheduling a été princi-palement évalué en supposant qu'il existe une réserve in�ni de paquetsdans chaque �le d'attente. A�n d'évaluer le service reçu par un util-isateur dans un système qui contient diverses demandes de service,il est nécessaire de tenir compte de l'occupation des �les d'attentes.Par exemple, un algorithme d'allocation de ressources qui o�re à hautdébit aux utilisateurs ayant des conditions favorables de canal auronttendance à satisfaire les demandes de service de ces utilisateurs plus tôt.Par conséquent, l'algorithme ferait face á une population d'utilisateursavec une proportion plus élevée d'utilisateurs ayant des conditions decanal pauvres.
• Hypothèses sur canal: Les hypothèses liées au canal sont traitées dedeux manières: (i) la disponibilité des informations d'état de canal, et(ii) la méthode d'accès au canal et la topologie de réseau. Une parfaiteconnaissance de l'état de canal a souvent été prise dans la littératured'étude de la performance de scheduling. Bien que les systèmes 3Gutilisent des mécanismes d'estimation de canal et mécanisme de rap-port, les informations d'état de canal à la disposition de la station debase ne sont pas parfaites: ils sont retardées et souvent dépassées. Enoutre, le mécanisme de l'estimation du canal lui-même introduit deserreurs d'estimation de canal à la station mobile. Trois niveaux deconnaissances peuvent être envisagées: une connaissance parfaite ducanal, une connaissance imparfaite, et aucune connaissance. Il fautcependant noter que dans le cas intitulé par aucune connaissance onsuppose toujours que les informations statistiques sont disponibles.En ce qui concerne la méthode d'accès au canal et la topologie duréseau, l'hypothèse peut comprendre toutes les techniques suivantes:canal á accès multiple/canal de di�usion/canal d'interférence/TDMA/FDMA,ainsi que la consideration de la diversité dans les systèmes CDMA etSDMA.
• Les contraintes de systèmes et de services: Les contraintes peuvent êtredivisées en deux classes: (i) les contraintes liées au système, y comprisressource limitée et le canal variant dans le temps et dans le fréquence,



1.1 L'allocation de Ressources dans les Réseaux Sans Fil 5(ii) les contraintes liées au service, y compris le débit minimum , laconsommation maximum d'énergie, le délai maximum, la probabilitémaximum d'outag.Nous nous concentrons sur l'allocation distribuée de ressources dans lesdeux systèmes OFDM, à base de MAC et à base de canaux à interférences.Pour le système MAC OFDM, nous avons tenu compte d'un modèle classiqueconsidérant une seule couche (une réserve in�nie de �le d'attente). Une lit-térature étendue sur l'allocation de ressources dans des con�gurations OFDMet OFDMA est donnée dans [8]. Dans cette section, nous passons en revuela littérature sélectionnée qui est d'un intérêt particulier pour notre étude.Pour le canal de l'interférences, en raison du fait que la stabilité des �lesd'attente est d'une importance particulière dans les réseaux ad hoc, nousavons étudié l'allocation de ressources inter-couche.1.1.1 L'allocation de ressources en OFDM MACIl y a beaucoup de place pour exploiter le haut degré de �exibilité de lagestion des ressources radio dans le cadre de l'OFDM. Comme l'état ducanal est di�érent aux di�érentes fréquences ou pour les di�érents util-isateurs dans un réseau, la performance du réseau peut être considérable-ment améliorée grâce à l'adaptation du débit des données sur chaque sous-porteuse, l'a�ectuation dynamique sous-porteuse , et l'allocation adaptivede puissance et de débit.Cette propriété des systèmes OFDM a conduit à la spéci�cation desdi�érents systèmes sur la base OFDM. Le système de radio numérique mod-erne en di�usion d'audio [9] et de vidéo [10] dépend d'OFDM. Une grandepartie de l'Europe et l'Asie a adopté OFDM pour la di�usion terrestre de latélévision numérique (DVB-T, DVB-H et T-DMB) et radio numérique (Dig-ital Radio Mondial, HD Radio et T-DMB). Certains standards bien connuspour réseau haut débit de Local Area Network (LAN), par exemple, IEEE802.11a/g [11], sont fondés sur OFDM, ainsi que d'autres normes de réseausans �l tels que IEEE 802.16 [12]. Toutefois, OFDM a aussi été appliquéaux canaux sélectifs en fréquence dans les réseaux �laires, comme dans lecas de Digital Subscriber Line (DSL) pour les systèmes de câbles á pairetorsadée [13]. En raison de cette popularité récente du régime de transmis-sion OFDM, il est également considéré comme candidat pour les extensionsà haut débit des systèmes de communication de la troisième génération ainsique pour la quatrième génération de systèmes de communication mobile. Ilest également utilisé aujourd'hui dans la norme WiMedia/Ecma-368 pour les



6 Chapter 1 Algorithmes Distribués d'Allocation de Ressourcesréseaux Personal Area Networks (PAN) à haut débit dans le spectre de 3.1à 10.6 GHz en bande ultralarge.Les performances des systèmes sans �l OFDM peut être considérablementaccru si la paire émetteur-récepteur d'adapter constamment les conditionsde canal en cours. Pour les connexions point à point , l'émetteur génère unepuissance et/ou une modulation (y compris éventuellement aussi l'encodage)par sous-porteuse. Les sous-porteuses avec des atténuations relativementfaibles transmettent plus information, sous-porteuses avec des atténuationsrelativement élevées contribuent moins à la transmission. De la théoried'information, l'algorithme de Water�lling, compte tenu que tous les gainsdes canaux sont connus, fournit la capacité de la transmission point à pointOFDM [14]. La capacité est obtenue en adaptant la puissance d'émissionau gain du canal. Plus précisément, étant donné une puissance limitée detransmettre, plus de puissance est appliquée à zone de fréquence avec unefaible atténuation par rapport aux autres fréquences. En supposant un gainmoyen �xe de canal et une bande �xe de fréquence, la capacité du canalaugmente si le canal est plus divers (par exemple, ayant plus de variance).Dans le cas des systèmes multiaccess, le problème d'allocation de ressourcesest plus complexe. En plus de l'allocation de la puissance et de modulationpar sous-porteuse, la mise à disposition sous-porteuses doivent être a�ec-tés à plusieurs terminaux. En général, un algorithme basé sur l'allocationdisjointe des sous-porteuses et de la puissance n'est pas optimal.Les aspects liés à la théorie d'information de ce problème sont étudiéesprincipalement dans le cadre du canal MAC Gaussien ou du canal inter-ference Gaussien, avec un évanouissement sélectifs en fréquence. Gallagera formulé le problème dans [15]. Dans [2], Tse et Hanly ont caractérisé lacapacité ergodique du canal MAC Gaussien, variable dans le temps et sélec-tifs en fréquence , où la réponse en fréquence est continue. Le problèmedans une dimension in�nie (un domaine de fréquence continue) peut êtretransformé en une dimension �nie (un domaine de fréquences discrètes) , endivisant le spectre de fréquences dans un grand nombre de sous-porteusesorthogonales.Dans ce contexte, les algorithmes centralisés et distribués itératifs quiconvergent vers le point optimal de somme des débits, sur la limite de larégion de capacité sont proposés respectivement par Yu et Lui dans [16] etpar Huang et al. dans [17]. Certains articles a ajouté la restriction FDMAdans le modèle. FDMA, dans lequel plusieurs bandes sont pré-a�ectés à desutilisateurs sur une base non-recouvrement, est principalement utilisé dansles systèmes DSL comme une approche standard pour éliminer l'interférencemulti-utilisateur. Dans [18], Yu et Cio� ont proposé une méthode numérique



1.1 L'allocation de Ressources dans les Réseaux Sans Fil 7pour qui ils caractérisent la région atteintes par le système de Gaussien MACavec ISI en vertu de la restriction FDMA, l'examen d'une nombre �ni de casde fréquence. Dans [19], Verdu et Cheng ont montré que la méthode optimalede water�lling multi-utilisateur implique la superposition de la fréquence, parconsequence FDMA n'est pas optimale, sauf dans des cas particuliers.La conception des systèmes de communication multi-porteuse impliquesouvent une maximisation de débit total sous certaines contraintes. [16] afourni une méthode pour trouver la solution optimale globale pour ce prob-lème. Bien que le document met l'accent sur le canal OFDM d'interférence,les mêmes résultats peuvent aussi être représentés dans le cas d'OFDMMAC.Il est montré que l'écart de la dualité d'un problème d'optimisation non-convexe est nul si le problème d'optimisation corresponde à une condition detemps partagé. En outre, la condition de temps partagé est toujours satis-faite pour le problème d'optimisation multi-utilisateur du spectre radioélec-trique dans les systèmes multi-porteuse lorsque le nombre de transporteursde fréquence augmente vers l'in�ni.En général, les problèmes d'optimisation dans les systèmes OFDM multi-utilisateur sont les problèmes NP-complets , avec une complexité exponen-tielle au nombre de sous-porteuses, pour les allocations �xes de puissance,ainsi que aux allocations de puissance, pour les numéros �xes de sous-porteuses. La formulation générale des problèmes d'optimisation pour l'allocationdes sous-porteuses et des puissances pour les réseaux qui consistent des liensd'interference sont fournis par Luo et Zhang dans [20]. Une partie de lacomplexité provient de la nature combinatoire du problème, en qu'il y a desnombreux sous-porteuses par émetteur, et chacun a un gain de canal di�érent(bien qu'il existe généralement une forte corrélation entre sous-porteusesvoisines). En outre, le problème est non-convexe en cas ou l'interférence estpris en compte [21]. En plus de ces dé�s qui sont directement liés aux carac-téristiques du problème d'optimisation, la variabilité dans le temps demandeles algorithmes de faible complexité réalisables en temps réel. Une algo-rithme d'allocation de ressources à partir des informations d'état de canalexige que le mesure du canal, le feedback, le calcul, et la convergence des al-gorithmes sont tous e�ectués dans un intervalle de temps de cohérence. Celapourrait être possible dans les systèmes centralisés et les scénarios de mobil-ité faible, mais il semble plus di�cile autrement. Des e�orts importants dela recherche actuelle dans les réseaux sans �l sont consacrés à la conceptiondes algorithmes d'allocation des ressources basés sur l'information limitée ducanal (l'information partielle et/ou statistique).Malgré la complexité relativement élevée, l'amélioration potentielle deperformance apportée par le régime dynamique de système OFDM est très



8 Chapter 1 Algorithmes Distribués d'Allocation de Ressourcespertinente. Ainsi, des nombreux régimes sous-optimales ont été étudiésrécemment. Le Water�lling Itératif (IWF) est l'algorithme sous-optimald'allocation de ressources la plupart du temps utilisé dans cette structure.Toutefois, le processus IWF ne cherche pas a trouver l'optimum global pourl'ensemble du réseau. Deux méthodes communes pour diminuer la com-plexité du problème sont les suivants: (i) réduire le nombre des variablesde décision, (2) remplacer les optimisations centralisées par des algorithmesd'optimisation distribué ou du jeux.Dans les systèmes centralisés avec CSI complète aux émetteurs, la plu-part des recherches ont étudiées l'impact de la réduction de la complexité enréduisant le nombre des variables de décision dans le problème d'optimisation(en �xant certains d'entre eux). Un exemple courant dans le système OFDMest lorsque le sous-porteuses sont pré-assignés à des utilisateurs (FDMA).Dans ce cas, l'allocation optimale de puissance de tous les utilisateurs surleurs sous-porteuses �xes sont évalués par l'algorithme d'allocation de ressources.Dans [22], Wong et al. ont proposé un algorithme OFDM multi-utilisateurpour l'allocation des sous-porteuse, du bit, et de la puissance pour minimiserla puissance totale de transmission. Cet algorithme est basé sur une répar-tition sous-optimale des sous-porteuse, suivi par une allocation des bits surles sous-porteuses assignées. Dans [23], Thanabalasingham et al. ont exam-iné le problème de l'allocation conjointe des sous-porteuse et de la puissancepour le downlink d'un réseau multi-utilisateur multi-cellulaire OFDM. Ilsont étudié les dégradation des performances a cause de l'allocation statiquesous-optimale des sous-porteuse ou de la puissance. Le modèle utilisé pour lecanal prend en compte l'ombrage et la perte de chemin d'un rythme lognor-mal , mais pas de multipath fading sélectif en fréquence. Il est montré queles performances des deux algorithmes sous-optimaux sont presque aussi bienque l'algorithme optimal qui alloue conjointement sous-porteuses et densitésspectrales de puissance vers les mobiles.L'allocation centralisée des ressources dans un système multi-utilisateurest un problèmes d'optimisation sous contraintes dans un espace vectoriel.Ainsi, le remplacement d'un algorithme centralisée d'allocation multi-utilisateurdes ressources par le correspondant distribué principalement réduit la complexitéqui etait imposée par la fonction non-convexe en raison de l'interférence. Enoutre, les décisions peuvent être fondées sur des données locales et la quantitéde signalisation est réduite. La performance de l'algorithme distribué peutêtre utilisé comme une limite inférieure de la performance de l'algorithmecentralisé correspondant.L'hypothèse de la CSI complète à tous les émetteurs ne peuvent pas êtreréaliste dans les réseaux cellulaires mobiles qui comprennent les canaux vari-



1.1 L'allocation de Ressources dans les Réseaux Sans Fil 9ant dans le temps ainsi que dans les réseaux ad hoc. Dans ce cas, l'allocationdes ressource doit être e�ectuée sur la base de la connaissance statistique dela condition du canal. Lorsque le canal évolue lentement, le système decommunication est intrinsèquement a�ecté par l'événement d'outage. À cetégard, Hanly et Tse [3] introduit la notion de la région de capacité avec undélai limité. Ils ont proposé que on peut voir le canal à l'évanouissementsélectif en fréquence comme un canal variant dans le temps où, à chaqueétat de fading, une réponse en fréquence est spéci�ée pour chaque utilisa-teur, ce qui représente la propagation par trajets multiples. Ainsi, il peutêtre considéré comme un ensemble des canaux parallèles , chacun conjointe-ment spéci�é par l'état de l'évanouissement et la fréquence. A�n d'avoir unretard limité dans ce canal, chaque utilisateur peut a�ecter des débits surdes di�érentes fréquences mais le débit minimum sommé sur les di�érentesfréquences doit être rempli pour chaque état de l'évanouissement. Dans [24],Hanly et al. ont considéré comme un problème de l'allocation de ressourcesfondé sur la probabilité d'outage pour les systèmes multi-utilisateur multi-cellulaire. Ils formulent le problème de probabilité d'outage min-max et lerésolvent sous la contrainte que la puissance de transmettre à chaque stationde base est plate. Si plus de puissance doit être a�ectée à un mobile a�n deconserver une certaine qualité de service, par exemple, lorsque le mobile sedéplace à proximité de la limites de la cellule, il y a deux manières indépen-dantes pour y parvenir: soit en augmentant le niveau de la puissance decellules dans son ensemble, soit en augmentant la nombre de sous-porteusesattribuées au service mobile. Les auteurs ont considéré un second algorithmebasé sur la répartition �xe des sous-porteuse et l'allocation dynamique de lapuissance. Ils ont fait valoir que l'algorithme proposé a base de l'allocationplate de la puissance est signi�cativement supérieur par rapport à l'objectifde minimiser la probabilité maximum d'outage.Beaucoup de travail a été fait sur la théorie des jeux appliquée auxreseaux d'interférences comprenant les canaux à évanouissement sélectif enfréquence, avec le première article par Yu et al. [25], des articles ultérieursde Scutari et al. (Voir [5] et ses références) et un article récent de Gaoning etal. [6]. Un sujet particulièrement intéressant est l'utilisation des jeux Nashgénéralisés sur le canal d'interférence faible [26].Une autre manière de surmonter la sous-optimalité de l'approche con-currentielle est d'utiliser le concept des jeux répétés et de la dynamiqued'apprentissage. Cette approche a été largement appliqué dans la répar-tition de la puissance [28�31]. L'allocation de puissance dans les réseauxd'interférence est en soi un processus répétitive et il est naturel de mod-èler les interactions entre les utilisateurs par jeux répétés. Ces approches



10 Chapter 1 Algorithmes Distribués d'Allocation de Ressourcesintroduisent une phase d'apprentissage qui fournit aux utilisateurs des infor-mations (intelligence) pour prendre une décision correcte. La convergencede la dynamique d'apprentissage dans le jeu répété est le dé� principal deces régimes. En outre, ils supposent les canaux à évanouissements lentes.Après cet aperçu de la littérature, nous mettons en évidence notre con-tribution sur le sujet. En fait, seuls quelques travaux dans la littératuresont concentrés sur le canal à évanouissement lent avec l'information par-tielle des canaux aux émetteurs. Dans [21], Etkin et al. ont considéré uncanal d'interférence à évanouissement lent supposant une information par-tielle d'état de canal au début du jeu. En utilisant l'approche des jeuxrépétés, l'information sur le canal et les interactions est acquis. Récemment,Xiao Lei et al. [32] ont considéré un canal d'interférence à évanouissementspar blocs ayant la connaissance de l'état des liens directs, mais seulement laconnaissance statistique sur les liens interférents. Avec cette hypothèse, descommunications �ables ne sont pas possibles et un certain niveau d'outagedoit être toléré. Les auteurs ont considéré le jeu d'allocation de ressourcespour une fonction a base des débits instantanes pour les événements d'outage.Dans ce contexte, ils ont étudiés les deux cas de répartition de la puissancepour un debit prédé�nis de transmission ainsi que l'allocation conjointe dela puissance et du débit.1.1.2 L'approche Inter-couches d'allocation de ressourcesdans les Canaux d'InterférenceL'allocation de ressources fondée uniquement sur CSI n'est pas en mesure demettre à jour correctement l'allocation de débit en fonction de la dynamiquedu tra�c en entrée. En ignorant le caractère aléatoire de l'arrivée des paquetset des �les d'attente, telles approches peuvent garantir ni la stabilité des �lesd'attente, ni le délai d'attente acceptable. Pour tenir compte des paramètresde �les d'attente, les approches inter-couches sont nécessaires.L'avantage de la conception inter-couches et l'optimisation conjointe deces mécanismes de contrôle est bien connu dans les systèmes centralisés decommunication (par exemple, [4] et les références citées).Les approches centralisées inter-couches pour l'allocation de ressourcesont été proposé à la fois pour la liaison uplink et la liaison downlink (canalde di�usion). La connaissance à la fois d'information d'état de canal (CSI)et d'information d'état de �le d'attente (QSI) permet d'obtenir les stratégiesavec un débit optimal, i.e. les stratégies qui atteindre la région de capacitéergodique d'un réseau des canaux à évanouissements [33, 34] (voir, par ex-emple Maximum Weighting Matching Scheduling - MWMS [35]). D'autres



1.1 L'allocation de Ressources dans les Réseaux Sans Fil 11approches, en dehors de l'optimalité de débit instantané, comme le retardmoyen des �les d'attente , ont été également l'objet d'études [4, 36].Les algorithmes décentralisés d'allocation de ressources dans les réseauxd'interférences est un problème complexe et intrigante, car la décision a�ectede nombreux aspects fondamentaux de fonctionnement de la réseau et laperformance qui en résulte. Plusieurs autres approches ont été proposéesdans les deux régimes, conventionnals et inter-couches, et ayant considérél'existence d'interférence. Deux approches principaux peuvent être identi�és:(I) les algorithmes basés sur des jeux répétés et la dynamique d'apprentissage,(ii) les jeux stochastiques sous contraintes .La première approche a été principalement appliquée la répartition depuissance dans les systèmes couche-unique classique [30,31,37,38]. L'allocationde puissance dans les réseaux d'interférence est intrinsèquement un proces-sus itératif et il est naturel de modèler les interactions entre les utilisateursavec des jeux répétés. Ces approches introduisent une phase d'apprentissagequi fournit aux utilisateurs des informations (intelligence) pour prendre unedécision correcte. La convergence de la dynamique d'apprentissage dans lejeu répété est le dé� principal de ces régimes. En outre, ils supposent lescanaux à évanouissements lents.Les jeux stochastiques sous contraints ont été appliquées à la conceptiondes algorithmes décentralisée inter-couches pour accès multiple. Dans [39],Altman et al. ont considérés un canal à évanouissement MAC avec les étatsdu canal qui suivis une chaîne de Markov. En outre, chaque émetteur estfourni avec une �le d'attente rempli par un processus de Poisson. Les jeuxdécentralisés égoïstes ou coopératifs, éventuellement corrélés, sont proposéspour optimiser une fonction d'utilitée sous les contraintes sur le retard maxi-mum de �le d'attente et la puissance maximale. Considérant l'hypothèse dudébit transmission �xe pour tous les utilisateurs ainsi que les communications�ables sont toujours possibles dans le contexte de la décentralisation, la fonc-tion d'utilitée pour le problème d'optimisation dans [39] est le débit moyennemaximale. Les algorithmes proposés permettent l'allocation de puissance etle contrôle d'admission (accepter ou rejeter les paquets entrants dans les �lesd'attente). Dans un système avec des mécanismes de contrôle décentralisé oùchaque émetteur n'est pas au courant de la présence de brouilleurs (et leurse�ets) et il est intrinsèquement soumis aux outages, l'hypothèse des com-munications �ables est assez forte. En outre, le contrainte d'un débit �xedans toutes les conditions de canal ne permet pas une utilisation optimaledu canal et une utilisation plus e�cace du canal est prévu par le contrôle etl'adaptation du débit de transmission à CSI. Une extension de ces travauxprécéndanr aux réseaux d'interférence est présenté dans le chapitre 6 et 7.



12 Chapter 1 Algorithmes Distribués d'Allocation de Ressources1.2 Les Préliminaires MathématiquesDans le chapitre 4, nous introduisons deux théories mathématiques fonda-mentales, à savoir la théorie de l'optimisation et la théorie des jeux. Notezque, seulement une extension de ces sujets qui sont pertinentes à notre étudeest présentée ici. La première partie représente les concepts mathématiquesde base qui sont utilisées dans les sections suivantes. Nous procédons parl'introduction de la théorie de l'optimisation et des sujets connexes, à savoirthéorie de dualité et les conditions KKT. La dé�nition du jeu suivi parl'introduction de deux catégories particulières de jeux, nommément les jeuxbayésiens et les jeux stochastiques, ainsi que leur application dans la com-munication sans �l. Nous avons �nalement donné une introduction brève àla théorie des matrices aléatoires.1.2.1 Application de Jeux Bayésienne dans les Réseaux SansFilGeoning et al., Dans leur récent ouvrage sur l'approche de la théorie des jeuxbayésienne pour l'allocation de ressources distribuées dans un réseau com-prenant les canaux à évanouissement et un modéle d'access MAC [84], ontétudié l'utilisation de cette classe de jeux dans les systèmes multi-émetteur.Dans un travail précédent , El Gamal et al. introduitent un jeu statique noncoopératif dans le cadre des canaux à évanouissement et d'un modéle d'accessMAC comprenant 2 utilisateur, connu sous le nom jeu water�lling. En sup-posant que les utilisateurs se faient concurrence avec les debits de trans-mission comme un utilité et que ils ajustent leurs puissances comme leursstratégies, les auteurs montrent qu'il existe un unique équilibre de Nash [86]qui correspond au point de la somme maximum des débits sur la région decapacité. Cette a�rmation est un peu surprenant, car l'équilibre de Nashest en général ine�cace par rapport à l'optimum de Pareto. Cependant,leurs résultats s'appuient sur le fait que les deux émetteurs ont une connais-sance complète de la CSI, et en particulier, parfait CSI de tous les émetteursdans le réseau. Cette hypothèse est rarement réalisable en pratique. Ainsi,ce jeu de répartition de puissance doit être reconstruit avec des hypothèsesréalistes faites sur le niveau de connaissance des mobiles. En vertu de cetteconsidération, il est d'un grand intérêt d'étudier plusieurs scénarios danslesquels les mobiles ont des informations incomplètes au sujet de leurs com-posants, par exemple, une entité de transmission est au courant du gain deson propre canal, sans savoir le gain des canaux d'autres mobiles. Au coursdes dix dernières années, des outils basé sur la théorie des jeux Bayésiens



1.2 Les Préliminaires Mathématiques 13n'ont été utilisés pour concevoir des stratégies d'allocation de ressources dis-tribuées que dans certains contextes, par exemple, les réseaux CDMA [87,88],réseaux d'interférences multiporteuse [89,90], ainsi que MAC avec les canauxà évanouissement [84]. Le quatrième chapitre de la thèse actuelle représentenotre contribution à ce sujet.1.2.2 Application des Jeux Stochastiques en Communica-tions Sans FilLa dynamique des réseaux sans �l peuvent être classés en deux types, l'un estdes perturbations dues à l'environnement, et l'autre est l'impact causé parles utilisateurs concurrents. Le comportement stochastique des concurrents,les canaux variables dans le temps vécu par l'utilisateur d'intérêt, et le tra�csource variable dans le temps qui doit être transmises par l'utilisateur sontquelques exemples. Ces types de dynamiques sont généralement modéliséescomme des processus stationnaires. Par exemple, l'utilisation de chaquecanal par un utilisateur peut être modélisé comme un chaîne de Markovavec les états ON/OFF. Les conditions de canal peuvent être modélisées enutilisant un modèle de Markov à états �nis. La loi d'arrivée des paquetsdu tra�c source peut être modélisée comme un processus de Poisson 3.1.2.Une telle approche n'a été utilisée pour concevoir la répartition inter-couchesdes ressource que dans certains contextes, à savoir des jeux à somme nullesous contrainte [100], radio cognitive [101] et MAC avec une contrainte depuissance [39]. L'extension ses travaux antérieurs aux réseaux d'interférenceest présenté dans le chapitre 6 et 7.1.2.3 Application de la Théorie des Matrices Aléatoires enCommunications Sans FilTse [43] et Verdú [42] en 1999 ont introduit la théorie des matrices aléa-toires comme un outil pour analyser les systèmes mutli-utilisateur. Ils ontetudié les performances des récepteurs linéaires pour les systèmes CDMA,dans la limite où le nombre d'utilisateurs ainsi que la longueur d'étalementtend vers l'in�ni, avec un taux �xe. Dans ces scénarios asymptotique,l'utilisation de la théorie des matrices aléatoires conduit aux expressionsexplicites pour diverses mesures d'intérêt tels que la capacité ou le rapportsignal-à-interférence plus bruit (SINR). Fait intéressant, il permet d'isolerles principaux paramétres d'intérêt qui déterminent la performance dans lesnombreux modèles de systèmes de communication avec les modèles d'atténuationplus ou moins impliqués [42, 43, 102�104]. En outre, ces résultats asympto-



14 Chapter 1 Algorithmes Distribués d'Allocation de Ressourcestiques fournissent de bonnes approximations pour les cas pratiques de taille�nie. Une récente théorie des matrices aléatoires, centré sur les applicationsde la théorie de l'information, est donnée dans le livre de Tulino et Verdu[105]. Les e�ets d'interférence sur les performances d'un grand réseau sontétudiés dans [?,110]. L'extension de leur résultats vers le réseau d'interférenceest présenté dans le chapitre 7.1.3 Plan de ThèseLes étapes méthodologiques principales pour atteindre l'objectif de la con-ception et l'analyse des performances des algorithmes distribués d'allocationde ressources sont énumérées ci-aprés.
• de dé�nir le problème d'allocation de ressources qui est approprié pourles hypothèses de réseau, tels que (i)capacité de �le d'attente, i.e.,�ni/in�ni, (ii) les hypothèses liées aux canaux (par exemple, la disponi-bilité des informations d'état de canal, la méthode d'accés au canal), et(iii) les contraintes du système et de service (par exemple, la puissancelimitée, le délai tolérable).
• de revoir les fondements de la théorie de l'optimisation, ainsi que lathéorie des jeux tels que: (i) la dé�nition mathématique des problèmesd'optimisation sous contrainte et le problème correspondant en cadrede la théorie des jeux (ii) l'introduction du problème dual qui nousfournit une borne inférieure l'exécution du problème initial, et les con-ditions dans lesquelles cette borne est exacte, (iii) l'introduction del'équilibre de Nash qui nous fournissent avec une limite inférieure surla performance des solutions globalement optimales, et les conditionsdans lesquelles cette borne est atteinte .
• de modéliser les problèmes d'allocation de ressources dans les commu-nications sans �l multi-utilisateur comme des problèmes de théorie desjeux et de proposer des algorithmes itérative de complexité faible quiconvergent vers l'équilibre de Nash du jeu en question.
• d'analyser le résultat de problème de la théorie des jeux, tels quel'existence d'un équilibre, son unicité possible, l'existence des stratégiespurs ou mixtes.
• d'évaluer la performance des réseaux sans �l provenant des solutionsde théorie des jeux en terme d'e�cacité.



1.4 Les Hypothèses 151.4 Les HypothèsesCe qui suit sont des hypothèses communes réalisés dans cette thèse
• L'allocation de ressources par intervalle de temps de transmission: lecanal est supposé d'être à évanouissement par bloc, i.e. constantedans la durée d'un bloc. En outre, les codewords sont complétementtransmis pendant un seul intervalle de temps. Ainsi, l'allocation deressources doit être mis à jour chaque intervalle de temps.
• La disponibilité d'informations d'états: Nous supposons que chaqueémetteur a une connaissance statistique des états de canaux des autrespaires de communication (et des états de leur �les d'attente) et uneconnaissance exacte de l'état de son propre canal (et sa propre �led'attnete).
• La distribution de signal: Le signal est Gaussien. En pratique, leniveau de modulation est supposé être su�samment élevée pour quel'information mutuelle est environ la capacité du canal. Par con-séquent, la capacité du canal, C = log(1 + SNR), est utilisé commedébit réalisable par lien.
• La rationalité: Une des hypothèses, qui est trés souvent considéré dansla théorie des jeux, est la rationalité [40, 41]. Cela signi�e que chaquejoueur toujours maximise son pro�t, étant ainsi en mesure de parfaite-ment calculer le résultat probabilistique de chaque action. Cependant,en réalité, cette hypothèse peut être raisonnablement approchée commela rationalité d'un individu est limitée par l'information qu'il a et laquantité �nie de temps il dispose pour prendre des décisions.Les hypothèses liées aux certains chapitres, sont les suivants.
• le modéle de canal: Notre étude se concentre spéci�quement sur descanaux à évanouissements lents et ceci est l'hypothèse courante dansles chapitres 5 à 7. En outre, le modéle de canal est supposé êtresélectif en fréquence dans le chapitre 5 et nous avons adopté le systèmed'accé Orthogonal Frequency Division Multiplexing (OFDM) dans lechapitre 5. Le canal dans les chapitres 6 et 7 est supposé être plate enfréquence.
• les procés d'arrivées dan la �le d'attnete: Dans le chapitre 5, la per-formance du réseau est évalué en supposant un retard in�ni de pa-quets dans les �les d'attente. Ainsi, le problème est dé�ni comme une



16 Chapter 1 Algorithmes Distribués d'Allocation de Ressourcesallocation de ressources à une seule couche classique. Toutefois, dansles chapitres 6 et 7, nous avons considéré une capacité �ni de paquetsdans les �les d'attente et nous adoptons l'allocation de ressources inter-couches.
• La méthode d'accés du canal et la structure du réseau: Dans le chapitre5, nous nous concentrons sur le canal d'accés multiple (MAC), où2 émetteurs indépendants à la fois communiquent avec un récepteurOFDM utilisant plus de N sous-porteuses. Dans les chapitres 6 et7, nous considérons un réseau d'interférences (IN) avec K couplesémetteur-récepteur. Nous supposons en outre que (i) les paires d'émetteur-récepteur communiquent directement, i.e., hop unique ou sans relais,(ii) chaque noeud est soit un émetteur ou un récepteur, et (iii) les émet-teurs sont distincts bien que un noeud peut être la destination des �uxdi�érents.1.5 Structure de la ThèseDans cette thèse, l'objectif principal est de representer, théoriquement etmathématiquement, le sujet d'allocation de ressources dans un système multi-utilisateurs, par exemple, le canal d'accés multiples ou le canal d'interférences,et la façon d'obtenir des algorithmes de complexité faible qui nous four-nissent un bon compromis performance-complexité par rapport à la perfor-mance de la méthode originale. Le contour de la thèse est la suivante. Lechapitre 3 examine les di�érents aspects de l'allocation de ressources dansles réseaux sans �l, avec des hypothèses et des con�gurations di�érentes,et les articles liés. Le chapitre 4 introduit deux théories fondamentales, àsavoir, la théorie d'optimisation sous contrainte et la théorie des jeux, ainsique quelques exemples de leur application dans les communications sans �l,fournissant les outils mathématiques principaux utilisés dans cette thèse.Aux chapitres 5 à 7, nous considérons l'allocation communes du débit et dela puissance dans les di�érents réseaux , supposant les canaux à évanouisse-ments lents et que d'information partielle de l'état du canal est disponibleaux émetteurs. Ici, l'information partielle sur l'état du canal signi�e quechaque émetteur a connaissance de son propre lien, qui peut être estimé auniveau local, mais uniquement des informations statistiques sur les atténu-ations de puissances des autres émetteurs. Sous cette condition, le systèmede communication est intrinséquement a�ecté par l'événement d'outage etles émetteurs sont intéressés à maximiser le débit, c'est à dire le débit del'information reçue par succés, ce qui permet d'événement d'outage. Nous



1.6 Nos Contributions à la Recherche 17commençons notre étude par un exemple de réseau cellulaire en supposantretard in�ni de paquets dans les �les d'attente. Ainsi, le chapitre 5 consid-ére un système deux-utilisateur d'OFDM MAC avec un grand nombre desous-porteuses. Nous modélisons la maximisation distribuée des débits dansun réseau de système OFDM MAC avec 2 émetteurs comme deux COPsparalléles. Compte-tenu de la solution optimale du problème dual commeune solution fournissant une borne inférieure sur la performance optimale duproblème primaire et les équilibres de Nash comme une limite inférieure sur laperformance de la solution globalement optimale, la complexité du problèmeest réduit en le représentant comme un jeu bayésien basé sur le problèmedual (nous l'avons appelé jeu dual). Le compromis entre la performance etla complexité est discutée. Dans les deux prochains chapitres, nous relâchonsl'hypothèse de backlog in�ni et impliquons l'état de la �le d'attente dans nosdécisions. Dans le chapitre 6, nous considérons une allocation de ressourcesdistribuées inter-couche dans un réseau ad-hoc d'hop unique composé de Kpaires source-destination. Nous nous référons également à ce réseau en tantque réseau d'interférence (IN). Nous modélisons la maximisation de débit,compte tenu de l'état statistique (état du canal et l'état de �le d'attente) desinformations des autres utilisateurs, comme un jeu stochastique. En outre,nous proposons un algorithme itératif à un complexité faible basé sur la pro-grammation linéaire (LP) pour obtenir des équilibres de Nash. Dans le casd'un nombre �ni de paires de communication, ce problème a un intensitéde calcul extrêmement forte avec une complexité exponentielle dans le nom-bre d'utilisateurs. Chapitre 7 étend le problème à un réseau dense ad hoc,avec un grand nombre de paires d'émetteur-récepteur. L'approche asymp-totique des réseaux larges à interférences permet une réduction considérablede la complexité et est utilisée pour évaluer la performance des réseaux �nis.Les avantages d'une approche inter-couches par rapport d'une allocation deressources en ignorant les états des �les d'attente sont également évalués.1.6 Nos Contributions à la Recherche1.6.1 Chapitre 5Dans la transmission à la bande large, les trajets multiples peut être ré-solu, et donc le canal a une mémoire. Un modéle approprié est le canalà l'évanouissement qui est variable dans le temps et sélectif en fréquence.Comme une large gamme de composants de fréquence est utilisé, il est tréspeu probable que toutes les parties du signal sera simultanément touchéspar un évanouissement profond. Certaines modulations telles que OFDM



18 Chapter 1 Algorithmes Distribués d'Allocation de Ressourceset CDMA sont bien adaptées à l'emploi de la diversité de fréquence pourfournir robustesse contre l'évanouissement.L'OFDM divise le signal à large bande large en de nombreuses sous-porteuses modulées en bande étroite Chaque sous-porteuse est exposé à unévanouissement plat plutôt qu'à un évanouissement sélectif en fréquence.Le rôle principal joué par OFDM dans les réseaux sans �l des derniérestechnologies a initialisé une recherche trés intense sur le réseau sans �lOFDM. Un examen des résultats existants sur l'allocation de ressourcesdans le canal d'accé multiples d'OFDM est donné dans la section 3.2.1.La complexité de l'obtention des solutions optimales globales ainsi que lescompromis du remplacement de ces solution optimales avec des solutionssous-optimales ou Equilibres de Nash ont été étudiés à travers des référencesrespectives.Dans ce chapitre, nous considérons l'allocation conjointe de débits etde puissances dans un système OFDM MAC deux-utilisateur avec un grandnombre de sous-porteuses et supposant l'information partielle d'état de canalà l'émetteur pour un canal à évanouissements lents et sélectifs en fréquence.Chaque émetteur a une connaissance de son propre état, qui peut être es-timé localement, mais il n a pas d'information sur les atténuations de puis-sance d'autres émetteurs. Dans ces conditions, les émetteurs sont intéressésà maximiser le débit, soit le débit des informations reçues correctement,permettant d'événements d'outage. Le débit total du système satisfait auxconditions de partage du temps dans [16] et l'approche de dualité est asymp-totiquement l'allocation optimale des ressources oú N → ∞. Cependant,la complexité d'un algorithme d'optimisation est encore signi�cativementélevé. Ensuite, nous considérons un jeu bayésienne basée sur la fonctionsous-optimale obtenu du problème dual. Le jeu bayésienne se résume à unjeu par sous-porteuse et un jeu global. Les premiers jeux déterminent leséquilibres de Nash pour la puissance et le débit paramétrique des coe�cientsde Lagrange des fonctions d'utilité duale. Le jeu global, basé sur la solutiond'un ensemble des jeux sous-modulaire, fournir les valeurs de la coe�cientsde Lagrange à l'équilibre de Nash bayésien. Nous proposons un algorithmepour la recherche de tous les équilibres de Nash bayésien de ce jeu. La perfor-mance de l'allocation conjointe de la puissance et du débit pour notre jeu estévaluée et comparée à la performance de l'allocation optimum de puissanceet la répartition de puissance uniforme pour les deux cas des connaissancescomplétes et partielles du canal aux émetteurs.Les simulations montrent que tous les NEs obtenu à partir du jeu sontceux auquels un seul émetteur émet avec pleine puissance et l'autre resteéteint. Au contraire, les allocations optimales de puissance pour le cas



1.6 Nos Contributions à la Recherche 19d'informations complet d'état de canal contient des solutions qui ont la super-position de puissance de les deux utilisateurs sur le même canal. Toutefois,dans ce dernier cas, les solutions ne peuvent être obtenues par un algorithmeitératif dont la convergence vers un point optimal local dépend du choix dela valeur initiale. La comparaison de la performance de solution optimale,obtenu en moyenne sur plusieurs points de départ, avec celui du NE choisispar les critéres de sélection, montre que le NE est quasi optimale dans cettecon�guration du réseau.La recherche menée dans ce chapitre a été présentée dans le documentsuivant
• S. Akbarzadeh and L. Cottatellucci and C. Bonnet, "Bayesian equi-libria in slow fading OFDM systèmes with partial channel state in-formation" ICT Mobile Summit 2010, 19th Future Network & MobileSummit, June 16-18, 2010, Florence, Italy.1.6.2 Chapitre 6Ce chapitre étudie les algorithmes distribués inter-couches dans un réseau adhoc single-hop pour l'allocation conjoint de puissance et de débit, la plan-i�cation et le contrôle d'admission. Une littérature étendue du sujet estreprésenté dans Section 3.2.2. Nous continuons à nous concentrer sur lescanaux à l'évanouissement lent avec des informations partielles du canal.Nous utilisons l'approche similaire à celle de [39] pour caractériser le réseauet les noeuds avec des modi�cations évidentes pour modéliser les character-istiques particularités des reseaux ad hoc et des canaux à évanouissementslents. A savoir, nous considérons les canaux d'interférence au lieu de MAC.Selon la même approche que dans le chapitre précédent, nous dé�nis-sons une fonction d'utilité qui comptes pour la probabilité intrinséque desévénements d'ayant outage dans les réseaux à évanouissemens lents et desmécanismes de contrôle décentralisée. La fonction d'utilité proposé maximisele débit du système dé�ni comme le débit moyen des informations reçuesavec succés. Cette optimisation est l'objet d'un contraint sur la puissancemoyenne maximale de transmission.Ce travail propose à la fois les stratégies décentralisés où chaque émet-teur vise à maximiser son propre débit moyen d'information reçu avec suc-cés (jeu égoïste) ou le débit du système (Jeu d'équipe) dans l'hypothèse dedécodage seul-utilisateur à la récepteur (canal point à point) ou décodagemulti-utilisateur (canal composé). La performance des stratégies di�érentsest évaluée contre les stratégies obtenus de [39], en termes de débit, proba-bilité d'outage, et taux de rejet (la fraction de paquets arrivant pas accepté



20 Chapter 1 Algorithmes Distribués d'Allocation de Ressourcesdans les �le d'attente). L'amélioration entre 19% et 68% pour le débit a étéobtenue. Fait intéressant, les algorithmes itératifs d'optimisation avec pointsde départ di�érents gagnent le même équilibre si un algorithme de meilleureréponse avec un complexité faible est appliqué et que le décodage mono-utilisateur est utilisé aux récepteurs. Cela encourage à croire que l'équilibrede Nash obtenu est aussi un optimum de Pareto. Au contraire, lorsquedécodage multi-utilisateur est appliqué au niveau des récepteurs, plusieurséquilibres sont obtenus avec les di�érences considérables en termes de débit.Le Multiplicité des points équilibres et la convergence de l'approche meilleureréponse à un équilibre de Nash ont été que partiellement traitées dans ce tra-vail et sont toujours objets de recherche.La recherche menée dans ce chapitre a été présentée dans le documentsuivant
• S. Akbarzadeh, L. Cottatellucci, E. Altman and C. Bonnet "Distributedcommunication control mechanisms for ad hoc networks" ICC'09, In-ternational Conference on Communications, June 14-18, 2009, Dres-den, Germany, pp 1-6.1.6.3 Chapitre 7Dans ce chapitre, nous intéressons plus spécialement au problème du chapitre6 dans le cas di�cile d'un réseau ad hoc dense. En fait, l'approche proposéedans le chapitre 6 a une complexité exponentielle du nombre d'utilisateurs.Ensuite, il est pratique et des intérêts théoriques de déterminer les algo-rithmes de complexité faible dans le cas des réseaux denses où le nombre decommunications est trés élevé.Dans ce contexte, nous supposons que les liens entre l'émetteur et récep-teur sont caractérisés par une sorte de diversité (par exemple dans l'espaceou dans le fréquence) et nous le référons comme le canal de vecteur avec

N chemins de diversité. En outre, nous supposons que les N chemins dediversité sont aléatoires et K est le nombre de liens du réseau et N tendvers l'in�ni avec un rapport constant. Cette approche est motivée par lefait que la conception et l'analyse asymptotique du réseau dans les envi-ronnements aléatoires diminue la complexité d'une maniére signi�cative etfournit des résultats perspicaces pour les analyses . Ce modéle peut car-actériser les réseaux d'interférence avec la di�usion des signaux transmis àpartir des séquences aléatoires (Code Division Multiple Access - CDMA -dans les réseaux d'accés multiples ), ou des systèmes à plusieurs antennes aurécepteur, où le caractère aléatoire est due à canal à évanouissement. Dans



1.6 Nos Contributions à la Recherche 21un tel contexte, lorsque le nombre d'utilisateurs et la diversité des cheminsaugmentent, les mesures fondamentales comme la capacité et SINR à la sortied'un détecteur de récepteur convergent aux limites déterministiques.L'analyse de performance des récepteurs di�érents (par exemple les �l-tres adoptés, linear minimum mean square error - LMMSE -, détecteur opti-mal), pour les canaux d'accés multiples representer par un vecteur et dans unenvironnement aléatoire a été largement étudié dans la littérature (par exem-ple [42], [43], [44]). Nous étendrons ces résultats à des canaux d'interférenceet les appliquer à la conception et l'analyse des algorithmes distribués inter-couches dans les grands réseaux d'interférences.L'hypothèse d'analyse des réseaux larges à interférences entraîne deuxgrands fonctionnalités fondamentales dans le système de contrôle du chapitre6, caractérisée par un ensemble des variables discrétes de décision et une en-semble des variables discrétes de statistiques du canal. Tout d'abord, unréseau d'interférence avec un nombre limité d'utilisateurs et un mécanismede contrôle décentralisé , une transmission est intrinsèquement soumise àun outage comme chaque émetteur n'est pas au courant des décisions desinterfereurs et leurs e�ets. Au contraire, dans les canaux d'interférence d'unsystème large, l'e�et des interfereurs tend vers une limite déterministiqueindépendamment des états instantanés des liens. Dabord, un émetteur peutéviter les événements d'outage par des algorithmes de contrôle. Deuxième-ment, la complexité des algorithmes des couches basses, qui augmente defaçon exponentielle avec le nombre d'utilisateurs en Chapitre 6, varie seule-ment selon le nombre des groupes d'utilisateurs, caractérisés par le mêmestatistiques de canal dans un système large.Pour les systèmes larges d'interférence nous considérons la conceptioninter-couches pour l'allocation conjointe de débit et de puissance, la plani-�cation et le contrôle d'admission de quatre di�érents types de récepteurs.A savoir, nous considérons deux récepteurs, l'un basé sur détection linéaireMMSE et l'autre sur la détection optimale et le dernier ce qui inclut le dé-codage de tous les utilisateurs ayant la même débit et la puissance reçue.Les récepteurs n'ont qu'une connaissance statistique des états de canaux desinterfereurs. Un troisième récepteur est basé sur la function conjointe dela détection ptimale et le décodage de tous les utilisateurs ayant la mêmepuissance reçue et débit, mais avec une connaissance supplémentaire de lastructure d'interférence au niveau du récepteur. Le quatrième récepteur dé-code conjointement et de maniére optimale tous les utilisateurs décodabletout en sachant la structure d'interférence.Nous comparons la performance des récepteurs avec les stratégies opti-males conçues. Le décalage entre la performance des stratégies optimales



22 Chapter 1 Algorithmes Distribués d'Allocation de Ressourcespour les grands systèmes et des stratégies optimales pour des systèmes �nisest également évalué.Les stratégies optimals obtenues avec l'approche asymptotique peut êtree�ectivement appliquées dans les réseaux à interférence �nie. En fait, nousavons étudié les pertes de performance due à l'application des stratégiesconçues pour des conditions asymptotiques en réseau avec un nombre �nides communications actives. Nous avons observé que, même pour un réseaucontenant 4 communications actives, la performance des réseaux �nis atteintpresque celle des réseaux à grande interférence. Des résultats similaires sontobtenus pour la comparaison réciproque. Nous avons comparé les perfor-mances d'un réseau �ni quand les stratégies du réseau asymptotique estadaptées à celles obtenues avec des stratégies adaptées aux réseaux �nisdans le chapitre 6. Même pour les cas les plus di�ciles d'un réseau avec 2paires de communication, la stratégie optimale du problème asymptotiqueest presque aussi bonne que la stratégie adaptée au réseau.Nous avons aussi examiné les avantages d'une approche inter-couches parrapport à une allocation des algorithmes conventionnels en ignorant les étatsdes �les d'attente. Dans l'approche classique plus d'énergie est consomméepour l'envoi de certaine quantité de données comme il existe des cas où lapuissance est répartie de satisfaire un certain débit bien qu'il n'y ait passu�samment de données dans la �le d'attente pour atteindre ce débit. Ànégliger l'état de la �le d'attente, on provoque une perte notable de perfor-mance comme la puissance n'est pas alloués de manière e�cace.Fait intéressant, la stratégie optimale du grand réseau étudié ici présenteun découplage intéressant. Plus précisément, le débit est une fonction crois-sante de l'état �le d'attente lorsque la puissance allouée est fonction de l'étatdu canal seulement.La recherche menée dans ce chapitre a été présentée dans le documentsuivant
• S. Akbarzadeh, L. Cottatellucci and C. Bonnet, "Low complexity cross-layer design for dense interference networks" WiOpt/PHYSCOMNET2009, 7th International Symposium on Modeling and Optimization inMobile, Ad Hoc, and Wireless Networks, June 23-27, 2009, Seoul, Ko-rea, pp 1-10.1.7 ConclusionCette recherche a deux objectifs: concevoir et analyser la performance lesalgorithmes distribués d'allocation de ressources dans les canaux à évanouisse-



1.7 Conclusion 23ments lents avec des informations partielles sur les canaux aux émetteurs.Nous avons développé des algorithmes en supposant que chaque émetteur dis-pose d'une information exacte de son propre canal ainsi que la connaissancestatistique des autres canaux. Dans un tel contexte, le système est fondamen-talement a�ectué par une probabilité d'outage non nul. Nous avons proposédes algorithmes distribués de faible complexité pour l'allocation conjointede débit et de la répartition de puissance visant à maximiser le débit indi-viduel, dé�ni comme le taux d'information reçu par succés, en vertu d'unecontrainte sur la puissance moyenne.Nous avons commencé notre étude dans un réseau de système MACOFDM, avec 2 émetteurs. Comme on le sait, le problème qui se pose estnon-convexe avec une complexité exponentielle dans le nombre des émet-teurs et des sous-porteuses. Nous avons introduit une simpli�cation à deuxniveaux au problème. Par une approche duale, on obtiene l'allocation op-timale des ressources asymptotiquement quand le nombre de sous-porteusestend vers l'in�ni. Le problème dual a une complexité linéaire selon le nom-bre de sous-porteuses, mais sa complexité est toujours exponentielle selonle nombre d'utilisateurs. Nous avons introduit une approche sous-optimaleà complexité faible sous la forme de jeu bayésien (jeu à information incom-pléte) comprenant 2 joueurs. Ce problème de jeu se résume en deux équationspolynomiales à plusieurs variables, paramétriques en les multiplicateurs deLagrange des deux utilisateurs, à travers lesquelles nous avons trouvé tousles NEs du problème. Nous avons en outre adopté la somme maximum dedébits comme le critére de sélection d'un NE.La performance des points de NE est comparée à la performance del'allocation de puissance optimale pour le cas où l'information sur l'étatde canal est complet et l'allocation uniforme de la puissance dans le casd'information partielle de l'état de canal. Les simulations ont montré quetous les NEs obtenus à partir du jeu sont ceux où un seul émetteur transmetla puissance maximale et l'autre reste éteint. Au contraire, les allocations depuissance optimale pour le cas d'information complet d'état de canal contientdes solutions qui ont la superposition des puissances de deux utilisateurs surle même canal. Toutefois, dans ce dernier cas, les solutions ne peuvent êtreobtenues par un algorithme itératif dont la convergence vers un point optimallocal dépend du choix de la valeur initiale. La comparaison des performancesde la solution optimale et le NE, a montré que le NE est quasi optimal danscette con�guration du réseau.Ensuite, nous avons étendu le problème en un seul bond dans un réseauad hoc. Nous avons relâché l'hypothèse intrinsèque de la capacite in�ni depaquets dans les �les d'attente fait dans l'étude précédente. Par conséquent,



24 Chapter 1 Algorithmes Distribués d'Allocation de Ressourceschaque émetteur possède un bu�er de taille bornée et accepte les paquetsà partir d'une distribution de Poisson. Nous avons étudié les algorithmesinter-couche répartis de contrôle d'admission, l'allocation du débit et de lapuissance visant à maximiser le débit d'individuel et le débit global. Lesdécisions sont fondées sur la connaissance statistique des états (atténuationdu canal et la longueur de �le d'attente) de la transmission d'autres coupleset sur la connaissance exacte de leurs propres états. Ce problème est formulécomme un jeu stochastique avec stratégies mixtes. En outre, la structure duproblème satisfait les conditions dans lesquelles les stratégies de point-col dejeux stochastiques existent entre les stratégies de Markov et sont plus facilesà calculer. Suite à cette observation, un algorithme itératif de meilleureréponse basé sur la programmation linéaire a été introduite. L'algorithmeproposé apporte des améliorations considérables en forme d'une extensionsimple pour les réseaux ad hoc des algorithmes décentralisés qui est utiliséepour les canaux d'accés multiples dans la littérature .Toutefois, dans un cadre �ni, ce problème présente une complexité trésélevée lorsque le nombre d'utilisateurs et/ou des états émetteur augmentent.Ce fait rend les approches inter-couches distribuées trés coûteuses en calcul.La complexité élevée des algorithmes distribués d'allocation de ressourcespour les approches inter-couches nous ont motivés à considérer le mêmeproblème dans un réseau larg à interférence avec un grand nombre de pairesd'émetteur-récepteur. L'approche asymptotique des réseaux large d'interférencepermet une réduction considérable de la complexité. Plus précisément, lacomplexité ne varue pas selon le nombre d'utilisateurs mais selon le nom-bre de groupes d'utilisateurs ayant des statistiques identiques. Le problèmea une complexité particuliérement faible dans le cas pratique des réseauxsymétriques. Fait intéressant, la stratégie optimale du réseau de grandes in-terférences étudié ici présente un découplage entre les di�erenets parametresde decision. Plus précisément, le débit est une fonction croissante de l'étatde la �le d'attente alors que la puissance allouée est seulement une fonctionde l'état du canal.Nous avons étudié la perte de performance due à l'application des poli-tiques conçues pour des conditions asymptotiques en réseau avec un nombre�ni de communications actives et vice versa. Nous avons observé que, mêmepour un réseau contenant 4 communications actives, les deux stratégies ontpratiquement les mêmes performances. Nous avons aussi examiné les avan-tages d'une approche inter-couches par rapport à une allocation de ressourcesconventionnelles en ignorant les états des �les d'attente. Les résultats sug-gèrent que négliger l'état de la �le d'attente provoque une perte sévère deperformances, puisque la puissance n'est pas allouée de maniére e�cace.



Chapter 2
Introduction
In a wireless medium, users communicate by radiating energy in all direc-tions. This creates a natural inter-connection among all users, and an iso-lated link does not intrinsically exist. One of the challenges of this commu-nication medium is to deal with the interference that di�erent transmissionscause to each others.The current generation of wireless networks reduces the problem com-plexity by using multiple access protocols, and exploiting the natural atten-uation of the medium (power control, frequency reuse). In such a setting,a central authority adjust the strategies of users in order to satisfy a globalcriteria. However, these networks fail to bene�t from the full connectivityo�ered by the air interface.Next generation wireless networks aim at exploiting the full connectivityby weakening the notion of a central authority (e.g., cognitive radio) orremoving it completely (e.g., ad hoc networks) without reducing the full�exibility and level of services already o�ered by cellular networks. Thecentralized approach usually involves sophisticated optimization techniquesand signaling loads that grow with the number of transmitters and receiversin the network. As these algorithms tend to be complex and not easilyscalable, decentralized algorithms are preferred in next generation scenarios.Di�erent levels of cooperation among transmitters and/or receivers can beenvisaged but in general the delocalization of control mechanisms, such asrate and power allocation, scheduling, admission control, and routing, is25



26 Chapter 2 Introductiondesired.In decentralized schemes, decisions concerning network parameters (ratesand/or powers) and transmission conditions are made by individual transmit-ters based on locally available information about the transmission mediumor environment. An e�cient resource allocation scheme requires an appropri-ate choice of a performance metric based on the following two parameters:(i) rate of environment changes, and (ii) amount of information availableat transmitters. Recently, a considerable amount of research in multiusernetworks has focused on realistic models in which each node has completeknowledge of its own channel as well as statistical knowledge of the chan-nels of the other nodes. In this context, Shamai and Wyner's pioneeringapproach [1] followed by Hanly and Tse's two highly referenced works [2, 3]have introduced the capacity functions appropriate for di�erent fading mod-els and di�erent levels of channel side information at the transmitters.Resource allocation in wireless networks needs to be adapted not onlyto the changes in the transmission medium but also to the applications.This topic was traditionally approached either through information theoryor communications network theory. However, to break down the barriersbetween these distinct approaches, there is a need for communication modelswhich bridge the physical layer and the upper layers by providing cross-layerresource allocation techniques.Cross-layer resource allocation allows optimization of network resourcesand enables engineers to improve signal quality, enhance network and spec-trum utilization, increase throughput, and deal with the problem of shad-owing. An example relevant to our study is that, resource allocation basedsolely on channel side information (CSI) is unable to update rate allocationproperly according to the dynamics of input tra�c. By ignoring the random-ness in packet arrival and queueing, such approaches can guarantee neitherthe stability of queueing systems nor an acceptable queueing delay. The ben-e�ts of cross-layer design and joint optimization of these control mechanismsare well known in wireless communication systems (e.g., [4] and referencestherein).Transmissions over a wireless medium are always subject to fading andunresolvable interference from other transmissions. In addition, some con-straints are imposed by wireless devices due to the system limits (such aslimited battery life) and/or service requirements. It is crucial to take thesefactors into account in the design of algorithms for e�cient resource allo-cation. Therefore, resource allocation problems are very often de�ned asConstrained Optimization Problems (COPs). COP is a domain which pro-vides the possibility to optimize certain objective functions subject to the



2.1 Thesis Plan 27limits imposed by a system or services. Moreover, in the case of distributedresource allocation, game theory also plays a signi�cant role in o�ering lesscomplex and more scalable methods. An example of which, Iterative water�lling algorithms [5, 6], are de�ned in literature based both on optimizationtheory and game theory. Some properties of wireless networks make gametheory a convenient method for their analysis and design [7] : (i) mobileterminals are equipped with a certain degree of intelligence which makes thedistributed decision-makers con�guration possible, (ii) mobile devices sharesome common resources which implies natural interaction between them, and(iii) wireless networks are highly structured.2.1 Thesis PlanThe main methodological steps to achieve the objective of design and per-formance analysis of distributed resource allocation algorithms are listed inthe following.
• to de�ne the resource allocation problem which is appropriate for net-work assumptions, such as (i) queue backlog, i.e, �nite/in�nite, (ii)channel related assumptions (e.g., availability of the channel state in-formation, channel access method), and (iii) system and service con-straints (e.g., limited power, maximum tolerable delay).
• to review the fundamentals of optimization theory as well as gametheory such as: (i) the mathematical de�nition of constrained opti-mization problems and the corresponding game theory problem (ii)the introduction of the dual problem which provides us with a lowerbound on the performance of the original problem, and the conditionsunder which this bound is tight, (iii) introduction of the Nash equi-libria which provide us with a lower bound on the performance of theglobally optimal solutions, and the conditions under which this boundis tight.
• to model the resource allocation problems in multiuser wireless com-munications as game-theoretical problems and propose low complexityiterative algorithms which converge to the Nash equilibria of the gamein question.
• to analyze the outcome of game-theoretical problems, such as the exis-tence of an equilibrium, its possible uniqueness, pure or mixed strate-gies.



28 Chapter 2 Introduction
• to evaluate the performance of wireless networks derived from game-theoretic solutions in terms of e�ciency.2.2 Basic AssumptionsThe following are common assumptions made in this dissertation
• Resource allocation per transmission time slot: The channel is assumedto be block fading, i.e. constant within duration. Furthermore, code-words are completely transmitted during a single time slot. Thus,resource allocation needs to be updated every time slot.
• Availability of state information: We assume that transmitters havestatistical knowledge of the channel (and bu�er) states of the othercommunication pairs and exact knowledge of their own channel (andbu�er) states.
• Signal distribution: The signal is assumed to be Gaussian. In prac-tice, the modulation level is assumed to be high enough that the mu-tual information is approximately the channel capacity. Therefore, thechannel capacity, C = log(1+SNR), is used as the achievable rate perlink.
• Rationality: One of the most common assumptions made in game the-ory is rationality [40,41]. It means that every player always maximizesher payo�, thus being able to perfectly calculate the probabilistic resultof every action. However, in reality this assumption can only be rea-sonably approximated since the rationality of an individual is limitedby the information they have, the cognitive limitations of their minds,and the �nite amount of time they have to make decisions.The assumptions relevant to certain chapter(s), are as follows.
• Channel model: Our study is speci�cally focused on slow fading chan-nels and this is the common assumption in chapters 5 to 7. Addi-tionally, the channel model is assumed to be frequency selective inchapter 5 and we adopted Orthogonal Frequency Division Multiplex-ing (OFDM) access scheme in Chapter 5. The channel in chapters 6and 7 is assumed to be frequency �at.
• Queue backlogs: In chapter 5, the network performance is evaluated as-suming an in�nite backlog of packets in the queues. Thus, the problem



2.3 Outline of the Dissertation 29is de�ned as a conventional single-layer resource allocation. However,in chapters 6 and 7, we considered �nite backlog of packets in thequeues and we adopt cross-layer resource allocation.
• Channel access method and network structure: In chapter 5, we focuson the Multiple Access Channel (MAC) where 2 independent transmit-ters are simultaneously communicating with a receiver using OFDMover N sub-carriers. In chapters 6 and 7, we consider an InterferenceNetwork (IN) with K transmitter-receiver pairs. We further assumethat (i) transmitter-receiver pairs communicate directly, i.e., single hopor no relaying, (ii) each node is either a transmitter or a receiver, and(iii) the transmitters are distinct while one node can be the destinationof di�erent information streams.2.3 Outline of the DissertationIn this thesis the primary focus is to theoretically and mathematically allo-cate resources in a multi-user system, e.g., multiple access channel or inter-ference channel, and how to obtain low complexity algorithms which provideus a good trade-o� performance-complexity compared to the performance ofthe original method. The outline of the thesis is as follows. Chapter 3 reviewsthe di�erent aspects of resource allocation in wireless networks, with di�erentassumptions and setups, and the related existing literature. Chapter 4 in-troduces two fundamental theories, namely, constrained optimization theoryand game theory, as well as some examples of their application in wirelesscommunications, providing the main mathematical tools used in this disser-tation. In chapters 5 to 7, we consider the joint rate and power allocation indi�erent network structures, assuming partial channel state information isavailable at the transmitters for slow fading channels. Here, partial channelstate information means that each transmitter has knowledge of its own link,which can be estimated locally, but only statistical information about theother transmitters' power attenuations. Under this condition, the communi-cation system is intrinsically a�ected by outage event and the transmittersare interested in maximizing the throughput, i.e. the rate of informationsuccessfully received, allowing for outage events. We start our study withan example of cellular network assuming in�nite backlog of packets in thequeues. Thus, Chapter 5 considers a two-user OFDM-based MAC systemwith a large number of subcarriers. We model the distributed throughputmaximization in an OFDM-based MAC network with 2 transmitters as twoparallel COPs. Considering the dual optimal as a solution providing a lower



30 Chapter 2 Introductionbound on the performance of the primal optimal and the Nash equilibria asa lower bound on the performance of the globally optimal solution, the prob-lem complexity is reduced by representing it as a Bayesian game based on thedual problem (we called it dual game). The trade-o� between performanceand complexity is discussed. In the next two chapters, we relax the in�nitebacklog assumption and involve the queue state in our decisions. In Chapter6, we consider a distributed cross-layer resource allocation in a single hopad-hoc network consisting of K source-destination pairs. We also refer tothis network as interference network (IN). We model the throughput max-imization, considering the statistical state (channel state and queue state)infomation of the other users, as a stochastic game. We further propose alow-complexity iterative algorithm based on Linear Programming (LP) toobtain Nash equilibria. In the case of a �nite number of communicationpairs, this problem is extremely computationally intensive with an exponen-tial complexity in the number of users. Chapter 7 extends the problem toa dense ad hoc network, with a large number of transmitter-receiver pairs.The asymptotic approach of large interference networks enables a consider-able complexity reduction and is used to evaluate the performance of �nitenetworks. The bene�ts of a cross layer approach compared to a resourceallocation ignoring the states of the queues are also assessed.2.4 Research Contributions2.4.1 Chapter 5In this chapter, we consider a slow frequency selective fading multiple accesschannel (MAC) where 2 independent transmitters are simultaneously com-municating with a receiver using orthogonal frequency division multiplexing(OFDM) over N sub-carriers. Each transmitter has partial knowledge ofthe channel state. In such a context, the system is inherently impairedby a nonzero outage probability. We propose a low complexity distributedalgorithm for joint rate and power allocation aiming at maximizing the in-dividual throughput, de�ned as the successfully-received-information rate,under a average power constraint. As is well known, the problem at hand isnon-convex with exponential complexity in the number of transmitters andsubcarriers. Inspired by e�ective almost optimum recent results using theduality principle, we propose a low complexity distributed algorithm basedon Bayesian games and duality. We show that the Bayesian game boils downto a two-level game, referred to as a per-subcarrier game and a global game.The per-subcarrier game reduces to the solution of a linear system of equa-



2.4 Research Contributions 31tions while the global game boils down to the solution of several constrainedsubmodular games. The provided algorithm determines all the possible Nashequilibria of the game, if they exist. The work carried out in this chapterwas presented in the following paper
• S. Akbarzadeh and L. Cottatellucci and C. Bonnet, "Bayesian equi-libria in slow fading OFDM systems with partial channel state in-formation" ICT Mobile Summit 2010, 19th Future Network & MobileSummit, June 16-18, 2010, Florence, Italy.2.4.2 Chapter 6In the previous chapter, we assumed in�nite backlog of packets in the queues.In this chapter, we relax this assumption and de�ne a cross-layer resourceallocation which account for queue states in the strategy selection decisions.An interference network consisting of N source-destination pairs is consid-ered. Each transmitter is endowed with a �nite bu�er and accepts packetsfrom a Poisson distributed arrival process. The channel is described by aMarkov chain. We investigate distributed algorithms for joint admissioncontrol, rate and power allocation aiming at maximizing the individual orthe global throughput de�ned as the average information rate successfullyreceived. The decisions are based on the statistical knowledge of the chan-nel and bu�er states of the other communication pairs and on the exactknowledge of one's own channel and bu�er states. This problem is model asa stochastic game whose saddle point (mixed) policies exist among Markovstrategies. Following this, a low complexity iterative best response algorithmbased on linear programming is proposed.The work carried out in this chapter was presented in the following paper
• S. Akbarzadeh, L. Cottatellucci, E. Altman and C. Bonnet "Distributedcommunication control mechanisms for ad hoc networks" ICC'09, In-ternational Conference on Communications, June 14-18, 2009, Dres-den, Germany, pp 1-6.2.4.3 Chapter 7The problem introduced in Chapter 6, for a �nite number of communicationpairs, is extremely computationally intensive with an exponential complex-ity in the number of users. In this chapter, we consider the same problemin a dense IN with a large number (K → ∞) of transmitter-receiver pairs.Each transmitter-receiver link is a fading vector channel with N diversity



32 Chapter 2 Introductionpaths whose statistics are described by a Markov chain. By assuming that
K,N → ∞ with constant ratio the algorithm complexity becomes substan-tially independent of the number of active communications and grows withthe groups of users having distinct asymptotic channel statistics. The cross-layer design is investigated for di�erent kind of decoders at the receiver. Thebene�ts of a cross layer approach compared to a resource allocation ignoringthe states of the queues are assessed. The performance loss due to the useof policies designed for asymptotic conditions and applied to networks witha �nite number of active communications is studied. The work carried outin this chapter was presented in the following paper
• S. Akbarzadeh, L. Cottatellucci and C. Bonnet, "Low complexity cross-layer design for dense interference networks" WiOpt/PHYSCOMNET2009, 7th International Symposium on Modeling and Optimization inMobile, Ad Hoc, and Wireless Networks, June 23-27, 2009, Seoul, Ko-rea, pp 1-10.



Chapter 3
Resource Allocation inWireless Networks
It has been over 30 years since the two wireless networks structure, namelycellular and ad hoc, have been introduced in wireless communications. Al-though both concepts are initiated around the same time, the cellular tech-nology is in a leading position in the current wireless networks.Today, millions of people around the world use cellular phones. Cellu-lar phones allow a person to make or receive a call from almost anywhere.Likewise, it allows a person to continue a phone conversation while on themove. Cellular communications is supported by an infrastructure called acellular network, which integrates cellular phones into the Public SwitchedTelephone Network (PSTN). The cellular network has gone through threegenerations. The �rst generation of cellular networks were analog in nature.Two such standards are TACS (Total Access Communications System) inEurope and AMPS (Advanced Mobile Phone System) used in the UnitedStates and Australia. To accommodate more cellular phone subscribers, thesecond generation (2G) networks used digital TDMA (Time Division Mul-tiple Access) and CDMA (Code Division Multiple Access) technologies toincrease the network capacity. With digital technologies, digitized voice canbe encoded and encrypted. Therefore, the 2G cellular networks were alsomore secure. GSM (Global System for Mobile Communications), the mostpopular standard for mobile telephony systems in the world, is an example of33



34 Chapter 3 Resource Allocation in Wireless Networks2G systems. The third generation (3G) networks integrates cellular phonesinto the Internet world by providing high speed packet-switching data trans-mission in addition to circuit-switching voice transmission. Since 2002, the3G cellular networks have been deployed in some parts of Asia, Europe, andthe United States (e.g., EDGE and UMTS) and will be widely deployed inthe coming years (e.g., LTE). The application services envisaged for thisgeneration include wide-area wireless voice telephone, Internet access, videocalls and TV, all in a mobile environment.The merits of having an infrastructureless network were discovered in the1970s and resulted in the introduction of ad hoc networks as new wirelesstechnology. Ad hoc networks are suited for use in situations where infras-tructure is either not available, is not required to be trustable or reliablebut needed to be �exible and easy to be installed as in emergency situa-tions. A few examples include: military solders in the �eld; sensors scatteredthroughout a city for biological detection; an infrastructureless network ofnotebook computers in a conference or campus setting; the forestry or lum-ber industry; rare animal tracking; space exploration; undersea operations;and temporary o�ces such as campaign headquarters. An ad hoc networkis a possibly mobile collection of communications devices nodes that wish tocommunicate, but have no �xed infrastructure available, and have no pre-determined organization of available links. Individual nodes are responsiblefor dynamically discovering which other nodes they can directly communi-cate with. Ad hoc networking is a multi-layer problem. The physical layermust adapt to rapid changes in link characteristics. The Medium AccessControl layer (MAC layer) needs to minimize bit error rate, allow for fairaccess, and semi-reliably transport data over the shared wireless links in thepresence of rapid changes and hidden or exposed terminals. The networklayer needs to determine and distribute information used to calculate pathsin a way that maintains e�ciency when links change often and bandwidth isat a premium. It also needs to integrate smoothly with traditional, non adhoc-aware internetworks and perform functions such as auto-con�gurationin this changing environment. The transport layer must be able to handledelay and packet loss statistics that are very di�erent than wired networks.Finally, applications need to be designed to handle frequent disconnectionand reconnection with peer applications as well as widely varying delay andpacket loss characteristics.In this dissertation, we focus on single-hop transmissions in either struc-tures, cellular or ad hoc. For the cellular architecture, we focus on uplinktransmission where there is a single receiver (base station) for all transmis-sions. For the ad hoc architecture, we assume that (i) transmitter-receiver



3.1 Physical Layer and MAC Layer Characteristics 35pairs communicate directly, i.e., no relays, (ii) one node cannot transmit andreceive at the same time, and (iii) the transmitters are distinct while onenode can be the destination of di�erent information streams. Such a settingsimpli�es the network layer functionality as the routes between transmitternode and the receiver node is considered �xed. In the rest of this chapter,we review di�erent aspects of resource allocation in wireless networks, withdi�erent assumptions and setups, and the related existing literature. Firstof all, we introduce physical layer and MAC layer characteristics. Then insecond section, we introduce some essential features of resource allocationin wireless networks. Note that, in this chapter, the acronym "MAC" isemployed to signify both "Multiple Access Channel" and "Medium AccessControl". However, "MAC" as "Medium Access Control" is always suc-ceeded by the word "layer".3.1 Physical Layer and MAC Layer CharacteristicsIn this section, we �rst classify the wireless channels based on their variationsin time and frequency domains. Next, we introduce some parameters oftransmitters and receivers which are of special importance in our resourceallocation analysis. Finally we introduce multiple access techniques as wellas capacity or achievable rate regions of MAC and interference channel.3.1.1 Wireless LinksLand-mobile communication is burdened with particular propagation com-plications compared to the channel characteristics in radio systems with �xedand carefully positioned antennas. The antenna height at a mobile terminalis usually very small, typically less than a few meters. Hence, the antenna isexpected to have very little 'clearance', thus obstacles and re�ecting surfacesin the vicinity of the antenna have a substantial in�uence on the charac-teristics of the propagation path. Moreover, the propagation characteristicschange from place to place and, from time to time. Thus, the transmissionpath between the transmitter and the receiver can vary from simple directline of sight to one that is severely obstructed by buildings, foliage, and theterrain.In generic system studies, the mobile radio channel is usually evaluatedfrom 'statistical' propagation models: no speci�c terrain data is considered,and channel parameters are modeled as stochastic variables. The mean sig-nal strength for an arbitrary transmitter-receiver (T-R) separation is usefulin estimating the radio coverage of a given transmitter whereas measures



36 Chapter 3 Resource Allocation in Wireless Networksof signal variability are key determinants in system design issues such asantenna diversity and signal coding. Three mutually independent, multi-plicative propagation phenomena can usually be distinguished: multipathfading, shadowing and large-scale path loss.Multipath propagation leads to rapid �uctuations of the phase and am-plitude of the signal if the mobile moves over a distance in the order of awave length or more. Multipath fading thus has a small-scale e�ect. Shad-owing is a medium-scale e�ect: �eld strength variations occur if the antennais displaced over distances larger than a few tens or hundreds of meters. Thelarge-scale e�ects of path losses cause the received power to vary graduallydue to signal attenuation determined by the geometry of the path pro�le inits entirety. This is in contrast to the local propagation mechanisms, whichare determined by building and terrain features in the immediate vicinity ofthe antennas. The large-scale e�ects determine a power level averaged overan area of tens or hundreds of meters and therefore called the 'area-mean'power. Shadowing introduces additional �uctuations, so the received local-mean power varies around the area-mean. The term 'local-mean' is used todenote the signal level averaged over a few tens of wave lengths, typically 40wavelengths. This ensures that the rapid �uctuations of the instantaneousreceived power due to multipath e�ects are largely removed.FadingDelay spread and coherence bandwidth are parameters which describe thetime dispersive nature of the channel in a local area. The delay spreadcan be interpreted as the di�erence between the time of arrival of the �rstsigni�cant multipath component (typically the line-of-sight component) andthe time of arrival of the last multipath component. If the multipath timedelay spread equals D seconds, then the coherence bandwidth Wc in rad/sis given approximately by Wc =
2π
D . However, these parameters do not o�erinformation about the time varying nature of the channel caused by eitherrelative motion between the mobile and base station, or by movement ofobjects in the channel. Doppler spread and coherence time are parameterswhich describe the time varying nature of the channel in a small-scale region.Doppler spread bandwidth is a measure of the spectral broadening causedby the time rate of change of the mobile radio channel and is de�ned as therange of frequencies over which the received Doppler spectrum is essentiallynon-zero. Coherence time Tc is the time domain dual of Doppler spread andis used to characterize the time varying nature of the frequency dispersivechannel, in the time domain.



3.1 Physical Layer and MAC Layer Characteristics 37When time coherence is concerned, wireless channels are categorized asslow and fast fading. Fast fading occurs when the channel coherence timeis much shorter than the delay requirement of the application. Slow fadingarises if the channel coherence time is longer. In a fast fading channel, onecan transmit the coded symbols over multiple fades of the channel, while ina slow fading channel, the channel is constant during the transmission of acodeword.When coherence bandwidth is concerned, wireless channels are catego-rized into frequency-selective and �at fading. When the bandwidth of theinput signal is much larger than the coherence bandwidth, the channel is saidto be frequency-selective. When the bandwidth is considerably less than thecoherence bandwidth, the channel is said to be frequency-�at, since it af-fects all signal frequencies in almost the same manner. Note that whethera channel is fast or slow fading, �at or frequency-selective fading dependsnot only on the wireless environment but also on the input signal and itsapplications, i.e., the delay requirement of the application, the bandwidth ofthe input signal.An extended discussion on this topic can be followed in [45].3.1.2 TransmittersApplications and Tra�c Source ModelsSelecting the appropriate tra�c source model to re�ect the behavior of theusers in a telecommunication system is an important issue in order to performa successful design of new networks. Unlike existing GSM systems thatprimarily serve voice users and to some extent simple facsimile or shortmessage services (SMS), next generation of wireless technologies supports awide range of variable-bit-rate applications with high bandwidth e�ciency.Teletra�c engineering has been used for a long time to dimension tele-phone networks. Similar to the more sophisticated models described later,the voice users can be characterized in a layered structure. The most macro-scopic behavior describes the activity of the user from the time of a connec-tion setup until call termination. Within this period, the user will createtalk spurts describing the time when the actively talks followed by periodsof inactivity while listening to his counterpart. Since the activity phasescontinuously occupy the channel, the tra�c generated by this type of usersis usually characterized by an ON/OFF Process. Parameters for this typeof tra�c can be obtained from empirical measurements and consist of themean interarrival time between connection setups, together with the mean



38 Chapter 3 Resource Allocation in Wireless Networksconnection duration. In conventional systems and classical telephone net-works, it has been widely accepted to use exponential distributions for bothparameters resulting in a Poisson process description for voice users.Poisson processes are examples of continuous-time Markov processes. Acontinuous-time Markov process is a stochastic process {X(t) : t ≥ 0} thatsatis�es the Markov property and takes values from a set called the statespace; it is the continuous-time version of a Markov chain. The Markovproperty states that at any times 0 < t < s, the conditional probabilitydistribution of the process at time s given the whole history of the processup to and including time t, depends only on the state of the process at time
t. In e�ect, the state of the process at time s is conditionally independentof the history of the process before time t, given the state of the process attime t.While the characterization of voice users is fairly straightforward, thetra�c generated by data users is highly dependent on the application andhas a high burstiness, i.e., the variance of the interarrival times betweendata packets as well as the variance of the packet length can be very high.Therefore, due to the mostly feedback-oriented nature of packet orienteddata applications the simple Poisson model is no longer su�cient and thecorrelation in the interarrival time distribution of the packet streams shouldbe found.Queueing ProcessAll data that enter the network are associated with a particular commodity,which minimally de�ne the destination of the data, but might also specifyother information, such as the source node of the data or its priority serviceclass. These commodities can also be directly mapped into the type of tra�c,e.g., audio, video, and data. Each node maintains a set of internal queuesfor sorting network layer data according to its commodity. The arrival eventat a queue is due to the data generated at the upper layer as well as thedata destined for the corresponding node, i.e., as a receiver or relay forthe message. In addition, the queue length evolution at a node follows arandom/deterministic process resulted from the processes modeling both thearrival and departure events at that node. More precisely, in all states exceptthe empty queue and full queue (for �nite queues), there are two eventspossible, (i) an arrival (which is possibly rejected), and (ii) a departure.The most commonly used model for transition instants between the possiblequeue states, namely Markov decision process, is of special interest to thestudy of stochastic games (Section 4.3.2).



3.1 Physical Layer and MAC Layer Characteristics 39Coding and ModulationIn 1948, Shannon demonstrated in a landmark paper [46] that, by properencoding of the information, errors induced by noisy channel can be reducedto any desired level without sacri�cing the rate of information transmission,as long as the information rate is less than the capacity of the channel.Since Shannon's work much e�ort has been expended on the problem ofdevising e�cient encoding and decoding methods for error control in a noisyenvironment.The channel encoder introduces, in a controlled manner, some redun-dancy in the binary information sequence that can be used at the receiver toovercome the e�ects of noise and interference encountered in the transmis-sion of the signal through the channel. The binary sequence at the outputof the channel encoder is passed to the digital modulator, which serves asthe interface to the communication channel. Since nearly all the communi-cation channels encountered in practice are capable of propagating electricalsignals (waveforms), the primary purpose of the digital modulator is to mapthe binary information sequence into signal waveforms.In wireless communication systems, the quality of a signal received by adestination node depends on the quality of the corresponding wireless link,i.e., the path loss, the shadowing and the fading as well as the interferingtransmissions. In order to improve system capacity, peak data rate andcoverage reliability, the signal transmitted to and by a particular user ismodi�ed to account for the signal quality variation through a process com-monly referred to as link adaptation. Traditionally, CDMA systems haveused fast power control as the preferred method for link adaptation. Re-cently, Adaptive Modulation and Coding (AMC) have o�ered an alternativelink adaptation method that promises to raise the overall system capacity.AMC provides the �exibility to match the modulation-coding scheme to theaverage channel conditions for each user.In addition, in multiuser communication systems, �nding the capacityachieving coding and decoding schemes is recently of a great interest. Thepower control, single user subchannels (non overlapping time slots or fre-quency bands), superposition coding, and introduction of diversity paths(CDMA/MIMO) are few techniques used in transmitter side in order toachieve such a goal.



40 Chapter 3 Resource Allocation in Wireless Networks3.1.3 ReceiversAt the receiving end of a multiuser system, the digital demodulator processesthe channel-corrupted transmitted waveform and deduces the data symbols(binary or M-ary). This sequence of numbers is passed to the channel de-coder, which attempts to reconstruct the original information sequence fromknowledge of the code used by the channel encoder and the redundancy con-tained in the received data. The optimum receiver is de�ned as the receiverthat selects the most probable sequence of information bits given the receivedsignal observed over a time interval.In vector access channel 1, which is of special interest in our asymp-totic study in Chapter 7, the optimum maximum-likelihood receiver [47]has a computational complexity that grows exponentially with the numberof users. Such a high complexity serves as a motivation to devise subop-timum receivers having lower computational complexities. Near capacityreceivers with lower complexity were proposed �rst in [48]. They have aniterative structure and consist of a multiuser detector followed by a bank ofsoft input-soft output single user (SISO-SU) decoders. The soft outputs ofthe SISO-SU decoders are fed back to the multiuser detector for the itera-tive procedure. Although, those receivers reduce drastically the complexityof the receiver in [48], their complexity is still very intensive for practicalreal time infrastructures. Typical receivers are often based on a multiuserdetector followed by a bank of SISO-SU decoders.The conventional single user detector, decorrelating detector, and mini-mum mean-square-error detector are the most used linear detectors.In conventional single user detection, the receiver for each user consistsof a demodulator that properly weights or match-�lters the multiple re-ceived replica of the signal and passes the correlated output directly to thedecoder. Since the detector is based on the single correlator output, theconventional detector neglects the presence of the other users of the channelor, equivalently, assume that the aggregate noise plus interference is whiteand Gaussian.In case of orthogonal transmissions, the interference from the other usersis completely removed and the conventional single user detector is optimum.In non-synchronous transmissions and/or for non-orthogonal signatures, thistype of detector is vulnerable to interference from other users. Better per-formance in practical systems are obtained by using one of the two other1We refer as vector channel any multiuser communication system receiving multiplecopies of the transmitted signal at the receiver. Typical examples of vector channels areCDMA and multiple input multiple output systems



3.1 Physical Layer and MAC Layer Characteristics 41detectors. The decorrelator is a linear detector that optimally cancels outthe multiuser interference under the constraint of linearity. However, it doesnot account for the noise of the receiver. An additional linear approach isto minimize the mean square error of the received signal. This yields linearMMSE receiver which �nd the best tradeo� between the minimization ofmultiuser interference and noise cancelation.A further multiuser decoding technique is called successive interferencecancelation (SIC). This technique is based on removing the interfering signalwaveforms from the received signal, one at a time as they are decoded.Typically, the user having the strongest received signal is demodulated �rst.After a signal has been decoded, the reconstructed information signal issubtracted from the received signal. This multiuser decoder is of primarytheoretical interest since it achieves capacity [49]. However, in practicalsystems cancelation of erroneous systems could imply severe performancedegradation [50].3.1.4 Multiple Access TechniquesIn wireless communications, limited number of radio channels are available.These channels are shared simultaneously by many mobile users using Mul-tiple Access Techniques. Widely spread multi-access techniques are:FDMA: Frequency Division Multiple Access is based on the frequency-division multiplex (FDM) scheme, which provides di�erent frequency bandsto di�erent data-streams. In the FDMA case, the data streams are allocatedto di�erent users or nodes.TDMA: Time Division Multiple Access allows several users to share thesame frequency channel by schedule os their transmission in di�erent timeslots.CDMA: Code Division Multiple Access is a channel access scheme em-ploying spread-spectrum technology: di�erent modulation waveform is as-signed to each transmitter to allow multiple users to be multiplexed over thesame physical link.SDMA: Space Division multiple Access is a multiple input and multipleoutput (MIMO) based wireless communication technology. Multiple anten-nas at the transmitter enable to form beams that are directed to the user,possibly with nulls to other receivers, so as not to cause them interference.However, the optimal multiuser resource allocation may involves super-position in a common channel, e.g., time slot or frequency band. This topic,in the context of OFDM, is discussed in Section 3.2.1.
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Figure 3.1: Multiple access channel3.1.5 Capacity RegionThe network capacity problem deals with �nding the fundamental limits onachievable communication rates in wireless networks. A set of rates betweensource-destination pairs is called achievable if there exists a network controlpolicy and a coding strategy that guarantee those rates. When time sharingis possible, the closure of the set of achievable rates is the capacity region ofthe network. Our main focus here is on networks containing simultaneoussingle-hop transmissions. In this respect, the related information theoreticresults are those of MAC and interference channel.Multiple Access ChannelThis is the channel in which two or more senders send information to acommon receiver (Figure 2.1). We consider K senders sending their cor-responding messages S1, S2, ..., SK , over the channel. We denote a subsetof senders by J ⊆ {1, 2, ...,K}. Let Jc denote the complement of J. Let
R(J) =

∑
i∈J Ri denotes the sum of the rate of all users in subset J ,and let

X(J) = {Xi : i ∈ J} be the vector of transmitted signals by the users in J.Then we have the following theorem.Theorem 1. The capacity region of the K-user multiple-access channel isthe closure of the convex hull of the rate vectors satisfying (see e.g. [14])
R(J) ≤ I(X(J);Y |X(Jc)) for all J ⊆ {1, 2, ...,K} (3.1)for some product distribution p1(x1)p2(x2)...pK(xK).



3.1 Physical Layer and MAC Layer Characteristics 43Now we discuss the Gaussian multiple access channel in somewhat moredetail. The input-output equation for K−user MAC at time t can be writtenas
y(t) =

K∑

k=1

√
gk(t)xk(t) + z(t) (3.2)where xk(t) and gk(t) are the input signal and fading gain of the kth trans-mitter, respectively. The input signal xk(t) can be further written as xk(t) =√

pk(t)sk(t) where pk(t) and sk(t) are user k's transmit power and data withnormalized power, respectively. User k is subject to an average transmitpower constraint Pmax
k . The variable z(t) is assumed to be zero-mean whiteGaussian noise with variance σ2.We consider �rst the simple situation of MAC with time-invariant chan-nels, and the signal of user k is attenuated by a constant factor of gk atthe receiver. The capacity region of a K−user time-invariant MAC is wellknown [14]. It is the set of all rate vectors r = {r1, ..., rK} satisfying

R =
{
(r1, ..., rK) : 0 ≤

∑

n∈X

rk ≤ I(X ),∀X ⊆ {1, 2, ...,K}
} (3.3)where I(X ) is de�ned as I(X ) = I(XX ;Y ), the mutual information betweenthe input variable XX = {Xk}k∈X and the output variable Y. Note that Xis any subset of users in {1, 2, ...,K}. The channel capacity [46], denoted by

C(X ), is obtained by maximizing the mutual information over all possibleinput distributions Pr(XX ),

C(X ) = max
Pr(XX )

I(XX ;Y ) = log
{
1 +

∑
k∈X gkpk

σ2

} (3.4)where the maximum is achieved when all the inputs X1, ...,XK are indepen-dent Gaussian variables. We can derive the capacity region as
C =

{
(r1, ..., rK) : 0 ≤

∑

k∈X

rk ≤ C(X ),∀X ⊆ {1, 2, ...,K}
} (3.5)which is known to be a convex polytope. This capacity region has exactly K!vertices in the positive quadrant, each is achievable by successive decodingusing K! possible decoding orders. Successive decoding consists in decodingthe users sequentially by single user decoding and treating the users notdecoded yet as noise. At each iteration, the decoded user signal is subtractedfrom the sum signal.
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Figure 3.2: Capacity of two-user fast fading MAC with CSITNow, we consider the multiple access fading channel. In general, thereare two notions of capacity for the fading channel depending on how fastthe cannel varies and the delay requirement of the application. The �rstis the classic notion of Shannon capacity directly applied to the fast fadingchannel. In this case, the fading process is assumed to be stationary andergodic during the transmission of a codeword. Then the codeword lengthhas to be su�ciently long such that during the codeword transmission allthe channel states happen. Fast fading multiple access channels have beendeeply investigated in the two cases as both transmitters and receiver haveknowledge of the channel state and when the receiver has knowledge of thechannel state but not the transmitters.When channel state information (CSI) is perfectly known to the receiverbut the transmitters do not have such information, the codewords cannotbe chosen as a function of the CSI but the decoding can take advantage ofsuch information. The capacity region of multiple access fast-fading channelis known [1, 2], and is given by
Ce =

{
(r1, ..., rK) : 0 ≤

∑

k∈X

rk ≤ Ce(X ),∀X ⊆ {1, 2, ...,K}
} (3.6)Here, Ce(X ) is the ergodic capacity

Ce(X ) = Eg

[
log
(
1 +

∑
k∈X gkpk

σ2
)] (3.7)



3.1 Physical Layer and MAC Layer Characteristics 45where g = {g1, ..., gK} is a random vector having the stationary distributionof the joint fading process.When channel state information at the transmitter (CSIT) is also avail-able, the capacity region is a union of capacity regions (Figure 2.2), eachcorresponding to a feasible transmit power strategy [3]). A transmit powerpolicy p(.) is a mapping from the fading state space to R
K
+ . Given a jointfading state g, pk(g) can be interpreted as the transmit power of user k. Fora given power policy p, we can write the set of rates in (3.6) as a function of

p, i.e., C(p). Thus, the capacity region for multiple access fast-fading chan-nel with both CSI at the transmitter and CSI at the receiver (CSIR) can bewritten as
C̃(p) =

⋃

p∈P

C(p) (3.8)where P is the set of all feasible transmit power strategies satisfying
P = {p : E[pk(g)] ≤ Pmax

k ,∀k} (3.9)The second notation of capacity for fading channels is the concept of delaylimited capacity. Let us turn now to slow fading channels where the delayrequirements for the transmission of a codeword is shorter than the timescale for channel ergodicity. It is well known that the Shannon capacity is ingeneral zero for slow-fading channels with CSIR only [46]. This is becausewith a strict delay constraint, the channel may remain in deep fading overthe whole transmission duration of a codeword, and a nonzero possibilityof error exists for any positive rate target. In this case, it is reasonable toallow a certain percentage of outage and try to achieve a rate target forthe remainder of the time. With this in mind, we will later introduce anappropriate performance metric for our network settings in chapters 5 to 7.The case of slow fading channels with full CSI at both ends has beenaddressed in [3] Assume that the set of possible fading states G is bounded.The delay-limited capacity region for the case when all the transmitters andreceivers know the current state of the channel is
C̃d(p) =

⋃

p∈P

⋂

g∈G

Cg(g,p(g)) (3.10)where P is the set of all feasible power control policies satisfying the av-erage power constraints, and Cg(g,p(g)) is the capacity of the time-variantGaussian multiaccess channel, for the channel realistic g, given by
Cg(g,p(g)) =

{
r : r(X ) ≤ log

(
1+

∑
k∈X gkpk

σ2
)
,∀X ⊆ {1, 2, ...,K}

} (3.11)



46 Chapter 3 Resource Allocation in Wireless Networks

Figure 3.3: Interference channelThe intuitive content of the above equation is that a rate vector r is achiev-able in the delay-limited sense if one can choose a feasible power controlpolicy such that su�cient mutual information is maintained between thetransmitters and the receiver at all fading states.Interference ChannelThe interference channel (IC) is currently object of intensive studies bothin information and communications theory. IC consists of several transmit-ters aiming to convey independent messages to their corresponding receiversthrough a common channel (Figure 2.3). The study of this kind of channelswas initiated by C. E. Shannon [51], and further by R. Ahlswede [52] whogave simple but fundamental inner and outer bounds to the capacity region.Ever since, several achievable rate regions as well as inner and outer boundsfor capacity region are obtained by transforming the problem to one of theassociated multiple-access or broadcast channel, i.e., [53�56]. Despite somespecial cases, such as very strong and strong interference and degraded IC,where the exact capacity region has been derived [57, 58], the characteri-zation of the capacity region for the general case is still an open problem.Carleial [57] introduced the Gaussian IC with power constraints and showedthat very strong interference is equivalent to no interference. In their pio-neering work, Han and Kobayashi proposed a coding scheme in which thereceivers are allowed to decode part of the interference as well as their owndata [54]. Their achievable region in a two-user network is still the bestinner bound for the capacity region. Specially, in their scheme, the messageof each user is split into two independent parts, the common part and theprivate part. The common part is encoded such that both users can decode



3.1 Physical Layer and MAC Layer Characteristics 47it. The private part, on the other hand, can be decoded only by the in-tended receiver and the other receiver treats it as noise. Tse and Etkin [59]showed that the existing outer bounds can in fact be arbitrarily loose in someparameter ranges, and by deriving new outer bounds, they showed that asimpli�ed Han-Kobayashi type scheme can achieve to within a single bit thecapacity for all values of the channel parameters.As an example, we represent the achievable rate region of a strong IC.Consider the two-user Gaussian IC. The input-output equations can be rep-resented in standard form as
y1 = x1 +

√
ax2 + z1 (3.12)

y2 =
√
bx1 + x2 + z2. (3.13)where xi and yi denote the input and output alphabets of user i ∈ {1, 2},respectively, and z1 and z2 are standard random Gaussian variables. Weassume g11 = g22 = 1, and the constants a ≥ 0 and b ≥ 0 represent thegains of the interference links. Furthermore, transmitter i is subject to thepower constraint Pmax

i . Depending on a and b, the two-user Gaussian IC isclassi�ed into weak, strong, mixed, one-sided, and degraded Gaussian IC. InFigure 2.4, regions in ab−plane together with associated names are shown.Among all the classes shown in the �gure, the capacity region of the strongGaussian IC is fully characterized. In this case, the capacity region can bestated as the collection of all rate pairs (r1, r2) satisfying
r1 ≤ γ(p1) (3.14)
r2 ≤ γ(p2) (3.15)
r1 + r2 ≤ min{γ(p1 + ap2), γ(bp1 + p2)}. (3.16)where γ(p) = log(1 + p

σ2 ).A review of the inner bounds and outer bounds for all the three classesis presented by Khandani et al. in [60]. Treating interference as noise is notalways the best strategy. Since the interference caused by another user isintrinsically a codeword from a codebook, it is possible to decode the inter-ference at the receiver side which results in transmitting at higher rates. Byestablishing certain properties of the maximum decodable subset, Khandaniet al. proposed a polynomial time algorithm that separate the interferingusers into two disjoint parts [61]: the users that the receiver is able to jointlydecode their messages and its complement. They introduced an optimiza-tion problem that gives an achievable rate for this channel. Their proposedmethod on �nding the maximum decodable subset of interferers is exploitedin Chapter 7 where a SIC decoder is considered at the receivers.



48 Chapter 3 Resource Allocation in Wireless Networks

Figure 3.4: Classes of two-user ICs3.2 Resource AllocationResource allocation is an assessment to decide about how to divide limited(e.g., power) or restricted (e.g., rate) amount of resources among individu-als who compete or interact with each other. The wireless communicationresources vary among di�erent network setups. The resources, in this study,are power, rate, and frequency bandwidth. The existing algorithms are at-tempting to separately or jointly allocate one or more resources.In the following review, we speci�cally take into account three main fac-tors which a�ect the choice of a resource allocation scheme
• Queue backlog: The scheduling performance has been mostly evaluatedassuming that there is an in�nite backlog of packets in each queue. Inorder to evaluate the service received by a user in a system that con-tains variety of service demands, it is necessary to take into account theoccupancy of the queues. For example, a resource allocation algorithmthat provides high throughput to users with favorable channel condi-tions will tend to satisfy the service demands of these users sooner. Asa result, the algorithm would be left facing a user population with ahigher fraction of users with poor channel conditions.
• Channel related assumptions: The channel-related assumptions are



3.2 Resource Allocation 49addressed in two ways: (i) availability of the channel state informa-tion, and (ii) channel access method and network topology. Perfectknowledge of the channel state has often been assumed in the litera-ture studying the performance of opportunistic scheduling. Although3G systems employ channel estimation and reporting mechanisms, thechannel state information available to the base station is not perfect:it is delayed and often outdated. In addition, the channel estimationmechanism itself introduces channel estimation errors at the mobilestation. Three levels of knowledge can be considered: perfect channelknowledge, imperfect knowledge, and no knowledge. Note however thatno knowledge still assumes that the statistical information is available.Regarding the channel access method and network topology, the as-sumption can include any following techniques: multiple access chan-nel/broadcast channel/interference channel, TDMA/FDMA, as well asconsideration of diversity paths in CDMA and SDMA.
• System and service constraints: The constraints can be divided intotwo classes: (i) system-related constraints including limited spectrum,limited energy, and variant channel in time and frequency, (ii) service-related constraints including minimum throughput, maximum delay,maximum outage probability, and maximum power consumption.We focus on the distributed resource allocation in both OFDM-basedMAC and interference channel. For OFDM-based MAC setting, we havetaken into account the conventional single layer resource allocation (in�nitequeue backlog). An extended literature of resource allocation in OFDMand OFDMA setups is given in [8]. In this section, we review the selectedliterature which is of special interest for our study.For the interference channel, due to the fact that queues' stability is ofspecial importance in ad hoc networks, we studied the existing cross-layerresource allocations.3.2.1 Resource Allocation in OFDM-based MACThere is plenty of room to exploit the high degree of �exibility of radioresource management in the context of OFDM. Since channel frequency re-sponses are di�erent at di�erent frequencies or for di�erent users in a net-work, the performance of the network can be signi�cantly improved throughdata rate adaptation over each subcarrier, dynamic subcarrier assignment,



50 Chapter 3 Resource Allocation in Wireless Networksand adaptive bit and power allocation.2The performance of wireless OFDM systems can be signi�cantly in-creased if the transmitter and receiver pair adapt constantly to the currentchannel conditions. For point-to-point connections the transmitter generatesa power and/or modulation (possibly including also encoding) assignmentper subcarrier. Sub-carriers with relatively low attenuations convey moreinformation, sub-carriers with relatively high attenuations contribute less tothe transmission. From information theory the water-�lling algorithm, givenall the channel gains are known, provides the capacity of the point-to-pointOFDM transmission [14]. The capacity is achieved by adapting the trans-mit power to the channel gain. Roughly speaking, given a limited transmitpower, more power is applied to frequency areas with a lower attenuationgain compared to the other frequencies. Assuming a �xed average channelgain and a �xed bandwidth, the capacity of the channel increases the morediverse the channel is (i.e., the higher the variance is).In the case of multiaccess systems, the resource allocation problem ismore complex. In addition to the power and modulation assignment per sub-carrier, the available sub-carriers have to be assigned to multiple terminals.In general, a resource allocation based on disjoint subcarrier assignment andpower allocation is not optimal.The information theoretical aspects of this problem are studied mostlyin the frame of frequency-selective Gaussian MAC or interference channel.Gallager formulated the problem in [15]. In [2], Tse and Hanly characterizedthe ergodic capacity of a time-varying frequency-selective Gaussian MACwhere the channel frequency response is continuous. The problem in anin�nite dimension (a continuous frequency domain) can be transformed intoa �nite dimension (a discrete frequency domain) problem, by dividing thefrequency spectrum into a large number of orthogonal subchannels.2This property of OFDM systems has lead to the speci�cation of various systemsbased on OFDM. Modern digital audio [9] and video [10] broadcasting systems rely onOFDM. Much of Europe and Asia has adopted OFDM for terrestrial broadcasting of digitaltelevision (DVB-T, DVB-H and T-DMB) and radio (Digital Radio Mondial, HD Radioand T-DMB). Some well known High speed wireless Local Area Network (LAN) standards,e.g., IEEE 802.11a/g [?], are based on OFDM, as well as other wireless network standardssuch as IEEE 802.16 [12]. However, OFDM has also been applied to wired frequency-selective channels, as in the case of Digital Subscriber Line (DSL) systems for twisted-pair cables [13]. Due to this recent popularity of the OFDM transmission scheme, it isalso considered as candidate for high-rate extensions to third generation communicationsystems as well as for forth generation mobile communication systems. It is also now beingused in the WiMedia/Ecma-368 standard for high-speed wireless personal area networks(PAN) in the 3.1-10.6 GHz ultrawideband spectrum.



3.2 Resource Allocation 51In this context, centralized and distributed iterative algorithms whichconverge to the sum-rate optimal point on the boundary of the capacityregion are proposed respectively by Yu and Lui in [16] and by Huang etal. in [17]. Some early works added the FDMA restriction into the model.FDMA, in which multiple bands are pre-assigned to the users on a non-overlapping basis, is mainly used in DSL systems as a standard approachto eliminate the multiuser interference. In [18], Yu and Cio� proposed anumerical method for characterizing the achievable rate region for Gaussianmultiple access channel with ISI under the FDMA restriction, considering a�nite number of frequency bins. Verdu and Cheng in [19] showed that theoptimum multiuser water�lling spectrum involves superposition in frequency,so FDMA alone is not optimal except in special cases.The design of multicarrier communications systems often involves a max-imization of the total throughput subject to system resource constraints. [16]provided a method for �nding the global optimum for this problem. Althoughthe paper focuses on OFDM interference channel but the same results canbe represented in OFDM-based MAC as well. It is shown that the dualitygap for a non-convex optimization problem is zero if the optimization prob-lem satis�es a time-sharing condition. Further, the time-sharing conditionis always satis�ed for the multiuser spectrum optimization problem in mul-ticarrier systems when the number of frequency carriers increases towardsin�nity.In general, the optimization problems in multiuser OFDM systems areNP-complete problems, with exponential complexity both in the number ofsubcarriers, for �xed links, and in the number of links, for �xed numbersof subcarriers. General formulation of optimization problems for allocatingsubcarriers and powers for networks of interfering links are provided by Luoand Zhang in [20]. Part of the complexity comes from the combinatorial na-ture of the problem, in that there are many subcarriers per transmitter, andeach has a di�erent channel gain (although there are typically strong corre-lation between neighboring subcarriers). Further, the problem is non convexwhen interference is taken into account [21]. In addition to these challengeswhich directly related to the characteristics of the optimization problem, thetime-varying property demand low complexity algorithms implementable inreal-time. A spectrum allocation algorithm based on channel state informa-tion requires channel measurement, feedback, computation, and convergencein a coherence time interval. This could be possible in centralized systemsand in low mobility scenarios but seems more di�cult otherwise. Signi�cante�orts of current research in wireless are devoted to the design of resourceallcoation algoeithms based on limited (partial and/or statistical) channel



52 Chapter 3 Resource Allocation in Wireless Networksside information.Despite the relatively high complexity, the potential performance im-provements achieved by dynamic OFDM schemes is very relevant. Thus,many suboptimal schemes have been studied recently. Iterative water�lling(IWF) is the mostly used resource allocation in this structure. However, theIWF process does not seek to �nd the global optimum for the entire net-work. Two common methods for decreasing the complexity of problem are:(i) reducing the number of decision variables, (2) replacing the centralizedoptimizations by the distributed ones or game.In centralized systems with complete CSI at transmitters most researcheshave investigated the impact of reducing the complexity by reducing thenumber of decision variables in the optimization problem (by �xing some ofthem). A common example in OFDM system is when the subcarriers arepre-assigned to the users (FDMA). In this case, the optimal power allocationof all users over their �xed subcarriers are assessed by resource allocation al-gorithm. In [22], Wong et al. proposed a multiuser OFDM subcarrier, bit,and power allocation algorithm to minimize the total transmit power. Thisalgorithm is based on a suboptimal subcarrier allocation, and a subsequentsingle-user bit allocation is applied on the allocated subcarriers. In [23],Thanabalasingham et al. considered the problem of joint subcarrier andpower allocation for the downlink of a multiuser multi-cell OFDM cellularnetwork. They investigated the performance degradation due to either thesuboptimal static subcarrier allocation or �at transmit power spectrum. Themodel used for the channel takes into account the lognormal shadowing andpath loss, but not frequency-selective multipath fading. It is shown that theperformance of the two suboptimal algorithms is nearly as good as the opti-mal algorithm that jointly allocates subcarriers and power spectral densitiesto the mobiles.Centralized multiuser resource allocations are constrained optimizationproblems in a vector space. Thus, replacing a centralized multiuser resourceallocation by the corresponding distributed one mainly reduces the complex-ity imposed by non-convex utility functions due to the interference. Addi-tionally, decisions can be made based on local information and the amount ofsignalling is reduced. The performance of the distributed algorithm can beused as a lower bound for the performance of the corresponding centralizedalgorithm.The assumption of complete CSI at all transmitters may not be realisticin mobile cellular scenarios with time-varying channel conditions as well asin ad hoc networks. In this case, the resource allocation needs to be per-formed based on statistical knowledge of the channel conditions. When the



3.2 Resource Allocation 53channel evolves slowly, the communication system is intrinsically a�ected byoutage event. In this regard, Hanly and Tse [3] introduced the concept ofdelay-limited capacity region. They proposed that one can look upon thefrequency-selective fading channel as a time-varying channel where, at eachfading state, a frequency response is speci�ed for each user, representingthe multipath. Thus it can be viewed as a set of parallel channels, eachone jointly speci�ed by the fading state and the frequency. In order to bedelay-limited in this channel, each user can allocate rates over the di�er-ent frequencies but the minimum rate summed over the frequencies must besatis�ed for each fading state. In [24], Hanly et al. considered an outage-probability-based resource allocation problem for multiuser, multi-cell sys-tem. They formulate a min-max outage probability problem and solve itunder the constraint that the transmit power spectrum at each base stationis �at. If more power must be allocated to a mobile to keep a certain qualityof service, for example, when the mobile moves close to the cell boundary,there are two independent ways to achieve this: by increasing the cell powerlevel as a whole, or by increasing the number of subcarriers allocated to themobile. The authors considered a second algorithm based on �xed subcar-rier allocation and dynamic power allocation. They argued that the proposed�at power algorithm is signi�cantly superior with respect to the objective ofminimizing the maximum outage probability.Much work has been done on competitive game theory applied to fre-quency selective interference channel, with the early works of Yu et al. [25],subsequent works of Scutari et al.(see [5] and the references therein) and arecent paper by Gaoning et al. [6]. A particularly interesting topic is theuse of generalized Nash games to the weak interference channel [26], and thealgorithm in [27] which extends the �xed margin IWF to iterative pricingunder �xed rate constraint.An alternative way to overcome the suboptimality of the competitive ap-proach is to use the concept of repeated games and learning dynamics. Thisapproach has been extensively applied in power allocation [28�31]. Powerallocation in interference networks is inherently a repetitive process and itis natural to model interactions among users by repeated games. These ap-proaches introduce a learning phase which provides users with information(intelligence) to make a correct decision. The convergence of the learningdynamics in the repeated game is the main challenge of these schemes. Ad-ditionally, they assume slow fading channels.Following this literature overview, now we highlight our contribution intothe subject. In fact, only few works in literature are concentrated on slowfading channel with partial channel side information. In [21], Etkin et al.



54 Chapter 3 Resource Allocation in Wireless Networksconsidered a slow fading interference channel with initial partial channelstate information. By using the approach of repeated games, informationabout the channel and the interactions is acquired. Recently, Xiao Lei etal. [32] considered a block fading interference channel with knowledge of thestate of the direct links but only statistical knowledge on the interferinglink. With this assumption, reliable communications are not possible anda certain level of outage has to be tolerated. The authors considered theresource allocation games for utility functions based on the real throughputaccounting for the outage events. In this context they investigated the twocases of power allocation for prede�ned transmission rates as well as jointpower and rate allocation.3.2.2 Cross-layer Resource Allocation in Interference Chan-nelResource allocation solely based on CSI is unable to update rate allocationproperly according to the dynamics of the input tra�c. By ignoring therandomness in packet arrival and queueing, such approaches can guaranteeneither the stability of queueing systems nor the acceptable queueing delay.To account for queueing parameters, a cross layer approach is needed.The bene�t of cross-layer design and joint optimization of this controlmechanisms are well known in centralized communication systems (e.g., [4]and references therein).Centralized cross-layer approaches for resource allocation have been pro-posed both for the uplink and the downlink (broadcast channel). Awarenessof both channel state information (CSI) and queue state information (QSI)enables for throughput optimal policies, i.e., policies which achieve the er-godic capacity region of a fading channel network [33,34] (see e.g., maximumweighting matching scheduling [35]). Other properties, besides the through-put optimality, like the average queueing delay, have been also object ofstudies [4, 36].The decentralized algorithms for resource allocation in interference net-works is a complex and intriguing problem since the decision a�ects manyfundamental operational aspects of the network and its resulting perfor-mance. Several alternative approaches have been proposed in both conven-tional and cross-layer schemes in interference networks. Two main streamscan be identi�ed: (i) schemes based on repeated games and learning dynam-ics, (ii) constrained stochastic games.The �rst approach has been mainly applied for conventional single layerpower allocation schemes [30, 31, 37, 38]. Power allocation in interference



3.2 Resource Allocation 55networks is inherently a repetitive process and it is natural to model inter-actions among users with repeated games. These approaches introduce alearning phase which provides users with information (intelligence) to makea correct decision. The convergence of the learning dynamics in the repeatedgame [37] is the main challenge of these schemes. Additionally, they assumeslow varying channels.Constrained stochastic games have been applied to decentralized crosslayer design for multiple access. In [39], Altman et al. considered a MACfading channel with channel states distributed according to a Markov chain.Furthermore, each transmitter is provided with a queue fed by a Poissonprocess. Decentralized sel�sh and cooperative games, eventually correlated,are proposed to optimize a utility function under the constraints on themaximum average queueing delay and maximum average power. Under theassumption of �xed transmission rate for all users and the assumption thatreliable communications are always possible in the decentralized context,the utility function in [39] is the average maximum achievable rate. Theproposed algorithms enable power allocation and admission control (acceptor reject incoming packets in the queues). In a system with decentralizedcontrol mechanisms where each transmitter is not aware of the interferers'presence (and e�ects) and it is intrinsically subject to outage, the assumptionof reliable communications is rather strong. Additionally, the constraint of a�x transmission rate in any channel condition does not allow for an optimalutilization of the channel and a more e�cient use of the channel is expectedby controlling and adapting the transmission rates to the CSI. An extensionof the previous works to the interference networks is presented in chapter 6and 7.
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Chapter 4
Mathematical Preliminaries
In this chapter, we introduce two fundamental mathematical theories, namelyoptimization theory and game theory. Note that, only an extension of thesetopics which is relevant to our study is presented here. The �rst sectionrepresents the basic math concepts which are used in the later sections.We proceed by introducing the optimization theory and related topics, i.e.duality theory and KKT conditions. The de�nition of game followed by in-troduction of two special categories of games, namely Bayesian game andstochastic game, as well as their application in wireless communication. We�nally gave a brief introduction to random matrix theory.4.1 Basic Math ConceptsDe�nition 1. (Stationary point) Let f : Rn →R be a di�erentiable functionin x0 ∈ Rn. x0 is a stationary point of function f(x) if 5f(x), the gradiantof f(x), is null in x0, i.e., 5f(x)∣∣x0

= 0.De�nition 2. (Bounded set:) In an Euclidean space E
n, a set C is said tobe bounded if and only if it is contained inside some hypersphere of �niteradius.De�nition 3. (Compact set) A subset of an Euclidean space is called com-pact if it is closed and bounded. 57



58 Chapter 4 Mathematical PreliminariesDe�nition 4. (Convex set) In an Euclidean space E
n, a set C is convex iffor every pair of points within C, every point on the straight line segment thatjoin them is also within C, i.e., if for any x1, x2 ∈ C and any θ ∈ [0, 1], wehave

θx1 + (1− θ)x2 ∈ C (4.1)De�nition 5. (Lattice) A lattice is a partially ordered set or poset in whichany two elements have a unique supremum (the elements' least upper bound;called their joint) and a unique in�mum (greatest lower bound; called theirmeet). In other word, a poset (L,≤) is a lattice if it satis�es the followingtwo conditions. For any a, b ∈ L, the set {a, b}, (i) has a joint a∨ b, and (ii)has a meet a ∧ b.De�nition 6. (Sublattice) A sublattice of a lattice L is a nonempty subsetof L which is a lattice with the same meet and join operations as L. That is,if L is a lattice and M is a subset of L such that for every pair of elements
a, b ∈M both a ∨ b and a ∧ b are in M, then M is a sublattice of L.De�nition 7. (Concave function) A function f : X → R is concave if thedomain of the function f is a convex set and if for any x1, x2 ∈ X and any
θ ∈ [0, 1], we have

f(θx1 + (1− θ)x2) ≥ θf(x1) + (1− θ)f(x2) (4.2)De�nition 8. (Quasi-concave function) A function f : X → R is quasi-concave if the domain of the function f is a convex set and if for any x1, x2 ∈
X and any θ ∈ [0, 1], we have

f(θx1 + (1− θ)x2) ≥ min{f(x1), f(x2)} (4.3)Note that a concave function is quasi-concave.De�nition 9. (Semi-continuous function ) An real-valued function f is up-per (lower) semi-continuous at a point x0 if, roughly speaking, the functionvalues for arguments near x0 are either equal to f(x0) or less than (greaterthan) f(x0).De�nition 10. (Piecewise function) A piecewise function is a function thatis de�ned on a sequence of intervals. In addition, a piecewise linear functionis a piecewise-de�ned function whose pieces are linear.De�nition 11. (Supermodular function) A function f : RK → R is super-modular if
f(x ∨ y) + f(x ∧ y) ≥ f(x) + f(y) (4.4)



4.2 Elements of Constrained Optimization 59for all x, y ∈ R
K . If f is twice di�erentiable, then supermodularity is equiv-alent to the condition ∂2f

∂zi∂zj
≥ 0 for all i 6= j. [62]De�nition 12. (Submodular function) A function f : RK → R is submodu-lar if

f(x ∨ y) + f(x ∧ y) ≤ f(x) + f(y) (4.5)for all x, y ∈ R
K . If f is twice di�erentiable, then submodularity is equivalentto the condition ∂2f

∂zi∂zj
≤ 0 for all i 6= j.4.2 Elements of Constrained OptimizationConstrained optimization is the maximization (minimization) of an objec-tive function subject to constraints on the possible values of the indepen-dent variable. Constraints can be either equality constraints or inequalityconstraints. Since the scalar-variable case follows easily from the vector one,only the latter is discussed here.The typical constrained optimization problem has the

minimize fo(x)

s.t. fi(x) ≤ 0 i = 1, ...,m

hj(x) = 0 j = 1, ..., p. (4.6)with x ∈ R
K . The functions fi(x) de�ne the inequality constraints and the

hj(x) functions de�ne the equality constraints. A point that satis�es allconstraints is said to be a feasible point. An inequality constraint is said tobe active at a feasible point x if fi(x) = 0 and inactive if fi(x) < 0. Equalityconstraints are always active at any feasible point. To simplify notation wewrite h = [h1, ..., hp] and f = [f1, ..., fm], and the constraints now become
h(x) = 0 and f(x) ≤ 0. The convext optimization is de�ned as follows.De�nition 13. (Convex Optimization) A convex optimization problem is anoptimization of form (4.6), where fi, i = 0, 1, ...,m are convex functions, and
hj , j = 1, ..., p are a�ne functions.Convex optimization problem has a unique minimizer, i.e., the optimalsolutions set is a single point. Note that, strict convexity of the objectivefunction is not su�cient to guarantee a unique optimum. In addition, eachcomponent of the constraint must be strictly convex to guarantee that theproblem has a unique solution. Because of the constraints, being a stationarypoints (De�nition 1) of f(.) is not a necessary neither a su�cient condition



60 Chapter 4 Mathematical Preliminariesto be solution to the constrained problem. In fact, the stationary pointsmay not satisfy the constraints or the optimum is out of the boundary andthe solutions to the constrained problem are often not stationary points ofthe objective function. Consequently, ad hoc techniques of searching for allstationary points of the objective function that also satisfy the constraintare not su�cient [63].Classical approach to solving constrained optimization problems is themethod of Lagrange multipliers. This approach converts the constrained op-timization problem into an unconstrained optimization. The Lagrangian ofa constrained optimization problem is de�ned to be the scalar-valued func-tion L(x,λ,µ) = fo(x) + λTf(x) + µTh(x), for any non-negative vectorsof λ and µ. The essential observation is that stationary points of the La-grangian are potential solutions of the constrained problem. This fact hasled to introduction of several methods for solving constrained optimizationproblems, e.g., duality theory and Karush-Kuhn-Tucker (KKT) condtions.In the following, we �rst de�ne the dual of problem (4.6). Next, we introduceKKT necessary conditions which can be used to investigate whether the dualoptimal solutions coincide with the primal optimal solutions. KKT condi-tions are necessary for a solution in nonlinear programming to be optimal,provided that some regularity conditions are satis�ed. For certain classesof optimizations, KKT conditions are su�cient as well. In such cases, thisset of multivariate equations can be solved in order to obtain the global op-timal solutions of problem (4.6). In mathematics, much research has beenfocused on methods for �nding the closed form solutions of such a set ofequations, e.g., linear complementarity problem and variational inequalityproblem (non-linear complementarity problem).4.2.1 Duality TheoryThe basic idea in Lagrangian duality is to take the constraints in (4.6) intoaccount by augmenting the objective function with a weighted sum of theconstraint functions. The Lagrangian L : RK × R
m × R

p → R is de�ned as
L(x,λ,µ) = fo(x) +

m∑

i=1

λifi(x) +

p∑

j=1

µjhj(x) (4.7)We refer to λi as the Lagrangian multiplier associated with the ith inequalityconstraint fi(x) ≤ 0; similarly we refer to µj as the Lagrangian multiplierassociated with the jth equality constraint hj(x) = 0.We assume the feasibleset D =
⋂m

i=0(fi ≤ 0) ∩⋂p
j=1(hj = 0) is nonempty, and denote a solution of(4.6) by p∗.



4.2 Elements of Constrained Optimization 61The vector λ and µ are called the dual variables or Lagrange multipliervectors associated with the problem (4.6). We de�ne the Lagrange dualfunction (or just dual function) as
g(λ,µ) = inf

x∈D

(
fo(x) +

m∑

i=1

λifi(x) +

p∑

j=1

µjhj(x)
)
. (4.8)When the Lagrangian is unbounded below in x, the dual function takes onthe value −∞. Since the dual function is the pointwise in�mum of a familya�ne functions of (λ,µ), it is concave, even when the problem (4.6) is notconvex.For each pair (λ,µ) with λ � 0, (element-wise comparison) the La-grange dual function gives us a lower bound on the optimal value p∗ of theoptimization problem (4.6). Thus we have a lower bound that depends onsome parameters λ,µ. A natural question is: What is the best lower boundthat can be obtained from the Lagrange dual function? This leads to theoptimization problem

maximize g(λ,µ) (4.9)
s.t. λ � 0This problem is called the Lagrange dual problem associated with the prob-lem (4.6). In this contex the original problem (4.6) is called the primalproblem. The term dual feasible is to describe a pair (λ,µ) with λ � 0 and

g(λ,µ) > −∞. We refer to (λ∗,µ∗) as dual optimal or optimal Lagrangemultipliers if they are optimal for the problem (4.9). The Lagrange dualproblem (4.9) is a convex optimization problem, since the objective to bemaximized is concave and the constraint set is convex. This is the casewhether or not the primal problem is convex.The optimal value of the Lagrange dual problem, which we denote d∗,is, by de�nition, the best lower bound on p∗ that can be obtained from theLagrange dual function. In particular, we have the simple but importantinequality
d∗ ≤ p∗ (4.10)which holds even if the original problem is not convex. This property iscalled weak duality. We refer to the di�erence p∗ − d∗ as the gap betweenthe optimal value of the primal problem and the best (i.e., greatest) lowerbound on it that can be obtained from the Lagrange dual function. Theoptimal duality gap is always nonnegative. The bound (4.10) can sometimesbe used to �nd a lower bound on the optimal value of a primal problem that



62 Chapter 4 Mathematical Preliminariesis di�cult to solve, since the dual problem is always convex, and in manycases can be solved e�ciently. In other words, dual feasible points allow usto determine how suboptimal a given feasible point is, without knowing theexact value of p∗. If the equality
d∗ = p∗ (4.11)holds, i.e., the optimal duality gap is zero, then we say that strong dualityholds. This means that the best bound that can be obtained from the La-grange dual function is tight. Strong duality holds when the primal problemis convex. There are many results that establish conditions on the problem,beyond convexity, under which strong duality holds. These conditions arecalled constraint quali�cations. One simple constraint quali�ction is Slater'scondition: There exists an x interior to D such that

fi(x) < 0, i = 1, ...,m. h(x) = 0. (4.12)Such a point is sometimes called strictly feasible, since the inequality con-straints hold with strict inequality.In the context of nonconvex multiuser spectrum optimization problemsin wireless communications, the duality theory plays a signifcant role. InChapter 5, the multiuser spectrum optimization of multicarrier communica-tions systems is modeled through its dual problem. In fact, [16] showed thatthe duality gap of nonconvex optimization problem for the multiuser spec-trum optimization problem in multicarrier systems is zero when the numberof frequency carriers goes to in�nity. This observation leads to a low com-plexity algorithm which evaluates a tight lower bound on the performanceoptimal values.An alternative way in order to check whether the solutions of Lagrangedual problem are optimal for primal problem, is to investigate whether theysatisfy the KKT conditions.4.2.2 KKT ConditionsWe now assume that the function fo, .., fm, h1, ..., hp are di�erentiable (andtherefore have open domains), but we make no assumptions yet about con-vexity. Let x∗ and (λ∗,µ∗) be any primal and dual optimal points withzero duality gap. Since x∗ minimizes L(x,λ∗,µ∗) over x, it follows that itsgradient must vanish at x∗, i.e.,
5fo(x) +

m∑

i=1

λi 5 fi(x) +

p∑

j=1

µj 5 hj(x) = 0 (4.13)



4.3 Elements of Game Theory 63Thus we have
fi(x

∗) ≤ 0, i = 1, ...,m (4.14)
hi(x

∗) = 0, i = 1, ..., p (4.15)
λ∗i � 0, i = 1, ...,m (4.16)
λ∗i fi(x

∗) = 0, i = 1, ...,m (4.17)
5 fo(x) +

m∑

i=1

λi 5 fi(x) +

p∑

j=1

µj 5 hj(x) = 0 (4.18)which are called the Karush-Kuhn-Tucker (KKT) conditions [64]. To sum-marize, for any optimization problem with di�erentiable objective and con-straint functions for which strong duality holds, any pair of optimal anddual optimal points must satisfy the KKT conditions. The KKT necessaryconditions are su�cient for optimality if the objective function and the in-equality constraints are continuously di�erentiable convex functions and theequality constraints are a�ne functions. The KKT conditions play an im-portant role in optimization. In a few special cases it is possible to solvethe KKT conditions (and therefore, the optimization problem) analytically.A common method is to transform the problem into a Linear/Non-LinearComplementarity Problem. Often, these problems boils down to some iter-ative algorithms where each iteration is a linear or quadretic programmingproblem. These approaches are out of the scope of this dissertation. Theinterested readers are referred to [65] or the reference book by Cottle [66].4.3 Elements of Game TheoryGame theory is a �eld of applied mathematics that describes and analyzesinteractive decision situations. It provides analytical tools to predict theoutcome of complex interactions among rational entities, where rationalitydemands strict adherence to a strategy based on perceived or measured re-sults. The main areas of application of game theory are economics, politicalscience, biology and sociology. From the early 1990s, engineering and com-puter science have been added to this list. The rational decision makers ina game are referred to as players. In the most straightforward approach,players select a single action from a set of feasible actions. Interaction be-tween the players is represented by the in�uence that each player has onthe resulting outcome after all players have selected their actions. Eachplayer evaluates the resulting outcome through a payo� or utility functionrepresenting her objectives.



64 Chapter 4 Mathematical PreliminariesFormally, a normal form of a game G is given by G = (I,A, {wi}) where
I = {1, 2, ...,K} is the set of players (decision makers), Ai is the action set(strategy set) for player i, A = A1 ×A2 × ...×AK is the Cartesian productof the sets of actions available to each player, and {wi} = {w1, ..., wK} isthe set of utility functions that each player i wishes to maximize, where
wi : A → R. An strategy can be either pure or mixed. A pure strategyprovides a complete de�nition of how a player will play a game. However,a mixed strategy is an assignment of a probability to each pure strategy.This allows for a player to randomly select strategy. Since probabilities arecontinuous, there are in�nitely many mixed strategies available to a player,even if their strategy set is �nite. We focus on pure strategies �rst. Mixedstrategies discussed in more detail in a subsequent section where we presentstochastic games.The utility can represent either a cost function or a payo� function.Without loss of generality, we considered a payo� function wi and the corre-sponding maximization problem here. For every player i, the utility functionis a function of the action chosen by player i, ai and the actions chosen byall the players in the game other than player i, denoted as a−i. Together, aiand a−i make up the action tuple a. An action tuple is a unique choice ofactions by each player. From this model, steady-state conditions known asNash equilibria can be identi�ed. Before describing the Nash equilibrium wede�ne the best response of a player as an action that maximizes her payo�function for a given action tuple of the other players. Mathematically, a(a−i)is a best response by player i to a−i if

a(a−i) ∈
{
ai|ai ∈ Ai, argmaxwi(ai,a−i)

} (4.19)A Nash equilibrium (NE) is an action tuple that corresponds to the mutualbest response: for each player i, the action selected is a best response tothe actions of all others. Equivalently, a NE is an action tuple where noindividual player can bene�t from unilateral deviation. Formally, the actiontuple a∗ = (a∗1, a
∗
2, ..., a

∗
K) is a NE if

wi(a
∗
i ,a

∗
−i) ≥ wi(ai,a

∗
−i) ,∀ai ∈ Ai,∀i ∈ I (4.20)The action tuples corresponding to the Nash equilibria are a consistent pre-diction of the outcome of the game, in the sense that if all players predictthat a Nash equilibrium will occur then no player has any incentive to choosea di�erent strategy. There are issues with using the Nash equilibrium as aprediction of likely outcomes (for instance, what happens when multiplesuch equilibria exist?). There are also re�nements to the concept of Nashequilibrium tailored to certain classes of games.



4.3 Elements of Game Theory 65Normal HighNormal (win,win) (win much,lose much)High (lose much,win much) (lose,lose)Table 4.1: Payo� matrixThere is no guarantee that a Nash equilibrium, when one exists, willcorrespond to an e�cient or desirable outcome for a game (indeed, sometimesthe opposite is true). Pareto optimality is often used as a measure of thee�ciency of an outcome. An outcome is Pareto optimal if there is no otheroutcome that makes every player at least as well o� while making at leastone player better o�. Mathematically, we can say that an action tuple a =
(a1, a2, ..., aK) is Pareto optimal if and only if there exists no other actiontuple b = (b1, b2, ..., bK) ∈ A such that wi(b) ≥ wi(a) for i ∈ I and wk(b) >
wk(a), for at least one k ∈ I.Example: Prisoner's Dilemma in Wireless Communications Astrategic games well-known for being non e�cient is the Prisoners Dilemma.The game models a situation in which there are gains from cooperation buteach player has an incentive to "free ride" whatever the other player chooses.This model is important because many other situations have similar struc-tures. Consider a two-user MAC, in which two users (transmitters) competeto send information towards a single base station (receiver). Suppose thatusers can only transmit with one of the two power levels, i.e., normal power(denote by "Normal") or very high power (denote by "High"). They must de-cide simultaneously (without communication) which power level to choose.We can model this problem as a static game, in which the player set is
I = {1, 2}, and each player i has the same action set A = {Normal,High}.Typically, the payo� set w can be generalized to the following matrix shownin Table 3.1. In each entry (a, b), the values a and b represent the payo�s ofplayer 1 and 2, respectively. Intuitively, we have the following observations:
• If both users transmit with high power, they will su�er from the in-creased interference caused by the other, which results in a "lose-lose"situation.
• If one user transmit with normal power and the other transmits withhigh power, compared to the "lose-lose" case, the former will get aworse performance (denote by "lose much") and the latter will bene�tfrom the reduced interference and enjoy a better performance (denoteby "win much").
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• if both users transmit with normal power, the result is "win-win".Obviously, to �nd the solution of this problem is beyond the capabilityof optimization theory, since user 1's best strategy depends on the strategychosen by user 2, which user 1 does not know, and reciprocally for user2.One may guess that both users must strictly prefer to transmit with normalpower, which results in "win-win". However, it is not the solution of thisgame, i.e., it is not a natural outcome of sel�sh and rational players. It mightbe quite surprising that the only solution, i.e., NE, of this game is the "lose-lose" situation. The reason is the following: from player 1's standpoint, shestrictly prefers to choose "High", because she is always better o� regardlessof player 2's choice, since "win much" > "win" and "lose" > "lose much".And similarly for player 2. From De�nition 4.20, the policy where bothplayers choose "High" resultting in "lose-lose", is a NE, and it is the onlystrategy NE in this game.Methodologies for Analyzing EquilibriumIn general, to analyze Nash equilibrium, one needs to consider three mainaspects:
• Existence - Does an equilibrium exist?
• Uniqueness - Does there exist a unique equilibrium or multiple ones?
• Equilibrium selection - How to select an equilibrium from multipleones?Existence is the very �rst question that naturally comes into our mind,since it is known that, in general, an equilibrium point does not necessarilyexist [67]. Mathematically speaking, proving the existence of an equilibriumis equivalent to prove the existence of a solution to a �xed-point problem.Since the existence of the �xed-point hints the existence of some strategy setwhich is a best response to itself, no player could increase her payo� by devi-ating, and so it is an equilibrium. In literature, there exists several theoremsproviding su�cient conditions for the existence of an equilibrium. There aremany scenarios assuming usual wireless channel models and performancemetrics where the existing theorems can be applied. For example, channelcapacity (3.4) has desirable convexity properties satisfying the conditions ofthe following well-known theorem.Theorem 2. (Debreu's su�cient condition) [68] If the strategy sets Ai arenonempty, compact, and convex subsets of an Euclidean space, and if thepayo� functions wi are continuous in a and quasi-concave in ai, there existsa pure strategy Nash equilibrium.



4.3 Elements of Game Theory 67Uniqueness of NE is the second fundamental problem that we need toaddress when the existence is ensured. The uniqueness of an equilibriumis a very desirable property, if we wish to predict what will be the net-work behavior. Unfortunately, there are not many general results for theuniqueness analysis. For constrained concave K-person games, useful su�-cient conditions for the uniqueness of NE are provided in [69]. It is shownthat the uniqueness is guaranteed if the payo� functions satisfy the so calleddiagonally strictly concave condition. However, there are many importantscenarios where the equilibrium is not unique, e.g., routing games [70], co-ordination games [71], non-cooperative games with correlated constraintstogether with the concept of generalized Nash equilibrium [72], etc.Equilibrium selection is a topic which lately attracted much research.However this area is outside the scope of the current dissertation.If a game is non-concave, it may still have some appealing properties thatensure the existence of pure NE. This is the case for two interesting classesof games for which the existence of pure Nash equilibria is obtained undercertain conditions, namely (i) the class of potential games [73]; (ii) the classof supermodular games [62].Supermodular(submodular) games are those characterized by strategiccomplementarities. Informally, this means that with some technical condi-tions on the strategy space (essentially, the lattice property), the supermod-ular property ensures that the maximizer of a player's payo� function is in-creasing in the strategy values of the other players. Hence, although there isno direct coordination among the players, supermodularity (submodularity)still provides incentive for all the players to increase or decrease strategies inthe same direction. In other words, the incentive of the players are compati-ble. An important implication of this monotonicity is that one can constructsimple algorithms to compute Nash equilibria. Such algorithms generate amonotone sequence of strategies converging to Nash equilibria under mildtechnical conditions, such as compactness of the strategy space and continu-ity of the payo� functions [62, 74]. Supermodular games are interesting fora number of reasons including
• They arise in many models.
• One can establish the existence of a pure strategy equilibrium withoutrequiring the quasiconcavity of the payo� functions.
• NEs can be attained using greedy best-response type algorithms.
• The equilibrium set is ordered, i.e., it has a smallest and a largest



68 Chapter 4 Mathematical Preliminarieselement and there exists a simple method in order to converge to eitherones.The following monotonicity property in maximizing a supermodular functionis known. This property implies that the maximizer with respect to ai isincreasing in a−i. Let
BRi(a−i) = arg max

ai∈Ai

wi(ai,a−i). (4.21)be the best response of user i to strategy a−i. Then, a−i ≤ a′
−i implies

BRi(a−i) ≤ BRi(a
′
−i)In applications, it is often requested to allow the strategy space of eachplayer to depend on the other player's strategy. Assume Si(a−i) as thestrategy space of player i, given other players' strategies are set to a−i. Letus introduce the same property for strategy pro�les.De�nition 14. (Monotonicity of Strategy Pro�les) [74] Let A and B denotetwo strategy spaces and ∧ and ∨ denote the componentwise min and maxoperators. Let the order � between two strategy spaces A and B de�ned as:

A � B, if for any a ∈ A and b ∈ B, we have a ∧ b ∈ A and a ∨ b ∈ B.The strategy set Si(a−i) satis�es the ascending property if a−i ≤ a′−i implies
Si(a−i) � Si(a′−i).We now introduce the class of supermodular(submodular) games.De�nition 15. (Supermodular/submodular Game) [74] The strategic formgame (I, (Ai), (wi)) is a supermodular(submodular) game if for all i,1. Ai is a compact subset of R or more generally Ai is a sublattice of RK .2. wi is upper semi continuous in ai and continuous in a−i3. the strategy pro�le Ai satis�es the ascending property4. function wi is supermodular(submodular) in (ai, a−i)Topkis [62] proved that the equilibrium set in a supermodular game isordered.Corollary 1. Assume (I, (Ai), (wi)) is a supermodular game. Let

BRi(a−i) = arg max
ai∈Ai

wi(ai, a−i). (4.22)then (i) BRi(a−i) has a greatest and least element, denoted by BRi(a−i)and BRi(a−i), (ii) if â−i ≥ a−i then BRi(â−i) ≥ BRi(a−i) and BRi(â−i) ≥
BRi(a−i).



4.3 Elements of Game Theory 69By [75], supermodular games have weak �nite improvement path (FIP),i.e., from any initial action vector, there exists a sequence of sel�sh adapta-tions that lead to a NE. Speci�cally for supermodular games, when the deci-sion rules for all players are best responses, play will converge to a NE [75].In general, there exist multiple Nash equilibria for supermodular game.The convergence to a speci�c equilibrium point depends critically on thechoice of strategy pro�le at each iteration and on the initial point of thealgorithm. In other words, if all players starts at the smallest (largest) pointof their strategy space and that, in each iteration they pick the smallest(largest) element of the sublattice of maximizers, the algorithm will convergeto the smallest (largest) NE of the game.The notion S-modularity was developed by Yao [74]. S-modularity al-lows the objective function to be supermodular in some variables and sub-modular in others. It models both compatible and con�icting incentives,and hence conveniently accommodates a wide variety of applications. Asan example, power control in wireless network has been analyzed withinthis framework [31]. This is due to the fact that the capacity functionin wireless communications is a supermodular function of the trasmittingpower and the interfering powers. Through S-modularity theory, the mono-tone convergence of distributed power control algorithms can be directlyobtained [28, 30, 31, 76�79].The study of potential games is outside of the scope of this dissertation.The interested readers are recommended to refer to [73, 80, 81].4.3.1 Bayesian GameA game with incomplete information is a game wherein the players can beginto plan their moves while at least one player does not know the completedescription of the game, i.e., he does not know either one or several of thefollowing [82, 83]:- The payo� function of the other player(s)- The available strategies of the other player(s)- The information available to the other player(s)We will introduce the notion of a player's type to describe the privateinformation of a player. A player's type fully describes any informationavailable to her which is not common knowledge. A player may have severaltypes, even an in�nity of types, one for each possible state of her privateinformation. Each player knows her own type with complete certainty. Her



70 Chapter 4 Mathematical Preliminariesbeliefs about other players' types are captured by a common knowledge jointprobability distribution over the others' types.We can think of the game as beginning with a move by Nature, whichassigns a type to each player. Nature's move is imperfectly observed, howevereach player observes the type which nature has bestowed upon her, but noplayer directly observes the type bestowed upon any other player. We canthink of the game which follows as being played by a single type of eachplayer, where at least one player doesn't know which type of some otherplayer she is facing.To de�ne a Bayesian game, we must specify a set of players I = 1, ...,Kand, for each player i ∈ I, we must specify a set of possible actions Ai,a set of possible types Ti, a probability function pi, and a utility function
wi. We denote a type pro�le as K-tuple of types, one for each player, i.e.,
t = (t1, ..., tK) ∈ T ≡ Xi∈ITi, where T is the type-pro�le space. When wefocus on the types of a player's opponents, we consider deleted type pro�lesof the form t−i = (t1, ..., ti−1, ti+1, ..., tK) ∈ T−i, the set of possible typeexcluding Ti. The probability function Pi(t−i|ti) in the Bayesian game is afunction from Ti into ∆(T−i), the set of probability distributions over T−i.That is, for any possible type ti ∈ Ti, the probability function must specifya probability distribution Pi(.|ti) over the set T−i, representing what player
i would believe about the other players' type if his own type were ti. Forany player i ∈ I, the utility function wi in the Bayesian game must be afunction from T ×A into the real numbers R. These structure together de�nea Bayesian game Γb = (I, (Ai)i∈I , (Ti)i∈I , (Pi)i∈I , (wi)i∈I). When we studysuch a Bayesian game Γb, we assume that each player i knows the entirestructure of the game and his own actual type in Ti and this fact is commonknowledge among all the players.We assume that there is an objective probability distribution P ∈ ∆(T )over the type space T , which nature consults when assigning types. Inother words, the probability with which nature draws the type pro�le t =
(t1, ..., tK) and hence assigns type t1 to player 1, type t2 to player 2, etc .. is
P(t). The marginal distribution of player i's type is Pi ∈ ∆(ti), where

Pi(ti) =
∑

t−i∈T−i

P(ti, t−i) (4.23)The beliefs of user i, denoted by Pi(t−i|ti), represent that opponents' typesare a particular deleted type pro�le t−i ∈ T−i given that player i's knowntype is ti. By Bayes' Rule we have
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Pi(t−i|ti) =

P(t)

Pi(ti)
(4.24)Player i's knowledge of her own type may or may not a�ect her beliefsabout the types of her opponents. When players' types are independent, theprobability of a particular type pro�le t is just the product of the players'marginal distributions, each evaluated at the type tj speci�ed by t, i.e.,

∀t ∈ T ,
P(t) =

∏

j∈I

Pj(tj) (4.25)Therefore, when players' types are independent, player i's subjective be-liefs about others' types are independent of her own type:
Pi(t−i|ti) =

∏

j∈I\{i}

Pj(tj) (4.26)A pure strategy for player i in a static Bayesian game is type contingent;it is a function σi : ti → Ai. The space of all such functions and henceplayer i's pure-strategy space is Σi = ATi
i , i.e., Ai possible strategies peruser type. For a particular type ti of player i, her strategy σi speci�es someaction ai = σi(ti) ∈ Ai. A mixed strategy ui : Ti → Ai for player i assignsa probability to each pure strategy ai ∈ Ai for each type of player i; i.e.,

∀ti ∈ Ti, ui(ai|ti), where ui(ai|ti) indicates the probability of ai given ti.Since probabilities are continuous, there are in�nitely many mixed strategiesavailable to a player, even if their strategy set is �nite.Consider a particular player i ∈ I and a particular one of her types ti ∈ Ti.Assume that her K−1 opponents' types are described by some deleted typepro�le t−i ∈ T−i and that they play some deleted action pro�le a−i ∈ A−i. Ifplayer i chooses an action ai ∈ Ai, her utility will be wi((ai,a−i), (ti, t−i)).Now assume player i knows the strategies a−i ∈ A−i her opponents areplaying; i.e., she knows what actions they would take for any given set oftypes. However, she doesn't know their realized types, so she doesn't knowthe actual deleted action pro�le α−i which will occur as a result of their type-contingent strategies. What action ai ∈ Ai should player i choose? Althoughplayer i doesn't know t−i, she does know the probability distribution P(t) bywhich nature generates type pro�les additionally she knows her own type ti,upon which she conditions her subjective probability about the types t−i ofher opponents. For any particular combination t−i of other players' types,player i assesses this combination the probability Pi(t−i|ti). Therefore she



72 Chapter 4 Mathematical Preliminariesalso adds this probability to the event that her opponents will choose theparticular deleted action pro�le a−i(t−i) ∈ A−i. Player i's expected utility,then, given player i's knowledge of her own type ti and of her opponents'type-contingent strategies a−i, corresponding to action ai ∈ Ai, is
∑

t−i∈T−i

Pi(t−i|ti)wi((ai,a−i(t−i)), (ti, t−i)) (4.27)For ai to be a best response by type ti of player i, that choice mustmaximize over her action space Ai. We de�ne player i's best-response BRi :
A−i × Ti → Ai, mapping opponents strategy pro�les and player-i type intoplayer-i actions, by
BRi(a−i, ti) = arg max

ai∈Ai

∑

t−i∈T−i

Pi(t−i|ti)wi((ai,a−i(t−i)), (ti, t−i)) (4.28)A Bayesian Nash equilibrium of a game of incomplete information is astrategy pro�le a ∈ A maximizing the expected utility of every type of everyplayer given the type contingent strategies of her opponents. Thus, thestrategy pro�le a∗ is a pure strategy Bayesian equilibrium if for all i ∈ I, all
t−i ∈ T−i and ti ∈ Ti
Et−i∈T−i

wi((a
∗
i ,a

∗
−i(t−i)), (ti, t−i)) ≥ Et−i∈T−i

wi((ai,a
∗
−i(t−i)), (ti, t−i))(4.29)where

Et−i∈T−i
wi((ai,a−i(t−i)), (ti, t−i)) =

∑

t−i∈T−i

Pi(t−i|ti)wi((ai,a−i(t−i)), (ti, t−i))(4.30)Application in Wireless NetworksGeoning He et al., in their recent work on Bayesian game-theoretic approachfor distributed resource allocation in fading MAC [84], investigated the ap-plication of this class of games in multi-transmitter systems. In an earlierwork, El Lai and El Gamal [85] introduced a static noncooperative game inthe context of the two-user fading MAC, known as water�lling game. Byassuming that users compete maximizing their transmission rates by adjust-ing their transmit powers, the authors show that there exists a unique Nashequilibrium [86] which corresponds to the maximum sum-rate point of the



4.3 Elements of Game Theory 73capacity region. This claim is somewhat surprising, since the Nash equilib-rium is often ine�cient compared to the Pareto optimality. However, theirresults rely on the fact that both transmitters have complete knowledge ofthe CSI, and in particular, perfect CSI of all transmitters in the network.This assumption is rarely realistic in practice. Thus, this power allocationgame needs to be reconstructed with some realistic assumptions made aboutthe knowledge level of mobile devices. Under this consideration, it is of greatinterest to investigate scenarios in which devices have incomplete informa-tion about their opponents, for example, a transmission entity is aware of itsown channel gain, but unaware of the channel gains of other devices. Overthe last ten years, Bayesian game-theoretic tools have been used to designdistributed resource allocation strategies only in a few contexts, for example,CDMA networks [87, 88], multicarrier interference networks [89, 90], as wellas fading MAC [84]. The fourth chapter of current dissertation representsour contribution to this topic.4.3.2 Markov Equilibria of Stochastic GameStochastic games were �rst introduced by Shapley (1935) [91]. In such games,players meet for a number of periods. The nature of the game they playchanges from one period to another and can be described by a state variable.That state variable evolves according to a stochastic process parameterizedby the past history of the game. Stochastic games provide us with a way ofmodeling dynamic behavior in a changing environment. Full characterizationof the set of equilibria of a stochastic game is an intractable problem inmany cases, due to the complex dynamic structure of these equilibria. Amore achievable objective consists in describing the Markov equilibria of astochastic game. In Markov equilibria, player's action at every period isa function of the current state variables only. Strong existence results areobtained in the case of �nite or countable state space in [92]. In [93], a proofof existence of stationary Markov equilibria in pure strategies for a class ofstochastic games with a continuum of states is provided.It is well known that identifying equilibrium policies (even in the absenceof constraints) is hard. Unlike the situation in Markov Decision Process(MDP) in which strategies are known to exist (under suitable conditions),and unlike the situation in constrained MDPs with a multichain structure,in which optimal Markov policies exist [94�98], we know that equilibriumstrategies in stochastic games depend in general on the whole history. Thisdi�culty has motivated researchers to search for various possible structuresof stochastic games in which saddle point policies exist among stationary



74 Chapter 4 Mathematical Preliminariesor Markov strategies and are easier to compute. In [99], Altman et al.considered a non-cooperative constrained stochastic game, which is calledcost-coupled constrained stochastic games. In this paper, under certain con-ditions, the existence of NE among Markov strategies is proved.Application in Wireless CommunicationsThe dynamics in wireless networks can be categorized into two types, one isthe disturbance due to the environment, and the other is the impact causedby competing users. The stochastic behavior of the competitors, the time-varying channel conditions experienced by the user of interest, and the time-varying source tra�c that needs to be transmitted by the user are some ofthe examples. These types of dynamics are generally modeled as stationaryprocesses. For instance, the use of each channel by a user can be modeled as atwo-state Markov chain with ON/OFF states. The channel conditions can bemodeled using a �nite-state Markov model. The packet arrival of the sourcetra�c can be modeled as a Poisson process (Section 3.1.2). Such an approachhas been used to design the cross layer resource allocation only in a fewcontexts, namely zero-sum constrained games [100], cognative radio [101],and MAC with power constraint [39]. The extension of these previous worksto the interference networks is presented in chapters 6 and 7.4.4 Random Matrix Theory in Wireless Communi-cationsIn 1999, Tse [43] and Verdu [42] adapted Random Matrix Theory as a toolto analyze mutliuser systems. Both considered the performance of linearreceivers for CDMA systems, in the limit when the number of users as wellas the spreading length tend to in�nity, with a �xed ratio. In such asymp-totic scenarios, the use of random matrix theory leeds to explicit expressionsfor various measures of interest such as capacity or signal to interferenceplus noise ratio (SINR). Interestingly, it enables to single out the main pa-rameters of interest that determine the performance in numerous modelsof communication systems with more or less involved models of attenua-tion [42, 43, 102�104]. In addition, these asymptotic results provide goodapproximations for the practical �nite size cases. A recent overview on theapplications of random matrix theory to information theory is given in thebook by Tulino and Verdu [105].A typical question is to characterize the distribution of the eigenvalues



4.4 Random Matrix Theory in Wireless Communications 75of random matrices. For �nite matrix size this distribution itself is usuallyrandom. The real interest in random matrices surged when non-randomlimit distributions were derived for matrices whose dimensions tend to in�n-ity, among others in 1955 by Wigner [106] and in 1967 by Marchenko andPastur [107], under simple hypotheses on the distribution of the matrix ele-ments. The introduction of Stieltjes transform [108,109] then enabled to de-rive distributions for more general matrix forms: matrices with independentnon-identically distributed elements or matrices with correlated elements.Example of Application in Wireless Communications In infor-mation theory, communication over a noisy medium between one or severaltransmitters and a receiver is often considered. The model can be sum-marized by a single equation. A signi�cant part of information theoreticliterature focuses on vector memoryless channels of the form:
y = Hs+ n (4.31)Here, y is the received signal vector of dimension N , if N is the number ofreceived replicas of the transmitted signal. s is the K−dimensional vector oftransmitted signal vector, n is additive white Gaussian noise with variance

σ2, and H is the channel matrix, representing the attenuation that a�ectsthe transmitted signal vector. Equation (4.31) covers the cases of a numberof multiple access techniques, including but not limited to Code DivisionMultiple Access (CDMA), Orthogonal Frequency Division Multiple Access(OFDMA) and Multiple Input Multiple Output (MIMO). The characteristicsof the channel matrix H depends on the transmission technique and thechannel model considered. Under some assumptions, the capacity perceivedreplica of trsnamitted signals is given by the following expression 1.
C =

1

N
log det

(
I +

1

σ2
HHH

) (4.32)Considering the property that the determinant is equal to the product of the1For example, the capacity perceived replica of the transmitted signals related to av-erage capacity per chip for CDMA systems, average capacity per received antennas forMIMO systems, average capacity per subcarrier in case of OFDM systems



76 Chapter 4 Mathematical Preliminarieseigenvalues,
C =

1

N

∑

i=1

N log
(
1 +

1

σ2
λi(HHH)

) (4.33)
=

∫
log
(
1 +

1

σ2
λ
) 1
N

N∑

i=1

f(λ− λi(HHH))dλ (4.34)
=

∫
log
(
1 +

1

σ2
λ
)
FHHH

(λ)dλ, (4.35)where f denote the empirical probability density function and FHHH de-notes the empirical cumulative distribution function of eigenvalues ofHHH .Thus, as shown by the derivation above, the empirical eigenvalue distribu-tion naturally appears in the expression of the capacity. The knowledge ofthe empirical eigenvalue distribution of a family of random matrices thusenables to get immediate insight on the performance of the correspondingcommunication system. In addition, even if the result is obtained in theasymptotic regime, when the dimension of the matrix both tend to in�nitywith a �xed ratio, the asymptotic results give very good approximations of�nite-size system behavior, as shown by simulations, e.g., in Chapter 7.The large system analysis of multiple access vector channels with ran-dom channel vectors is in [42�44]. E�ects of interference on large networkperformance are investigated in [110,111]. We use results of random matrixtheory to design low complexity resource allocation algorithms for interfer-ence networks in Chapter 7.



Chapter 5
Distributed ResourceAllocation in SlowFrequency-Selective FadingMAC
5.1 IntroductionIn wideband transmission, the multipaths can be resolved, and hence thechannel has memory. An appropriate model is the time-varying frequency-selective fading channel. Since a wide range of frequency components is used,it is highly unlikely that all parts of the signal will be simultaneously a�ectedby a deep fade. Certain modulation schemes such as OFDM and CDMA arewell-suited to employing frequency diversity to provide robustness to fading.OFDM divides the wideband signal into many slowly modulated narrow-band subcarriers, each exposed to �at fading rather than frequency selectivefading.The main role played by OFDM in the recent wireless networks tech-nologies fueled a very intense research on OFDM-based wireless networks.A review of the existing results on resource allocation in OFDM-based mul-tiple access channel is given in Section 3.2.1. The complexity of obtainingthe global optimal solutions as well as the trade o� in considering the sub-77



78 Chapter 5 Distributed Resource Allocation in OFDM-based MACoptimal ones or Nash Equilibriums have been studied through the respectivereferences.In this chapter, we consider the joint rate and power allocation in atwo-user OFDM-based MAC system with a large number of subcarriers andpartial channel state information at the transmitters for slow frequency se-lective fading. Each transmitter has knowledge of its own link, which canbe estimated locally, but no information about the other transmitter powerattenuations. In these conditions, the transmitters are interested in max-imizing the throughput, i.e. the rate of information successfully received,allowing for outage events. The total throughput of the system satis�es thetime sharing conditions in [16] and the duality approach yields optimumresource allocation asymptotically as N → +∞. However, the complexityof an optimization algorithm is still signi�cantly high. Then, we considera Bayesian game based on suboptimal dual cost functions. The Bayesiangame boils down into per subcarrier games and a global game. The �rstgames determine Nash equilibria for power and rate allocation parametric inthe Lagrangian coe�cients of the dual utility functions. The following globalgame, based on the solution of a set of submodular games, provide the valuesof the Lagrangian coe�cients at the Bayesian Nash equilibria. We proposean algorithm for the search of all the Bayesian Nash equilibria of the game.The performance of the joint power and rate allocation game is assessed andcompared to the performance of the optimum power allocation and uniformpower allocation for the two cases of complete and partial channel knowledgeat the transmitters, respectively.Simulations show that all the NEs obtained from the game are thosewherein only one transmitter emits with full power and the other remainso�. On the contrary, the optimum power allocations for the case of completechannel state information contains solutions which have the superpositionof two users' power on the same channel. However, in the later case, thesolutions can only be obtained through an iterative algorithm whose conver-gence to some local optimal point depends on the choice of the initial value.Comparing the performance of the optimal solution averaged over severalinitial points and the NE chosen through the selection criteria, shows thatthe NE performs near optimal in this network setup.5.2 System ModelWe consider a frequency selective multiple access channel (MAC) withK = 2independent transmitters and a receiver. Orthogonal frequency division mul-



5.2 System Model 79tiplexing (OFDM) modulation over N subcarriers is applied. In each sub-carrier the channel is �at fading. Power attenuation of the channel betweentransmitter k and the receiver over subcarrier n is denoted by gnk . Chan-nel attenuations take values in a discrete set Φn
k with a certain probabilitydistribution γnk (g

n
k ). We assume that the channel is block fading, i.e. thechannel is constant during the transmission of a codeword and changes froma codeword to the following one. Furthermore, we assume that each trans-mitter has a perfect knowledge of the channel attenuations of its own link,i.e. transmitter k knows exactly gnk , n = 1, . . . N, and has statistical knowl-edge of the channel attenuations on all the links, i.e. γnk (g

n
k ), k ∈ {1, 2}and n = 1, . . . N. Note that this is a realistic assumption for time divisionduplex (TDD) systems without feedback channels where the channels gains

gnk from transmitter k to the destination can be estimated at the transmittervia the received signal from the destination assuming that the power attenu-ation in the two directions is identical (reciprocity principle). We denote by
pnk ∈ R

+ the power transmitted by user k on subcarrier n and by Rn
k ∈ R

+the information rate over the same subcarrier. The signal at the receiveris impaired by additive Gaussian noise with variance σ2 and the receiveradopts single user decoding on each subcarrier. When the realizations of thechannel attenuation vector and the transmitted power vector on subcarrier
n are gn = (gn1 , g

n
2 ) and pn = (pn1 , p

n
2 ), respectively, the maximum achievablerate on subcarrier n by user k is1

rnk (p
n,gn) = log

(
1 +

pnkg
n
k

σ2 +
∑

j 6=k p
n
j g

n
j

)
. (5.1)If transmitter k transmits on subcarrier n with a rate Rn

k greater than
rkn(p

n,gn), the transmitted information cannot be decoded reliably and anoutage event happens. Because of the system assumptions, transmitter khas only statistical knowledge of the interference term∑
j 6=k p

n
j g

n
j which canbe arbitrarily large or bounded by a maximum value IMAX,k. For any �niterate Rn

k > log
(
1 +

pnj g
n
j

σ2+IMAX,k

) there is a nonzero outage probability
P

{
Rn

k > log

(
1 +

pnj g
n
j

σ2 +
∑

j 6=k p
n
j g

n
j

)}
. (5.2)1Throughout this work log(·) is the natural logarithm and the rates are expressed innat/sec.



80 Chapter 5 Distributed Resource Allocation in OFDM-based MACIf the transmitter can tolerate a nonzero information loss2 and considerstoo restrictive the guaranteed transmission rate log
(
1 +

pnj g
n
j

σ2+IMAX,k

)
, it cantransmits at a rate Rn

k to attain a throughput
ρnk = Rn

kP{Rn
k ≤ rnk (gn,pn)} (5.3)de�ned as the the average rate of information that can be successfully trans-mitted by transmitter k over subchannel n.In this context, we study joint power and rate allocation strategies for atransmitter k under a power constraint for each transmitter3 k

N∑

n=1

Egn
k
{pnk(gnk )} ≤ P k. (5.4)5.3 Optimum Joint Power and Rate AllocationIn the case of complete channel state information (CSI) at all the transmit-ters, it is well known (see e.g. [16]) that the optimum rate allocation is givenby Rn

k = rnk (g
n,pn) and the joint source and rate allocation reduces to thepower allocation for the following constrained optimization problem

max
p

v(p,g) (5.5)subject to N∑

n=1

pnk ≤ P k k ∈ {1, 2} (5.6)where p = (p1, . . .pN ), g = (g1, . . . gN ) is given, and the objective functionis de�ned as v(p,g) =∑2
k=1

∑N
n=1 r

n
k (g

n,pn).This problem is intrinsically non-convex and numerical optimization isdi�cult. As observed in [16], an exhaustive search would have a complexityexponential in the number of variables which is 2N. In order to introducea low complexity solution for this numerical problem we brie�y recall thede�nition of time-sharing condition for an optimization problem of the form(5.5).2This depends typically on the services supported by the communication For example,voice services can tolerate a certain level of information loss.3In the asymptotic case, N → ∞, this is equivalent to ∑N

n=1 p
n
k ≤ P k.



5.3 Optimum Joint Power and Rate Allocation 81De�nition 16. [16] Let p∗ and p4 be the optimal solutions of the optimiza-tion problem (5.5) with P = (P 1, P 2) equal to P
∗
= (P

∗
1, P

∗
2) and P

4
=

(P
4
1 , P

4
2 ), respectively. An optimization problem of the form (5.5) satis�esthe time sharing condition if for any P

∗ and P
4
, and for any 0 ≤ ν ≤ 1,there always exists a feasible solution p� such that∑n p

n�
k ≤ νP

∗
+(1−ν)P4

,and v(g,p�) ≥ νv(g,p∗) + (1− ν)v(g,p4).By observing that [16]
• The dual problem (see e.g. [64] for a de�nition) of a primary problemof the form (5.5) has zero duality gap if the primary problem satis�esthe time sharing conditions (see Theorem 1 in [16]);
• The problem (5.5) with v(g,p) =∑k

∑
n r

n
k (g

n,pn) satis�es the timesharing condition (see Theorem 2 in [16]) as N →∞;the optimization (5.5) reduces to the optimization over the dual problemas N → ∞. The dual problem has linear complexity in the number of sub-carriers. Note that the complexity is still exponential in the number oftransmitters K.In the case of partial channel knowledge at the transmitters, the jointpower and rate allocation is solution to the optimization problem
max
(p,R)

u(p,R,g) (5.7)subject to N∑

n=1

pnk ≤ P k k ∈ {1, 2} (5.8)where R=(R1, . . . ,RN ), Rn=(Rn
1 , R

n
2 ), gk = (g1k, . . . g

N
k ) and

u(p,R,g) =

2∑

k=1

N∑

n=1

Egk
ρnk(g

n
k , p

n
k(gk), R

n
k (gk)). (5.9)Note that ρnk(gnk , pnk(gk), R

n
k (gk)) coincides with the function de�ned in (5.3)but here we underline the dependence of the optimization variables pnk and

Rn
k on gk, the partial knowledge of transmitter k on the channel.Similarly to the optimization (5.5), the optimization (5.7) is not convexand has exponential complexity in 2N variables. As in [16], a low complexityapproach based on the dual problem can be proposed and justi�ed by thefollowing Theorem 3.



82 Chapter 5 Distributed Resource Allocation in OFDM-based MACTheorem 3. The optimization problem (5.7) satis�es the time-sharing con-dition in the limit as N →∞.The proof of this theorem follows along the same lines as Theorem 1in [16] and is omitted here.Let us de�ne the Lagrangian
L(p,R,λ) = u(p,R,g) +

K∑

k=1

λk(P k −
N∑

n=1

pnk), (5.10)with λ = (λ1, . . . λK), and the dual function
q(λ) = max

(p,R)
L(p,R,λ). (5.11)The dual optimization problem is de�ned as
min
λ
q(λ) (5.12)subject to λk > 0. (5.13)It is worth noticing that the optimization in (5.11) boils down to N inde-pendent optimization problems

max
pn,Rn

2∑

k=1

Egn (ρnk(g
n
k , p

n
k(gk), R

n
k (gk))− λkpnk) . (5.14)The optimization (5.14) focuses on power and rate allocation in a singlesubcarrier and pnk and Rn

k depend only on the knowledge of gnk . The opti-mization (5.14) is still complex. In order to further reduce the complexity ofthe problem we introduce a Bayesian game.5.4 Equilibria for Joint Power and Rate AllocationThe previous resource allocation problem can be formulated as a 2-playerBayesian game G ≡ (S,T ,D,U ,P), where S ≡ {1, 2} is the set of play-ers/transmitters, T ≡ T1 × T2 is the type set consisting of all possible real-izations of the channel attenuation g with Tk = {gk} being the type set fortransmitter k, D is the action set de�ned by
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D ≡

K⋃

k=1

{
dk|dk = (d1k, d

2
k, . . . d

N
k ), dnk = (Rn

k , p
n
k),

Rn
k ∈ R+, p

n
k ∈ R+ and N∑

n=1

Egn
k
{pnk} ≤ P k

}
. (5.15)Note that the set of strategies of each transmitter is orthogonal to the strate-gies of the others and consists of a vector of rate-power pairs, with the powerssatisfying the average power constraint (5.4). In game G, U is the set of payo�functions with the payo� for transmitter k de�ned by

ρk(d) = Eg

(
N∑

n=1

Rn
k (gk)1

{
Rn

k(gk) ≤ log

(
1 +

pnk(gk)g
n
k

σ2 +
∑

j 6=k p
n
j (gj)g

n
j

)})(5.16)
= Egk

(
N∑

n=1

Rn
k (gk)Pr

{
Rn

k (gk) ≤ log

(
1 +

pnk(gk)g
n
k

σ2 +
∑

j 6=k p
n
j (gj)g

n
j

)∣∣∣gk

})(5.17)where d = (d1,d2), 1(E) is the indicator function equal to 1 if the event Eis veri�ed and equal to zero elsewhere. Finally, in G, P is the probability setconsisting of the probability functions of gnk .Similarly to the optimization problem in Section 5.3, the game G is notconvex and a numerical solution is too demanding. By following the sameapproach as in Section 5.3 we look at an approximation of the solutions ofgame G by considering the dual game GD ≡ (S,T ,DD,UD,P), where theset UD consists of the cost functions
CD
k (λ) = Egk

max
(Rk(gk),pk(gk))∈D

Lk(p,R,λ) (5.18)with
Lk(p,R,λ) =

N∑

n=1

Rn
k (gk)P

{
Rn

k (gk) ≤ log

(
1 +

pnk(gk)g
n
k

σ2 +
∑

j 6=k p
n
j (gj)g

n
j

)∣∣∣gk

}

+ λk

(
P k −

∑

n

Egn
k
{pnk}

)
, (5.19)
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DD

k = {λk|λk > 0} . (5.20)The dual game GD is convex in λ. The Nash equilibrium is the vector λ suchthat
CD
k (λ∗k,λ

∗
−k) ≤ CD

k (λk,λ
∗
−k), ∀λk > 0 (5.21)

λ
−k ≡ (λ1, ..., λk−1, λk+1, ..., λK). (5.22)Note that, for each strategy λ, the solutions of the system given by

max
(Rk(gk),pk(gk))∈(D)

Egk
{Lk(p,R,λ)}, ∀k ∈ S. (5.23)are required. These solutions are the Nash equilibria of the game G̃λ ≡

(S,T ,D, Ũ ,P), where the set of utility functions Ũ consists of the functions
Egk
{Lk(p,R,λ)}, k ∈ S.By following the same lines as in the optimization problem, game G̃λcan be decomposed into N games, one for each subcarrier. Therefore, thesolution of the game GD can be decomposed into the solutions of two levelof games, a game for each subcarrier whose solutions are functions of thestrategy λ, and a global game based on the solutions of the games for thesubcarriers. In the following, we analytically de�ne these two level of games.Per Subcarrier Game � We de�ne N independent games, one foreach subcarrier, in the parameter λ, Gnλ ≡ (S,T n,Dn,Un

λ ,Pn), where thetype set of transmitter k is the set of possible realizations of gnk and T n isthe product of the type sets of all transmitters. The set of actions Dn isbased on the feasible strategies of user k on subcarrier n, Dn
k ≡ (dnk |dnk =

(Rn
k , p

n
k), R

n
k , p

n
k ∈ R

+). The set of payo�s Un
λ is given by

qnk (d
n;λ)=Egk

{
Rn

k (gk)P

{
Rn

k (gk) ≤ log

(
1+

pnk(gk)g
n
k

σ2+
∑

j 6=k p
n
j (gj)g

n
j

)∣∣∣gk

}
−λkpnk(gk)

}
.(5.24)Finally, the probability set Pn consists of the probability of channel attenu-ations gnk for k = 1, 2.Global Game � It is the game de�ned by Gglob ≡ (S,Dglob,UD) wherethe cost function set is UD. The action set is Dglob ≡ (λ|λk ∈ R

+, k =

1, 2, and P k −
∑N

n=1 Egn
k
{pnk(gnk ,λ)} ≥ 0), where pnk(gnk ,λ) are the solutions



5.4 Equilibria for Joint Power and Rate Allocation 85of the per subcarrier games parametric in λ. Then, the de�nition of Dglobimplies that only values of λ yielding solutions for Gnλ satisfying the constraint
P k −

∑N
n=1 Egn

k
{pnk (gnk ,λ)} ≥ 0 are of interest for the game Gglob. The costfunctions CD

k (λ) can be expressed as
CD
k (λ) =

N∑

n=1

qnk (d
n
(λ);λ) + λkP k k = 1, 2 (5.25)with d

n
(λ) being the solution of the per subcarrier game Gnλ. In the followingsubsections 5.4.1 and 5.4.2 we analyze independently the games Gnsub andthe global game Gλ, respectively. In Section 5.5 we provide an algorithm todetermine all the Bayesian-Nash equilibria.5.4.1 Per Subcarrier Games GnλWe assume that the number of fading states per subcarrier per transmit-ter is equal to 2. For the sake of notation, we concatenate the powervectors of the two transmitters to form a 4-dimensional column vector,

p =
[
p11, p12, p21, p22

]T
, where pkj denotes the power allocation of user k infading state j. The same notation is used later for channel gains and theirprobabilities, i.e. g =
[
g11, g12, g21, g22

]T and γ =
[
γ11, γ12, γ21, γ22

]T
. Thus,

S ≡ {1, 2}, the type set of transmitter k on subcarrier n is T n ≡ {gnk,1, gnk,2}and the corresponding probability set is Pn ≡ {γnk1, γnk2}. We denote theuser of interest by subscript k ∈ {1, 2} and the interfering user by subscript
m ∈ {1, 2},m 6= k.In this section, we focus on the resource allocation of any arbitrary sub-carrier. The payo� function (5.24) specializes as follows

qnk (p
n,Rn;λ)=γnk1Wn

k1(p
n,Rn,λ)+γnk2Wn

k2(p
n,Rn,λ) (5.26)with

Wn
kh(R

n,pn,λ)=Rn
kh

(
γnm11

(
Rn

kh≤ log

(
1+

pnkhg
n
kh

σ2+pnm1g
n
m1

))

+γnm21

(
Rn

kh ≤ log

(
1 +

pnkhg
n
kh

σ2 + pnm2g
n
m2

)))
−λkpnkh. (5.27)Here, Rn

kh = Rn
k(g

n
kh,λ) and pnkh = pnk(g

n
kh,λ) are the rate and power al-located by transmitter k on subcarrier n when the channel realization is
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gnkh, and Rn and pn are the pairs (Rn

k1, R
n
k2) and (pnk1, p

n
k2). Throughout thissection, we consider a single subcarrier and omit the index n.By considering the possible values of the indicator functions, (5.27) boilsdown to the following piecewise function (Chapter 4-De�nition 10)

Wkh(p,R,λ)

=





Rkh − λkpkh gkhpkh
eRkh−1

− σ2 ≥ gmgpmg

γmsRkh − λkpkh gm`pm` ≤ gkhpkh
eRkh−1

− σ2 ≤ gmgpmg

−λkpkh gkhpkh
eRkh−1

− σ2 ≤ gm`pm`

(5.28)where gmgpmg = max(gm1pm1, gm2pm2) and gm`pm` = min(gm1pm1, gm2pm2).In other words, index g and ` denote the greatest and the lowest interference,respectively.When we aim at maximizing Wkh, it is straightforward to recognize thatthe decision variables pkh and Rkh are not independent, but for a certainvalue pkh of the transmitted power, Wkh is maximized for Rkh = log(1 +
pkhgkh

N0+pm∗gm∗
), being ∗ ∈ {g; `}. Therefore, our problem reduces to considerthe following functions in p and λ

Wkh(p,λ) =





(I) log(1 + gkhpkh
gmgpmg+σ2 )− λkpkh.(II) γm` log(1 +

gkhpkh
gm`pm`+σ2 )− λkpkh.(III) − λkpkh.

(5.29)Taking into account the dependency of the decision variables Rkh and pkh,the payo� function (5.26) reduces to
qk(p,λ) = γk1Wk1(p,λ) + γk2Wk2(p,λ) (5.30)Note thatWkh(p,λ) depends on pkh, the power to be allocated in the channelstate gkh. Now, we assume that the power allocation of the interfering userand consequently the interference pairs (gm1pm1, gm2pm2) are known. There-fore, the greatest and the lowest interference can be obtained, i.e. pmggmgand pm`gm`. Then, the best response of user k to this interference would begiven by
p̃kh = argmax

pkh
Wkh(p,λ), ∀h ∈ {1, 2} (5.31)and the Nash equilibrium p of the per subcarrier game satis�es the followingcondition

qk(pk, pm,λ) ≥ qk(pk,pm,λ);∀k,m ∈ {1, 2},k 6= m,∀pk∈R+. (5.32)



5.4 Equilibria for Joint Power and Rate Allocation 87Let us denote the three branches of the function (5.29) by W(x)
kh where

x ∈ {(I), (II), (III)}. In addition, we denote the best response in a spe-ci�c branch x by p̃(x)kh and by p−kh the vector obtained from p by suppress-ing pkh. In the following, we de�ne three disjoint regions for the best re-sponse p̃kh corresponding to the three branches of the function, i.e. R(x)
kh , x ∈

{(I), (II), (III)}. In other words, if p̃kh = argmaxpkhWkh(p,λ) belongs tothe region R(x)
kh , it satis�es p̃kh = argmaxpkhW

(x)
kh (p,λ).The following disjoint regions for the best response p̃kh can be de�ned: (1)

R(I)
kh whereW(I)

kh is the maximizing function, i.e. p̃kh = argmaxpkhW
(I)
kh (p,λ).The function W(I)

kh ((p̃
(I)
kh ,p−kh),λ) should be positive and the following in-equality should be satis�ed: W(I)

kh ((p̃
(I)
kh ,p−kh),λ) > W(II)

kh (p̃
(II)
kh ,λ); (2)

R(II)
kh whereW(II)

kh is the maximizing function, i.e. p̃kh ∈ argmaxpkhW
(II)
kh (p,λ).The function W(II)

kh ((p̃
(II)
kh ,p−kh),λ) should be positive and the followinginequality should be satis�ed: W(II)

kh ((p̃
(II)
kh ,p−kh),λ) > W(I)

kh (p̃
(I)
kh ,λ); (3)

R(III)
kh where both functionsW(I)

kh ((p̃
(I)
kh ,p−kh),λ) andW(II)

kh ((p̃
(II)
kh ,p−kh),λ)are non-positive. The maximum value of Wkh is equal to zero and p̃kh = 0.Note that, in a single piece, the functionW(x)

kh (p,λ) is a concave functionof pkh. Therefore, the argument p̃kh which maximizesWkh(p,λ) in each piececan be obtained directly by the �rst derivative. The resulting best responseof player k is
p̃kh =





1
λk
− gmg

gkh
pmg − σ

gkh
∈ R(I)

kh
γm`

λk
− gm`

gkh
pm` − σ

gkh
∈ R(II)

kh

0 ∈ R(III)
kh

(5.33)The corresponding utility of user k, Wkh((p̃kh,p−kh),λ), is given by thefollowing piecewise function.
Wkh((p̃kh,p−kh),λ) =





log gkh
λk(gmgpmg+σ) − 1 + λk

gkh
(gmgpmg + σ) pm ∈ R(I)

kh

log γm`gkh
λk(gm`pm`+σ) − γm` +

λk

gkh
(gm`pm` + σ) pm ∈ R(II)

kh

0 pm ∈ R(III)
kh(5.34)Note that the pieces implies constraints on the power value p̃kh speci�ed as
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R(I)

kh ≡
{
pm|p̃kh > 0, pmggmg ≤

p̃khgkh
eλk p̃kh − 1

− σ,

log(
pm`gm` + σ

pmggmg + σ
)− 1− log γm` + γm` +

λk
gkh

(pmggmg − pm`gm`) > 0
}
.

R(II)
kh ≡

{
pm|p̃kh > 0, pm`gm` ≤

p̃khgkh

e
λkp̃kh
γm` − 1

− σ,

log(
pm`gm` + σ

pmggmg + σ
)− 1− log γm` + γm` +

λk
gkh

(pmggmg − pm`gm`) < 0
}
.

R(III)
kh ≡

{
pm|pmggmg ≥

p̃khgkh
eλkp̃kh − 1

− σ, pm`gm` ≥
p̃khgkh

e
λkp̃kh
γm` − 1

− σ
} (5.35)The pieces are de�ned by conditions which are functions of the interferingelements (pm`gm`, pmggmg). Now, by making use of the best responses wedetermine the Nash equilibria for the per subcarrier game as the intersectionsof the best responses.The following theorem provides the set of all power allocations whichjointly maximize {W11,W12,W21,W22}. These are the Nash equilibria ofthe per subcarrier game Gnsub.Theorem 4. The per subcarrier game for a 2-transmitters network withthe best responses de�ned as (5.31), has a unique NE if and only if thetwo following conditions are satis�ed: (I) for a pair (λ1, λ2), the matrix Mde�ned as

M =




1 0 {0, 0, g21g11
, g21g11

, 0} {0, g22g11
, 0, 0, g22g11

}
0 1 {0, 0, g21g12

, g21g12
, 0} {0, g22g12

, 0, 0, g22g12
}

{0, g11g21
, 0, 0, g11g21

} {0, 0, g12g21
, g12g21

, 0} 1 0

{0, g11g22
, 0, 0, g11g22

} {0, 0, g12g22
, g12g22

, 0} 0 1


(5.36)is full rank, and (II) the unique solution p of the system of equation

p = M−1b(λ1, λ2), (5.37)with
b(λ1,λ2)=




{0, 1
λ1
− σ

g11
, γ21

λ1
− σ

g11
, 1

λ1
− σ

g11
, γ22

λ1
− σ

g11
}

{0, 1
λ1
− σ

g12
, γ21

λ12
− σ

f12
, 1

λ1
− σ

g12
, γ22

λ1
− σ

g12
}

{0, 1
λ2
− σ

g21
, γ12

λ2
− σ

g21
, 1

λ2
− σ

g21
, γ11

λ2
− σ

g21
}

{0, 1
λ2
− σ

g22
, γ12

λ2
− σ

g22
, 1

λ2
− σ

g22
, γ11

λ2
− σ

g22
}



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Rp =











{R
(III)
11 , (R

(I)
11 |A2), (R

(II)
11 |A2), (R

(I)
11 |Â2), (R

(II)
11 |Â2)}

{R
(III)
12 , (R

(I)
12 |A2), (R

(II)
12 |A2), (R

(I)
12 |Â2), (R

(II)
12 |Â2)}

{R
(III)
21 , (R

(I)
21 |A1), (R

(II)
21 |A1), (R

(I)
21 |Â1), (R

(II)
21 |Â1)}

{R
(III)
22 , (R

(I)
22 |A1), (R

(II)
22 |A1), (R

(I)
22 |Â1), (R

(II)
22 |Â1)}











(5.38)Here, A1 ≡ {(p11, p12)|p11g11 > p12g12} and A2 ≡ {(p21, p22)|p22g22 >
p21g21}. The complementary regions are denoted by Â1 and Â2. The notation
{.} with several variables suggests that the corresponding element takes oneof the values. In addition, the notation (.|.) conditions the region wheretothe power of user of interest belongs, to an speci�c order of the interferingsignal. In each row, there is a one-to-one correspondence between the valuesin {.} of M , b, and Rp.Note that (5.37) provides the intersection of the best responses (5.33).Remark 1: The condition that matrix M is full rank implies that thematrix M cannot be symmetric. Additionally, if rank(M ) = rank(M) < 4,where M is the matrix built by concatenating the two matrices M and
b, i.e. [M |b] , the system of equations MP = b(λ1, λ2) admits in�nitesolutions. They are Nash equilibria if they also belong to Rp. No NE existsif rank(M) 6= rank(M ). It is straightforward to verify that the conditionrank(M ) = rank(M ) enforces a linear restriction on the variables λ1 and λ2.For the sake of notation, we denote this linear restriction by Frank<4(λ) = 0.Remark 2: Taking into account the structure of vector b(λ1, λ2), in agiven channel state g =

[
g11 g12 g21 g22

]T
, the solution to system (5.37)can be expressed as a function of the pair (λ1, λ2). Let us denote M−1 by

A. We rewrite (5.37) as



p11
p12
p21
p22


 =




A1 | A2

−−− −−−
A3 | A4







b11(
1
λ1
, σ)

b12(
1
λ1
, σ)

b21(
1
λ2
, σ)

b22(
1
λ2
, σ)


 (5.39)where Ai, i ∈ {1, 2, 3, 4} are 2 × 2 matrices. It can be veri�ed that all thenon-zero elements of A1 and A4 are positive and all the non-zero elementsof A2 and A3 are negative.Proposition 1. Any non-zero power allocation of transmitter k at the Nashequilibrium of Gnλ is linear in the pair ( 1

λ1
, 1
λ2
). Let us assume that the solution

p satis�es condition (II) of Theorem 4 with Rp ≡ R#
p , being R#

p one ofthe possible regions de�ned by Rp. The corresponding region for vector λ =
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[
λ1, λ2

] is referred to as R#
λ

= {(λ1, λ2)|λ1 > 0, λ2 > 0,p(λ1, λ2) ∈ R#
p }.Then

p(λ1, λ2) =




α11 −β11
α12 −β12
−β21 α21

−β22 α22



[ 1
λ1
1
λ2

]
−




c11
c12
c21
c22


σ (5.40)for (λ1, λ2) ∈ R#

λ and being αi,j, βij , cij , with i, j ∈ {1, 2} positive and de-pending on g,γ, and R#
p .Let us denote the set of all possible regions Rp de�ned in (5.38) by Y.The cardinality of the set is NY . We index the regions in an arbitrary orderwith a number between 1 and NY and denote the index by y.In the rest of this section, in order to simplify the analysis, we concen-trate on a single region Ry

p, y ∈ {1, ...,NY }. The following analysis holds ingeneral for any arbitrary region. Hereafter, the region index y is consideredas a parameter of the functions whenever a single region is intended, e.g..
Wkh(y,p(λ),λ).Let us assume that pm ∈ R(I)

kh . The value of the corresponding functionin (5.34) is
Wkh(y,p(λ),λ) = log

gkh

λk(gmg(
αmg

λm
− βmg

λk
− cmgσ) + σ)

− 1 +
λk
gkh

(gmg(
αmg

λm
− βmg

λk
− cmgσ) + σ))where, based on Proposition 1, the value of pm is replaced by αmg

λm
− βmg

λk
−

cmgσ. Two properties of function Wkh(y,p(λ),λ), namely submodularity(decreasing di�erences) and convexity, are presented in the following twolemmas. We will elaborated more on these properties in the next subsection.Lemma 1. The continuous and twice di�erentiable function Wkh(λ) hasdecreasing di�erences property.Proof: This lemma is proven in Appendix 5.A.Lemma 2. For a �x λm, the continuous and twice di�erentiable function
Wkh(y,p(λ),λ) is concave in λk when the pair (λk, λm) satis�es the followingcondition

{(λk, λm)|λk > 0, λm > 0,p(λk, λm) ≥ 0}. (5.41)



5.4 Equilibria for Joint Power and Rate Allocation 91Proof: The proof of this lemma is in Appendix 5.B. Note that thecondition on the power p(λk, λm) in (5.41) is implied by physical reasonsand it is not restrictive for our study. In the following section, we considera global game per each possible region Rp and we discuss the existence of aNash equilibrium in that region.5.4.2 Global GameWe consider a network wherein all subcarriers have the same channel statedistribution. In such a network the global game utility function (5.25) boilsdown to
Ck(λ) = NLk(d

n
(λ);λ) + λkP k k = 1, 2 (5.42)Let us consider the above problem in a single region Ry

p, y ∈ {1, ...,NY }. Inorder to specialize all the functions as the ones of this region we add thevariable y as a parameter to all the functions, e.g. Lk(y,d
n
(λ);λ). From(5.42) and (5.30) we have

Ck(y,λ)=N
(
γk1Wk1(y,p(λ),λ)+γk2Wk2(y,p(λ),λ)

)
+λkP k k = 1, 2 (5.43)For further studies, we de�ne the global game per region by Gyglob ≡ (S,Dy

glob,U
y
glob)where the cost functions Uy

glob are de�ned in (5.43) and the action set is
Dy

glob ≡
(
λ|p(λ) ∈ Ry

p, λk ∈ R+, k = 1, 2
)
.Let us de�ne a relaxed game Gyrelaxed ≡ (S,Dy

relaxed,U
y
glob) obtained byrelaxing the condition of type W(I)

kh ≤ W
(II)
kh (or W(I)

kh ≥ W
(II)
kh ) from the set

Dy
glob. In other words, the action set isDy

relaxed ≡
(
λ|pk(λ) ≥ 0 and pmggmg =

max(pm1gm1, pm2gm2), λk ∈ R+, k = 1, 2
)
.In the following, we prove the submodularity of Gyrelaxed. Based on thisproperty the existence of a Nash equilibrium for Gyrelaxed follows.Theorem 5. The two-player global game Gyrelaxed is a submodular game whenthe strategy set Dy

relaxed is not empty.Proof. A two player game Gyrelaxed is submodular if for each player k ∈ {1, 2}the following conditions hold: (i) the strategy space is nonempty and com-pact sublattice; (ii) the strategy pro�le Dy
relaxed satis�es the ascending prop-erty; (iii) the utility function Ck(y,λ) is continuous in both players' strate-gies, and has decreasing di�erences between λk and λm for k,m ∈ {1, 2}, k 6=
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m. The validity of conditions (i) and (ii) can be veri�ed directly from Ap-pendix 5.C.1 and Lemma 5 of Appendix 5.C.2. The decreasing di�erencesproperty of Ck(y,λ) follows from Lemma 2.Property 1. Nash equilibria in ◦

Dy
relaxed, the interior of Dy

relaxed, are all thesolutions of the system
∂Ck(y,λ)

∂λk
= 0, k = 1, 2 (5.44)in ◦

Dy
relaxed, if the per subcarrier game has a single NE. On the other hand,if the per subcarrier game has in�nite NEs the condition Frank<4(λ, σ) = 0should be satis�ed (Remark 1). The KKT conditions for this case boils downinto

∂Ck(y,λ)

∂λk
+ µk

∂Frank<4(λ, σ)

∂λk
= 0 (5.45)

µkFrank<4(λ, σ) = 0 k = 1, 2 (5.46)As the function Frank<4(λ, σ) is linear, the KKT conditions are necessaryand su�cient (Section 4.2.2).Note that systems (5.44) and (5.45) is a system of rational functions in
λ, and all its solutions can be determined as roots of a polynomial in λk or
λm.Property 2. The Nash equilibria of Gyrelaxed on the boundary satisfying pkh =
0, k, h ∈ {1, 2} are Nash equilibria of Gglob only if they are Nash equilibria in
◦
Dz

relaxed, the action set interior of the game Gzrelaxed, where the region Rz
p isobtained from the region Ry

p by enforcing pkh = 0.Thanks to this property, we do not ignore any NE of the global game ifwe ignore the equilibrium at the boundary determined by p̃kh = 0.Lemma 3. The Nash equilibria of Gyglob on the boundary corresponding toa condition of type pm1gm1 ≥ pm2gm2 (or pm1gm1 ≤ pm2gm2) are Nashequilibria of Gglob only if they are Nash equilibria in ◦
Dx

relaxed, the action setinterior of the game Gxrelaxed, where the Rx
p is the region which shares theboundary of interest with Dy

glob.Proof. This lemma is proven in Appendix 5.C.2 as straightforward conse-quence of Lemma 6 in the same appendix.



5.5 Algorithm 93Property 3. Let λ∗ be a NE of Gyrelaxed corresponding to the per subcarriergame equilibrium p̃y(λ∗). λ∗ is a NE of Gglob if and only if (1) it belongs tothe actions set of the global game per region, Dy
glob and (2) it satis�es thefollowing inequality

Ck(y, λ
∗
k, λ

∗
m) ≤ Ck(z, λk, λ

∗
m),

∀λk ≥ 0, k,m = 1, 2, k 6= m,Ry
p ∈ Y,Rz

p ∈ Ycond (5.47)being Ycond is a subset of Y wherein the per subcarrier game strategy oftransmitter m is identical to the one's in region Ry
p.Lemma 4. A NE of Gglob belongs to a boundary of type W(I)

kh = W(II)
kh , ifand only if it is a NE for both regions sharing this boundary, i.e. the region

Dy(II) ⊆ Dy
relaxed corresponding to condition W(I)

kh ≤ W
(II)
kh , and the region

Dy(I) ⊆ Dy
relaxed corresponding to condition W(I)

kh ≥ W
(II)
kh . We refer to thesetwo regions as side regions.Let dWkh =W(I)

kh −W
(II)
kh . The NEs of Gglob which belong to a boundaryof type dWkh = 0 are a subset of the set of solutions to the following systemof equations.

∂Ck(y
(I),λ)

∂λk
+ µk

∂dWkh

∂λk
= 0

∂Ck(y
(II),λ)

∂λk
+ µk

∂dWkh

∂λk
= 0

µkdWkh = 0; k = 1, 2. (5.48)Property 3, Lemma 4 and Theorem 3 yield the following theorem.Theorem 6. The NEs of Gglob are the union of all the NEs of Gyrelaxed andthe solutions of (5.48), for all y ∈ {1, ...,NY }, which (1) belong to ◦
Dy

glob, and(2) satisfy condition (5.47).5.5 AlgorithmThe algorithm to determine the NE of the dual game GD consists in deter-mining all the NEs of the N relaxed games Gyrelaxed de�ned over the regions
Ry

p ∈ Y. Then, among them, it selects the ones which satisfy all the con-ditions for being NE of the global game. Such conditions are expressed inProperty 3. The algorithm is presented in Table 4.1. Note that the NE



94 Chapter 5 Distributed Resource Allocation in OFDM-based MACobtained with this algorithm are not unique. A selection criterion has tobe enforced to both transmitters in order to guarantee the convergence ofthe system toward to an equilibrium. Several criteria can be enforced. Asan example we can propose the selection of the NE which maximizes thesum throughput for symmetric systems, i.e. systems with the same channelstatistics for both transmitters.We consider a 2-transmitter network in which the transmitters simulta-neously communicate with a single receiver over 10 subcarriers. In the �rstset of results, the system parameters are set as follows. The channel gains forthe two transmitters are set to (g11, g12) = (1/3, 2/3); (g21 , g22) = (7/8, 1/8)and the corresponding probabilities are (γ11, γ12) = (0.3, 0.7); (γ21 , γ22) =
(0.1, 0.9). Note that the gap between the two gain levels for transmitter 2is greater than the ones of transmitter 1. Moreover, the values of γs in-dicate that for transmitter 2 the occurrence of the higher channel gain isless probable than the lower. A reversed situation occurs for transmitter 1.Additionally, we consider two levels of information at the transmitters: (i)
T − CCSI : complete channel side information at both transmitters, (ii)
T − PCSI : partial channel side information, i.e. each transmitter know itsown channel state and the statistics of the other's links.For T − CCSI, the problem is de�ned in (5.5). The power allocationalgorithm based on the dual method introduced in [16] is implemented. Thealgorithm is detailed in Table 4.2 and assigns an initial value to the powersand the Lagrangian multipliers and iterates until convergence to a local opti-mum power allocation of the constrained optimization (5.5). Note that thisalgorithm converges into a local optimum depending on the initial value.For T−PCSI, the distributed joint rate and power allocation is obtainedvia three di�erent algorithms. The �rst two algorithms are based on heuristicapproaches and the last one is the proposed algorithm in Table 4.1. Notethat, unlike Algorithm II, Algorithm I is not iterative and will immediatelyprovide all the NEs of the global game.In both heuristic approaches, transmitter k = 1, 2 divides the maximumavailable power P k equally among the subcarriers. Let us assume Ps =
Pmax/N. In the �rst approach, namely EqPow1, with the intention to avoidoutage, we set the transmission rate on channel gkh to Rkh = log(1+ Psgkh

Psgmg+σ )where gmg = max(gm1, gm2). The value of the average throughput is ρkh =
Rkh. In the second heuristic approach, namely EqPow2, we accept a certainlevel of outage. We calculate the two rates Rmg

kh = log(1 + PSgkh
Psgmg+σ2 ) and

Rml
kh = log(1 + PSgkh

Psgml+σ2 ) where gml = min(gm1, gm2). We further calculatethe average throughput for both cases, i.e. ρmg
kh = Rmg

kh and ρmg
kh = γmlR

ml
kh ,



5.5 Algorithm 95Algorithm I: �nding the NEs of the global game for T − PCSIInitialize E = ∅.for y ∈ {1, ...,NY }.Set matrix M for Ry
p.Initialize Ey = ∅.if rank(M) = 4.compute A = M−1.compute p(λ1, λ2).else determine constraints on λ such that Rank(M) = Rank(M ).determine the in�nite solutions of Mp = b parametricin the unknown pkh.endif.compute Ck(y,λ), k = 1, 2.�nd all the solutions λ of ∂Ck(y,λ)

∂λk
= 0, k = 1, 2�nd all the solutions of 5.48 if boundary dWkh pass through region ycollect all above solutions in the set Ey.set Ey = Ey⋂Dy

glob.for each λ∗ ∈ Eycheck=1for all λkfor all regions Rz such that Rz
p ∈ Ycondif Ck(y, λ

∗
k, λ

∗
m) ≤ Ck(z, λk, λ

∗
m)check =1.elsecheck=0.endif.endfor.endfor.if check=1

E = E ⋃{(y,λ∗)}endif.set E = E ⋃Ey.endforendforTable 5.1: Algorithm I: �nding the NEs of the global game for T − PCSI



96 Chapter 5 Distributed Resource Allocation in OFDM-based MACIterative algorithm for T − CCSIinitilaize (λ1, λ2)repeateinitilize p = (p11(g11), p12(g12), p
n
21(g21), p

n
22(g22))repeatefor k = 1 : 2

pk = argmaxEgn
k

∑2
k=1 (rk(g

n,pn)− λkpnk(gk))enduntil p convergesupdate (λ1, λ2) using subgradient methoduntill (λ1, λ2) converges.Table 5.2: Algorithm II: Iterative algorithm for T − CCSIand we determine the maximum. Finally, we set the rate Rkh to the onecorresponding to the maximum throughput.Let us compare the performance of the above four algorithms. We adoptthe throughput attained by each algorithm as performance measure andwe plot it versus the maximum available power at the transmitter. Thethroughput here is in bits/sec. For the T−CCSI optimization, the through-put is equal to the sum of the maximum achievable rate over each subcar-rier. The maximum available powers at both transmitters are identical, i.e.
P 1 = P 2 = Pmax. For the �rst set of simulations the noise power is �xed at
−5db and Pmax increases linearly from 0.3 W (−5db) to 28 W (15db).Figure 4.1 compares the performance of Algorithm I for T − PCSI andAlgorithm II for T−CCSI separately for the two transmitters. Note that theoptimization based on Algorithm II does not guarantee the global optimumbut only a local optimum. For Algorithm I we adopt the maximum sumthroughput as selection criterion of a Nash equilibrium.Interestingly, the simulations show that all the NE points obtained throughAlgorithm I are those wherein only one transmitter emits with the full powerand the other remains o�. This kind of result holds also for all the sets ofparameters we consider for simulations. This suggests that Algorithm I canbe simpli�ed to �nding the NEs in which only one transmitter emits. Theset of the NE and/or retained NE after the application of a selection crite-rion includes the cases where transmitter k allocates the whole power in onlyone channel state gkh, h = 1, 2 and/or when it divides the power optimallyamong the channel gains gk1 and gk2 assuming that there is no interferencefrom the other transmitter.
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Figure 5.1: Aggregate throughput vs maximum available power at the trans-mitter, K = 2, N = 10, g1 = (1/3, 2/3), g2 = (7/8, 1/8), γ1 = (0.3, 0.7), γ2 =
(0.1, 0.9)By performing Algorithm II, Transmitters of type T − CCSI have in-creasing throughput while the power budget increases.Figure 4.2 shows the aggregate throughput obtained by the four algo-rithms. The two heuristic algorithms have a saturating behavior at very lowpower levels compared to the optimization and the game based algorithm.In other words, these algorithms are not able to exploit the additional avail-able resources. Interestingly, the increase of the throughput for a NE in
T − PCSI, follows closely the increase of the optimal power allocation inthe case of T − CCSI.5.6 ConclusionsThe joint power and rate allocation in a two-user OFDM system with alarge number of subcarriers and partial channel state information at thetransmitters for slow frequency selective fading channel is studied. A totalthroughput maximization problem is introduced and it is proved that thedual approach yields optimum resource allocation asymptotically as N →
+∞. Although, the dual problem has linear complexity in the number of
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Figure 5.2: Throughput per transmitter vs maximum available power atthe transmitter, K = 2, N = 10, g1 = (1/3, 2/3), g2 = (7/8, 1/8), γ1 =
(0.3, 0.7), γ2 = (0.1, 0.9)subcarriers, the complexity of per subcarrier optimization is still very highdue to the fact that the objective function is not convex. A suboptimallow complexity approach is introduced in the form of 2-player game. Wede�ned a two-level game, namely per subcarrier games and global game,whose NEs are obtained. Since the game admits multiple NEs, selectioncriteria are necessary. Thus we adopt the maximum sum throughput asselection criteria of a NE. The performance of such NE points is comparedto the performance of the optimum power allocation for the case of completechannel state information and the uniform power allocation for the case ofpartial channel side information.The simulations showed that all the NEs obtained from the game arecharacterized by the fact that only one transmitter emits with full power andthe other remains o�. On the contrary, the optimum power allocations forthe case of complete channel state information contains solutions which havethe superposition of two users' power on the same channel. However, in thelater case, the solutions can only be obtained through an iterative algorithmwhose convergence to some local optimal point depends on the choice of theinitial value. Comparing the performance of the optimal solution averaged



5.A Proof of Lemma 1: 99over several initial points and the NE chosen through the selection criteria,shows that the NE performs near optimal in this network setup.5.A Proof of Lemma 1:The second derivative in λk is given by
∂2Wkh

∂λk∂λk
=

1

λk
2 +

gmgβmgλk(2(
αmg

λm
− βmg

λk
− cmgσ) +

βmg

λk
+ σ)

λk
4(gmg(

αmg

λm
− βmg

λk
− cmgσ) + σ)2

. (5.49)When the power pmg =
αmg

λm
− βmg

λk
− cmgσ is nonnegative, the second deriva-tive is positive. Therefore, the function Wkh is locally concave if condition(5.41) is satis�ed.5.B Proof of Lemma 2:The decreasing di�erence property reduces to ∂2Wkh

∂λk∂λm
≤ 0 for all λk, λm > 0when the second mixed derivative exists. Since

∂2Wkh

∂λk∂λm
=

−gmg
2αmgβmg

λm
2λk

2(gmg
2(

αmg

λm
− βmg

λk
− cmgσ) + σ)2

− gmgαmg

gkhλm
2 (5.50)and observing that all the coe�cients appearing in (5.50) are positive itfollows immediately that the second mixed derivative is negative for anypair λk, λm and the mixed derivative in (5.50) follows.5.C Analysis of The NEs on The BoundariesWe de�ne the following two boundaries:

• B1 ≡ {(λ1, λ2)|one of the power allocations tends to zero, i.e. pkh(λ1, λ2)→
0k, h ∈ {1, 2}},

• B2 ≡ {(λ1, λ2)|for some k ∈ {1, 2} : pk1(λ1, λ2)gk1 = pk2(λ1, λ2)gk2},Note that the boundary B1 is the boundary between valid values andnon-valid values for power allocation. In other words, the region whereinone of the power allocations is negative is not valid. We call the regionwhere all power elements are non-negative as feasible region. On the otherhand, B2 sets a boundary between two distinct pieces of the feasible region,



100Chapter 5 Distributed Resource Allocation in OFDM-based MACi.e., boundary between pk1gk1 ≥ pk2gk2 and pk1gk1 ≤ pk2gk2. The transitionbetween these pieces will be studied in this section.Moreover, as in our de�nition of the regions in (5.35) we considered aseparate case for pkh = 0, i.e., de�ned as pkh ∈ R(III)
kh , the boundary B1is itself an independent region. In other words, all points on the boundarywhere a single power element pkh → 0, are interior to the region where thatpower element is equal to zero , pkh = 0, while the other power elements staythe same.5.C.1 Boundary of type B1For any non-zero power allocation of transmitter k, we have Pkh = αkh

λk
−

βkh

λm
− ckhσ2 > 0 for k,m = 1, 2, k 6= m,h = 1, 2. Three possible cases are:
• Z1: if βkh 6= 0 and ckh 6= 0

• Z2: if βkh 6= 0 and ckh = 0

• Z3: if βkh = 0Note that by de�nition αkh ≥ 1. Lets assume a coordinate plane with λk and
λm as the axis. In case Z1, on the boundary where pkh = 0 the followingrelation is satis�ed

λm = fkh(λk) =
βkhλk

αkh − ckhσ2λk
(5.51)The �rst and second derivatives of λm with respect to λk are positive. Incase Z2, the boundary where pkh = 0 is a line with a positive slope passingthrough the origin. In both cases, at pkh = 0, λm is an increasing convexfunction of λk. Finally, in case Z3, the boundary where pkh = 0 is the line

λk = αkh

ckhσ2 . Note that, the region corresponding to pkh ≥ 0 for each caseis the region which is enveloped between the boundary curve and the axiscorresponding to λm.The region where the power vector satis�es p ≥ 0 is an intersection ofthe regions corresponding to all conditions pkh > 0, k, h = 1, 2, one per eachelement. In general, the nonempty intersection is a sublattice and it is easyto verify that it satis�es the ascending property (Chapter 4-De�nition 14)de�ned as follows.
λm ≤ λ′m ⇒ Dk(λm) ≺ Dk(λ

′
m) (5.52)The typical shape of a non-empty intersection is shown in Figure 4.3.
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Figure 5.3: Feasible region: the region corresponding to p > 0For further studies, we are also interested in the slop of the fkh(λk) atthe origin, i.e. (λ1, λ2) = (0, 0). In order to �nd the relative position of theboundaries we need to have a uniform de�nition for our coordinate plane.For this purpose, we de�ne a coordinate plane with λ2 as y-axis and λ1 as thex-axis, denoted by λ2 − λ1 plane. The slop of the boundary correspondingto pkh = 0 in such a plane is denoted by x0kh and is de�ned as
x0kh =

∂λ2
∂λ1

∣∣∣
(λ1,λ2)=(0,0)

, k, h ∈ {1, 2}. (5.53)5.C.2 Boundary of type B2The analysis of boundaries of type B2 can be summarized in following twolemmas.Lemma 5. The boundary B2 divides the feasible region into two sublattices,each of which satis�es the ascending property.Lemma 6. If a NE of the game Gglob belongs to a boundary of type B2,that point is an interior NE of the game Gyglob, where Ry
p is one of the sideregions, i.e., the regions sharing that boundary.We analyze B2 through an example. However, the following analysisholds in general for any arbitrary region. We are specially interested ininvestigating the existence of a NE on such a boundary.



102Chapter 5 Distributed Resource Allocation in OFDM-based MACLets assume the case where the only zero element of power vector is p22.In addition, the conditions A1 and A2 are satis�ed, i.e. p11g11 ≥ p12g12,and p21g21 ≥ p22g22. Further, we assume that (1) p11 ∈ R(II)
11 |A2, (2) p12 ∈

R(I)
12 |A2, (3) p21 ∈ R(I)

21 |A1, and p22 ∈ R(III)
22 .We denote the NE of per-subcarrier game for this region by p∗. It isstraightforward to see that if the NE p∗ is close to the boundary B̃2 ≡

{(λ1, λ2)|g11p∗11(λ1, λ2) = g12p
∗
12(λ1, λ2)}, the greatest and the lowest inter-ference to user 2 are almost equal and p∗21 belongs to the region R(I)

21 . Notethat, the two power elements of user 1, p∗11 and p∗12, are chosen to be non-zero. In other words, we provided a general example wherein the boundary
B̃2 does not coincide with a boundary B1.Considering the above region, the power vector p∗ is as follows:

p∗11 =
γ22
λ1
− σ2

g11

p∗12 =
1

λ1
− p21g21

g12
− σ2

g12

p∗21 =
1

λ2
− p11g11

g21
− σ2

g21

p∗22 = 0. (5.54)Therefore matrix M ∗ is



1 0 0 g22
g11

0 1 g21
g12

0
g11
g21

0 1 0

0 0 0 1


 (5.55)We have de�ne dintf as follows

dintf = g11p
∗
11 − g12p∗12

= g21p
∗
21 −

g12 − γ22g11
λ1

(5.56)The condition A1 implies that dintf ≥ 0.Note that if g12−γ22g11 < 0, there is no possible positive solution for p∗21.Therefore, the boundary B2 is outside the feasible region and no analysis needto be done on it. We now consider the opposite case where g12− γ22g11 ≥ 0.Lets assume that the NE of the current region ,R(I)
21 |A1, approaches the



5.C Analysis of The NEs on The Boundaries 103boundary B̃2 where dintf = 0. Replacing p∗21 by its value in (5.54), we con-clude that the equation dintf = 0 in region R(I)
21 is satis�ed if and only if

λ2
λ1

=
g21
g12

. (5.57)Therefore, in the λ2 − λ1 plane, the line passing from origin with a slopeequal to g21
g12

contains all the points belonging to the boundary B̃2.The following two questions should be answered at this point: (1) is theboundary B̃2 passing through the feasible region, i.e. satis�es p ≥ 0?, andif the answer is positive (2) is there any incentive for user 2 to deviate fromthis point and enter the region on the other side of the boundary B̃2, namely
R(I)

21 |Â1, where the condition Â1 implies dintf ≤ 0?To answer the �rst question, we �nd the values of the initial slopes, x012and x021, for our example.
x012 =

g21
g21 + γ22g11

x021 =
g21

γ22g11
(5.58)Taking into account our basic assumption on g12 − γ22g11 > 0, we concludethat the boundary B̃2 pass through the feasible region. This fact is shown inFigure 4.4. For the sake of later reference, we call the regions R(I)

21 |A1 and
R(I)

21 |Â1 sharing boundary B̃2 the side regions. It is straightforward to seethat the side regions are sublattices and they satisfy the ascending property(Chapter 4-De�nition 14). We can immediately conclude Lemma 5.Now let us assume that, at the boundary B̃2, user 2 deviates and entersthe region R(I)
21 |Â1. We denote the per subcarrier NE of this region by p∗∗.Note that, following the same logics as for p∗, if the NE p∗∗ is close to B̃2,the power element p∗∗21 belongs to the region R(I)

21 .The power vector p∗∗ is as follows:
p∗∗11 =

γ22
λ1
− σ2

g11

p∗∗12 =
1

λ1
− p21g21

g12
− σ2

g12

p∗∗21 =
1

λ2
− p12g12

g21
− σ2

g21

p∗∗22 = 0. (5.59)
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Figure 5.4: Position of boundary B̃2 with respect to the feasible regionand matrix M∗∗ is 


1 0 0 g22
g11

0 1 g21
g12

0

0 g12
g21

1 0

0 0 0 1


 (5.60)The symmetric structure of the new matrix suggests that there exists solu-tions for p12 and p21 if and only if rank(M ∗∗) = rank(M ∗∗) = 3 (Remark1-Section 5.4.1). This condition is satis�ed if λ2
λ1

= g21
g12
. We denote this ratioby x∞. Interestingly, this condition coincides with the condition (5.57) forthe power element p∗21, in region R(I)

21 |A1, being on the boundary B̃2 (�gure4.4).In general, crossing the boundary B2, the matrix M of one of the sideregions is of rank 3. Therefore, the above analysis is general and we concludeLemma 6.Thanks to this property, we do not ignore any NE of the global game ifwe ignore the equilibrium at the boundaries of type B2.



Chapter 6
Distributed Cross-LayerResource Allocation in SlowFading Interference Networks
6.1 IntroductionThis chapter investigates distributed cross-layer algorithms in single-hop adhoc networks for joint power and rate allocation, scheduling and admissioncontrol. An extended literature of the subject represented in Section 3.2.2.We keep our focus on slow fading channels with partial channel side infor-mation. We use similar approach as in [39] for characterizing the networkand the nodes with obvious modi�cations to model the peculiarities of ad hocnetworks and slow fading channels. Namely, we consider interfering channelsinstead of MAC.Following the same approach as in the previous chapter, we de�ne autility function that accounts for the intrinsic probability of having outageevents in networks with slow fading and decentralized control mechanisms.The proposed utility function maximizes the system throughput de�ned asthe average information rate successfully received. This optimization is sub-ject to a maximum average transmission power.This work proposes both decentralized policies where each transmitteraims at maximizing its own average information rate successfully received105



106 Chapter 6 Distributed Cross-Layer Resource Allocation in INs(sel�sh game) or the system throughput (team game) under the assumptionof single user decoding at the receiver (point-to-point channel with interfer-ence noise) or multiuser decoding (compound channel). The performance ofthe various policies is assessed against the policy in [39] in terms of through-put, outage probability, and drop rate (fraction of arriving packets not ac-cepted in the queue). Improvements between the 19% and the 68% for thethroughput have been obtained. Interestingly, iterative optimization algo-rithms with di�erent random initial points yield to the same equilibriumwhen a low complexity best response approach is applied and single userdecoding is utilized at the receivers. This encourages to believe that the ob-tained equilibrium is also Pareto optimal. On the contrary, when multiuserdecoding is applied at the receivers, multiple equilibria where obtained withconsiderable di�erences in terms of throughput. Multiplicity of the equilibriapoints, convergence of the best response approach eventually to a Nash equi-librium have been only partially addressed in this work and are still objectof investigation.6.2 System ModelWe consider a system consisting ofK arbitrary source-destination pairs shar-ing the same medium. For example, we may assume that these K pairs arechosen from a larger number of nodes in an ad hoc network. The time is uni-formly slotted. We assume on our model that (i) one node cannot transmitand receive at the same time and (ii) the transmitters are distinct while onenode can be the destination of di�erent information streams. Thus, there are
K transmitters and in general NR receivers, with NR ≤ K, in the system.The channel is block fading with duration of a block equal to a time slot.Furthermore, codewords are completely transmitted during a single time slot.The channel in time slot t ∈ N is described by and K × NR matrix Y (t)whose (i, j) element yji (t) is the power attenuation of the channel betweentransmitter i and receiver j. Throughout this work we refer to them as thechannel states (CS). The matrix of channel states is shown in Figure (6.1).The row i includes the states of the channels from the transmitting node ito all the destination nodes. This is the vector of known CS information atnode i and it is denoted by yi(t). The j-th column includes the states of thechannels from all the transmitting nodes to the receiver j. This is the columnvector denoted by yj(t). It contains all the CS information necessary to de-termine the signal to interference and noise ratio (SINR) at the destinationnode j at time slot t. Furthermore, each power attenuation yji is modelled



6.2 System Model 107as an ergodic Markov chain taking values in the discrete set E of cardinality
L. For the sake of notation, we de�ne a bijection between the set E and theset of the natural numbers {0, 1, ..., L − 1}, ϕ : E → {0, 1, ..., L − 1}. Letits inverse be ψ = ϕ−1. The Markov chain of yji is de�ned by the transitionmatrix T (i, j) whose (k, `) element T `

k(i, j) is the probability of transitionfrom the CS ψ(k) to the state ψ(`). The conditional probability nature of
T k
` (i, j) re�ects on the fact that ∑L

`=1 T
k
` (i, j) = 1. We assume throughoutthat T (i, j) is irreducible and aperiodic as in [39]. The steady CS probabilitydistribution of the channel between transmitter i and destination j is givenby the column vector π(i, j).At each node, packets arrive from the upper layer according to an inde-pendent and identically distributed arrival process γi(t), t ∈ N with arrivalrate λi. Here P (γi(t)) is the probability of receiving γi(t) packets at timeinstant t. The packets have constant length.Each transmitter is endowed with a bu�er of �nite length. We denoteby Bi the maximum length of the bu�er at node i and by qi(t) number ofqueuing packets at the beginning of slot t. In the following, we address thevariable qi(t) also as the queue state (QS). In a given time slot we assumethat all the arrivals from the upper layer occur after transmission of packetsto the network.In each time slot, on the basis of the available information at time ttransmitter i decides (a) the transmission power level pi ∈ Pi, where Pi isa �nite set of nonnegative reals including zero; (b) the number of packetsto transmit µi ∈ Mi, with Mi = {0, 1, ...,Mi} and Mi ≤ Bi; (c) to acceptor reject new packets arriving from upper layers. We denote with ci = 1and ci = 0 the decision of accepting and rejecting the packets, respectively.Therefore, the action of the node i at time slot t is described by the triplet

ai(t) = (pi(t), µi(t), ci(t)).The information available at node i at time t is given by the pair xi(t) =
(yi(t), qi(t)), i.e. the CSs from transmitter i to all receivers and the numberof the packets in the queue at the beginning of time slot t (QS). We refer tothe pair xi(t) as the transmitter state (TS). Additionally, each transmitterknows the statistics of the other channels and the statistics of the arrivalprocess in the bu�er.For further studies it is convenient to de�ne two other state variables fortransmitter i, namely the receiver state (RS), and the network state (NS).RS is given by the pair xi(t) = (yi(t), qi(t)). In order to de�ne the NS, wedivide the information of the matrix into two sets: (i) row vector yi whichis the TS of user i (ii) remaining row vectors in the matrix. We denote thelatter set by y−i. Additionally, q−i contains the queue states of users other
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Figure 6.1: De�nition of (a) RS and (b) NSthan user i. Therefore, NS is x−i = (y−i, q−i). In a similar way, we candenote the set of actions of other users by a−i.A complete characterization of transmitter i requires the diagram of itsTS. The TS is a combination of channel state yi(t) and queue state qi(t).The CS transitions are independent of the bu�er state. They are further in-dependent of the action. As already mentioned each CS can independentlybe de�ned as a Markov chain. Then, the TS is also a Markov chain withtransition probabilities Pyi(t)yi(t+1) =
∏K

j=1 T
ϕ(yji (t+1))

ϕ(yji (t))
(i, j), i.e. the productof the transition probabilities from the CS yji (t) to the CS yji (t+1) or, equiv-alently,from ϕ(yji (t)) to ϕ(yji (t)). On the contrary, the queue state dependson the transmitter action. In fact, the dynamics of the queue length aregiven by qi(t+1) = min([qi(t)+ci(t)γi(t)−µi(t)]+, Bi) and can be describedas Markov decision chains (MDC). Its transition probability is denoted by

Pqi(t)ai(t)qi(t+1), the probability of transition from the queue state qi(t) to thequeue state qi(t+ 1) when action ai(t) is adopted by the transmitter. Sincethe channel state is independent of the queue state, the transmitter state canalso be described by a MDC with transition probability Pxi(t)ai(t)xi(t+1), i.e.the probability of transition from the state xi(t) to state xi(t+ 1) when theaction ai(t) is adopted. Here, Pxi(t)ai(t)xi(t+1) = Pyi(t)yi(t+1)Pqi(t)ai(t)qi(t+1).The signal of the user of interest is impaired by the interfering signals andadditive white Gaussian noise with variance σ2. We denote by di the index ofdestination node for tra�c of transmitter i. When the power level choices ofthe active transmitters are p = (p1, p2, ..., pK), the RS vector for transmitter
i is xi(t) = (yi(t), qi(t)), and the receiver performs single user decoding, the



6.3 Problem Statement 109maximum instantaneous achievable rate for the i-th communication pair isgiven by
rSUi (xi(t),p) = log2(1 + SINRSU

i (xi(t),p)) (6.1)where SINRSU
i is the signal to interference and noise ratio of node i at itsdestination di given bySINRSU

i (xi(t),p) =





ydii (t)pi(t)

σ2 +
∑
j 6=i

qj(t)>0

y
dj
i (t)pj(t)

, qi(t) > 0

0, otherwise.If the receiver performs successive interference cancellation (SIC) decodingand, additionally, knows the transmission rate of the decodable interferes inthe set Di ≡ {j1, . . . j`}, the maximum instantaneous achievable rate for the
i-th communication pair is given by

rSICi (xi(t),p) = log2(1 + SINRSIC
i (xi(t),p), (6.2)where SINRSIC

i (xi(t),p) =





ydii (t)pi(t)

σ2 +
∑
j 6=i

qj(t)>0
j /∈Di

y
dj
i (t)pj(t)

, qi(t) > 0

0, otherwise.In the following, we will write shortly ri(x
i(t),p) when it is irrelevant tospecify the decoding approach.6.3 Problem StatementAt each time slot, a node chooses its action without having a global view ofthe channel states and the other users' interference. There is no coordinationamong transmitters' actions and only local information is available at eachnode. Therefore, for any choice (pi, µi), there is no guarantee that the µipackets can be received correctly when the TS is xi. In such scenario, we aimat maximizing the throughput, i.e. the average number of packets success-fully received by the destination. We will consider two di�erent approaches:(A − self ) each user independently optimizes its strategy to maximize its



110 Chapter 6 Distributed Cross-Layer Resource Allocation in INsown throughput (sel�sh game); (A − coop) each user independently fromothers optimizes its strategy to maximize the joint throughput of the wholenetwork (team game). Each approach can be investigated for two di�erentkinds of receivers: (a) receivers performing single user decoding; (b) receiverperforming SIC decoding. Approach Ax with decoding j, j ∈ {SU, SIC}, isaddressed as Ax− j.Let R be the rate required to transmit a packet in a time slot. Theprobability that µi(t) packets can be transmitted successfully in a time slot
t by source i is

Pr{ri(xi(t),p) ≥ µi(t)R} (6.3)and the average throughput for source i is
lim sup
T→+∞

1

T

T−1∑

t=0

E(Pr{ri(xi(t),p) ≥ µi(t)R|xi(0) = βi}µi(t)R (6.4)where the expectation is conditioned to xi(0) = βi, the initial TS of user i.For physical and QoS reasons the transmitters are subjected to con-straints on the average transmitted powers, on the average queue length,and eventually on the maximum outage probability. More speci�cally, theaverage power of transmitter i is constrained to a maximum value pi and thefollowing upper bound is enforced
lim sup
T→+∞

1

T

T−1∑

t=0

E{pi(xi(t), ai(t))|xi(0) = βi} ≤ pi (6.5)where pi(xi(t), ai(t)) is the power, eventually zero, transmitted by the source
i at time instant t when the action ai(t) is selected. The expectation isconditioned to the initial TS xi(0) = βi of transmitter i. Similarly, in orderto keep the average delay of the packets limited, the average queue length isconstrained by the following bound:

lim sup
T→+∞

1

T

T−1∑

t=0

E{qi(t)|xi(0) = βi} ≤ qi (6.6)where qi is maximum allowed average queue and the expectation is condi-tioned to xi(0) = βi. Finally, the outage probability in the steady state isbounded by P out
i

lim
T→+∞

Pr{ri(xi(t),p) < µi(t)Ri(t)|xi(0) = βi} ≤ P out
i . (6.7)



6.3 Problem Statement 111Note that the constraint on the outage probability holds in the steady statewhile in the transient of the MDC we assume that the system can eventuallytolerate higher outage probability. Throughout, a policy of transmitter i isa deterministic or probabilistic application from the space of TS Xi to theaction space Ai. Since the policies in stationary conditions of the Markovchain are dominating [39], in this paper we assume that the policy of atransmitter at time t is only a function of its current state and we omitthe time indices. Then, a probabilistic (or mixed) policy of transmitter i is
ui(ai|xi), i.e. the probability that mobile i chooses the action ai when thestate is xi. The class of decentralized policies of mobile i is denoted by Ui.6.3.1 Problem Statement as an K-player GameLet us formulate the previous problem as a stochastic K-player game. Wedenote by gi the cardinality of the product set Ki = Xi×Ai = {(xi, ai) : xi =
(yi, qi) ∈ xi, ai = (pi, µi, ci) ∈ ai(xi)} and by < xi, ai >ni

the ni-th elementof Ki. The payo� matrix C(i) of transmitter i is a g1 × g2 × . . . gn matrixhaving K-dimensions and its element c(i)n1,n2...nK
is the payo� of transmitter

i when correspondingly to TS xi it performs action ai while the remainingusers adopt the strategies < xk, ak >nk
with k 6= i. In the sel�sh approach,when ni is such that < xi, ai >ni

=< xi, (pi, µi, ci, ) >

c(i)n1,n2...nK
= Rµ

i
1(ri(xi,p

i
)≥µ

i
R), (6.8)i.e. the payo� is nonzero and equal to Rµ

i
if transmitter i can transmits µ

ipackets with power p
i
reliably. In the cooperative case

c(i)n1,n2...nK
= R

K∑

j=1

µ
i
1(ri(xi,p

i
)≥µ

i
R). (6.9)Let zi = zi(xi, ai) be the joint probability that transmitter i performsaction ai while being in state xi. It can be expressed by the row vector

zi = (z1i , z
2
i , ..., z

gi
i ). Then, the payo� ρi equals the average throughput in(6.4) and it is given by the multilinear form

ρi =

g1∑

n1=1

g2∑

n2=1

...

gK∑

nK=1

cin1n2...nK
zn1
1 zn2

2 ...znK

K = zif
i (6.10)
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f i =

g1∑

n1=1

...

gi−1∑

ni−1=1

gi+1∑

ni+1=1

...

gK∑

nK=1

c
(i)
n1...ni−1kni+1nK

× zn1
1 ...z

ni−1

i−1 z
ni+1

i+1 ...z
nK

K .The constrained optimization problem de�ned in (6.4)-(6.5) can be ex-pressed in terms of joint probabilities zk as
max

zi(xi,ai)

∑

xi∈xi

∑

ai∈ai

zi(xi, ai)Pr{ri(xi,p) ≥ µiR}µiR (6.11a)Subject to:
∑

xi∈xi

∑

ai∈ai

zi(xi, ai)[δri(xi)− Pxiairi ] = 0 ∀ri ∈ xi (6.11b)
∑

xi∈xi

∑

ai∈ai

qizi(xi, ai) ≤ qi (6.11c)
∑

xi∈xi

∑

ai∈ai

p(xi, ai)zi(xi, ai) ≤ pi (6.11d)
∑

xi∈xi

∑

ai∈ai

Pr{ri(xi,p) < µiR}zi(xi, ai) ≤ P out
i (6.11e)

zi(xi, ai) = zi((yi, qi), (µi, pi, ci)|qi ≤ µi) = 0 (6.11f)
zi(xi, ai) ≥ 0; ∀(xi, ai) ∈ Ki;

∑

(xi,ai)∈Ki

zi(xi, ai) = 1 (6.11g)where Pxiairi is the probability to move from state xi to state ri when ac-tion ai is performed. Additionally, (6.11b) guarantees that the graph of theobtained MDP is closed; (6.11c) and (6.11d) correspond to the constraints(6.5) and (6.6), respectively; (6.11f) eliminates the invalid pairs in Ki suchthat the number of packets to be sent is higher than the number of packetsin the queue.Note that if the joint probabilities zk, with k 6= i had been known thepayo� ρi would have reduced to a linear equation and the optimal zi = z∗
iwould have been solution of a linear program.The optimal policy u∗i (ai|xi) of transmitter i can be immediately derivedfrom z∗

i in the steady state of the MDC system by the relation ui(ai|xi) =
z∗(xi,ai)∑

a′
i
∈ai

z∗(xi,a′i)
.



6.4 Analysis of the Game 1136.4 Analysis of the GameFor the sake of simplicity, the Nash equilibrium problem is represented asfollows:
min
zi

−zif
(i) (6.12a)

(b) Aiz
T
i + ai = 0 (c) Biz

T
i + bi ≤ 0 (d) zT

i ≥ 0where 6.12-(b) corresponds to the set of N eq
i linear equality constraints and6.12-(c) corresponds to the N ineq

i linear inequality constraints.6.4.1 Nash EquilibriumThe system of K-player constrained stochastic game (6.12) can be presentedin the frame of a single non-linear complementarity problem (NLCP) or avariational inequality problem (VIP). In the following, we de�ne our gamein the frame of a nonlinear complementarity problem. Let us introduce the
K Lagrangians

Li(zi,ui,vi) = −ρi + ui(Aiz
T
i + ai) + vi(Biz

T
i + bi)where ui and vi are row vectors of Lagrangian multipliers and i = 1, . . . K.A Nash equilibrium necessarily satis�es the Karush-Kuhn-Tucker conditions

θ1i = ∇zi
Li = −f i + uiAi + viBi

θ2i = ∇ui
Li = Aiz

T
i θ3i = ∇vi

Li = −Bizi
T

zi ≥ 0 ui ≥ 0 vi ≥ 0

ziθ1i = 0 uiθ2i = 0 viθ3i = 0.Letwi = (zi,ui,vi) Θi(wi) = (θT
1i,θ

T
2i,θ

T
3i)

T , and by concatenating di�er-ent transmitters' vectorsw = (w1,w2, ...,wK) andΘ(w) = (θT
1 ,θ

T
2 , ...,θ

T
K)T ,we obtain the nonlinear complementarity problem

Θ(w) ≥ 0 wT ≥ 0 wΘ(w) = 0 (6.14)in the ∑K
1 [gi +N eq

i +N ineq
i ] unknowns w.The existence of Nash equilibria for a general class of constrained stochas-tic games, where players have independent state processes, is proven in [99].Therefore, the solution set of the NLCP in (6.14) is nonempty for any �nitenumber of users.



114 Chapter 6 Distributed Cross-Layer Resource Allocation in INs6.4.2 Symmetric NetworkLet us consider the case as all the transmitters have the same statistics forthe channels and the arrival processes and their sets of actions are the same.Additionally, the constraint parameters are identical. Equivalently, theyhave the same objectives and constraints. In such a case, an optimal policyis identical for all users. A NLCP in gi +N eq
i +N ineq

i unknown is obtainedfrom (6.14) omitting index i and removing identical equations. In [112], analgorithm based on extragradient method for variational inequality problemsis proposed. It converges whenever the solution set is not empty as ourgame [99]. The algorithm is iterative and based on quadratic programming.Its complexity depends on both the number of iterations and the number ofprojections at each iteration required for the convergence to the solution ofthe quadratic programming.6.4.3 Best Response AlgorithmBecause of the complexity of standard algorithms for NLCP, it is of greatinterest to investigate simpler approaches. As already mentioned, the gamereduces to a LP when the strategies of K − 1 players is known. Thus, alow complexity iterative algorithm is obtained by choosing a transmitter iand the policies u−i of the remaining transmitters arbitrarily and solving thecorresponding LP. In this way, a complete set of policies is obtained. In theiterative steps, a di�erent transmitter is selected, its policy at the previousstep ignored and determined by linear programming based on the policiesobtained at the previous step.symmetric caseIn the symmetric case, the algorithm is initialized assigning an arbitraryidentical policy u(0)(a|x) to K−1 transmitters and determining the optimalpolicy for the remaining one. The new policy is assigned to K − 1 nodesfor the following step. At each iteration we solve a LP and obtain a newpolicy u(t+1)(a|x) using the policy u(t)(a|x) for evaluating the payo�. Notethat, if the algorithm converges, its �xed points are Nash equilibria of the
K-player game. The convergence of the best response algorithm to Nashequilibrium is guaranteed only in a symmetric case, while in the general casethe algorithm could converge to a point which is not a Nash equilibrium.
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K NR Bi L Mi |Pi| pi qiScn1 2 2 5 3 4 4 2 4Scn2 3 3 4 3 4 3 2 4Table 6.1: Network parametersstate index 0 1 2 3 4 5 6 ... 17queue state 0 0 0 1 1 1 2 ... 6channel state 0 1 2 0 1 2 0 ... 2Table 6.2: Labelling of states6.5 Numerical Results and ConclusionsIn this section, we consider the two scenarios with parameters detailed in Ta-ble 5.1. The CS varies according to a Markov chain with the following tran-sition probabilities: T 0

0 (i, j) = 1
2 , T

1
0 (i, j) = 1

2 , T
L−1
L−1 (i, j) = 1

2 , T
L−2
L−1 (i, j) =

1
2 ; (2 ≤ k ≤ K − 2)T k

k (i, j) =
1
3 , T

k−1
k (i, j) = 1

3 , T
k+1
k (i, j) = 1

3 . This meansthat at each time slot the channel preserves its state or changes by one unit.The packet arrival process is described by a Poisson distribution withaverage rate λi = 1.We perform a two-level admission control; one is done in our o�ine algo-rithm and set the variable ci to 1/0 corresponding to the acceptance/rejectiondecision. However, as we only use one admission control �ag ci for all thepossible number of packet arrivals, there exist situations where the remain-ing space of the queue is less than the number of packets arrived at the time.Therefore, a second (realtime) control is needed in order to drop the packetswhen the queue is full.In the following, we compare the equilibrium policies and the perfor-mance of such strategies in the network. The performance measures are:(i) Throughput (TP), i.e. the number of packets per time slot correctlydecoded by the receiver, (ii) Outage rate, i.e. the fraction of transmittedpackets which can not be decoded correctly, (iii) Drop rate, i.e. the fractionaction index 0 1 2 3 4 5 6 7 8 9 ... 47Num of packets 0 0 0 0 0 0 0 0 1 1 1 ... 6power level 0 0 1 1 2 2 3 3 0 0 1... 3accept/reject 0 1 0 1 0 1 0 1 0 1 0... 1Table 6.3: Labelling of policies
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Figure 6.2: Policies in a symmetric two user network: A− self −SU (circlemark) versus A− self − SIC (cross and plus marks)of arriving packets from upper layer which are rejected due to the admissioncontrol.Let us focus on scenario 1. In Figure 5.2, we describe the equilibriapolicies obtained by the proposed algorithm in case of sel�sh game whenSIC and SU decoding is performed at the receiver. The action index ispresented in abscissa while the state index is represented in ordinate. Sincethe state index needs to address the pair of CS and QS, the indexing approachis presented in Table 5.2. Similarly, the Table 5.3 describe the mappingbetween action indices and the triplets (µi, pi, ci).As apparent from Figure 5.3, the best response algorithm converges to asingle solution in A− self −SU model while for A− self −SIC model twodistinct solutions are obtained.The optimal policy for A− self − SU does not transmit a packet whenthe channel is in the worst situation and the decision on the power level isirrelevant. For the two other CSs, namely medium and good, the decisionon µi is not a�ected by the CSs. Therefore, in such cases the decision on thenumber of packets to be transmitted is only dependent on the queue state.However, a comparison between state 10 and 11 shows that less power is
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TP Outage Rate Drop rate

A− self − SU 0.49 0.42 0.15
A− self − SIC1 0.64 0.24 0.16
A− self − SIC2 0.69 0.19 0.15
A− coop − SU 0.5 0.4 0.17Policy in [39] 0.41 0.35 0.37Table 6.4: Comparison A− self − SU, A− self − SIC, and A− coop− SUin terms of performance

Figure 6.3: Optimal policies for scenario 2



118 Chapter 6 Distributed Cross-Layer Resource Allocation in INsneeded when the channel state is good.The optimal policies of A− self −SIC have the following trends. Com-pared to A− self −SU , optimal policies for SIC tend to be more determin-istic. More precisely, for µi > 0, a single triplet ai = (µi, pi, ci) is selected.In medium and good states of channel, the optimal policies of SIC transmitless or equal number of packets, comparing to SU. This yields a signi�cantlylower probability of outage as evident from Table 5.4.
A− coop−SU optimal policy shows little changes of decision in responseto the QS changes. More speci�cally, the instantaneous rate, µi, does notincrease as fast as in Aself − SU in response to a queue length increase.Similar to A− self − SIC, one can conclude that A− coop− SU transmitsless packets but with lower probability of outage. However, the decrease inthe probability of outage is not as signi�cant as in A− self − SIC.Table 5.4 compares the performance of the policy obtained by the ap-proach in [39] and our proposed policies.
A− self − SU shows sizable improvements of throughput and drop ratecompared to the policy in [39]. The A−self −SIC policies outperform con-siderably the A− self −SU ones. The improvement in terms of throughputof A− coop − SU over the A− self − SU is not relevant.In order to analyze the performance of the proposed algorithm in a net-work with more than 2 users, the optimal policy of A−self−SU for Scenario2 was determined (Figure 5.3). From simulations we obtained a single opti-mal policy, corresponding to a single Nash equilibria point. In such a case,the optimal policy becomes less and less sensitive to the queue length. Inother words, the optimal action in a given channel state will gradually be-come �xed while the queue length increases.



Chapter 7
Cross-Layer Design for DenseInterference Networks
7.1 IntroductionIn this chapter, we specialize the problem in Chapter 6 to the challengingcase of a dense ad hoc network. In fact, the approach proposed in Chapter 6has exponential complexities in the number of users. Then, it is of practicaland theoretical interests to determine low complexity algorithms in case ofdense networks where the number of communication �ows is very high.In this context, we assume that the links between transmitter and re-ceiver are characterized by some kind of diversity (e.g. in space, frequency)and we refer to it as vector channels with N diversity paths. Furthermore,we assume that the N diversity paths are random and K, the number ofnetwork links, and N tend to in�nity with constant ratio. This approach ismotivated by the fact that the asymptotic design and analysis of the net-work in random environments signi�cantly decreases the design complexityand provides insightful analysis results. This model may characterize inter-ference networks with spreading of the transmitted signals based on randomsignature sequences (similarly to code division multiple access - CDMA - inmultiple access networks), or systems with multiple antennas at the receiver,where the randomness is due to channel fading. In such settings, when thenumber of users and diversity paths grow, fundamental performance mea-119



120 Chapter 7 Cross-Layer Design for Dense INssures as capacity and signal to interference and noise ratio (SINR) at theoutput of a receiver detector converge to deterministic limits.The performance analysis of various receivers (e.g. matched �lters, lin-ear minimum mean square error - LMMSE -, optimal detector), for multipleaccess vector channels in random environment has been extensively investi-gated in literature (e.g. [42], [43], [44]). We extend the results to interferencechannels and apply them to the design and analysis of distributed cross layeralgorithms in large interference networks1.The assumption of large system analysis introduces two fundamentalfeatures into the system setting in Chapter 6, characterized by a discreteset of decision variables and a discrete set of channel statistics. Firstly, inan interference system with �nite number of users and decentralized con-trol mechanisms, a transmission is intrinsically subject to outage since eachtransmitter is not aware of the interferers' decisions and e�ects. On thecontrary, in interference channels with in�nite users, the e�ects of the in-terferers tends to a deterministic limit regardless of the instantaneous linkstates. Then, a transmitter can avoid outage events by convenient controlalgorithms. Secondly, the complexity of the cross layer algorithms, which in-creases exponentially with the number of users in Chapter 6, scales only withthe number of groups of users characterized by the same channel statisticsin large systems.For large interference systems we consider the cross-layer design of rateand power allocation jointly with scheduling and admission control for fourdi�erent kind of receivers with increasing complexity. Namely, we considertwo receivers, one based on linear MMSE detection and the other on opti-mum detection and subsequent decoding of all users having the same rateand received power. The receivers have only statistical knowledge of theinterferers' channel states. A third receiver is based on joint optimum de-tection and decoding of all users having same received power and rate butwith additional knowledge of the interference structure at the receiver. Thefourth receiver decodes jointly and optimally all the decodable users whileknowing the interference structure.We compare the performance of the receivers with the designed optimumpolicies. The mismatch between the performance of optimum policies forlarge systems and that of the optimum policies for �nite systems is alsoassessed.1Hereinafter, we refer to interference networks with number of users and diversity pathsgrowing to in�nity with constant ratio as large interference networks.



7.2 System Model 1217.2 System ModelWe consider a system consisting ofK arbitrary source-destination pairs shar-ing the same medium, (e.g. ad hoc network). We use the same index for thecorresponding transmitter and receiver of a single source-destination pair.The time is uniformly slotted. We assume that the channels are Rayleighfading and ergodic within a time slot, while the channel statistics changefrom a time slot to the following one.Following the same approach as in Chapter 6 we de�ne two sets of discretevariables representing states and actions of each transmitter.The channel in time slot t ∈ N is described by an K × K matrix Σ(t)whose (j, i) element σij(t) is the average power attenuation of the channelbetween transmitter j and receiver i during time slot t. Throughout thiswork, we refer to them as the channel states (CS). The row j includes thestates of the channels from the transmitting node j to all the destinationnodes. This vector is denoted by σj(t). The i-th column includes the states ofthe channels from all the transmitting nodes to the receiver i and it is denotedby the column vector σi(t). It contains all the CS information necessary todetermine the statistics of the signal to interference and noise ratio (SINR)at the destination node i at time slot t. Furthermore, each average powerattenuation σji is modelled as an ergodic Markov chain taking values in thediscrete set E of cardinality L. For the sake of notation, we de�ne a bijectionbetween the set E and the set of the natural numbers {0, 1, ..., L − 1}, ϕ :
E → {0, 1, ..., L− 1}. Let its inverse be ψ = ϕ−1. The Markov chain of σij isde�ned by the transition matrix T (j, i) whose (k, `) element T `

k(j, i) is theprobability of transition from the CS ψ(k) to the state ψ(`). The conditionalprobability nature of T `
k(j, i) re�ects on the fact that ∑L

`=1 T
`
k(j, i) = 1. Weassume throughout that T (j, i) is irreducible and aperiodic as in [39]. Thesteady CS probability distribution of the channel between transmitter i anddestination j is given by the column vector π(i, j).At each node, packets arrive from the upper layer according to an inde-pendent and identically distributed arrival process γi(t), t ∈ K with arrivalrate λi. Here, P(γi(t)) is the probability of receiving γi(t) packets at timeinstant t. The packets have constant length.Each transmitter is endowed with a bu�er of �nite length. We denoteby Bi the maximum length of the bu�er at node i and by qi(t) number ofqueuing packets at the beginning of slot t. In the following, we address thevariable qi(t) also as the queue state (QS).In each time slot, on the basis of the available information at time ttransmitter i decides (a) the transmission power level pi ∈ Pi, where Pi is



122 Chapter 7 Cross-Layer Design for Dense INsa �nite set of nonnegative reals including zero; (b) the number of packetsto transmit µi ∈ Mi, with Mi = {0, 1, ...,Mi} and Mi ≤ Bi; (c) to acceptor reject new packets arriving from upper layers. We denote with ci = 1and ci = 0 the decision of accepting and rejecting the packets, respectively.Therefore, the action of the node i at time slot t is described by the triplet
di(t) = (pi(t), µi(t), ci(t)).The information available at node i at time t is given by the pair xi(t) =
(σii(t), qi(t)), i.e. the CSs from transmitter i to receiver i and the number ofthe packets in the queue at the beginning of time slot t (QS). We refer tothe pair xi(t) as the transmitter state (TS). Additionally, each transmitterknows the statistics of the other channels and the statistics of the arrivalprocess in the bu�er.We assume that the link between a source and a destination is a vectorchannel with equal average power attenuation over all the N paths. A vec-tor channel can model systems with several types of diversity (e.g. spatialdiversity if the receivers are equipped with N antennas, frequency diversityif code division multiple access, CDMA, or orthogonal frequency divisionmodulation, OFDM are selected as multiple access schemes).The complex-valued channel model for receiver i is

y(i)[m] = S[m]H(i)
[⌊m
N

⌋]
A
[⌊m
N

⌋]
b[m] +wi[m] (7.1)where m is the index for symbol intervals and depends on the frame interval

t by the expression m = tN+p with p = 0, . . . N−1; y(i)[m] and b[m] are the
N -dimensional complex vectors of received signals by node i and transmittedsymbols by all nodes, respectively. Here, S[m] is a N ×K complex matrixwith zero mean independent and identically distributed (i.i.d.) entries havingvariance 1/N. The matrices H(i)

[⌊
m
N

⌋] and A
[⌊

m
N

⌋] are diagonal with j-thdiagonal elements equal to √σij(t) and √pj(t), respectively. Finally, wi isthe N dimensional complex vector of the additive white Gaussian noise withzero mean and unit variance. We assume that the transmitted signals bi[m]are i.i.d., with zero mean and unit variance.In order to model a large interference network as K → ∞, we assumethat the transition matrices T (j, i) are taken from a �nite set of transitionmatrices T = {T (1), . . . ,T (c)} and the channel between each transmitter andeach receiver is described with probability P(T (`)) by the transition matrix
T (`). The same property holds for each receiver.If (7.1) models a CDMA system, the matrix S[m] includes the e�ects ofthe spreading sequences with spreading factor N and the randomness of a



7.2 System Model 123Rayleigh fading channel. If (7.1) models K interfering single antennas trans-mitting to K receivers equipped with multiple antennas (SIMO systems),then the matrix S[m] accounts for the Rayleigh fading. In both cases, thematrix H(i)
[⌊

m
N

⌋] models the e�ects of the pathloss. Eventual coupling ef-fects among the receiving antennas in interfering SIMO systems are neglectedin this model.Throughout this work we will consider a system in the steady state.Thus, we will neglect the symbol interval m when its omission does notcause ambiguity. In the following section, conditions for the convergence toa steady state of the whole system will be detailed.The probability mass function of the joint action and transmitter statein the steady state of the Markov decision chain is denoted by P(ak,σk, qk).A policy of transmitter k is a deterministic or probabilistic application fromthe space of TS Xk to the action space Dk. A probabilistic (or mixed) policyof transmitter k is uk(dk|xk), i.e. the probability that mobile k chooses theaction dk when the state is xk or equivalently, the conditional probability thatuser k chooses the action triplet (pk, µk, ck) conditioned to the transmitterstate (σkk , qk)The class of decentralized policies of mobile k is denoted by
Uk. If we assume that the user policies are known, then the probabilitymass function of pik = pkσ

i
k, k = 1 . . . K, the average received power fromtransmitter k by receiver i is given by

P(pik) =
∑

σk ,pk:
pkσ

i
k
=pi

k

∑

ck

∑

qk

∑

µk

P(σk, qk)uk(pk, µk, ck|σkk , qk)

=
∑

σk ,pk:
pkσ

i
k
=pi

k

∑

ck

∑

qk

∑

µk

P(σkk , qk)P(σ
i
k)uk(pk, µk, ck|σkk , qk) (7.2)where the second step is a consequence of the independence of σkk and σik.Let us notice that the empirical eigenvalue distribution of the matrix

H(i)AAHH(i)H converges to the probability distribution function of theaveraged received power pik, when the system is in the steady state (t→ +∞)and the number of communication �ows grows large (K → +∞)Additionally, the assumptions on the �nite cardinalities of the state andaction sets induce a dynamic partition on the set of the K transmitter-receiver pairs for each given receiver i. This partition consists of a �nitenumber of subsets: all the communication pairs having the same receivedpower at the receiver i and the same rate at a certain time interval belongto the same group. We denote the total number of groups by N (i)
g and G(i)mis the m-th group. There exist a bijection between the set of groups G(i)m and



124 Chapter 7 Cross-Layer Design for Dense INsthe set of pairs (pir, µs). Let K(i)
1 ,K

(i)
2 , . . . K

(i)
Ng
, with ∑Ng

m=1K
(i)
m = K, bethe cardinality of the sets G(i)1 ,G(i)2 , . . . G(i)Ng

, respectively. Let us notice that,in general, the bijection depends on the block interval. However, when weconsider the steady state and N,K → +∞, with K
N → β, the convergence

K
(i)
m

N → β
(i)
m , with ∑Ng

m=1 K
(i)
m

N = K
N = β holds. For further studies, it isuseful to introduce the correlation matrix of the whole transmitted signals

R(i) = SH(i)AAHH(i)HSH and R
(i)

Ĝ(i)
the correlation matrix of the signalstransmitted by nodes in Ĝ(i) and received by node i. The correlation matrix

R
(i)

Ĝ(i)
is obtained by setting pim = 0 in R(i), for all transmitting nodes notin Ĝ(i). Finally, we de�ne the correlation matrix of the interfering signals tothe signals of interest in Ĝ(i), R(i)

∼Ĝ(i)
. It is obtained from R(i) setting pim = 0if the m-th transmitter is in Ĝ(i).Let us turn to the structure of the receiver at each node.We will consider di�erent receivers depending on the assumptions wemake about (I) the level of knowledge of the interference available at thereceiver; (II) the eventual use of a suboptimal receiver based on a preliminarypre-decoding processing (e.g. detection) followed by decoding; and (III) thetype of the decoder, i.e. single-user/joint decoder. It is important to notethat the aim of receiver k is to decode its own message of interest, i.e. themessage transmitted by the corresponding transmitter k. The other messagesare decoded if this is bene�cial for decoding the message of interest. Basedon these observations, we consider four approaches detailed in the following:SG-MMSE/UIS/SGD (Single Group MMSE detection/ Un-known Interference Structure/Single Group Decoding): In this case weassume that the receiver k has knowledge only of the channel vectors√

pki s
k
i for the communication �ows which have the same received pow-ers and transmission rate of the user of interest k, i.e. the transmittersin G(k)k , but no knowledge of the others. The interference from thelatter communication �ows is considered as a white additive Gaussiansignal. The receiver �rst detects the transmitted symbols for all the�ows with known vector channels by a linear minimum mean squareerror (LMMSE) detector. Subsequently, it performs single-group de-coding, i.e. it decodes jointly the information streams of the pairs in

G(k)k .NP/UIS/SGD (No preprocessing/Unknown Interference Struc-ture/Single Group Decoding): This case di�ers from the previous one



7.3 Preliminary Useful Tools 125only in the fact that no pre-processing of the received signal is per-formed.NP/KIS/SGD (No preprocessing/Known Interference Structure/Single Group Joint Decoding): The receiver k has knowledge of all thevector channels √pki s
k
i . It decodes jointly the information streams ofthe single group G(k)m it belongs to, i.e. with the same received power asthe user of interest pkk and same rate µk. In the decoding it makes use ofthe knowledge about all the interference structure, i.e. the knowledgeof the vector channels of all active streams.NP/KIS/MGD (No preprocessing/Known Interference Struc-ture/ Multi Group Joint Decoding) All the vector channels of the ac-tive transmitters are known to receiver i. Then, receiver i identi�esthe maximum decodable set of information streams and decode themjointly while taking into account of the interference structure for theusers which are not decoded.Let us notice that the investigated receivers are in order of increasing per-formance in decoding the information of interest.In the following we will denote by Xk the information bits (uncoded bits)transmitted by node k, by XV the information bits transmitted by the trans-mitting nodes in the set V. Finally, I(XV ;Y

(k)) is the mutual information ofthe channel transmitting XV and receiving y(k).7.3 Preliminary Useful ToolsIn this section we will specialize known results on large multiple access net-works and on the rate regions of interference channels to our interferencenetworks with a large number of nodes. Additionally, key remarks will bestated.7.3.1 Some Convergence ResultsLet us consider the Markov chain with �nite states which characterize thestatistics of a channel between a transmitter and a receiver node. If weassume that the Markov chain is irreducible and aperiodic, then there isa unique stationary distribution which describes the steady state. Let usfurther assume that all the transmitter-receiver channels are described bythe same Markov chain. Then, applying the Glivenko-Cantelli theorem



126 Chapter 7 Cross-Layer Design for Dense INs(e.g. [113]) the empirical distribution of the channel states in the matrix
H(i), for any i, as the system is in the steady state, converges almost surelyto the unique stationary distribution of the unique Markov chain. If thepolicies of all users, Uk, k = 1, ...,K,, are known and identical, then also theempirical distribution mass function of the received powers in the matrix
AH(i)H(i)HAH converges almost surely to the distribution mass function(7.2). A similar convergence result can be obtained if the channels betweena transmitter and a receiver are described by a Markov chain de�ned by atransition matrix belonging to a �nite set with a given distribution P(T )This kind of convergence satis�es the conditions for the applicability ofresults on random large matrices (see e.g. [108]) which are the key tools toderive the following results.7.3.2 Large System Analysis of the ReceiversThe large system analysis of multiple access vector channels with randomchannel vectors is done in [42�44]. E�ects of interference on large networkperformance are investigated in [110, 111]. The extension of their results tothe interference network in Section 7.2 is presented here.Without loss of generality, in the following we will focus on the transmitter-receiver pair 1 and we denote by G(1)1 the group of all the communication�ows with received power at receiver 1 and transmission rate equal to p11 and
µ1R, respectively.In the case of a SG-MMSE/NIS/SGD receiver and the system size growslarge with K,N → ∞, K

N → β and |G
(1)
1 |
N → β

(1)
1 , the spectral e�ciency perchip converges almost surely to [42]

Cmmse(SNR, β
(1)
1 )→ β

(1)
1 log2(1 + SNR− 1

4
F(SNR, β(1)1 ) (7.3)being F(x, z) = (√x(1 +√z)2 + 1−

√
x(1−√z)2 + 1

)2 and SNR the signalto noise ratio accounting in the noise also the interference from other groups,i.e.
SNR =

p
(1)
1

1 +
∑

m∈{2,...,Ng}
β
(1)
m p

(1)
m

. (7.4)The information stream of the pair in G(1)1 can be decoded reliably if andonly if
µ1R ≤

Cmmse(SNR, β
(1)
1 )

β
(1)
1

. (7.5)



7.3 Preliminary Useful Tools 127In fact, from the de�nition of group G(1)1 and the capacity region of amultiple access channel, the elements of all the information �ows in G(1)1 arereliably decodable if the following in�nite conditions are satis�ed:




β̃
(1)
1 µ1R ≤ Cmmse(SNR, β̃

(1)
1 ) for 0 < β̃

(1)
1 ≤ β(1)1 ,

µ1R ≤ log2(1 + SNR) for any subset of G(1)1 with�nite cardinality and N→∞. (7.6)The condition on the dominant face (7.5) implies all the in�nite other con-ditions (7.6) since the term Cmmse(SNR,β̃
(1)
1 )

β̃
(1)
1

is a decreasing function of β̃(1)1 .Let us notice that the e�ects of interference become deterministic if β(1)jare deterministic.The derivation of the large system performance for the NP/UIS/SGD re-ceiver follows along similar lines when we observe that the spectral e�ciencyof the multiple access channel consisting of all the transmitters in G(1)1 andthe reference receiver 1 is given by [42]
Copt(SNR, β

(1)
1 ) = β

(1)
1 log2(1 + SNR− 1

4
F(SNR, β(1)1 ))

+ log2(1 + SNRβ
(1)
1 −

1

4
F(SNR, β(1)1 ))− log e

4SNR
F(SNR, β(1)1 )with SNR de�ned in (7.4). Then, the information streams of the pairs in

G(1)1 can be decoded reliably by a NP/UIS/SGD receiver if and only if
µ1R ≤

Copt(SNR, β(1)1 )

β
(1)
1

. (7.7)The performance of an NP/KIS/SGD receiver can be derived by usingthe fundamental relation on the mutual information
I(X

G
(1)
1

;Y (1)) = I(XG(1) ;Y (1))− I(X
∼G

(1)
1

;Y (1)|X
G
(1)
1

)

= log2 det(R
(1) + I)− log2 det(R

(1)

∼G
(1)
1

+ I) (7.8)where X
G
(1)
1

denotes the set of transmitted information streams in G(1)1 ,

Y (1) is the set of the received random signals at receiver 1, and X
∼G

(1)
1

is



128 Chapter 7 Cross-Layer Design for Dense INsthe set of all the information streams transmitted by the nodes in the set
∼ G(1)1 =

⋃Ng

m=2 G
(1)
m .In large systems, the spectral e�ciency per chip at the receiver 1 whenall the transmitted information are decoded (multiple access vector channel)is given by [43, 44]

C(MAC)(SNR, β
(1)
1 ) =

Ng∑

m=1

β(1)m log2(1 + p
(1)
m η(1))

− log2 η
(1) + (η(1) − 1) log2 e (7.9)being η(1) the unique real nonnegative solution of the �xed point equation

η(1) =
1

1 +
∑Ng

m=1 βm
p
(1)
m

1+p
(1)
m η(1)

. (7.10)Then, (7.8) and (7.9) yield the spectral e�ciency per chip of an NP/KIS/SGDreceiver
C(NP/KIS/SGD)(SNR, β

(1)
1 ) = β

(1)
1 log2(1 + p

(1)
1 η(1))

+

Ng∑

m=2

β(1)m log2




1 + p
(1)
m η(1)

1 + p
(1)
m η

(1)

∼G
(1)
1




+ log2

η
(1)

∼G
(1)
1

η(1)
+ (η(1) − η(1)

∼G
(1)
1

) log2 e (7.11)with η(1) given in (7.10) and η(1)
∼G

(1)
1

satisfying the relation
η
(1)

∼G
(1)
1

=
1

1 +
∑Ng

m=2 βm
p
(1)
m

1+p
(1)
m η

(1)

∼G
(1)
1

. (7.12)Let us consider the multiuser e�ciency η(1) of the NP/KIS/SGD receiveras a function of β(1)1 and observe that it is a decreasing function of β(1)1 . Then,making use of this property and appealing to similar arguments to the onesadopted for the SG-MMSE/NIS/SGD receiver it can be shown that the areliable communication is possible if and only if the rate µ1R in G(1)1 satis�esthe conditions on the dominant face of the rate region, i.e.
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µ1R ≤

C(NP/KIS/SGD)(SNR, β
(1)
1 )

β
(1)
1

. (7.13)Let us consider now a NP/KIS/MGD receiver. We aim to provide necessaryand su�cient conditions for a reliable decoding. Let us �rst observe that foreach receiver there exist a unique maximal decodable set of transmitters, i.e.a set of transmitters which are jointly decodable by the receiver and is nota proper subset of any other decodable subset [61]. Furthermore,Theorem 7. [61] A subset Ĝ(1) ⊆ G(1) is the unique maximal decodablesubset at receiver 1 if and only if the transmitters' rates satisfy the followinginequalities




∑
i∈

o

G(1)
µiR ≤ I(Xo

G(1)
;Y (1)|X

Ĝ(1)\
o

G(1)
) ∀

o
G
(1)

⊆ Ĝ(1),
∑

i∈
e

G(1)
µiR > I(Xe

G(1)
;Y (1)|X

Ĝ(1)) ∀
e
G(1) ⊆ G(1)\Ĝ(1).

(7.14)This theorem was derived in [61] for �nite sets G(1) but it can be extendedto in�nite sets. In this case, conditions (7.14) consist of in�nite inequalitiesand it is not of practical usefulness. Nevertheless, for our system, the par-tition of the transmitter-receiver pairs in groups G(i)m , m = 1, . . . , Ng can beutilized to reduce the set of conditions (7.14) to a �nite set. In fact, the fol-lowing properties derive from basic inequalities in information theory: (I) Ifa receiver is able to decode one transmitter in a group of users with identicalreceived powers and transmission rates, it is able to decode all transmitteedinformation by the users in the group. Equally, if a receiver is not able todecode jointly all the users with identical received powers and transmissionrates it is not able to decode any single transmitted information by one userin the group. (II) If a receiver is able to decode two groups2 of transmitters,the union is also decodable by the receiver. Thus, also for large systems wecan conclude that if a transmitter of a group G(i)m belongs to the decodableset any other transmitter belonging to the same group is also decodable andthe full set is included in the maximum decodable set 3.Then, the conditions on all the subsets G(i)m and (7.14) reduce to a �niteset of conditions.2Each group consists of users having same received powers and transmission rate.3These properties hold thanks to the existence and uniqueness of the maximum decod-able set [61] and the fact that all users in the same set have the same transmitted andreceived power.



130 Chapter 7 Cross-Layer Design for Dense INsLet us observe that the possible decodable sets for which to verify con-dition (7.14) are 2Ng . Because of the exponential complexity of this step, itis of great interest to have low complexity algorithms. An algorithm withpolynomial complexity is proposed in [61]. It is based on the submodularfunction f(V,S), with V ⊇ S ⊇ G, and G �nite set transmitters4
f(V,S) = I(XV ;Y

(1)|XS\V)−RV (7.15)and RV is the sum of the rates of all the transmitters in V. Note that f(V,S)is de�ned also for the empty set ∅, and f(∅,S) = 0. Additionally, the algo-rithm exploits well known polynomial time algorithms for the minimizationof submodular functions [114, 115]. The application of this approach to alarge system is almost straightforward when we determine the maximumdecodable set up to a subset with zero measure. Then, if the communica-tion of interest belongs to a set of zero measure,independently whether it isdecodable or not.The polynomial time algorithm to verify whether the information streamof the transmitter-receiver pair of interest in G(1), with cardinality |G(1)| →
∞ is decodable or not is detailed in Algorithm 1.7.4 Problem StatementThe utility function for this problem is de�ned as the individual through-put of each transmission �ow, i.e. the average number of information bitstransmitted by a source and successfully received by the corresponding des-tination in the time unit. We are interested in �nding the policies Uk whichmaximize the individual throughput with some constraints while using oneof the receivers described in Section II. With this aim, we investigate theproblem introduced in Chapter 6 under the assumption that K

N → β > 0and β �nite. We make use of mathematical results on random matricessuccessfully utilized in the analysis of several large systems.In the rest of this section we introduce the throughput optimization prob-lem as a stochastic game de�ned for the interference network under investi-gation.At each time slot, a node chooses its action without having a global viewof the channel states and the other users' interference. There is no coordi-nation among transmitters' actions and only local information is available4Note that the function f(V;S) ≥ 0 if the sum rate of the information transmitted bynodes in V is lower than the mutual information over the channel between the nodes in Vand the receiver when all the information transmitted by nodes in S\V is known at thereceiver and the information transmitted by the nodes in G(1)\S is treated as noise.



7.4 Problem Statement 131Algorithm 1 Decodable transmissionsInitial Step:Set S =
⋃
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β
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G(1)` .Step 2:Determine the set Vmin =
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`=1
β
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`
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µmβ
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m R.with η(1)∼S\Vmin

and η(1)∼S de�ned as in (7.12).Step 3Set S ← S\V(1)min. If V(1)min 6= ∅ go to step 2.Step 4If G(1)1 ⊆ S then the transmitter-receiver pair 1 is decodable. STOP.Step 5If β(1)1 = 0 then set V to a sigleton set containing the transmitter-receiverpair 1 and compute the function
f0(V,S) = lim

K,N→∞
K
N
→β

f(V,S)

= lim
K,N→∞
K
N
→β

log2 det(RS + p
1
1s

1H
1 s11 + I)

− log2 det(RS + I)− µ1R = log2
(
1 + p

1
1ηS
)
− µ1Rwith ηS de�ned as in (7.12).Step 6If f0(V,S) ≥ 0 then the transmitter-receiver pair 1 is decodable otherwise isnot decodable. STOP.



132 Chapter 7 Cross-Layer Design for Dense INsat each node. Therefore, in the general case, for any choice (pi, µi), there isno guaranty that the µi transmitted packets can be received correctly whenthe TS is xi.However, for large interference networks, as N,K →∞ and K
N → β, thetotal interference impairing user i can be replaced by a deterministic value.Therefore, during a block time t, µi(t) packets can be transmitted success-fully by source i if the conditions derived in Section III for the achievable rateson the interference channel are satis�ed. Namely, if an SG-MMSE/NIS/SGDreceiver is adopted , the power and transmission rate are such that (7.5) issatis�ed. For an NP/UIS/SGD receiver, condition (7.7) needs to be ful�lled.Condition (7.13) is required for reliable communications when NP/KIS/SGDreceivers are utilized. Conditions for reliable communications over a systembased on NP/KIS/MGD receivers are provided in (7.14) or, equivalently, inAlgorithm 7.3.2.Let P(µk(t)R achievable |xkk = χ0) be the probability of receiving cor-rectly µk(t) transmitted packets at block time t, conditioned to xk(0) = χ0,the initial state of user k. This probability depends on the choice of thereceiver although it is not explicitly expressed by the adopted notation.The average throughput for source k is

lim sup
T→+∞

1

T

T−1∑

t=0

E{P
(
µk(t)R|xkk(0) = χ0

)
µk(t)R} (7.16)where the expectation is conditioned to xkk(0), the initial TS of user k.For physical and QoS reasons the transmitters are subjected to con-straints on the average transmitted powers and on the average queue length.More speci�cally, the average power of transmitter k is constrained to amaximum value pk and the following upper bound is enforced

lim sup
T→+∞

1

T

T−1∑

t=0

E{pk(xk(t), dk(t))|xk(0) = χ0} ≤ pk (7.17)where pk(xk(t), dk(t)) is the power, eventually zero, transmitted by thesource k at time instant t when the action triplet dk(t) is selected. Theexpectation is conditioned to the initial TS xk(0) = χ0 of transmitter k.Similarly, in order to keep the average delay of the packets limited, the av-erage queue length is constrained by the following bound:
lim sup
T→+∞

1

T

T−1∑

t=0

E{qk(t)|xk(0) = χ0} ≤ qk (7.18)



7.5 Game in Large Symmetric Interference Networks 133where qk is maximum allowed average queue and the expectation is condi-tioned to xk(0) = χ0.7.5 Game in Large Symmetric Interference Net-worksIn this section we restrict our investigation to a large symmetric interferencenetwork. A large symmetric interference network is characterized by the factthat all the channels are characterized by the same Markov chain and thestatistically identical processes for the arrival processes. Additionally, theiraction sets and the constraint parameters are identical. Equivalently, in alarge symmetric interference network all the users have the same objectivesand constraints. In such a case, an optimal policy is identical for all users.Furthermore, the distributions of the received powers are equal for all users.Therefore, here on, we omit the user index and generalized our analysis toany transmitter-receiver pair. We denote by κ the cardinality of the productset K = X×D = {(x, d) : x = (σ, q) ∈ X , d = (p, µ, c) ∈ D} and by < x, d >nthe n-th element of K. In the asymptotic case, the other users' policies willin�uence the payo� function only through the asymptotic distribution of thereceived powers. If we denote this probability by P(p), the payo� function is
c(x, d,P(p)) = µR 1(µR achievable;P(p)) (7.19)where 1(·) is the indicator function. The payo� function can be computedfor each given pair in K and P(p) from conditions (7.5), (7.7), (7.13) or (7.14)according to the adopted decoding method.Let z = z(x, a) be the joint probability that the transmitter performsaction a while being in state x. It can be expressed by the column vector

z = (z1, z2, . . . zκ)
T . Then, for a given received power distribution, the payo�

ρ is given by the linear form
ρ(P(p)) =

∑

<x,d>∈K

c(x, d,P(p))zn. (7.20)Therefore the constrained optimization problem de�ned in (7.16)-(7.18)can be expressed as follows
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max
z(x,d)

∑

x∈X

∑

d∈D

z(x, d)µR1(µR achievable;P(p)) (7.21a)Subject to:
∑

x∈X

∑

d∈D

z(x, d)[δr(x)− Pxdr] = 0 ∀r ∈ X (7.21b)
∑

x∈X

∑

d∈D

p(x, d)z(x, d) ≤ p (7.21c)
∑

x∈X

∑

d∈D

qz(x, d) ≤ q (7.21d)
z(x, d) = 0 if q ≤ µ (7.21e)

z(x, d) ≥ 0; ∀(x, d) ∈ K;
∑

(x,d)∈K

z(x, d) = 1 (7.21f)where Pxdr is the probability to move from state x to state r when action dis performed. δr(x) is a delta function which is equal to 1 where x = r andzero for other values of x. Additionally, (7.21b) guarantees that the graphof the obtained MDP is closed; (7.21c)-(7.21d) correspond to the constraints(7.17)-(7.18), respectively; (7.21e) eliminates the invalid pairs in K such thatthe number of packets to be sent is not higher than the number of packetsin the queue.Note that if the distribution P(p) had been known (7.20) would havereduced to a linear equation and the optimal z = z∗ would have been solutionof a linear program.The optimal policy u∗(d|x) of a transmitter can be immediately derivedfrom z∗ in the steady state of the MDC system by the relation u(d|x) =
z∗(x,d)∑

d′∈d z∗(x,d′) .In a large symmetric network an equilibrium for the network is achievedwhen all the transmitters adopt the same policy u(d|x) or z(x, d). Since theprobability of the received powers P(p) depends on u(d|x), then the game(7.21) is intrinsically nonlinear and di�cult to solve. Thus we propose a bestresponse algorithm as solution of the game. We choose arbitrarily a policyfor all the in�nite transmitters except the reference pair 1. Based on sucha policy it is possible to determine the probability of the received powers atreceiver 1 by (7.2). Then, the new probability mass function P(p) is utilizeto solve the linear problem de�ned in (7.21). This procedure can be iterated.If the algorithm converges the solution is a Nash equilibrium.



7.6 Numerical Results 135title β Bi L Mi |Pi| pi qiCL 2 5 3 5 4 1 2Conv 2 − 3 5 4 1 2Table 7.1: Network parametersstate index 0 1 2 3 4 5 6 ... 17queue state 0 0 0 1 1 1 2 ... 5channel state 0 1 2 0 1 2 0 ... 2Table 7.2: Labelling of states7.6 Numerical ResultsIn this section, we consider two methods for resource allocation. The �rstmethod is the cross-layer method proposed in this work and denoted shortlyCL. The second method is the conventional resource allocation ignoring thestate of queues. It is denoted shortly as Conv. We use the setting of asymmetric large interference network with parameters detailed in Table 6.1for the comparisons presented here.We compare the performance of the optimal game strategies, at receiver
i, while using the three classes of receivers described in Section 7.2, namely(SG-MMSE/UIS/SIG), (NP/KIS/SGD), (NP/KIS/MGD). For the sake ofbrevity, we address the approaches as Am − r where m ∈ {CL,Conv} and
r ∈ {(SG−MMSE/UIS/SIG), (NP/KIS/SGD), (NP/KIS/MGD)}.In our setting, we assume that CS varies according to a Markov chain withthe following transition probabilities: T 0

0 (i, j) =
1
2 , T

1
0 (i, j) =

1
2 , T

L−1
L−1 (i, j) =

1
2 , T

L−2
L−1 (i, j) =

1
2 ; (2 ≤ k ≤ L−2)T k

k (i, j) =
1
3 , T

k−1
k (i, j) = 1

3 , T
k+1
k (i, j) = 1

3 .This means that at each time slot the channel preserves its state or changesby one unit. The packet arrival process is described by a Poisson distributionwith average rate λi = 1. In our simulations, we assume that the possiblerates are multiple of R = 1
2 .We perform a two-level admission control; one is de�ned by our o�ineaction index 0 1 2 3 4 5 6 7 8 9 ... 48Num of packets 0 0 0 0 0 0 0 0 1 1 1 ... 5power level 0 0 1 1 2 2 3 3 0 0 1... 3accept/reject 0 1 0 1 0 1 0 1 0 1 0... 1Table 7.3: Labelling of policies



136 Chapter 7 Cross-Layer Design for Dense INspolicy and set the variable ci to 1/0 corresponding to the acceptance/rejectiondecision. However, as we only use one admission control �ag ci for all thepossible number of packet arrivals, there exist situations where the remain-ing space of the queue is less than the number of packets arrived at the time.The second (realtime) control is needed in order to drop the packets whenthe queue is full.The algorithm in Section 7.5 converges for all the classes of receivers.The optimal policies are in general not unique and depend on the policyinitializing the algorithm.The optimal policies in Figure 6.1, are obtained in high SNR regime. This�gure shows the equilibrium policies obtained by the proposed algorithm forthe three classes of receivers. The action index is presented in abscissawhile the state index is represented in ordinate. The state index addressesthe pair of CS and QS. The indexing approach is presented in Table 6.2.Similarly, Table 6.3 describes the mapping between action indices and thetriplets (µi, pi, ci).Interestingly, the optimal policies of the large interference network stud-ied here have the following decoupling property: (I) decision on µi is nota�ected by the CSs and is an increasing function of the QS, and (II) thepower level is independent from the queue level and only a function of CS.This property is speci�c of large interference networks and it does not holdin the general case of interference networks with �nite users (Chapter 5).For all three classes of receivers, the optimal policy does not transmitpackets when the channel is in the worst situation. For two other channelstates, namely medium and good, the decision on µi is a non-decreasingfunction of QS. The optimal policies for ACL-(SG-MMSE/UIS/SGD) yieldtransmissions with lower rates compared to the two other receivers. ACL-(NP/KIS/MGD) yields a number of transmitted packets not lower than theACL-(NP/KIS/SGD) receiver at the same power.At high SNR, the policies of the ACL-(NP/KIS/MGD) receiver yieldtransmission at the maximum allowed rate whenever the channel state ofthe transmitter is nonzero. In other words, the optimal rate is limited bythe discrete rate set. In contrast, for the other two receivers the optimal ratesare limited by the interference and they show an interference limited behav-ior. This observation helps us in a better understanding of the saturationbehavior of the receivers in the following Figure 6.2-6.4.Figure 6.2 shows the performance of optimal policies in our cross-layerapproach for three classes of receivers. This �gure shows the throughputobtained by each class of receivers versus the energy per bit per noise level,
Eb/N0. The value of the throughput here is obtained through averaging



7.6 Numerical Results 137TP Outage Rate Drop ratepolicy of asymptotic problem 0.6 0.38 0.09policy adapted to the �nite problem 0.61 0.36 0.09Table 7.4: comparison between the performance of the equilibrium policyobtained for the asymptotic problem and the one adapted to a 2-�ow network(Chapter 6) in a network with 2 active communications

0 2 5 8 11 14 17
0

7

15

23

31

39

47
 

Optimal policies in a network with infinite transmissions

Transmitter state index

 

A
ct

io
n 

in
de

x

ACL−(SG−MMSE/UIS/SGD)
ACL−(NP/KIS/SGD)
ACL−(NP/KIS/MGD)

3 tx
pkt

2 tx
pkt

1 tx
pkt

4 tx
pkt

5 tx
pkt

0 q pkt 1 q pkt 2 q pkt 3 q pkt 4 q pkt 5 q pkt

0 tx
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Figure 7.2: Throughput vs Eb/N0 for three di�erent receiversConsequently, there exist cases where the power is adjusted to satisfy acertain rate while there is not enough data in the queue to provide that rate.In such cases, the remaining data in the queue is sent with a power levelhigher than needed.Figure 6.4 represents the performance of the optimal policies obtained forthe asymptotic case in networks with �nite transmissions. We can observethat using the policies obtained from the asymptotic problem, even when thenumber of transmitter is very low, e.g. K = 4, the �nite network performsalmost as well as the large interference network. For K = 8 the performanceof a �nite network attains the asymptotic one.Finally, we compare the performance of the policy adapted to a �nitenetwork of 2 communication �ows (obtained in Chapter 6) with the one of theasymptotic problem. The performance measures here are: (i) Throughput(TP), i.e. the number of packets per time slot correctly decoded by thereceiver, (ii) Outage rate, i.e. the fraction of transmitted packets which cannot be decoded correctly, (iii) Drop rate, i.e. the fraction of arriving packetsfrom upper layers which are rejected due to admission control. The value ofthe performance metrics for both policies are represented in Table 6.4. Wecan observe that in a network of 2 communication �ows the policy obtained
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Figure 7.3: Throughput vs Eb/N0, Cross-layer vs. Conventional mechanisms
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140 Chapter 7 Cross-Layer Design for Dense INsthrough the asymptotic problem, performs almost as well as the one adaptedto this �nite network. Therefore, also for a 2-�ow network one can choose theless complex problem, i.e. the asymptotic one, for obtaining good policies.7.7 ConclusionsIn the current work, we considered a dense interference network with a largenumber (K →∞) of transmitter-receiver pairs. We investigated distributedalgorithms for joint admission control, rate, and power allocation aimingat maximizing the individual throughput. The decisions are based on thestatistical knowledge of the channel and bu�er states of the other commu-nication pairs and on the exact knowledge of their own channel and bu�erstates.We considered di�erent receivers depending on the assumptions we makeabout (I) the level of knowledge of the interference available at the receiver;(II) the eventual use of a suboptimal receiver based on a preliminary pre-decoding processing (e.g. detection) followed by decoding; and (III) the typeof decoder, i.e. single-user/joint decoder.In a �nite framework, this problem presents an extremely high complexitywhen the number of users and/or transmitter states grows above a very lim-ited range (e.g. 2, 3 users!). This makes distributed cross layer approachesvery intensive. The asymptotic approach of large interference networks en-ables a sizable complexity reduction. More speci�cally, the complexity doesnot scale with the number of users but with the number of groups of usershaving identical statistics. The problem has an especially low complexity inthe practical case of symmetric networks.The optimal policies obtained with the asymptotic approach can be ef-fectively applied in �nite interference networks. In fact, we studied theperformance loss due to the application of policies designed for asymptoticconditions in network with a �nite number of active communications. Weobserved that even for a network containing 4 active communications, theperformance of �nite networks almost attains the one of large interferencenetworks. Similar results are obtained for the converse comparison. We com-pare the performance of a �nite network when an asymptotic approximationof the policies is adapted with the one obtained with policies tailored to the�nite networks in Chapter 6. Even for the most challenging case of a networkwith 2 communication �ows, the optimal policy of the asymptotic problemperforms almost as well as the policy adapted to the network.We further investigated the bene�ts of a cross layer approach compared



7.7 Conclusions 141to a conventional resource allocation ignoring the states of the queues. In theconventional approach more power is consumed for sending a given amountof data as there exist cases where the power is allocated to satisfy a certainrate although there is not enough data in the queue to achieve that rate. Toneglect the state of the queue causes a relevant performance loss since thepower is not e�ciently allocated.Interestingly, the optimal policy of the large interference network studiedhere presents interesting decoupling properties. More speci�cally, the rate isan increasing function of the queue state only while the allocated power is afunction of the channel state only.
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Chapter 8
Conclusions and Future Work
In this thesis the primary focus was the issue of how to theoretically andmathematically model a distributed resource allocation in a multi-user sys-tem and how to obtain low complexity algorithms which provide us witha lower bound on the performance of the original problem. In our study,optimization theory, game theory, and random matrix theory, provide usmathematical tools to obtain optimal or suboptimal solutions with an af-fordable complexity. The trade-o�s between complexity and performancehas been investigated.8.1 ConclusionThis work has the two fold objective of designing and analizing the perfor-mance of distributed resource allocation algorithms in slow fading channelswith partial channel side information at the transmitters. We developedalgorithms assuming that each transmitter has an exact information of itsown channel as well as the statistical knowledge of other channels. In such acontext, the system is inherently impaired by a nonzero outage probability.We proposed low complexity distributed algorithms for joint rate and powerallocation aiming at maximizing the individual throughput, de�ned as thesuccessfully-received-information rate, under a power constraint.We started our study in an OFDM-based MAC network with 2 transmit-ters. As well known, the problem at hand is non-convex with exponential143



144 Chapter 8 Conclusions and Future Workcomplexity in the number of transmitters and subcarriers. We introduced atwo-level simpli�cation to the problem. By exploiting the problem propertythat a dual approach yields optimum resource allocation asymptotically asthe number of subcarriers tends to in�nity, we proposed resource allocationalgorithms based on duality. The dual problem has linear complexity in thenumber of subcarriers but its complexity is still exponential in the number ofusers. We introduced a suboptimal low complexity approach in the form of 2-player Bayesian game (game of incomplete information). This game problemboils down into two parallel multivariate polynomial equations, parametricin Lagrangian multipliers of the two users, through which we found all theNEs of the problem. We further adopted the maximum sum throughput asselection criteria of a NE.The performance of such NE points is compared to the performance ofthe optimum power allocation for the case of complete channel state infor-mation and the uniform power allocation for the case of partial channel sideinformation. The simulations showed that all the NEs obtained from thegame are those wherein only one transmitter emits with full power and theother remains o�. On the contrary, the optimum power allocations for thecase of complete channel state information contains solutions which havethe superposition of two users' power on the same channel. However, in thelater case, the solutions can only be obtained through an iterative algorithmwhose convergence to some local optimal point depends on the choice of theinitial value. The comparison of the performance of the optimal solution andthe NE, showed that the NE performs near optimal in this network setup.Next, we extended the problem into a single hop ad hoc network. Werelaxed the intrinsic assumption on in�nite backlog of packets in the queuesmade in the previous study. Therefore, each transmitter is provided by a�nite bu�er and accept packets from a Poisson distribution. We investigateddistributed cross-layer algorithms for joint admission control, rate and powerallocation aiming at maximizing the individual and the global throughput.The decisions are based on the statistical knowledge of the states (channel at-tenuation and bu�er length) of the other transmission pairs and on the exactknowledge of their own states. This problem is formulated as a stochasticgame with mixed strategies. In addition, the problem structure satis�esthe conditions by which the saddle point strategies of stochastic game existamong Markov strategies and are easier to compute. Following this obser-vation, an iterative best response algorithm based on linear programminghas been introduced. The proposed algorithm provide sizable improvementswith respect to straightforward extension to ad hoc networks of decentralizedalgorithms for multiple access channels existing in literature.



8.2 Future Work 145However, in a �nite framework, this problem presents an extremely highcomplexity when the number of users and/or transmitter states grows. Thismakes distributed cross layer approaches very intensive.the high coplexity of distributed resource allocation algorithms for cross-layer approaches motivated us to consider the same problem in a dense in-terference network with a large number of transmitter-receiver pairs. Theasymptotic approach of large interference networks enables a considerablecomplexity reduction. More speci�cally, the complexity does not scale withthe number of users but with the number of groups of users having identicalstatistics. The problem has an especially low complexity in the practicalcase of symmetric networks. Interestingly, the optimal policy of the largeinterference network studied here presents interesting decoupling properties.More speci�cally, the rate is an increasing function of the queue state onlywhile the allocated power is a function of the channel state only.We studied the performance loss due to the application of the policiesdesigned for asymptotic conditions in network with a �nite number of activecommunications and vice versa. We observed that even for a network con-taining 4 active communications, both policies perform almost the same. Wefurther investigated the bene�ts of a cross layer approach compared to a con-ventional resource allocation ignoring the states of the queues. The resultssuggest that neglecting the state of the queue causes a relevant performanceloss since the power is not e�ciently allocated.8.2 Future WorkThe work presented in this dissertation can be extended in several ways:
• Regarding the problem in chapter 5: (i) obtaining the solutions ofthe original optimization problem with partial CSI (5.7), based onthe distributed pricing method proposed in [30] is in vision; (ii) toextend the problem to more than two users and 2 channel states; (iii)to consider the same problem in continuous channels.
• Regarding the problem in Chapter 6: (i) to analytically prove theconvergence of best response algorithm into the NE for general non-symmetric networks (ii) to extend the problem into multi-hop INs.
• To investigate the limiting point on the NE performance in our gamesof incomplete information as the number of users increase.



146 Chapter 8 Conclusions and Future Work



Bibliography[1] S. S. shitz and A. D. Wyner, �Information-theoretic considerations forsymmetric, cellular, multiple-access fading channels - Part II,� IEEETrans. Inf. Theory, 1997.[2] D. N. C. Tse and S. V. Hanly, �Multiaccess fading channels - PartI: Polymatroid structure, optimal resource allocation and throughputcapacities,� IEEE Trans. Inf. Theory, vol. 44, pp. 2796�2815, 1998.[3] S. V. Hanly and D. N. C. Tse, �Multi-access fading channels - PartII: Delay-limited capacities,� IEEE Trans. Inf. Theory, vol. 44, pp.2816�2831, 1998.[4] L. Georgiadis, M. J. Neely, and L. Tassiulas, Resource allocation andcross-layer control in wireless networks. Foundations and Trends inNetworking, 2006.[5] G. Scutari, D. Palomar, and S. Barbarossa, �Asynchronous iterativewater�lling for Gaussian frequency-selective interference channels: Auni�ed framework,� IEEE Trans. Inf. Theory, vol. 54, pp. 2868�2878,2008.[6] G. He, L. Cottatellucci, and M. Debbah, �The water�lling game - the-oretical framework for distributed wireless network information �ow,�IEEE J. Sel. Areas Commun., 2009.[7] G. He, �A game theoretical approach to resource allocation in wirelessnetworks,� Ph.D. dissertation, Telecom Paris/EURECOM, 01 2010.[8] E. Vivier, From theoretical capacity to system simulations. WILEY,2009.[9] European Telecommunications Standards Institute (ETSI). Radiobroadcasting systems; Digital Audio Broadcasting (DAB) to mobile,portable and �xed receivers, ETS Std. 300 401, 1995.147



148 Bibliography[10] European Telecommunications Standards Institute (ETSI). Radiobroadcasting systems; Digital Audio Broadcasting (DAB) to mobile,Framing structure, channel coding, and modulation for digital terres-tial television, EN Std. 300 744, Rev. 1.1.2, 1997.[11] IEEE P802.11a, Supplement to Standard for Telecommunications andInformation Exchange Between Systems - LAN/MAN Speci�c Require-ments - Part 11: Wireless MAC and PHY Specications: High SpeedPhysical Layer in the 5-GHz Band, IEEE Std., Rev. 7.0, July 1999.[12] IEEE 802.16, IEEE Standard for Local and Metropolitan Area Net-works Part 16: Air Interface for Fixed Broadband Wireless AccessSystems, IEEE Std., April 2001.[13] J. A. Bingham, ADSL, VDSL, and Multicarrier Modulation: WileySeries in Telecommunications and Signal Processing. New York, NY,USA: John Wiley and Sons, Inc., 2000.[14] T. M. Cover and J. A. Thomas, Elements of information theory. Wiley,1991.[15] G. R. G and R. G. Gallager, �An inequality on the capacity region ofmultiaccess multipath channels,� http://hdl.handle.net/1721.1/3365,1994.[16] W. Yu and R. Lui, �Dual methods for nonconvex spectrum optimiza-tion of multicarrier systems,� IEEE Trans. Commun., vol. 54, pp.1310�1322, 2006.[17] J. Huang, R. A. Berry, and M. L. Honig, �Distributed interferencecompensation for wireless networks,� IEEE J. Sel. Areas Commun.,vol. 24, pp. 1074�1084, 2006.[18] W. Yu and J. M. Cio�, �FDMA Capacity of the Gaussian MultipleAccess Channel with ISI,� IEEE Trans. Commun., vol. 50, pp. 102�111, 2000.[19] R. S. Cheng and S. Verdu, �Gaussian multiaccess channels with ISI:Capacity region and multiuser water-�lling,� IEEE Trans. Inf. Theory,vol. 39, pp. 773�785, 1993.[20] Z.-Q. Luo and S. Zhang, �Dynamic spectrum management: complexityand duality,� IEEE Journal of Selected Topics in Signal Processing,vol. 2, pp. 57�73, 2008.



Bibliography 149[21] R. Etkin, A. Parekh, and D. Tse, �Spectrum sharing for unlicensedbands,� in in IEEE DySPAN 2005, 2005, pp. 251�258.[22] C. Y. Wong, R. S. Cheng, K. B. Letaief, and R. D. Murch, �MultiuserOFDM with adaptive subcarrier, bit, and power allocation,� IEEEJournal on Selected Areas of Communications, vol. 17, pp. 1747�1758,2006.[23] T. Thanabalasingham, S. V. Hanly, L. L. H. Andrew, and J. Papan-driopoulos, �Joint allocation of subcarriers and transmit powers in amultiuser OFDM cellular network,� in Proc. IEEE Int. Conf. on Com-munication, 2006.[24] S. V. Hanly, L. L. H. Andrew, and T. Thanabalasingham, �Dynamicallocation of subcarriers and transmit powers in an OFDMA cellularnetwork,� IEEE Trans. Inf. Theory, vol. 55, pp. 5445�5462, 2009.[25] W. Yu, G. Ginis, and J. M. Cio�, �Distributed multiuser power controlfor digital subscriber lines,� IEEE J. Sel. Areas Commun., vol. 20, pp.1105�1115, 2002.[26] J. S. Pang, G. Scutari, F. Facchinei, and C. Wang, �Distributed powerallocation with rate constraints in Gaussian frequency selective inter-ference channels,� IEEE Trans. Inf. Theory, vol. 54, pp. 3471�3489,2008.[27] Y. Noam, A. Leshem, and S. Member, �Iterative power pricing fordistributed spectrum coordination in DSL,� IEEE Trans. Commun.,vol. 57, 2009.[28] C. U. Saraydar, N. B. Mandayam, and D. J. Goodman, �E�cient powercontrol via pricing in wireless data networks,� IEEE Trans. Commun.,2000.[29] C. H. Papadimitriou, �Algorithms, Games, and the Internet,� in InSTOC. ACM Press, 2001, pp. 749�753.[30] J. Huang, R. A. Berry, and M. L. Honig, �Distributed interferencecompensation for wireless networks,� IEEE Trans. Commun., vol. 24,pp. 1074�1084, 2006.[31] E. Altman and Z. Altman, �S-Modular games and power control inwireless networks,� IEEE Transactions on Automatic Control, vol. 48,pp. 839�842, 2003.



150 Bibliography[32] K. Avrachenkov, L. Cottatellucci, and A. Garnaev, �Equilibriums inslow fading interfering channels with partial knowledge of the chan-nels,� in Submitted to INFOCOM, 2010.[33] M. J. Neely, E. Modiano, C. E. Rohrs, and S. Member, �Power alloca-tion and routing in multibeam satellites with time-varying channels,�IEEE Transactions on Networking, vol. 11, pp. 138�152, 2003.[34] R. A. Berry and E. M. Yeh, �Cross-layer Wireless Resource Allocation:Fundamental Performance Limits,� in IEEE Trans. Signal Processing,2004, pp. 59�68.[35] L. Tassiulas and A. Ephremides, �Stability properties of constrainedqueueing systems and scheduling policies for maximum throughput inmultihop radio networks,� IEEE Transaction on Automatic Control,vol. 37, pp. 1936�1948, 1992.[36] K. Seong, R. Narasimhan, and J. M. Cio�, �Queue proportionalscheduling via geometric programming in fading broadcast channels,�IEEE J. Sel. Areas Commun., vol. 24, pp. 1593�1602, 2006.[37] C. Long, Q. Zhang, B. Li, H. Yang, and X. Guan, �Non-cooperativepower control for wireless ad Hoc networks with repeated games,�IEEE J. Sel. Areas Commun., vol. 25, 2007.[38] C. U. Saraydar, N. B. Mandayam, and D. J. Goodman, �E�cient powercontrol via pricing in wireless data networks,� IEEE Trans. Commun.,2000.[39] E. Altman, K. Avratchenkov, N. Bonneau, M. Debbah, R. El-Azouzi,and D. Menasche, �Constrained stochastic games in wireless networks,�in Proc. IEEE Global Telecomm. Conf., 2007, pp. 315�320.[40] H. A. Simon, �A behavioral model of rational choice,� The QuarterlyJournal of economics, vol. 69, pp. 99�118, 1955.[41] R. Aumann, �Backward induction and common knowledge of rational-ity,� Games and Economic Behavior, vol. 8, pp. 6�19, 1995.[42] S. Verdú and S. Shamai, �Spectral e�ciency of CDMA with randomspreading,� IEEE Trans. Inform. Theory, vol. 45, pp. 622�640, 1999.[43] D. N. C. Tse and S. V. Hanly, �Linear multiuser receivers: e�ectiveinterference, e�ective bandwidth and user capacity,� IEEE Trans. In-form. Theory, vol. 45, pp. 641�657, 1999.



Bibliography 151[44] S. S. (Shitz) and S. Verdú, �The impact of frequency-�at fading on thespectral e�ciency of CDMA,� IEEE Trans. Inf. Theory, 2001.[45] J. G. Proakis, Digital Communications, 4th Edition. McGraw Hill,2000.[46] C. Shannon, �A Mathematical Theory of communication,� Communi-cation, Bell System Technical Journal, vol. 27, pp. 379�423, 1948.[47] T. R. Giallorenzi and S. Wilson, �Multiuser ML sequence estimator forconvolutionally coded asynchronous DS-CDMA systems,� IEEE Trans.Commun., vol. 44, pp. 997�1007, 1996.[48] M. Moher, �An iterative multiuser decoder for near capacity commu-nications,� IEEE Trans. Commun., vol. 46, pp. 870�880, 1998.[49] M. K. Varanasi and T. Guess, �Optimal decision feedback multiuserequalization with successive decoding achieves the total capacity of theGaussian multiple-access channel,� in Asilomar Conference on Signal,Systems, and Computers, 1997.[50] R. R. Müller, �Multiuser receivers for randomly spread signals: Funda-mental limits with and without decision-feedback,� IEEE Trans. Inf.Theory, vol. 47, pp. 268�283, 2000.[51] C. E. Shannon, �Two-way communication channels,� in Symp. onMathematical Statistics and Probability, 1961, pp. 611�644.[52] R. Ahlswede, �The capacity region of channel with two senders andtwo receivers,� in Annals Probabil, 1974, pp. 805�814.[53] A. B. Carleial, �Interference channels,� IEEE Trans. Inf. Theory, pp.60�70, 1978.[54] T. S. Han and K. Kobayashi, �A new achievable rate region for theinterference channel,� IEEE Trans. Inf. Theory, vol. IT-27, pp. 49�60,1981.[55] I. Sason, �On achievable rate regions for the Guassian interferencechannel,� IEEE Trans. Inf. Theory, pp. 1345�1356, 2004.[56] A. S. Motahari and A. K. Khandani, �Capacity bounds for the Gaus-sian interfernce channel,� arXiv:0801.1306v1, 2008.



152 Bibliography[57] A. B. Carleial, �A case where interference does not reduce capacity,�IEEE Trans. Inf. Theory, vol. IT-21, pp. 569�570, 1975.[58] H. Sato, �The capacity of the Gaussian interference channel understrong interference,� IEEE Trans. Inf. Theory, vol. IT-27, pp. 786�788, 1981.[59] R. H. Etkin, D. N. C. Tse, and H.Wang, �Gaussian interference channelcapacity to within one bit,� IEEE Trans. Inf. Theory, 2007.[60] A. S. Motahari and A. K. Khandani, �Capacity bounds for the Gaus-sian interference channel,� in arXiv:0801.1306v1, 2007.[61] A. S. Motahari and A. Khandani, �To decode the interference or toconsider it as noise,� arXiv:0711.3176, 2001.[62] D. M. Topkis, Supermodularity and Complementarity. Princeton Uni-versity Press, 1998.[63] D. Johnson, Constrained Optimization.http://cnx.org/content/m11223/1.2/, 2003.[64] S. Boyd and L. Vandenberghe, Convex Optimization. New York:Cambridge University Press, 2007.[65] M. C. Ferris, �Computer sciences, university of wisconsin,� http://pages.cs.wisc.edu/~ferris/.[66] R. W. Cottle, J. Pang, and R. E. Stone, The Linear ComplementarityProblem. Academic Press, 1992.[67] D. Fudenberg and J. Tirole, Game Theory. MIT Press, 1991.[68] D. Debreu, �A social equilibrium existence theorem,� in Proceedings ofthe National Academy of Sciences, 1952, pp. 886�893.[69] Rosen, �Existence and uniqueness of equilibrium points for concaveN-Person games,� Econometrica, vol. 33, pp. 520�534, 1965.[70] T. Roughgarden, E. Tardos, and Éva Tardos, �Bounding the ine�-ciency of equilibria in nonatomic congestion games,� Games and Eco-nomic Behavior, vol. 47, pp. 389�403, 2002.[71] R. Cooper, Coordination Games. Cambridge University Press, 1998.



Bibliography 153[72] E. Altman and A. Shwartz, �Constrained Markov Games: Nash Equi-libria,� in Annals of the International Society of Dynamic Games.Birkhauser, 1995, pp. 303�323.[73] D. Monderer and L. S. Shapley, �Potential Games,� Games And Eco-nomic Behavior, vol. 14, pp. 124�143, 1996.[74] D. D. Yao, �S-modular games, with queuing applications,� QueueingSystems, vol. 21, pp. 449�475, 1995.[75] J. W. Friedman and C. Mezzetti, �Learning in games by random sam-pling,� Journal of Economic Theory, vol. 98, pp. 55�84, 2001.[76] K. K. Leung, C. W. Sung, W. S. Wong, and T. M. Lok, �Convergencetheorem for a general class of power control algorithms,� in Proc. IEEEInt. Conf. on Communication, 2001, pp. 811�815.[77] C. W. Sung and W. S.Wong, �Mathematical aspects of the power con-trol problem in mobile communication systems,� in Lectures at theMorningside Center of Mathematics, 2000.[78] R. D. Yates, �A framework for uplink power control in cellular radiosystems,� IEEE J. Sel. Areas Commun., vol. 13, pp. 1341�1347, 1996.[79] C. C. Wu and D. P. Bertsekas, �Distributed power control algorithmsfor wireless networks,� IEEE Trans. Vehicular Techonology, vol. 50,pp. 504�514, 1999.[80] O. Candogan, I. Menache, A. Ozdaglar, and P. A. Parrilo, �Flowsand decomposition of games : harmonic and potential games,�arXiv:1005.2405v2, 2010.[81] Q. jing and Z. Zheng, �Distributed resource allocation based on Gametheory in multi-cell OFDMA systems ,� International journal of wire-less information networks, vol. 16, pp. 44�50, 2009.[82] J. Ratli�, Static Games of Incomplete Information. University ofArizona: Graduate-Level Course in Game Theory, 2005.[83] R. B. Myerson, Game theory: Analysis of Con�ict. Cambridge, Mas-sachusetts: Harvard University Press, 1997.[84] H. Gaoning, M. Debbah, and E. Altman, �A Bayesian game-theoreticapproach for distributed resource allocation in fading multiple access



154 Bibliographychannels,� EURASIP Journal on Wireless Communications and Net-working, 2010.[85] L. Lai and H. E. Gamal, �The water-�lling game in fading multiple-access channels,� IEEE Trans. Inf. Theory, vol. 54, pp. 2110 � 2122,2008.[86] J. F. Nash, �Equilibrium points in N-person games,� Proceedings ofthe National Academy of Sciences of the United States Of America,pp. 48�49, 1950.[87] C. S. Jean and B. Jabbari, �Bayesian game-theoretic modeling of trans-mit power determination in a self-organizing CDMA wireless network,�in Vehicular Technology Conferenc, 2004, pp. 3496�3500.[88] T. Heikkinen, �A Minimax Game of Power Control in a Wireless Net-work under Incomplete Information,� Certer for Discrete Mathematicsand Theoretical Computer Science, Tech. Rep., 1999.[89] S. Adlakha, R. Johari, and A. Goldsmith, �Competition in wirelesssystems via Bayesian interference games,� in arXiv:0709.0516v1, 2007.[90] Y. Liu and H. Man, �A Bayesian game approach for intrusion detec-tion in wireless ad hoc networks,� in ACM International ConferenceProceeding, 2006.[91] L. S. Shapley, �Stochastic Games,� in Proceedings of National Academyof Science, 1953, pp. 1095�1100.[92] A. Fedegruen, �On N-person stochastic games with denumerable statespace,� in Advances in Applied Probability, 1978, pp. 452�471.[93] L. O. Curtat, �Markov equilibria of stochastic games with complemen-tarities,� Games and Economic Behavior, vol. 17, pp. 177�199, 1996.[94] A. Hordijk and L. C. M. Kallenberg, �Constrained undiscountedstochastic dynamic programming,� Mathematics of Operations Re-search, 1984.[95] ��, �Linear programming and Markov games I,� Game Theory andMathematical Economics, pp. 291�305, 1981.[96] ��, �Linear programming and Markov games II,� Game Theory andMathematical Economics, pp. 307�320, 1981.



Bibliography 155[97] M. Huang, R. P. Malhame, and P. E. Caines, �Nash strategies andadaptation for decentralized games involving weakly coupled agents,�IEEE CDC, 2005.[98] L. C. M. Kallenberg, �Survey of linear programming for standard andnonstandard Markovian control problems, Part I: Theory,� ZOR Meth-ods and Models in Operations Research, 1994.[99] E. Altman, K. Avrachenkov, N. Bonneau, M. Debbah, R. El-Azouzi,and D. S. Menasche, �Constrained cost-coupled stochastic games withindependent state processes,� in arXiv:cs/0703099v1, 2006.[100] E. Altman, K. Avrachenkov, R. Marquez, and G. Miller, �Zero-sumconstrained stochastic games with independent state processes ,� inMathematical Methods of Operations Research, 2005.[101] F. Fangwen and M. van der Schaar, �Learning to Compete forResources in Wireless Stochastic Games,� IEEE Trans. VehicularTechonology, pp. 1904�1191, 2008.[102] J. Evans and D. N. C. Tse, �Large system performance of linear mul-tiuser receivers in multipath fading channels,� IEEE Trans. Inf. The-ory, vol. 46, pp. 2059�2078, 2000.[103] S. S. (Shitz) and S. Verdú, �The impact of frequency-�at fading on thespectral e�ciency of CDMA,� IEEE Trans. Inf. Theory, 2001.[104] A. M. Tulino, L. Li, and S. Verdú, �Spectral e�ciency of multicarrierCDMA,� IEEE Trans. Inf. Theory, vol. 51, pp. 479�505, 2005.[105] A. Tulino and S. Verdú, Random matrix theory and wireless communi-cations. Foundation and Trends in Communications and InformationTheory, 2004.[106] E. Wigner, �Characteristic vectors of bordered matrices with in�nitedimensions,� Ann. of Math., vol. 62, pp. 546�564, 1955.[107] V. A. Marcenko and L. A. Pastur, �Distribution of eigenvalues for somesets of random matrices,� Mathematics of the USSR-Sbornik, vol. 1, pp.457�483, 1967.[108] J. W. Silverstein and Z. D. Bai, �On the empirical distribution ofeigenvalues of a class of large dimensional random matrices,� Journalof Multivariate Analysis, vol. 54, pp. 175�192, 1995.



156 Bibliography[109] V. Girko, Theory of random determinant. Kluwer Academic Publish-ers, Dordrecht,Ntherlands, 2004.[110] B. M. Zaidel, S. Member, S. S. (Shitz), and S. Verdú, �Multicell uplinkspectral e�ciency of coded DS-CDMA with random signatures,� IEEEJ. Sel. Areas Commun., vol. 19, pp. 1556�1568, 2001.[111] D. Aktas, M. N. Bacha, J. Evans, and S. Hanly, �Scaling results onthe sum capacity of cellular networks with MIMO links,� IEEE Trans.Inf. Theory, vol. 52, pp. 3264�3274, 2006.[112] Y. J. Wang, N. H. Xiu, and J. Z. Zhang, �Modi�ed extragradientmethod for variational inequalities and veri�cation of solution exis-tence,� Journal of Optimization Theory And Applications, pp. 167�183,2003.[113] Patrick Billingsley and John Wiley, Probability and Measure. Wileyin probability and mathematical statistics, 1995.[114] A. Schrijver, �A comninatorial algorithm minimizing submodular func-tions in strongly polynomial time,� Journal of Combinatorial Theory,2000.[115] S. Iwata, L. Fleischer, and S. Fujishige, �A comninatorial stronglypolynomial algorithm for minimizing submodular functions,� Journalof ACM, 2001.


