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Titre : Diversité des Sources de Contenu dans les Réseaux Sociaux
Mots clés :Web données, réseaux sociaux, optimisation dans les graphes, fouille de données
Résumé : Des événements récents ont mon-tré à quel point le Web social est devenu im-portant dans notre vie quotidienne. En effet, laplupart des informations ne se propagent pluspar des points d’information uniques et cen-tralisés, tels que les journaux télévisés ou pa-piers. Elle se propage plutôt par des moyensdécentralisés, à travers les vastes réseaux so-ciaux. La nature décentralisée du Web signifieque les informations de toutes sortes peuventse propager instantanément et sans filtrage,ce qui entraîne à la fois des effets positifs,comme lorsque des foules s’organisent sponta-nément pour atteindre des objectifs communs,et des effets négatifs, comme la diffusion defausses informations qui peuvent être trans-mises commeétant valides par des consomma-teurs par ailleurs bien intentionnés.Comment une fausse information peut-elle passer pour valide? Cela peut se pro-duire lorsque les consommateurs d’informa-tions pensent qu’ils disposent de toutes lesconnaissances en raison de leur voisinage so-cial et que les informations diffusées sontreprésentatives du monde. Le concept estbien connu dans la littérature : on parle debulles de filtres ou de chambres d’écho, oùles consommateurs d’informations sont coin-cés dans un environnement qui renforce leurpropre point de vue et ne le remet pas en ques-tion. Ce problème est encore aggravé par lesalgorithmes de recommandation commerciauxqui se concentrent essentiellement sur les ar-ticles que l’on a déjà consommés ou qui sontconsommés par le voisinage social immédiat ;en tant que tels, ils ne se concentrent pas surla recommandation d’articles vraiment diversprovenant de sources différentes. Cela est d’au-tant plus évident lorsque le réseau social estéclaté en plusieurs communautés organiséesautour d’intérêts similaires, voire en commu-nautés idéologiques qui ne communiquent pasentre elles.Dans ce contexte, la recommandation denouveaux contenus aux utilisateurs devraitfaire plus que renforcer le comportement

passé. Notre thèse ici est qu’elle devrait éga-lement être un outil permettant d’exposer lesutilisateurs à de nouveaux contenus, et donc àdes points de vuemultiples. D’une certainema-nière, Internet devrait être considéré commeune place publique mondiale, où le contenu (ycompris les produits, les idées et l’information)est échangé librement et, surtout, où chaquefacette d’une information ou d’une opinion estprésentée. Cette idée est soutenue par l’idéequ’un consommateur bien informé est moinssusceptible d’être la proie de sources d’infor-mation douteuses. La diversité des points devue et des opinions est doublement importantepour les produits culturels (films, livres, jour-naux, musique) ou pour les fournisseurs decontenu. En un sens, nous pouvons dire quenotre objectif est d’augmenter la quantité desérendipité à laquelle les utilisateurs sont ex-posés dans leurs interactions quotidiennes surInternet.
Dans cette thèse, nous discutons des al-gorithmes pour les recommandations diversesdans les réseaux sociaux en ligne. Nous nousconcentrerons sur la recommandation de four-nisseurs de contenu aux utilisateurs d’un ré-seau social. Les réseaux sociaux sont un en-vironnement où chaque utilisateur peut êtreconsidéré comme un créateur de contenu ouun émetteur de contenu, car ils sont compo-sés de nœuds (les utilisateurs, qui sont à lafois consommateurs ou créateurs de contenuet réunis par des liens (les relations sui-veurs/suivis).
Le problème devient alors assez intuitif. Onnous donne un graphe social, et l’objectif est d’yajouter des liens, de sorte que la diversité desinformations propagées soit maximisée. Notretâche consiste à recommander des liens entreles utilisateurs et les sources de contenu demanière à ce que le graphe soit divisé en unnombre de communautés aussi réduit que pos-sible. Ceci, pour un utilisateur donné du ré-seau social, signifie qu’il sera exposé à autantd’autres communautés que possible.



Title : Enabling Diversity of Content Sources in Online Social Networks
Keywords :Web data, social networks, graph optimisation, data mining
Abstract : Recent events have shown how im-portant the social Web has become to our dailylives. Indeed, most information no longer pro-pagates through single, centralized, points ofinformation, such as TV news or newspapers.Instead, it propagates through de-centralizedmeans, through the large – sometimes global– social networks enabled by the Web. The de-centralized nature of theWebmeans that infor-mation of all sorts can spread instantly and wi-thout filtering, leading to both positive effects,such as when crowds spontaneously organizefor common good goals, or negative effects,such as the spread of fake information whichmight be passed on as valid by otherwise well-meaning consumers.How can fake information pass on as valid?This can occur when the consumers of infor-mation think they have all the knowledge dueto their social neighborhood and that the in-formation that is disseminated is representa-tive of the world at large. The concept is well-known in the literature : we talk of filter bubblesor echo chambers, where consumers of infor-mation are stuck in an environment that rein-forces their own point-of-view without challen-ging it. Compounding this problem are com-mercial recommendation algorithms that es-sentially focus on items one has already consu-med or which are consumed by the immediatesocial neighborhood; as such they do not focuson recommending truly diverse items from di-verse sources. This is more evident when thesocial network is broken in several communi-ties organized around similar interests, or evenideology-based communities that do not com-municate with each other.In this context, recommending new contentto users should domore than reinforce past be-havior. It is our thesis here that it should alsobe a tool for exposing users to new content,and hence to multiple viewpoints. In a way,the Internet should be seen as a global pu-blic square, in which content (including pro-

ducts, ideas, and pieces of information) are ex-changed freely, and most importantly, whereeach facet of an information or an opinion isshown. This is supported by the idea that awell-informed consumer is less likely to fall prey todubious sources of information. Diverse view-points and opinions are doubly important forcultural products (movies, books, newspapers,music) or for content providers. In a sense, wecan say that we aim to increase the amount ofserendipity that users are exposed to in theirdaily interactions on the Internet.
In this project, we will take the first stepsin enabling diverse recommendations in onlinesocial networks. We will first focus on recom-mending content providers to users of a socialnetwork. To take an example of a well-knownWebapplicationwhere this is relevant, considerX (formerly Twitter). It can arguably be thoughtof as a sort of digital public square ; indeed,many events have started on Twitter or like ap-plications (consider e.g., the Arab spring) ; insome cases, the news broke faster that on tra-ditional media channels. Generally, the Twitterfeed of a user of the application consists ofthe tweets of the users that they followed, orthe retweets thereof. In a sense, each Twitteruser can be considered either a content crea-tor or a content transmitter (via re-tweets). Thesocial network is hence composed of nodes(users, which are both consumers or creatorsof content), brought together by links (the fol-lowing/follower relationships).
Then, the problem becomes rather intui-tive. We are given a social graph, and the objec-tive is to add links to it, such that the diversityof propagated information is maximized. Ourtask is to recommend links between users andcontent sources such that the graph is split inas few communities as possible. This, for a gi-ven social network user, means that they willbe exposed to as many other communities aspossible.
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Résumé

Les réseaux sociaux occupent aujourd’hui une place centrale dans notre
société et constituent une source d’informationprivilégiée pour unepart crois-
sante de la population. Leur rôle dans la diffusion et la circulation de l’infor-
mation est ainsi devenumajeur. Contrairement auxmédias traditionnels, fon-
dés sur des points de diffusion centralisés et institutionnalisés, le Web social
repose sur des structures décentralisées, au sein desquelles l’information se
propage rapidement à travers de vastes réseaux d’utilisateurs. Cette trans-
formation profonde des modes de circulation de l’information a des consé-
quences significatives sur la constitution et l’évolution des opinions indivi-
duelles et collectives.

L’exposition aux contenus diffusés sur les plateformes sociales influence
les croyances et les jugements des individus, tant de manière active, lorsque
ceux-ci consomment volontairement du contenus, que de manière passive,
par la simple navigation lorsque le contenus suggérés est survolés. Ainsi,même
les informations simplement vues, sans interactions explicites, participent à
la construction des représentations et de la vision du monde des utilisateurs.
Cette dynamique confère donc un pouvoir considérable aux algorithmes de
recommandation, dont l’objectif principal est généralement d’optimiser l’en-
gagement des utilisateurs. Pour ce faire, ces systèmes tendent à privilégier
des contenus similaires aux intérêts déjà exprimés, tout en réduisant la visi-
bilité de contenus jugés trop différents.

Dans un contexte où les utilisateurs s’appuient largement sur les recom-
mandations algorithmiques pour découvrir de nouveaux contenus, par souci
de simplicité ou par manque de temps, les systemes de recommendations
contribuent à limiter leur exposition à de l’information nouvelle et diverse.
Cette dynamique favorise l’émergencedephénomènes biendocumentés dans
la littérature, tels que les bulles de filtres (filter bubbles) ou les chambres
d’écho (echo chambers), au sein desquelles les individus évoluent dans un
environnement d’information homogène, renforçant leurs points de vue pré-
existants sans les confronter à des perspectives alternatives. Cette situation
est particulièrement problématique dans des réseaux sociaux fragmentés en
communautés organisées autour d’intérêts oud’idéologies similaires, qui com-
muniquent peu entre elles.

La nature décentralisée duWeb social, favorise unediffusion rapide et peu
filtrée des informations, y compris de contenus erronés ou trompeurs. Dans
des espaces d’informations homogènes, façonnés par les bulles de filtres et
les chambres d’écho, ces informations peuvent être perçues commecrédibles,
dès lors que les utilisateurs considèrent leur voisinage social et les contenus
auxquels ils sont exposés comme représentatifs de la réalité globale. Dans

5



ce contexte, des contenus trompeurs peuvent être relayés et amplifiés par
des individus pourtant bien intentionnés, qui ne disposent pas des éléments
nécessaires pour en évaluer la véracité. L’absence de diversité des sources
et des points de vue renforce ainsi cette dynamique, augmentant la vulné-
rabilité des individus face à des informations de faible qualité et mettant en
évidence les limites des systèmes de recommandation centrés exclusivement
sur l’engagement et la similarité.

Dans ce contexte, les systèmes de recommandation ne devraient pas se
limiter à la reproduction ou au renforcement des préférences et des compor-
tements passés des utilisateurs, une approche qui contribue directement à la
formation de bulles de filtres et de chambres d’écho. À l’inverse, des recom-
mandations intégrant explicitement des critères de diversité permettraient
d’élargir l’espace informationnel des individus en les exposant à des contenus
issus de sources variées. Une telle exposition contribue fondamentalement à
limiter l’émergence et le renforcement des dynamiques de bulles de filtres
et de chambres d’écho. Par ailleurs, l’accès à une information plus diversi-
fiée offre aux utilisateurs une plus grande capacité de prise de recul, ce qui
facilite l’évaluation critique des contenus et permet de mieux identifier les in-
formations erronées ou trompeuses. Dans cette optique, les réseaux sociaux
peuvent être envisagés comme de grandes places publiques mondiales, au
sein desquelles la circulation équilibrée d’idées et d’informations contribue à
renforcer l’esprit critique des utilisateurs et à limiter la propagation de fausses
informations.

Notre étude se concentre sur la diversité de l’exposition à l’information et
sur la manière dont celle-ci évolue dans un environnement de réseau social
au fur et àmesure que les recommandations sont proposées aux utilisateurs.
Plus précisément, lorsque les recommandations reposent sur une logique de
similarité, la diversité des contenus auxquels les utilisateurs sont exposés
tend à diminuer, ce qui peut renforcer les bulles de filtres et les chambres
d’écho. En revanche, lorsque les recommandations suivent une logique de
diversité, l’exposition à des points de vue et à des informations variés est fa-
vorisée, ce qui contribue à élargir le spectre informationnel des utilisateurs.
Il s’agit donc de définir de manière rigoureuse la notion de diversité dans
le contexte spécifique des réseaux sociaux, pour qu’elle soit mesurable, afin
d’évaluer les performances des différents systèmes de recommandation en
termes de diversité de l’exposition à l’information.

Pour ce faire, nousmodélisons le réseau social sous la forme d’un graphe,
où les nœuds représentent les utilisateurs et les arêtes les relations qui les
relient. Les structures de communautés au sein de ce graphe sont utilisées
pour représenter les différentes opinions présentes dans le réseau. En effet,
deux individus appartenant à une même communauté tendent à partager
des opinions plus proches que deux individus situés dans des communau-
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tés distinctes. La propagation de l’information, et par extension des opinions,
s’effectue au travers des arêtes reliant les utilisateurs. Par conséquent, l’ex-
position à l’information d’un utilisateur particulier dépend directement de la
composition de son voisinage. Un utilisateur connecté à plusieurs commu-
nautés bénéficie ainsi d’une exposition à l’information plus diversifiée que ce-
lui qui reste confiné à sa propre communauté.

La topologie du graphe permet de quantifier cette exposition : nous pou-
vons calculer la distribution de l’exposition de chaque utilisateur à l’ensemble
des communautés, puis en mesurer la diversité au moyen de l’entropie de
cette distribution. L’entropie, concept issu de la théorie de l’information, four-
nit une mesure de la quantité d’information contenue dans un message ou,
dans ce contexte, de la diversité des opinions auxquelles un utilisateur est ex-
posé. Plus l’entropie est élevée, plus l’exposition est variée, reflétant ainsi une
pluralité de perspectives au sein du réseau social.

Intuitivement, l’objectif consiste donc à maximiser l’entropie, afin de favo-
riser une exposition à l’information aussi diversifiée que possible. Toutefois,
en s’appuyant sur des propriétés bien établies des fonctions d’entropie et sur
le comportement mathématique de celle-ci, il est possible de reformuler ce
problème de maximisation sous la forme équivalente d’un problème de mi-
nimisation. Cette transformation présente des avantages considérables, no-
tamment en raison des propriétés de convexité qu’elle induit. Ces propriétés
constituent le fondement de notre première approche, dans laquelle nous
cherchons à optimiser l’exposition à l’information en utilisant une méthode
de descente de gradient. Pour permettre l’application d’un tel algorithme, il
est nécessaire de disposer d’une fonction objectif à la fois convexe et diffé-
rentiable. En exploitant les formulations matricielles des graphes, il devient
possible de représenter l’exposition à l’information sous la forme d’une fonc-
tion convexe différentiable, dont les dérivées sont non seulement bien défi-
nies, mais également calculables de manière explicite. La mise en œuvre de
ce processus requiert toutefois des techniques d’optimisation avancées afin
de réduire la complexité associée au calcul des dérivées des matrices.

Malgré ses avantages théoriques et computationnels, l’application d’un
algorithme fondé sur la descente de gradient à un réseau social présente
plusieurs limitations. Tout d’abord, ces méthodes reposent généralement sur
des hypothèses de convexité et de différentiabilité qui peuvent simplifier ex-
cessivement la complexité des dynamiques sociales réelles, lesquelles sont
souvent non linéaires, hétérogènes et surtout évolutives dans le temps. Par
ailleurs, la structure des réseaux sociaux est intrinsèquement dynamique : les
utilisateurs, leurs relations et les contenus évoluent continuellement, ce qui
peut rendre une solution optimisée à un instant donné rapidement obsolète.

Par ailleurs, une optimisation exclusivement centrée sur la diversification
de l’exposition à l’information peut entrer en conflit avec les exigences de per-

7



sonnalisation des recommandations. En particulier, il apparaît peu réaliste de
proposer des contenus ou des liens sans tenir compte des préférences indivi-
duelles des utilisateurs, ni des objectifs de performance des plateformes, les-
quels évoluent dans le temps et dépendent fortement du contexte d’usage.
Ces tensions mettent en évidence les limites des approches statiques et uni-
dimensionnelles et soulignent la nécessité de recourir à des méthodes plus
flexibles, capables d’apprendre demanière continue les dynamiques propres
au réseau social ainsi que les comportements et préférences de ses utilisa-
teurs.

Dans ce contexte, l’apprentissagepar renforcement constitue une approche
particulièrement adaptée pourmodéliser et optimiser les systèmes de recom-
mandation dans les réseaux sociaux. Contrairement aux approches d’optimi-
sation statiques, il repose sur l’interaction séquentielle entre un agent et un
environnement dynamique, au sein duquel l’agent apprend progressivement
une politique de décision à partir des retours qu’il reçoit sur les actions qu’il a
pris. Cela permet d’intégrer simultanément des objectifs multiples et poten-
tiellement contradictoires, tels que la personnalisation des recommandations
et la diversité de l’exposition à l’information.

En apprenant demanière continue à travers l’interaction avec l’environne-
ment, l’apprentissage par renforcement est en mesure de s’adapter de façon
flexible à des environnements non seulement dynamiques, mais également
partiellement observables, dont les caractéristiques internes n’ont pas néces-
sairement besoin d’être explicitement intégrées au processus d’optimisation
dumodèle. Cette propriété permet, d’une part, de répondre efficacement aux
changements rapides et parfois drastiques qui caractérisent les réseaux so-
ciaux. D’autre part, elle dispense le modèle de la nécessité de disposer d’une
représentation exacte et explicite des opinions présentes au sein du réseau,
contrairement aux méthodes d’optimisation statiques qui requièrent, en par-
ticulier dans l’étude des dynamiques d’opinion, une estimation précise des
positions individuelles des utilisateurs. Or, une telle estimation est générale-
ment difficile, coûteuse et sujette à de fortes incertitudes, ce qui renforce l’in-
térêt d’approches adaptatives fondées sur l’apprentissage par renforcement.

Par conséquent, notre seconde approche s’appuie sur une combinaison
de l’apprentissage profond et de l’apprentissage par renforcement, à travers
l’utilisation du modèle Structure2Vec Deep Q-Learning (S2V-DQN). Ce cadre
permet d’exploiter des représentations latentes apprises automatiquement
à partir de la structure du graphe, tout en optimisant une politique de déci-
sion par apprentissage par renforcement. En intégrant l’information topolo-
gique du réseau social dans un espace de représentation compact, S2V-DQN
offre une approche adaptée à la complexité et à la dynamique des réseaux so-
ciaux, sans nécessiter une modélisation explicite et exhaustive des opinions
individuelles. Cette méthode constitue ainsi un compromis pertinent entre
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expressivité du modèle, capacité d’adaptation et faisabilité computationnelle
dans des environnements de grande dimension.

Avec cet outil, la modélisation de l’environnement joue un rôle central,
et en particulier la définition de la fonction de récompense, qui conditionne
directement le comportement appris par l’agent. Celle-ci doit refléter un com-
promis entre des objectifs antagonistes, en combinant à la fois la satisfaction
des utilisateurs, estimé avec une sémantique de similatité, et la diversité de
l’exposition à l’information. Une telle formulation permet d’encourager des
politiques de recommandation qui restent pertinentes pour les utilisateurs
tout en favorisant une ouverture à des contenus et des points de vue variés.
En intégrant ces dimensions dans le signal de récompense, l’agent est ainsi
incité à apprendre des stratégies équilibrées, capables de s’adapter aux dy-
namiques du réseau social tout en limitant les effets des bulles de filtres et
des chambres d’écho.

Dans l’ensemble, cette thèse propose un cadre méthodologique visant à
analyser et à améliorer la diversité de l’exposition à l’information dans les ré-
seaux sociaux, en apportant des solutions innovantes ancrées dans des fon-
dements mathématiques solides, tels que l’optimisation convexe et l’appren-
tissage par renforcement. Ces approches permettent de prendre en compte
à la fois les dynamiques structurelles du réseau et les comportements des uti-
lisateurs, offrant ainsi un cadre cohérent et adaptable pour l’étude et l’amé-
lioration des systèmes de recommandation.
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1 - General Introduction

The rise of the social Web as a cornerstone of modern society has funda-
mentally altered the architecture of information dissemination. Indeed, tra-
ditional media structures such as newspapers, television broadcasts or radio
programs are continuously losing ground to social media posts and podcasts.
Once curated by official organisms and expert knowledge, news broadcast
and documentaries are now in the hand of content creators and any user can
share their personal point of view and opinions. This decentralized structure
facilitates instantaneous and unfiltered propagation of information. On one
hand, it yields significant benefits, exemplified by the rapid mobilization of
crowds for a good cause or when time is of the essence in the context of an
emergency. On the other hand, it introduces considerable risks, most nota-
bly the rampant spread of misinformation and disinformation, which can be
unwittingly amplified by well-intentioned individuals, thereby eroding public
trust. Indeed, fueled by anonymity, some users feel free to disseminate hate
speech or fake news in spite of each social platform’s terms of use and always
finding ways to bypass their filters. This is further exacerbated by the recent
popularization of generative AI. Fake accounts called “bots” appear more and
more human and the practice of “botting” where people fake an audience or
a movement to support their ideas, is becoming increasingly challenging to
deal with. Public trust is being further damaged by generative AI’s ability to
artificially construct realistic pictures and videos as well as manipulating live-
streams.

In parallel, social media platforms make use of recommender systems
which function as sophisticated information filters, strategically curating the
content presented to users to maximize platform engagement and avoid in-
formation overload [1, 2]. Indeed, themore a user spends time on a given plat-
form the more revenue it generates through ads, subscriptions or promotio-
nal contents. These systems operate by constructing a dynamic personalized
user profile derived from their explicit and implicit behaviors. Explicit crite-
ria include clicks, likes, shares and followership while implicit signals revolve
around dwell time or attention retention. This data is then used with various
techniques presented in Section 2.1 to suggest contents with features similar
to those a user has previously interacted with as these are the one they are
the most likely to interact with in the future. At the same time, having no re-
cord of past interactionswith content differing fromwhat the user has already
engaged with makes the system unable to predict user engagement with this
new content, hence only capitalizing on semantics of similarity and optimizing
accordingly to predict accuracy. Subsequently, recommender systems priori-
tize content that is similar to the users’ current interests, while actively hiding
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content that is too dissimilar. Consequently, users who depend on these sys-
tems for discovery, usually for reasons of convenience or efficiency, are not
exposed to a genuinely diverse information landscape. Instead, their expo-
sure is narrowed, reinforcing existing preferences and limiting serendipitous
encounters with novel ideas.

This is the basis for a well-documented loop that leads to the formation
of echo chambers and filter bubbles. An echo chamber is “a bounded, enclosed
media space that has the potential to both magnify the messages delivered
within it and insulate them from rebuttal” [3]. When recommender systems
only provide like-minded content and fail to provide any counter-point, it gives
a false confirmation bias. The trapped user believes they have a complete
overview of the entire landscape of a given topic when in reality their point
of view is actually limited. This applies to any idea : ambiguous, benign, ma-
lign, controversial, orwidely accepted. The concept has beenmostly studied in
the context of political debates and discussions where it has clear immediate
damaging effects [4, 5]. On the other hand, a filter bubble is a closed media
space resulting from the personalized recommendations of the algorithmic
ranking systems. While an echo chamber is largely a social construct fortified
by user choice, a filter bubble is an algorithmic construct, actively created for
the user by the platform’s underlying algorithm. Both phenomena, however,
converge in their capacity to limit exposure to diverse viewpoints. As such,
experts usually study echo chambers as they are linked to increasing pola-
rization [6], a state where people are growing further apart until there is no
more common ground. A fragmented social environment facilitates the pro-
pagation of fake news, disturbs public discourse and inflames public tensions.

Indeed, in such an environment, consumers of information wrongly be-
lieve to have full knowledge because they assume that the information that
is disseminated is representative of the world at large. However, their imme-
diate social neighborhood echos similar opinions and creates a confirmation
bias giving a false sense of security in their opinions. In fact, they are stuck in
an environment that reinforces their own point-of-view without challenging
it. If fake news were to be propagated in such enclosed spaces, it would im-
mediately be taken as true and remain so because no counter point would be
provided.

Hence, recommender systems and their algorithms that maximize user
engagement by providing content based on similarity have been blamed for
these emerging issues. Even though someexperts question this [7, 8],most do
agree that there is an undeniable link between growing social fragmentation
and recommender systems and that their semantics need to change.

Researchers have looked into algorithms that optimize networks for the
minimization of polarization but these structural interventions are difficult to
implement realistically. How would one force a user to befriend another or
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to consume a specific content item? Similarly, attempts at content-level inter-
ventions have been studied but these approaches also suffer severely from
their similarity to censorship [9, 10]. This exemplifies the difficulty of dealing
with such problems. Indeed, moving the focus of recommender systems to a
new semantic impedes their current goal, which can severely impact their per-
formances leading to business costs for the social network companies. Even if
it could also lead to totally new traffic by users interested in diverse and novel
content.

In spite of these challenges, we believe that a new semantic for recom-
mendation based on promoting diverse content would at least help alleviate
these issues if not greatly decrease their effects. Indeed, promoting diverse
content to users would continuously present novel and different ideas as well
as similar ones. This would by definition reduce the filter bubble effect as well
as limit the formation of echo chambers as multiple viewpoints would always
be available. Making users exposed to more varied sources and opinions will
eventually make them more informed and as such, less likely to fall prey to
misinformation and disinformation. Diversity would also benefit content pro-
viders as even more niche interests would also be promoted. In other words,
this would promote creativity and increase serendipity.

In this thesis, we will take algorithmic steps in enabling diverse recom-
mendations in online social networks. We will first focus on recommending
content providers to users of a social network. To take an example of a well-
knownWeb application where this is relevant, consider X (formerly Twitter). It
can arguably be thought of as a sort of a digital public square. Generally, the
feed of an X user consists of the tweets written or shared by other accounts
that they follow. In a sense, each X user can be considered either a content
creator or a content transmitter (via re-tweets) and at the same time a content
consumer. The social network is hence composed of nodes (users, which are
both consumers and/or creators of content), brought together by links (the
following/follower relationships). Thus, the problem becomes rather intuitive.
We are given a social graph and the objective is to add links to it, such that the
diversity of propagated information is maximized. Our task is to recommend
links between users and content sources such that the graph is split in as few
communities as possible. This, for a given social network user, means that
they will be exposed to as many other communities as possible. An example
is given in Fig. 1.1 : when the node identified by the red square gets linked to
the red diamond nodes— part of other communities —, it is directly exposed
to more, diverse, sources of information.

Our first contribution is a structural intervention algorithm that optimizes
information exposure in two distinct social graphs settings. The first setting
is the standard user-user graph where only users and their connections are
represented. We extend our framework to also be applicable to the second
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Figure 1.1 – Example of diverse recommendations (Football dataset). Node co-lors represent communities as computed by a greedy modularity algorithm.The red square is the target node and red diamonds are diverse recommen-dations, i.e., from other communities.

setting of user-item graphs. This setting is different in that there are now two
distinct information propagation pathways. Using matrix representation of
the graph we formulate the objective as a generally convex function and use
an online gradient descent algorithm to efficiently compute the optimal solu-
tion, i.e. the edge that best improves information exposure for a given user.
However, this approach shares a notable shortcoming with most polarization
minimization algorithm in that it needs explicit opinion vectors for its optimi-
zation process which are private information in a real world setting. Similarly
to other polarizationminimization algorithmwe question their applicability in
an actual setting. This leads us to our second contribution : a framework that
can optimize information exposure that stays agnostic of private opinion vec-
tors. We formulate this problem aMarkov Decision Process (MDP) and design
a reinforcement learning framework that combines both a diversity objective
and a satisfaction objective based on similarity. This combination encourages
the agent to provide not only diverse recommendation, but also satisfying re-
commendation.

Thesis outline This thesis studies the broad subject of diversity in social
networks. In particular, we propose a novel framework to measure diversity
from the point of view of users by quantifying information exposure and in-
troduce the problem of diverse information exposure maximization. Subse-
quently, we propose two new frameworks, inspired by state of the art tech-
niques, to solve this problem. This manuscript is structured as follows :

• Chapter 2 provides an extensive presentation of the general landscape
of social networks and the many fields of research relevant to the dis-
cussion of diversity in social networks. First, we present the central com-
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ponent of recommender systems and how recommendations are gene-
rated. Starting with traditional techniques and how they evolved to the
deep learningmethods currently used.We also discuss the graph repre-
sentation techniques that enable and improve them. Then we present
influence maximization as a problem that deals with notions similar to
those of diversity. Finally, we present the many social behaviors pat-
terns and interactions that take place in social networks. Starting with
how users behave and how it leads to communities. We also discuss
how recommender systems are prone to various biases and how these
biases are fought by enforced fairness. We introduce the opinion dyna-
mics models that are used to study how opinions evolve in a social set-
ting and how they are used to measure polarization in social networks.
This will also explain how echo chambers and filter bubbles emerge in
such environments. We will also briefly discuss the emerging topic of
serendipity in recommender systems and its shortcomings.

• Chapter 3 is a formal introduction to the many mathematical tools and
graph notions that are necessary for a proper understanding of the
works presented in this thesis. We will also develop the framework we
propose to measure information exposure which is the foundation of
how we study diversity in social networks.

• Chapter 4 introduces the problemof diverse information exposuremaxi-
mization and how it can be translated to a minimization problem using
convex properties of the objective function. We also provide an exten-
sion to the setting of user-item graphs where multiple pathways of in-
formation propagation have to be considered. Subsequently, we pro-
pose a gradient descent based algorithm to solve these problems and
compare it to various baselines from the related work, standard social
networks approaches and other intuitive diversity methods.

• Chapter 5 continues the contribution of chapter 4 by addressing its limi-
tations. To do so, we build upon the framework of structure2vec deep
Q-learning network to formalize a multi-objective reinforcement lear-
ning setting and extensively test it.

• Chapter 6 summarizes this thesis’s key discoveries and its contributions
as well as suggesting promising avenues for extending this research
and addressing its limitations.
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2 - Related Work

Social medias are platforms that encapsulate many complex interactions,
processes and relationships, as such they have caught the attention of many
researchers to deal with tasks across a large variety of domains. In this sec-
tion we are going to present a list of problems and tasks most relevant to
the issue of diversity in social media, beginning with recommender systems
and other social tasks such as influencemaximization, as well as current deep
learning and reinforcement learning techniques. We will illustrate how these
algorithms play a role in current concerns over social fragmentation in so-
cial networks and discuss various branches of research that aim at alleviating
these issues.

2.1 . Recommender Systems

Recommender systems (RS) are at the core ofmany online platforms such
as shops (Amazon), streaming services (Netflix) or social networks (Facebook).
At a surface level, their task is to provide content but the main goal is to maxi-
mize platform engagement [11, 12]. To do so, they tailor content suggestion to
each user depending on their interests aswell as their history on the platform.
Over the years many different techniques have been developed :

2.1.1 . Traditional Recommender Systems

Traditional recommendation methods are primarily divided into neigh-
borhood models and collaborative filtering. Neighborhood models operate
directly on a graph or interaction matrix by aggregating information from a
user’s or item’s immediate local connections (e.g., the items a user has already
interacted with) to generate suggestions [13, 14]. In contrast, collaborative fil-
tering leverages the global pool of historical interactions across all users to
infer preferences ; it identifies latent patterns by comparing a user’s behavior
to similar users (user-based [15]), an item’s audience to similar items (item-
based [16, 17]) or a combination of both (hybrid methods [18, 19]) thereby un-
covering affinities beyond direct local links. Collaborative filtering used to be
one of the most successful techniques for recommender systems, we refer
the readers to this survey [20] for a more in-depth overview of collaborative
filtering’s variants. However, collaborative filtering suffered from data spar-
sity as most users rate or interact with only a small fraction of available items
and scalability issues as datasets grew.

Collaborative filtering was later improved with matrix factorization tech-
niques [21, 22] that allowed the system to uncover hidden patterns and make
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more accurate predictions by representing users and items as latent vectors
in a shared low-dimensional space. Matrix factorization not only helped to
generalize better but also enabled efficient large-scale optimization using al-
gorithms like stochastic gradient descent [23, 24, 25]. Matrix factorization as-
sumes linear relationships between users and items, limiting its expressive-
ness and struggling to incorporate contextual information. The latent repre-
sentation it learns are hard to interpret, making the system less explainable.
These techniques were particularly affected by the cold-start problem [26], in
which recommendations for newly introduced users or items were often in-
accurate. Additionally, these methods relied on simple similarity measures or
linear latent models, which limited their ability to capture complex, nonlinear
relationships in user behavior.

To overcome these constraints, researchers introduced model-based re-
commender systems that used machine learning techniques to learn predic-
tive functions. Machine learningmethods such as regressionmodels [27] with
multi-layered perceptrons [28] or auto-encoders [29, 30], clustering [31, 32]
and support vector machines [33] could learn from diverse data sources in-
cluding user demographics, item attributes and contextual signals. Thesemo-
dels improved prediction accuracy, scalability and adaptability, allowing sys-
tems to capture nonlinear relationships and incorporate side information for
more personalized recommendations.

2.1.2 . Deep learning Recommender Systems

We live in the information era [34], and the access to tremendous amount
of data has led to Deep Learning techniques gaining in popularity for a vast
array of modern tasks. These recent improvements in Deep learning tech-
niques have also been very useful for recommender systems due to their po-
werful ability of learning complex and non-linear relationships. Initial deep
learning approaches in recommender systems encompass two principal ar-
chitectures : Convolutional Neural Networks (CNNs) [11, 35, 36], recognized
for their efficiency in learning local patterns and feature extraction from un-
structured data ; and Recurrent Neural Networks (RNNs) [37, 38, 39], which
are particularly effective at deriving predictions from sequential data.

RNN are particularly useful for session-based recommendations, where
the system predicts a user’s next action based only on the current session’s
sequence of interactions, without long-term user history. This can prove use-
ful in contexts where users are anonymous or their past data are unavailable,
such as e-commerce ormedia platforms. RNNs capture the order and context
of interactions, learning dynamic patterns that traditional collaborative filte-
ring cannot. As a result, RNN-basedmodels significantly improve the accuracy
and relevance of real-time, context-aware recommendations.

In combination with recent improvements in graph representation lear-
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ning, CNNs have given rise to graph neural networks (GNN) which have be-
come the current state-of-art for recommender systems [40]. Indeed, taking
advantage of low-dimensional encoding of nodes, edges or entire graphs,
GNNs are able to capture higher order relationships using information pro-
pagation. In other words they can capture evenmore complex user-item rela-
tionships. Several architectural variants exist, distinguished by their method
of aggregating neighborhood information. Graph Attention Networks (GAT)
employ an attention mechanism to weight the influence of neighbors based
on their relevance [41, 42], whereas Graph Convolutional Networks (GCN) as-
sign equal weight to all neighboring nodes [43]. To explore graph neural net-
works and their various extensions in greater depth, readers may consult the
following surveys [44] for more recent and general discussion and [45] for
specifically the application of GNNs in social networks.

2.1.3 . Reinforcement Learning Recommender Systems

While Deep learning techniques are powerful, especially when combined
with graph encoding and embedding techniques, their training is targeted at
immediate prediction accuracy, favoring immediate results instead of long
termefficiency. It is well known that social platforms aswell as the interactions
held on them are fast evolving and this is why reinforcement learning (RL)
is also quite popular for recommender systems. Indeed, RL optimizes long-
term rewards and is able to identify complex unstructured relationships. RL
agents learn by continuous exposure to and interaction with an environment,
receiving a reward or a penalty depending on their actions. Subsequently, the
agent develops a policy, i.e. a strategy to identify which action to take, through
trial and error aiming to maximize the reward [46, 47].

RL is based on the Markov Decision Process (MDP) [48] framework which
formalizes sequential decision making problems. It is based on 4 key compo-
nents : state space, action space, transition function and a reward function.
The state space contains all possible states the agent can be in, the action
space consists of all the actions the agent can take, the transition function
gives the probability of moving from one state to another and the reward
function returns a scalar value for a given state and action which reinforces
desired behaviors and discourages undesired behaviors. Eventually, the MDP
finds a policy – amapping that given a state returns an action – thatmaximizes
the reward, in other words that maximizes desired behavior. Initial RL me-
thods include multi-armed bandits, setting that views each item as an "arm"
akin to a slot machine’s arm that can be pulled and provide a reward [49, 50].
Contextual bandits builds upon the previous approach by providing item fea-
tures to enabling amore personalizedmodel [51, 52]. A defining characteristic
of these algorithms is that they are essentially one-state algorithms.

Among the key algorithms in RL is Q-learning, which directly estimates the
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optimal action–value function [53, 54]. The learned values define a greedy po-
licy, in which the agent exploits its current knowledge by selecting, in each
state, the action with the highest estimated value. Q-learning is an off-policy
method, as it learns the value of the optimal policy independently of the agent’s
behavior during learning, allowing the agent to follow exploratory actions wi-
thout affecting the policy being learned. A prominent variant is the SARSA
model (State–Action–Reward–State–Action) [55], an on-policy algorithm that
instead learns the value of the same policy used to interact with the envi-
ronment, thereby directly accounting for the effects of exploration when esti-
mating action values. Other approaches include Monte Carlo methods, which
estimate expected returns by averaging rewards obtained over complete epi-
sodes [56, 57, 58].

Traditional Reinforcement Learning techniques possess distinct advan-
tages over non-RL approaches. They are inherently designed to optimize for
long-termcumulative benefits andoffer significant flexibility [59] ; awell-crafted
reward function can encapsulate multiple objectives, enabling their simulta-
neous optimization [60, 61, 62]. However, these techniques are also characte-
rized by notable weaknesses, including the cold-start problem [63, 64](i.e. the
system cannot provide useful recommendationwhen the user or item is new),
scalability issues arising from the curse of dimensionality in large state-action
spaces and a limited capacity to handle partially observable environments
where the agent lacks full state information [59].

To address these shortcomings, Deep Learning tools have been imple-
mented [65, 66], using a deepneural network to replace the state-action space
and to estimate the policy and value function. This is particularly relevant in
the context of RS as deep reinforcement learning models can handle large
and high dimensional state spaces which is the case of social networks. The
most popular approach is the deep Q-network (DQN) which is a combination
of Q-learning and a deep neural network [67, 68]. It can take advantage of ex-
perience replay which is amemory buffer of past interactions (state-action re-
ward) and is randomly sampled from during the training, meaning that conse-
cutive interactions are decorrelated and that data can be used multiple times
so that more useful instances of data can also be re-used. A second network
is used as a target network, this decouples online training and prediction. Va-
riants have been proposed to minimize the shortcomings of this framework
such as double-DQN (DDQN) [54, 69] which separates action selection and
evaluation which reduces the overestimation bias generally present in DQN.
Dueling DQNmethods [70] split the Q-function into two streams with one es-
timating the state value and the other the advantage of each action. Another
popular framework is the actor-critic model [71] where two network are trai-
ned, one learning the policy and the other the value function. In other words,
while the first network learns to take actions the secondnetwork learns to eva-
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luate said actions. The most popular method from this framework are Deep
Deterministic Policy Gradient (DDPG) models [72]. In addition to its actor and
critic networks, it also has a target network for prediction as well as a replay
memory.

2.2 . Graph Representation Learning

Graph representation learning is a branch of machine learning focused
on learning low-dimensional representations of graph-structured data while
preserving the inherent relationships between nodes and edges. Graphs are a
natural way to model complex systems, capturing entities as nodes and their
interactions as edges. Traditional machine learning struggles with graph data
due to its irregular structure, but graph representation learning techniques
enable the use of standard learning models by transforming nodes, edges, or
entire graphs into dense vector embeddings that encode structural and se-
mantic information. As such graph representation has become a cornerstone
of Deep Learning for any graph-based tasks such as molecular property pre-
diction [73], Traffic flow prediction [74] and in particular recommender sys-
tems. The compact and meaningful embeddings empower agents to make
more informed decisions, ultimately improving generalization and scalability
within complex, graph-structured environments.

2.2.1 . Node embeddings

Node embeddings aim to represent each individual node in a graph as a
vector in a continuous space, capturing its local neighborhood structure and
properties. Initial techniques are inspired from natural language processing
and embeddings used for text. The foundational skipgram [75] and word2vec
[76] inspired DeepWalk [77], comparing nodes in a graph as words in a sen-
tence and sampling randomwalks to generate a node embedding. DeepWalk
lead to node2vec [78] which extends DeepWalk with better control breadth-
first or depth-first random walk in order to have embeddings relying more
on either structural features or community features. More recent node em-
bedding techniques usemessage passing with GNNs such as GraphSAGE [79]
or PinSage [43] to aggregate information from the neighborhood in order to
generate an encoding for all nodes.

2.2.2 . Graph embeddings

Unlike node embeddings, which focus on individual nodes and their neigh-
borhood, graph embeddings aggregate information from all nodes and edges
to form a holistic representation of the graph. Similarly to node embeddings,
initial techniqueswere also inspired fromnatural languageprocessing. Doc2vec
[80] lead to graph2vec [81], comparing a document to a graph and words
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to node, computing a distribution of words/nodes provides an embedding
for the document/graph. Modern techniques use message-passing or aggre-
gation mechanisms, as seen in models like Graph Convolutional Networks
[82], Graph Attention Networks [42] and Graph Isomorphism Networks [83],
which iteratively combine node features based on their connectivity patterns.
The resulting embeddings preserve global characteristics such as community
structure, connectivity and feature distribution.

2.3 . Influence Maximization

Acting as hubs for the dissemination of information and facilitating abun-
dant interactions, social networks have been identified to be very useful for
viral marketing, political campaigns and general health interventions. As such,
there is extensive research on the subject of influence maximization (IM) [84,
85, 86], the NP-hard problem of identifying key individual in the network that
maximizes the spread of influence of a campaign. IM includesmany variations
such as topic aware influencemaximization (TIM) [87] which adds information
about topics so that nodes are biased towards specific interests, competitive
influencemaximization [88] which simulatesmultiple campaigns against each
other on the same network at the same time or influence blocking maximi-
zation [89] which aims at preventing or limiting the spread influence that is
undesirable, like viruses, malwares, misinformation or hate speech.

2.3.1 . Diffusion models

The influence of an individual is given by a diffusionmodel which characte-
rizes how influence spreads over a social network. The twomost popular mo-
dels in the academic literature are linear threshold (LT) [90] and independent
cascade (IC) [84]. IC assumes that each activated node has a single chance to
activate each neighboring node with a given probability and LT assumes that
a node only activates if the combined influence from its neighbors exceeds a
threshold. Both these propagation models include many variations to better
capture real-world diffusion dynamics. Extensions include the Weighted Cas-
cade [84], Generalized Threshold [90] and Continuous-Time IC models [91],
which incorporate heterogeneous influence strengths, temporal factors and
adaptive activation probabilities. In particular, topic-awaremodels such as the
Topic-Aware Independent Cascade and Topic-Aware Linear Thresholdmodels
[92] which integrate semantic or contextual information by associating each
edge or user with topic-specific influence probabilities. This allows the diffu-
sion process to reflect content relevance and user interests, providing amore
realistic representation of how information spreads in social and recommen-
dation networks.

Subsequently, the spread of a given individual can be estimated through
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Monte Carlo simulation [93]. Then a greedy strategy is used to select the best
candidate with the highest spread at each step, suchmethods are guaranteed
to be within (1 − 1

e ) of the optimal solution as the influence spread function
is monotonous and submodular [94]. Another standard approach is to use
heuristics such as the PageRank [95, 96], betweenness or degree centrality to
provide a score and approximate a solution. However, these method lack se-
verely in scalability as well as suffering from unknown diffusion probabilities.

Learning-based approaches for influence maximization aim to overcome
the limitations of traditional diffusionmodels (like Independent Cascade or Li-
near Threshold) by learning influence patterns directly from data rather than
relying on predefined propagation probabilities. Previously mentioned fra-
mework such as graph neural networks, graph attention networks or graph
convolutional network are utilized to capture higher-order relational depen-
dencies leading to more accurate and adaptive influence prediction in real-
world social networks. We refer the reader to the following survey [97] for an
in-depth study of such methods for influence maximization.

2.3.2 . S2V DQN

We will discuss the Structure2Vec Deep Q-Network (S2V DQN) reinforce-
ment learning framework [98] for influence maximization. It combines two
key components : Structure2Vec (S2V) for graph representation learning and
a Deep Q-Network (DQN) for decision optimization. The influence maximiza-
tion problem is then modeled as a sequential decision process, where the
agent selects one seed node at a time to maximize the cumulative influence
spread. Using message passing techniques, the S2V module generates node
embeddings which encode both the graph topology and the current diffusion
state. The resulting embedding of each node is then input into to aQ-network,
which estimates the expectedmarginal gain of selecting that node as the next
seed. The DQN learns to approximate the Q-function using feedback from si-
mulated diffusion outcomes, updating its parameters via experience replay
and target networks, stabilizing learning in the same way as in standard DQN.
Once trained, S2V-DQN can generalize to unseen graphs and efficiently in-
fer near-optimal seed sets without explicit diffusion simulation. This frame-
work’s key innovation lies in its end-to-end learning of both graph embeddings
and seeding policies, enabling it to outperform traditional greedy and heuris-
tic algorithms, particularly on large or complex network structures. The first
implementation of this framework for influence maximization is PIANO [99]
and more relevant to our research is its application to topic aware influence
maximization [100, 101]. Indeed, in this setting, S2V DQN integrates topic in-
formation into its graph representation and decision-making process. Each
node’s embedding thus captures both its structural role in the network and
its semantic relevance to specific topics. The Deep Q-Network then receives
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these enriched embeddings and learns a policy that dynamically selects seed
nodes to maximize influence spread under topic constraints. In other words
it chooses users who are both well-connected and topically influential. This is
relevant to the study of diversity of opinions when you draw a parallel bet-
ween topics and opinions as S2V DQN becomes a framework to infer both
user’s opinion and their influence spread.

2.4 . Social Interactions on Social Media

The combination of social mechanism and Recommender system over-
tuned towardsmaximizing user retention creates a growingly hostile environ-
ment. Ironically, in themost connected era of our history we are themost divi-
ded. There are growing concerns about social fragmentation in social media.
Even if not unanimously agreed upon [7, 8] it is considered that recommender
systems play a major role in polarization [102, 103, 104, 105, 7].

Polarization in social network and opinion dynamics refers to the diver-
gence of opinions towards increasingly extreme and opposite positions and
become sharply divided, this translates to very dense and heavily segregated
communities [8]. This in turns facilitates the propagation of fake news and
rumors as no counterpoint can be seen, as well as exacerbating echo cham-
bermechanisms [106, 7]. Indeed, a regular recommender systemwill promote
misinformation if it drives high user engagement and maintains user atten-
tion. This is particularly exacerbated by generative IA and how powerful and
popularized it has become [107, 108]. To mitigate these issues, many lines of
research have emerged. The most popular methods revolve around algorith-
mic approaches and structural interventions and aim at balancing out per-
sonalization with another socially responsible objective, generally a metric of
fairness or diversity.

In the following, we will first present the dynamics models that are used
to study how opinion evolve in a social network setting, then we will present
algorithmic approaches based on fairness and diversity as well as structural
intervention for polarization and disagreement minimization. We will also ex-
plain how polarization contributes to the propagation of misinformation and
fakes news. Lastly, we will discuss the topic of serendipity with its many defi-
nitions, its issues and how it is linked to previously mentioned themes.

2.4.1 . Online communities

A foundational research area and one of the most studied is the task
of community detection [109, 110] and remains a core aspect in most pro-
blems around social networks. A formal definition of a community is a den-
sely connected set of nodes inside a network but it can also be defined as a
subgroup of a network where information is trapped, some definitions consi-
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der functional or feature similarities instead of structural similarity. Indepen-
dently of which definition is used, an important feature of the resulting com-
munities is how they interact with information propagation. Standard me-
thods include the Girvan-Newman algorithm [111] which uses edge between-
ness to determine communities, spectral clustering [112] which makes use of
the spectrum (eigenvalues) of the Laplacian of the adjacency matrix to clus-
ter it in a lower dimension yielding communities and modularity based ap-
proaches [113].

While communities play a role at a global level in term of information pro-
pagation, many social processes play a role at a local level. These include tria-
dic closure [114], preferential attachment [115] and homophily [116]. Triadic clo-
sure is the social mechanism where there is a higher likelihood of forming a
friendship between two people if they already share a common friend, prefe-
rential attachment is the increased likelihood of connecting individual that are
mor popular or in more mathematical terms nodes with high degree. Lastly
homophily is the tendency to connect to individuals that are similar to our-
selves.

2.4.2 . Graph diameter reduction

An extensive body of research focuses on improving information propa-
gation in graph networks through structural optimization called graph diame-
ter reduction [117], also known as shortcut selection [118]. The foundation of
these approaches is the small world property [119] of networks which refers to
a characteristic of many real-world networks where most nodes can be rea-
ched from any other through a relatively small number of steps, despite the
network being large and sparsely connected. Formally, such networks exhibit
a high level of clustering and a short average path lengths between nodes.
As such graph diameter reduction adds shortcuts, long-range edges connec-
ting distant parts of the graph, which enhance the small-world property by
significantly reducing the average path length while largely preserving local
clustering. This makes information, influence, or signals propagate more effi-
ciently across the network.

2.4.3 . Recommendation dynamics

Recommender systems provide recommendation to users based on pre-
dictive accuracy, in other words they suggest content that is the most likely
to be consumed. Ultimately, it is up to the users to decide whether to actually
engage with the given recommendation. There are various models of how
to simulate the users’ behavior which revolve around measuring satisfaction.
These measures are necessary to curate insightful information for a reinfor-
cement learning agent to learn properly and efficiently, as knowing about a
user’s satisfaction helps differentiate "good" from "bad" actions. Usually, en-
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gagement metrics are used to infer satisfaction values such as clicks or watch
time [120]. But, these metrics are not available in the context of offline trai-
ning, when there is a fixed dataset that is not update with new data in real
time, which means that satisfaction values are inferred.

The models used to interpret these values are built on the foundation of
the theory of reasoned action and fishbeinmodels [121]. You can consider a bi-
nary threshold interpretation where all values under a threshold are negative
and all values above are positive [122]. There is affective intensity where the
positive value encodes how strong the reaction is and all negative reactions
are grouped on the zero value [123]. Another semantic is qualitative catego-
ries using the likert scale (commonly used questionnaires) and associating
numerical values to each category [124].

While recommendations try to add links (edges) to the network (graph),
there are also some processes that leads to links being removed, in particular,
the dynamic of unfollowing. Even if unfollowing and structural interventions
that incorporate edge deletion are virtually the same as in they both end up
with removal of an edge. The latter is frowned upon due to its similarity to
censorship but the former is not as it captures a regular behavior in social
network [125]. However, the study of unfollowing dynamics are important as
they are linked to the formation of echo chambers [6, 114].

2.4.4 . Fairness and diversity

A fair RS does not systematically disadvantage or promote a specific group,
user or item, an absolutely fair system is devoid of any biases. As such, the
study of fairness, particularly in RS, revolves around minimizing biases and
the bias amplification loop that may occur [126]. Although there are some
approaches that aim to create models with a fair process [127, 128], most
fairness-driven research focuses on the fairness of outcomes on the user-
side, all users should have the same quality of recommendations, or item-
side, all items should have equal chances of being recommended. There are
many biases impacting each step of the recommendation pipeline as well as
recommendation model training. We present here a concise list of the com-
mon biases that are studied ; for a more in depth discussion on these biases,
their effects and potential solutions we refer the readers to the following sur-
veys [129, 130] :
selection bias also called “observation bias” refers to the bias of observed

rating values. A real world example would be on Netflix, where ratings
are only given formovies that users chose towatch, so the systemnever
sees ratings formovies skipped, skewing the data that is eventually also
used for the training of their model.

conformity bias happens as users tend to behave similarly to the others in
a group. This impacts how users rate items either upwards if it already
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received positive ratings or downwards if negative at the cost of the real
opinion.

exposure bias refers to howusers are only presented a part of specific items
meaning that there are many unobserved interactions which are not
equivalent to a negative interaction. A concrete illustration is the case
of Spotify where songs that are not recommended to a user, will also
not be played by that user but it does not inherentlymean that this user
also dislikes these songs.

position bias is the propensity of users interactingwith items that are higher
on a recommendation list regardless of relevance. A simple example
happens when people search something on any internet browser and
only consider the first few results on the first page and completely dis-
regard all other results on pages two and onward even if the first result
is an advertisement that does not answer the original search.

popularity bias , comparable to the Matthew effect [131], refers to popular
items being recommended more often. As can be seen on platforms
such as Youtube or Twitch where videos/streams with more views are
promoted heavily.

inductive bias denotes all the assumptions that must be made for the re-
commendation model to better learn the objective function and to ge-
neralize beyond training data. For instance, collaborative filtering as-
sumes that “users with similar past ratings will have similar future pre-
ferences” ; this not an absolute truth and can fail in some instances.

Even though selection, conformity and exposure are user-level biases, they
produce data imbalances and heavily impact the recommendation model via
the training process, which also carries its own inductive biases. In turn these
lead to item-level biases in the results, with position and popularity biases.
This exemplifies the bias amplification loop that is prone to happen in most
recommendation systems.

Although it is easy to visualize, diversity is actually quite challenging to
conceptualize [132, 127]. This has led to many different definitions with dif-
ferent measures and objectives. There is individual diversity that caters to
specific users and their personal recommendation list and aggregate diversity
that aims to capture diversity across all recommendations in the system. The
latter is relevant to the overall fairness of the system while the former is cen-
tral in the experience of users. Individual diversity can be differentiated into
two sub-groups : distance-based or category-based. The most widely used
distance based definition is that of intra-list diversity which measures how
dissimilar items in a single recommendation list are. This includesmany varia-
tions depending on itemembeddings or the distance function used. Category-
based diversity considers coverage, redundancy and size-awareness of item
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categories/genres [128]. While aggregate diversity considers global diversity
and looks at how many different and unique items are being recommended,
as such it is closely related to exposure fairness. Themost intuitive approach is
to simply count the number of completely different and diverse items being
recommended. For a more expressive formulation that takes item distribu-
tion into account, it can be formulated using Shannon’s entropy [133] or the
Gini index.

Fairness and diversity methods can be injected into any step of the re-
commendation pipeline. First, there aremany pre-processing techniques that
mitigate biases through data refinement so that the models train on fair and
unbiased data. To achieve this, many techniques can be implemented, such
as feature modification [134] which identifies sensitive features and either re-
moves them or decorrelates other features, distribution adjustments [135]
which rebalance the data training set for underrepresented groups to appear
more frequently, data reweighting [136] which assigns different weights to in-
teractions depending on group membership.

Many methods have been proposed that incorporate fairness and diver-
sity in their models. These in-process approaches can be divided into four
frameworks. The first framework is constraint based optimization [128] where
the model’s scoring function is subject to constraints that must be respected.
Secondly, regularizationbased approaches [137] integrate fairness constraints
in the formof regularization terms in the loss function during themodel’s lear-
ning. This also includes learning to rank algorithms [138] where diversity regu-
larization terms are used during the user/item representation learning step.
Thirdly, multi-objective models [139] consider fairness and accuracy as sepa-
rate objectives for which the models have to learn the trade-off between per-
sonalization quality and fairness. This also includes fusion based approaches
[140] which combine multiple recommender systems to generate aggregated
scores. The last framework is adversarial learning [141], consisting of three
different models : the encoder, the predictor and the adversary. The enco-
der learns how to produce representation from the input and the predictor
learns how to recommend. At the same time, both learning processes also try
to prevent the third agent, the adversary, of predicting the sensitive features
in the data.

Post-processing methods are popular as they defer the task of genera-
ting accurate and personalized recommendation to the recommender sys-
tems and they focus only on fairness/diversity. This also comes with the be-
nefit of using a resulting recommendation list which is very small in compari-
son to the original data the RS has to parse in order to do its prediction. This
means that methods with higher computational costs can be used enabling
more expressive and complex algorithms. The most widely used approach is
re-ranking which given a recommendation list re-orders the item according
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[142]. Concerning fairness, there are three types of re-ranking algorithms, (i)
slot-wise re-ranking which constructs the list sequentially for a specific user
[143]. Then there is (ii) user-wise re-ranking [144] and (iii) group-wise re-ranking
[145, 146] , the former generates a single user’s list at once while the latter
generates the list for a group of users. A widely used approach for both is
integer programming with fairness constraints [147, 144]. Concerning diver-
sity, re-ranking methods usually focus on a greedy approach using Maximum
Marginal Relevance (MMR) which considers the relevance of each item only in
terms of howmuch new information it brings given the previous results [148].
Similarly, this type of content moderation has also been used to minimize po-
larization [149, 150, 151, 152].

2.4.5 . Opinion dynamics

The study of opinion dynamics within social settings is a well-established
field, with foundational models such as the DeGroot model [153] dating back
to 1974. This line of research is critical to social network science, providing a
framework for understanding how individual opinions evolve, the underlying
mechanisms and patterns that lead to polarization and the interplay between
these dynamics and the hyperparameters of recommender systems [154].

Themost popularmodel in the academic literature is the Friedkin-Johnsen
opinion dynamic model [155] where the opinion of a node is a function of its
neighbors’ opinions, it also differentiates between personal innate opinion
and expressed opinion of a given node. The innate opinion provides a cer-
tain bias, or stubbornness, that may hinder consensus. FJ is an extension of
the DeGroot model [153] which only aggregate neighbors opinions without
consideration for any innate personal opinion.

Othermethods includeBoundedConfidenceModels [156] such asHegselmann-
Krause [157] andDeffuant-Weisbuch [158]where users only interactwith others
whose opinions are within a certain confidence threshold of their own and
voter models [159] where users randomly select a neighbor to copy their opi-
nion.

2.4.6 . Polarization

Computational models of opinion dynamics [155, 153, 157, 158], as well as
empirical studies of social media platforms [160, 154, 5, 4, 6], suggest that me-
chanisms such as selective exposure and algorithmic personalization can am-
plify global polarization. As a result, polarization has becomea central concern
which required specific algorithms to reduce social fragmentation. Using an
opinion dynamics model (usually FJ) opinions are represented by a value in
the range of 0 to 1 (equivalent -1 to 1), polarization is conceptualized as the
deviation of opinions from the average similarly to the mean squared error
loss in machine learning. It has been studied that exposing users to opinion
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that are too different from their own may actually have negative effects with
increased rejection leading to more polarization [161]. As such, polarization
is usually studied in combination with disagreement which is conceptualized
as the average distance in neighboring opinions. Polarization and disagree-
ment minimization is an optimization problem traditionally solved through
structural interventions which include edge addition [10, 162, 163, 164], edge
re-weighting [165], node re-weighting [165] and rewiring [166, 165]. Edge de-
letion is rarely used due to its controversial nature as it strongly resembles
censorship and at the same time you cannot force a behavior on someone.
Similarly, node re-weighting is also an debatable method as it assumes the
system can change the innate opinion of users freely. Modern approaches
are looking towards network-aware models that can balance maximizing en-
gagement and minimizing polarization [167].

2.4.7 . Misinformation Propagation

The propagation of misinformation and disinformation in online and of-
fline platforms has become a central concern in both social science and com-
putational research [168]. Misinformation refers to false or misleading infor-
mation shared without intent to deceive while disinformation is deliberate
dissemination of crafted information to manipulate beliefs or behaviors [168,
169]. A prominent manifestation of these phenomena in online environments
are fake news, broadly defined as false or misleading information designed
to appear credible and often amplified through social media platforms. Un-
derstanding how fake news spread is critical, as it can shape public opinion,
influence elections and exacerbate social fragmentation.

Classical modeling approaches often draw inspiration from epidemiology,
using frameworks such as the Susceptible–Infected–Recovered (SIR) or Sus-
ceptible–Exposed–Infected–Recovered (SEIR) models [170], which conceptua-
lize information as “contagious” and allow researchers to analyze the dyna-
mics of adoption, exposure and decay over time. Network-based approaches,
including thresholdmodels and complex contagion frameworks [171, 172], fur-
ther account for social reinforcement effects, demonstrating that repeated
exposure frommultiple neighbors can accelerate the spread of false informa-
tion. More recent research employs probabilistic graphical models and ma-
chine learning techniques to identify influential nodes, predict viral content
and simulate the impact of structural network changes [173, 174].

Despite these advances, significant challenges remain : accurately captu-
ring the temporal evolution of misinformation, modeling dynamic network
structures, accounting for user heterogeneity and quantifying the interaction
between competing narratives are all areas that continue to complicate pre-
dictive modeling [175].

Addressing these challenges is critical for developing robust strategies to
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mitigate the societal impact of both unintentional misinformation and delibe-
rate disinformation campaigns. At the same time, the emergence of genera-
tive AI has further amplified the challenges associated with misinformation
[176, ?] by enabling the rapid and scalable production of highly realistic texts,
images and videos. This increased generative capacity complicates existing
propagationmodels, as it blurs traditional credibility cues and accelerates dif-
fusion dynamics, thereby requiring new modeling approaches that jointly ac-
count for content generation, network dissemination and human perception
[177].

2.4.8 . Serendipity

The concept of serendipity fuses personalized recommendation and di-
versity as well as fairness. The Oxford dictionary defines serendipity as “the
occurrence and development of events by chance in a happy or beneficial
way” which, in the context of content recommendation, translates to recom-
mendations that correspond to a user’s interests disregarding their know-
ledge of that content [178]. However this is particularly challenging to forma-
lize mathematically as there are many different definitions. Most include the
ideas of unexpectedness and usefulness but it can also include ideas of no-
velty, diversity or relevance [178]. Indeed, serendipity can sometime refer to
an unknown item that is useful but it can also refer to a known item that was
actually useful unbeknownst to the user [179]. This exemplifies the core chal-
lenge of qualifying, defining and measuring serendipity [180]. Furthermore,
there is a lack of public datasets for serendipity as they are time-consuming
and laborious to make because of their reliance on users volunteering to pro-
vide their input on serendipity which comes with its own issues. In spite of
these challenges, interests in serendipitous recommendations are growing.

2.5 . Entropy in Graphs

Entropy is a fundamental concept that quantifies the amount of uncer-
tainty, disorder, or information contained within a system. Originally used in
the context of information theory, it serves as ameasure of unpredictability : a
high-entropy system is onewhere outcomes are highly uncertain, while a low-
entropy system is more predictable. Shannon’s entropy [133], provides the
mathematical foundation for this idea. It calculates the average information
content in the possible outcomes of a random variable. Essentially, it mea-
sures the minimum number of bits required to encode a message, where a
more probable outcome conveys less information and contributes less to the
overall entropy.

The task of determining the entropy of relational structures, such as com-
plex networks or graphs, is central to a wide array of fields, from social net-
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work analysis and communications routing to the study of protein interac-
tions, financial key players and critical infrastructure vulnerability [181]. Given
the profound differences in the routes and flow types inherent to these di-
verse systems, a substantial body of research has produced a variety of spe-
cialized information entropy metrics. Each metric is designed to capture dis-
tinct characteristics of a network or its components and no single metric is
universally applicable across all network types. Unfortunately, this expanding
body of literature remains scattered across numerous disciplines, making it
challenging to identify the available metrics and, crucially, to understand the
specific contexts for which they are suited [181].

In the context of social network analysis, entropy provides a powerful lens
to analyze a network’s complexity. For instance, it canmeasure the diversity of
a node’s connections : a user with links to many distinct, non-overlapping so-
cial circles would have a high local entropy, indicating a rich and varied social
environment. Usually based on node degrees [182, 183], it is used as a ran-
king criteria to identify influential nodes but it can also be based on neighbor
degrees [184], betweenness [185] or closeness centrality [183]. Conversely, it
can also gauge the centralization of influence across the entire network ; used
as a graph metric it can be useful for identifying key nodes as a low-entropy
network might be dominated by a few highly connected influencers. While a
high-entropy network would have influence more evenly distributed among
many participants [186]. In short, entropy helps identify key nodes that bridge
diverse groups and how information might spread.

2.6 . The Industry’s perspective

Many leaders in the tech industry such as Google have recognized that,
while accuracy is the standard for evaluating recommender systems, diver-
sity and novelty are critical to users’ perceived utility. As such, modern eva-
luation metrics need to make a trade-off between accuracy and diversity as
recommender systems should account for both [187, 188].

These developments indicate a shift in the industry from seeing diversity
as a benefit towards considering it a core component of recommender sys-
tem design. Amazon recognizes that diversity is a crucial aspect of effective
recommender systems, ensuring users are exposed not only to familiar or
obvious choices but also to novel and unexpected items [189]. This balance
between relevance and discovery is especially important given the company’s
vast catalog spanning countless product categories. However, systems need
to adapt to users’ intents by narrowing recommendations when they have
a specific wish or by broadening suggestions when the idea is more unclear
[189]. Such an approach reflects an understanding that long-term customer
satisfaction depends not just on accuracy, but on helping users discover new

34



interests and product areas they might never have searched for on their own
[190].

Netflix is also looking at this problem [191, 192] to improve user engage-
ment in the long term [193, 194]. In particular, Netflix is actively exploring al-
gorithmic solutions that predict user intentions to either provide accuracy dri-
ven recommendations or diversity and novelty driven suggestions to bypass
the need for a trade-off [191]. Spotify explores new semantics for recommen-
der system focused on social motivations for music listening deviating from
traditional predictive accuracy [195]. At the same time, they also recognize
the challenges that two-sided marketplaces such as their platform present in
terms of fairness and actively explore how to balance out fairness, relevance
and satisfaction [196, 197].
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3 - Formal Setting

In this section we will present the foundation of network analysis as well
as the necessary notions and tools to understand the basis on which the work
of this thesis is built. The formal representation of social networks are graphs,
where nodes correspond to individuals or entities, and edges represent rela-
tionships or interactions between them. This allows the application of graph
theory principles to study structural properties such as connectivity, cluste-
ring and community structures. By abstracting complex social interactions
into a mathematical object, graphs enable both qualitative and quantitative
analysis of phenomena like influence propagation, information diffusion and
group dynamics which, in turn, lets us study polarization, echo chamber for-
mation and social fragmentation.

3.1 . Graph Framework for Social Networks

We represent the social network as a graph G = (V, E), where V is the
set of nodes and E ⊆ V × V the set of edges, n = |V |, m = |E|. An edge
is a link between two users, it can be undirected or directed depending on
whether the relation is symmetric. When two users are connected their are
called neighbors. For each user, the number of links they have is called the
degree deg(u) and a sequence of consecutive links from user to user is called
a path. In the case of a directed graph the degree depends onwhich direction
of edges you consider for given user their in-degree deginz(u) is the number
of edges that point towards them and their out-degree is the number of edges
that start from them. An important feature of a path is its length, measured
by the number of edges in its sequence, because it can quantify the distance
d(u, v) between two users which is given by the length of the shortest path
between them. Subsequently, a graph is considered connected if for every
pair of nodes there exists a path connecting them. If you have additional in-
formation on the edges, you can include a weight Matrix to the graph which
becomes a weighted graph. These weights quantify the strength of a rela-
tionship between two users. This can be interpreted as the strength of their
influence or the probability of information being shared. In this case, it can
also be used to measure the distance between users which then becomes
the sum of the weights along the edges on the shortest path between them.

For instance, Facebook can be represented by an undirected graph as
friendship links are symmetric. This is opposed to X (formerly Twitter) which
can be represented as a directed graph as followership is a directed relation-
ship between users. Both social networks can be considered to be connected
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if one disregards test accounts or users that do not follow anyone. By de-
fault, none of the two graphs are weighted but weights can be added through
various methods. For instance, for these networks specifically, the number
and frequency of interactions can provide a good basis for weights. A generic
approach is to use the degree and use it to give an equal weight among all
neighbors.

Similarly to the offline case, users of online social networks connect and
interact with friends, colleagues ; generally, persons that are similar to them.
This leads to friend groups being formed and thus to the formation of com-
munities. In a topological sense, in the context of social networks, a commu-
nity is a group of nodes that are strongly connected between them and spar-
sely connected to others. Traditionally, communities are considered to form
a disjoint partition of the graph as it simplifies models. However overlapping
communities would arguably be a more realistic setting. The clustering de-
gree of the graph whichmeasures how densely interconnected its immediate
neighbors are, indicating the presence of tight-knit local groups.

It is not uncommon to consider that people that are part of the same com-
munity to have similar opinions. Hence, in this thesis, we consider that opi-
nions are clustered into communities, and that each community in the graph
represents a specific opinion.
Graph properties Social networks exhibit several structural properties
that are fundamental to understanding their dynamics. One key feature is
the small-world property, characterized by high clustering coefficients com-
bined with short average path lengths, which allows individuals to be connec-
ted through only a limited number of intermediaries. This is commonly illus-
trated by the fact that it takes less than five links to connect any two people on
earth [198, 119]. In addition, many social networks conform to scale-free mo-
dels, [115] wherein degree distributions follow a power-law and a small subset
of nodes function as highly connected hubs that significantly influence net-
work connectivity and information flow. At the same time, the vast majority
of users have very few connections. Within this topology, relational strength
is also critical : strong ties typically denote frequent, trust-based interactions
within close social circles, whileweak ties serve as bridges across communi-
ties, enabling the diffusion of novel information and fostering structural co-
hesion.
Node properties Beyond global properties, the structural role of indivi-
dual actors within social networks can be assessed using centrality and cluste-
ring measures. Betweenness centrality captures the extent to which a node
lies on the shortest paths between others, highlighting actors who serve as
brokers or bridges across communities. Closeness centrality reflects how
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close a node is to all others in terms of graph distance, emphasizing indivi-
duals with efficient access to information across the network. Finally, the clus-
tering coefficient quantifies the tendency of an actor’s neighbors to also be
connected with one another, thereby measuring the degree of local cohesion
within the network.

Graphs as matrices Graphs can also be represented as a matrix AG ∈
Mn.n called adjacencymatrix. The i-th line (or column) characterizes the node
i and the value at the i-th line and j-th column represent the edge between
nodes i and j. A strictly positive value indicates the presence of a link while
a zero indicates its absence. If all values in A are either 1 or 0 then the graph
is unweighted, otherwise positive values aij in the matrix represented edges
that exist and have weight aij . In other words the adjacency matrix is a record
of all neighbors (nodes of distance 1). However, if raised to the powerAn it also
records all pairs of nodes that can be reached within distance n along with
the number of paths that can reach them. We also have the degree matrix
DG (with Dii =

∑
j Aij ) and we denote byNu the set of neighbor indices of u

in G. When unambiguous the subscript G is omitted.

3.2 . Diverse Exposure Framework

Graph Partition To represent the fact that the social network is organized
in communities (possibly having different semantics), we define the notion of
a graph partition P :
Definition 1 (Graph Partition). A graph partition of a graph G, PG, is a set of
subsets of nodes Xi ⊂ V :

PG =
{
Xi | Xi ⊂ V,Xi ̸= ∅,

i⋃
Xi = V

}
. (3.1)

The set of partitions to which a node u belongs is denoted as :
PG(u) = {Xi | u ∈ Xi} . (3.2)

Note that this definition allows for overlapping partitions. So in this sense,
the use of the term “partitions” is incorrect ; however, we keep it as such as
most communities in graphs, either real or detected using algorithms, are
disjoint.

In matrix form, we represent the partitions as a column-stochastic matrix
P of dimension p × n, with the property that ∑

i Pij = 1, ∀j. The column
encode the distribution of communities of opinions an individual node has.
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Node exposure Wedefine next the concept of exposure to information and
give some examples of how it can be measured in a graph.
Definition 2 (Node Exposure). The node exposure function is a function E :
V → Rn, representing the distribution of exposure of information from all nodes
v ∈ V ; moreover, we require that this is a distribution, i.e., 1⊤ ·E(u) = 1, ∀u ∈ V .

From node exposure, we can naturally extend it to a partition exposure
function, EP : V → Rp, such that

E(u | PG) = E(u) · P.

It is easy to check by the properties of E and PG that E(u | PG) is also a
distribution.
Exposure Functions There exist various ways of defining the exposure
function E , and we present here some options.
Personalized RandomWalk (PPR) This is the classic PageRank randomwalk

process [96], rooted at a node u using transition weight matrix Wu =
αD−1A + (1− α)(1n ⊗ u), where u is the one-hot vector of u, and ⊗ is
the Kronecker product. The exposure distribution is then the stationary
distribution of this process :

E(u) = W ∞
u = (1− α)

(
I − αD−1A

)−1
u,

where u is the one-hot encoding of u.
Friedkin-Johnsen Model (F-J) This is a model of opinion dynamics in social

networks [155], where the opinion of a node u is an aggregation of opi-
nions of neighbors. It is equivalent to a PPR on the transpose graph, if
we consider that the initial vector of opinions is u :

E(u) = W ∞
u = (1− α)

(
I − αD⊤−1

A⊤
)−1

u.

Note that when α = 0.5 and D = I , this is equivalent to the stationary
distribution found in [165, 199].

Breadth-First (BFS) This is a simple exposure model, where the exposure of
a node u is inversely proportional to the depth at which each node v is
found in the process of a BFS search.

E(u) =
∑

i

Ai
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(d) link recommendations
Figure 3.1 – Example social network : partitions, vision, and recommendations.

Example 1. Fig. 3.1a exemplifies a small social network of 15nodes. In this example
we consider the point of view of node u = 13. The network is divided into 4 parti-
tions as shown in Fig. 3.1b – in this case, generated using the Louvain modularity
algorithm. We exemplify node 13 and the BFS exposure (cut-off at depth 2 for le-
gibility reasons), shown in Fig. 3.1c. The resulting distribution over the 4 partitions
is : E(13 | PG) = {0.125, 0.125, 0, 0.750}. This is because in the search, the blue
partition is reached once (node 3 at depth 2), the purple partition once (node 0 at
depth 2), the green partition never, and the “home” yellow partition 4 times (nodes
8, and 12 at depth 1, and 12 and 14 at depth 2).

Diversity of Exposure Given the probability distribution of the exposure
function E we can now define a diversity measure function σ (E (u | PG)) ∈ R
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Figure 3.2 – Non-monotonicity of binary entropy.

which quantifies — given a node u in a graph G partitioned according to PG— how diverse u’s exposure E(u | PG) is.
Intuitively, if we view the partitions in PG as representing communities

of opinion, the aim of diversity of exposure measure σ is to be as close as
possible to a distribution in which all opinions / partitions are equally repre-
sented.

Entropy A reasonable candidatemeasure is then Shannon’s entropy [133]—
which is maximized when the distribution is equi probable :

σ (E (u | PG)) := H (E (u | PG)) = −
∑

Xi∈PG

p(Xi) log(p(Xi)). (3.3)

Entropy makes intuitive sense because of its aim to measure the amount
of information in a message. Entropy-based measures have been used be-
fore to measure diversity [200] and fairness [130, 142]. Moreover, [6] showed
experimentally that the entropy can also quantify polarization in a graph.

Fig. 3.2 illustrates Shannon’s entropy for a Bernoulli probability distribu-
tion meaning that there exists a probability of one outcome (success) p1 andwhere the probability of the other outcome (failure) p2 = 1−p1. On the x axis
we have the value of p1 and on the y axis the corresponding value of Shan-
non’s entropywhich in this binary setting isH(p1, p2) = − (p1 log(p1) + p2 log(p2)).
The entropy is equal to 0 in the context of guaranteed events, i.e. either p1 or
p2 is 1 or 0. Also, the entropy is maximized for an equi-probable distribution,
in other words when all outcomes are equally possible. This figure also illus-
trates that the entropy function is not monotonic : as the probability of one
outcome increases, the entropy first increases until it reaches its maximum
and then decreases.
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Cross-entropy Another way to look at the problem is that we are aiming
to minimize the distribution distance to a reference desired distribution Q.
This can occur when we would like to minimize the exposure to e.g., toxic
partitions while keeping the other partitions diverse. This can be measured
using the KL divergence between E and Q :

σQ (E (u | PG)) := DKL (Q||E (u | PG)) = (3.4)
= −

∑
Xi∈PG

q(Xi) log
(

q(Xi)
p(Xi)

)
.

WhenQ is the equi-probable distribution, Eq. (3.4) is equivalent to Eq. (3.3).
Example 2. We return to the example in Fig. 3.1. The BFS vision distribution is as-
sociated to an entropy value of 0.736. When one recommends using classic, triadic
closure based, recommendation algorithms, node 13’s community becomes den-
ser (edges 13 − 14 and 13 − 11, in red in Fig. 3.1d), resulting in a more “biased”
exposure : E(13 | PG) = {0.1, 0.1, 0, 0.8} and a smaller entropy value of 0.639.
On the other hand, when recommending by optimizing entropy-based measures
(edges 13 − 10 and 13 − 3, in green in Fig. 3.1d) we get a more balanced vision :
E(13 | PG) = {0.145, 0.285, 0.285, 0.285} and a higher entropy of 1.351. Moreo-
ver, we can see that this is achieved by linking 13’s original community, yellow, with
the green and blue communities.

3.3 . Notations

Table 3.1 summarizes the main notations used in this thesis.
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Table 3.1 – Main notations.
Symbol Definition

G A graph
V The set of nodes
E The set of edges
u A node

(u, v) The edge between nodes u and v
AG The adjacency matrix of G
NG(u) The set of neighbors of u

C The adjacency matrix of the item graph
T The transition matrix
Q A distribution
PG A graph Partition of G
E Exposure function
σ Diversity measure
W Exposure weight matrixPPR PagerankFJ Friedkin-JohnsenBFS Breadth-First
⊗ Kronecker product
S The set of states
st State at timestamp t
A The set of actions
at The action at timestamp t
R The reward function
SG The satisfaction function
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4 - Optimizing Diverse Information Exposure
in Social Networks

In this chapter we introduce the problem of information exposure maxi-
mization and discuss various approaches to solve it. The following work was
published at the 2024 IEEE International Conference on Big Data (IEEE Big-
Data 2024) and in the 2025 Transactions on Large-Scale Data- and Knowledge-
Centered Systems LIX Special Issue on Data Management - Principles, Tech-
nologies, and Applications (TLDKS) journal.

4.1 . Introduction

Ongoing research seeks to assess the full extent of the potential harms as-
sociated with the growing polarization and reliance on social media for news
consumption, as traditional outlets continue to decline in influence. From an
algorithmic perspective, various strategies have been proposed to optimize
diversity and mitigate polarization in social graphs [10, 162, 165]. These ap-
proaches often focus on global interventions, either byminimizing ameasure
of overall polarization [199], or reducing average path lengths under the as-
sumption that shorter distances enhance diversity [117].

However, most existing methods operate at the global level, implicitly as-
suming thatmodifications canbe applied uniformly across the entire network.
We argue that a focus on local optimization, i.e. adapting recommendations
from the perspective of individual users, may prove more effective. Such an
approach could yield more personalized content, reduce unintended global
perturbations (given that not all users value diversity equally), and thereby in-
crease both effectiveness and adoption. This vision requires developing com-
plementary semantics for content discovery in social networks. One promi-
sing avenue is to maximize a user-specific measure of diversity, defined in
terms of exposure to communities beyond one’s own, thus fostering encoun-
ters with novel perspectives without imposing system-wide interventions. In-
tuitively, it also is a way to increase the entropy of the information exposure
from the node’s point of view.

In the following, we present an approach to optimizing the diversity of in-
formation exposure in the context of social networks based on a general for-
mulation of exposure (presented in Section 3.2 as the distribution of opinions
(represented as non necessarily distinct communities) a given node u is ex-
posed to. This allows us to : (i) be flexible in the definition of the exposure
function, and we take inspiration from well-studied approaches such as the
polarization of opinions in the graph [165], but also from classic random-walk
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and distance-based metrics ; (ii) going beyond polarization, to model diversity
of exposure over more than 2 polarized opinions ; and (iii) define diversity not
only as targeting uniform distributions of opinions but any distribution of opi-
nions – crucially allowing us to incorporate user interests in the optimization.
This framework aligns with theories of information diffusion, which empha-
size the role of inter-community ties in fostering innovation and reducing echo
chambers.Moreover, it provides a pragmatic balance between individual user
agency in having more diverse recommendation and systemic goals in maxi-
mizing user engagement, acknowledging that diversity in information expo-
sure needs not be universally imposed to yield meaningful collective benefits.

4.2 . Problem definition and properties

The studied problem can then be stated as follows :
Problem 1 (Single-Node Exposure Diversity Maximization). Given a graphG =
(V, E), a node u ∈ V , a partition PG, an exposure function E(u), maximize the
diversity measure σ (E (u | PG)) for a fixed number k of edge additions to the
graph starting at u.

Properties Theobjective isnon-monotone andnon-submodular. Thismeans
that the greedy algorithm is not guaranteed to find the optimal solution ; in-
deed, as we will show in the experimental results, there are diminishing re-
turns when adding edges to the graph up until a point where it actually de-
creases the diversity of exposure. This can intuitively be visualized with the
following example. Indeed, if we keep adding edges with the same commu-
nity then this community’s influence is expected to surpass and overshadow
that of the others.

Moreover, the objective is not always convex. On the one hand, for the
PPR and F-J functions, the objective is convex, as it has the same form as the
polarization minimization in [165]. On the other hand, for the BFS function –
and when expressing the exposure function as a sum of powers of the ad-
jacency matrix – one can see that, from depth d = 3 on, the objective is not
convex due to at least the term A3.
Definition 3 (Convex function). Let f : C → R be a function defined on a convex
set C ⊆ Rn. The function f is said to be convex if for any two points x, y ∈ C and
any λ ∈ [0, 1], the following inequality holds :

f(λx + (1− λ)y) ≤ λf(x) + (1− λ)f(y)

The function f(A) = (I −A)−1 is matrix convex when A is in a convex set
and hence positive semi definite.
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Definition 4 (Convex Set). A set C ⊆ Rn is called a convex set if for any two
points x, y ∈ C and any θ ∈ [0, 1], the point θx + (1− θ)y also belongs to C. That
is,

∀x, y ∈ C, ∀θ ∈ [0, 1] : θx + (1− θ)y ∈ C.

Consider the following set of graphs :
G(A) = {G′ |A′

ij > 0,∀(i, j) ∈ EG, (4.1)
A′

ij = 0,∀(i, j) ̸∈ EG, i ̸= u,∑
j

A′
ij = 1,∀i ∈ VG},

i.e., all graphs that have their edge weights normalized, and for which D = I .
Moreover, we allow only graphs that change only in row u (adding new links
from u to other nodes). It is straightforward to show that this set is convex : a
linear combination of row-stochastic matrices is also row-stochastic ; it is also
the set defined in [199, 165], restricted to u.

The aforementioned set 4.1 is also the feasible set of our problem. In ma-
thematical optimization and computer science a feasible set is the set of all
possible points, in our case of possible graphs, of an optimization problem
that satisfy the problem’s constraints. Having a convex feasible set with a
convex objective function ensures that any local minimum is also a global mi-
nimum, which eliminates the risk of getting trapped in suboptimal solutions.
This structure also enables efficient and reliable optimization algorithms with
strong convergence guarantees such as Gradient-based methods.
Proposition 1. The set of feasible graphs Gu(A) is convex.

4.3 . Convex optimization

We know that both entropy and KL divergence are maximized at the equi-
probable or the Q distributions, respectively. Assuming that we have a set
of feasible graphs G (defined later), the optimization problem can be stated
as the minimization of the distance between the exposure distribution and
these distributions :

arg min
G∈G
||d||2 = ||EG (u | P)− q||2 = ||EG (u) · P · u− q||2, (4.2)

where EG denotes the exposure function computed on the graph G, u the
one-hot encoding of u, and q is the desired target distribution.

Note that the formulation in Eq. 4.2 is similar to the formulation for mini-
mizing polarization in a Friedkin-Johnsen model as the distance between the
vector of opinions and the average opinion in the graph, as in [201, 199, 163].
We claim that our formulation is more general, as minimizing the distance to
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the average opinion risks decreasing polarization but increasing extreme opi-
nions, e.g.,when the average opinion is extreme (note that this can also occur
when the average opinion is 0-centered a posteriori, as claimed in [163]).

By Eq. 4.2 and 4.1 we can adapt gradient descent algorithms for Problem
1. For this, we have to define the gradient of the objective function, and the
projection step.
Gradient Step The derivative of the objective depends on ∂E

∂A in the follo-
wing way :
Proposition 2. Assuming that E is a derivable function of the adjacency matrix
A, the gradient of the objective function is given by :

∂O
∂A

= 2d
(
u⊤ ⊗ P

) ∂E
∂A

. (4.3)
Proof Sketch. Follows from writing O in algebraic form, O = d⊤d and then
using the product rule of matrix calculus.

This general form allows us to “plug-in” any exposure function and its de-
rivative (or simply provide a numerical approximation thereof). For PPR and
F-J exposure :
Proposition 3. The gradient of the objective function for the PPR and F-J exposure
functions is given by :

∂E
∂A

= −α(1− α)(W −⊤
∞ ⊗W −1

∞ ),

where W∞ = I − αA for PPR, and W∞ = I − αA⊤ for F-J.

Proof Sketch. We use the facts that :
dW∞ = −αdA,

dE = −(1− α)(W −1
∞ dW∞W −1

∞ )
= (1− α)(W −⊤

∞ ⊗W −1
∞ )dW∞.

The final formula follows.
We can express theBFS exposure function as a sumof powers ofA, limited

to a depth of 3 for practical reasons :

E(BFS) =
3∑

i=1
Ai = A(I −A3)(I −A)−1.
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Proposition 4. The gradient of the objective function for the BFS exposure func-
tion at depth 3 is given by :

∂E
∂A

= I + (I ⊗A + AT ⊗ I)+

+ (AT 2 ⊗ I + AT ⊗A + I ⊗A2).

Proof Sketch. This follows from developing the E =
∑3

i=1 Ai as dE = dA +
dA2 + dA3 and applying the rules of derivatives of powers of matrices.

Note that we could straightforwardly expand this to higher powers, but it
would require both more involved formulas and would cost more computa-
tion time.

Once we have the matrix-function gradients, we can directly apply projec-
ted gradient descent algorithms, alternating gradient descent and projection
in the feasible set (i.e., a modified graph). Algorithm 1 details the steps.
Algorithm 1: DescentDiverse
Data: graph G, target node u, exposure function E , graph partition

PG, target distribution q, number of edges k, rate η

1 G(1) ← G, A(1) ← A;
2 for i ∈ {1, . . . , k} do
3 compute Oi = ||EG(i) (u | P)− q||2;
4 gradient : ∆A(i) = ∂Oi

∂A according to Eq. 4.3;
5 descent : A′ ← A(i) − η∆A(i);
6 projection : {vi, A′

u} ← Project(u, A′
u);

7 add to graph : G(i+1) ← G(i) + (u, vi), A(i+1) = A, A(i+1)
u = A′

u;
8 end
9 return {v1, . . . , vk}

Algorithm 2: Project
Data: target node u, set of neighbor indicesNu, u’s row in themodified adjacency matrix A′

u

1 get the candidate set of nodes which have positive values :
C(u) = {v | v ̸∈ Nu, A′

uv > 0};
2 get v = arg maxv∈C(u) A′

uv;
3 set all other edges to 0 : A′

uj = 0, ∀j ̸∈ Nu ∪ {v};
4 re-normalize the edge weights : A′

ui = 1/|Nu ∪ {v}|;
5 return {v, A′

u};
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Projected gradient descent algorithms are used in online convex optimi-
zation, and are know to have a regret, i.e. how much worse an algorithm per-
forms compared to the best fixed solution, of O(

√
k) for η = O(1/

√
k) [202],

if the functionO is convex. For us, this is not generally the case, but we show
that DescentDiverse is effective in practice.
Projection Step The projection step ensures that we only add edges from
the candidate node u, and that the edgeweights are normalized, thus keeping
the modified graph in the feasible set Gu. The steps are detailed in Algorithm2.

4.4 . Greedy approaches

Another option, but which has a high computational cost, is to evaluate
the objective over a set of candidate edges C, which is potentially as large as
all nodes v ̸∈ Nu, where Nu is the set of neighbors of u.

Under this formulation, Problem 1 can be stated as maximizing over all
possible configurations of k edges in C. Our objective function is not general
monotone or sub-modular, so we rely on heuristics which add one recom-
mendation at a time. We present here two alternatives to solve this problem :
a “partition boosting” algorithm and a greedy algorithm.
Partition Boosting This algorithm uses the intuition that, at any step, the
best edge to add is one to the partition that is “farthest” from the objective
q, but only if that partition is under-represented. An interesting option would
be to also allow the removal of edges from over-represented partitions, but
this has obvious drawbacks in practice. Stated otherwise, we choose some
partition from the set {X | di < 0,X ∈ PG}. We also assume that the set of
candidates is the union of candidates per partition, i.e., C = ∪iC(Xi).Once the partition is chosen, we add the edge in C(Xi) that maximizes
the objective, and repeat the process until k edges are added, as detailed in
Algorithm 3.

There are several ways to choose the partition in ChoosePartition, and we
present three alternatives that we have evaluated experimentally :

1. the most under-represented partition : Xi = arg mini di ;
2. draw randomly from the under-represented partitions : Xi ∼ U({X | di <

0}) ;
3. draw from a soft-max distribution : Xi ∼ SoftMax(d).
We provide themathematical intuition that supports PartitionBoosting for

the Single-Node Exposure Diversity Maximization Problem.
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Algorithm 3: PartitionBoostingDiverse
Data: graph G, target node u, exposure function E , graph partition

PG, target distribution q, number of edges k, candidates C ⊆ V

1 for i ∈ {1, . . . , k} do
2 Xi = ChoosePartition(d);
3 vi = arg minv∈C(Xi) ||EG+(u,v) (u | PG)− q||2;
4 add edge (u, vi) to G : G← G + (u, v);
5 end
6 return {v1, . . . , vk}

In a graph G with a Partition PG with n parts, let d0 be a weight vector thatinfers a probability distribution
d0 = (pi) = (αi

t
)↔ (αi) with t =

∑
αi

The impact of the addition of edge e can be represented by
d0 + de = (αi + βi)

de = ( βi | ∃i s.t. βi > 0 and ∀j ̸= i |βi| < ϵ)

This means that de is a vector where all values are very close to zero with oneexception, that of the targeted partition. In the following index i means the
targeted partition, j every other partition andH the entropy function.

We have that any edge addition will monotonously increase our objective
function as long as the addition respects these following conditions :

• βi must be positive, as we add an edge
• βj must be zeros or as close to it as possible
• αi +βi may never be greater than the 1/n : meaning that we cannot add
an edge that will lead to a partition becoming overrepresented

With these constraints we have a clear limit for d when adding all possible
edges :

lime→inf d0 + de = ( 1
n

)

In other words βi’s increase for partition i will incur a decrease for all par-
titions j since H(d) is a distribution. However the overall decrease is always
less powerful as for some values it either will produce no penalty (for values
already close to 0) or an increase (for values higher than their target counter-
part) and the decrease is shared among all partitionswhich lowers the impact.
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Greedy Algorithm The objective function that we have defined, including
the entropy and the KL-divergence, is not monotone. There is hence no hope
of having an approximation algorithm using the greedy algorithm in general.
However, it remains an interesting heuristic : at each step, we add the edge
that maximizes the marginal gain in the objective function, as detailed in Al-
gorithm 4.
Algorithm 4: GreedyDiverse
Data: graph G, target node u, exposure function E , graph partition

PG, target distribution q, number of edges k, candidates C ⊆ V

1 for i ∈ {1, . . . , k} do
2 vi = arg minv∈C ||EG+(u,v) (u | PG)− q||2;
3 add edge (u, vi) to G : G← G + (u, v);
4 end
5 return {v1, . . . , vk}

4.5 . Computational optimization

Optimizing the Gradient Computation The gradient computation is
the main bottleneck of Algorithm 1. However, we can note that the derivative
of the objective function depends on the whole adjacency matrix A but we
will only focus on the final distribution for node u. The Kronecker product
(u⊤ ⊗ P ) is in fact a (very) sparse matrix, only having P for the coordinates
corresponding to u. Moreover, we can simplify each Kronecker product by
identifying all indices corresponding to the target node u :

• (u⊤ ⊗ P ) simply becomes P at indices [u, u]

• for PPR and F-J, we only need the square sub-matrix of size n at [un, un]
in the Kronecker productW −⊤⊗W −1 which becomesW −⊤

u,u W −1, hence
the local gradient at u becomes (abusing notation) :

∂E
∂A

[u] = −α(1− α)(I − αA)−T
u,u(I − αA)−1;

• for BFS, the Kronecker products simplify naturally if we only consider
the local gradient at u : (i) I ⊗A becomes A, (ii) I ⊗A2 becomes A2, (iii)
AT ⊗ I and AT ⊗ A disappear in the sum because A’s diagonal values
are zeros, and (iv) AT 2 ⊗ I becomes AT 2

u,u, leading to :
∂E
∂A

[u] = I + A + A2 + AT 2
u,u.
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In order to avoid computing the inverse, we use the Biconjugate gradient
stabilized method (BiCGSTAB) to approximate it. This approximation is given
by solving the following equation for x :

Wx = P +q + u, (4.4)
where W is either I − αA or I − αAT , P + is the Moore-Penrose inverse of P ,
and q the target distribution. The resulting solution corresponds directly to
the exposure of node u. This change of shape, frommatrix n×n to a vector of
lengthn, entailsminimal changes to Algorithm 1, where the projected gradient
descent is performed directly on the node’s exposure. No changes are need
in the the projection step, Algorithm 2.
Computational complexity For the DescentDiverse algorithm, the first
computation of the inversematrix for the PPR and F-J exposure is unavoidable
and has a complexity ofO(n3), but the subsequent updates have a complexity
ofO(n2), as we only need to update the row and column of the target node u.
For the BFS exposure function at depth 3, the initial complexity is also O(n3),
but subsequent computations are O(n2), as we only need to update the row
and column of the target node u and the candidate node c. The overall com-
plexity is thus O(n3 + kn2).

The overall complexity of solving the linear equation system in Eq. 4.4
using the BiCGSTAB iterative method depends on the size of the system, the
density of the graph and the convergence rate which depends on the condi-
tion number of I − αA. We used the default and standard tolerance of 10−6

meaning that the residual error is lower than 10−6. Hence, when using the
BiCGSTAB method, the complexity of the gradient computation depends on
the sparsity of the networks is O(kRm), where R is the number of rounds to
convergence.
Optimizing the greedy step computations Instead of computing the
full objective function at each step,we can incrementally compute the changes
in the exposure function.

For BFS exposure, instead of computing powers of the matrix A, we can
simply update the matrix A considering only the node u and the index of the
candidate that has been added in the previous step, c. Once the initial E has
been computed,we can accurately estimate the changes in the exposure func-
tion by taking advantage of the following intuitions : (i) at hop 2we have to add
the neighbors of u to c and vice versa, by transitivity, i.e., add the vector Au tothe column Ac and the column A⊤

c to the row Au ; and (ii) at hop 3 we have toadd the neighbors of the neighbors of u to the neighbors of c and vice versa.
For PPR and F-J exposure, we can incrementally update the inverses using

the Sherman-Morrison formula.
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Computational complexity For the PartitionBoostingDiverse and Gree-
dyDiverse algorithms, the complexity is O(kn2), as we need to compute the
objective function for each candidate node v, by using the optimizations that
have been described above. Moreover, we have to do it for each of the can-
didates at each step of the algorithm. However, the PartitionBoostingDiverse
algorithmonly needs to compute for atmost Cmax := maxi |C(Xi)| candidates.Hence the complexity is O(n3 + kCmaxn2) for PartitionBoostingDiverse and
O(n3 + kCn2) for GreedyDiverse.

4.6 . The user-content graph extension

The previous model captures the framework of a user-user (social) graph,
where we only have access to user information.

We extend our social setting to user-item graphs to include items created
by users, which can be consumed (liked or shared) by other users. In this fra-
mework, we define G = (U × C) = (EG = {EU , EC , ET }, VG = {VU , VC}),whereG represents the entire graph, U the user graph, andC the content (or
item) graph. Edges are directed and categorized as EU (between users), EC(between contents), or ET = EVU ∩VC

(connecting users and contents).
Propagation model We keep the same two base assumptions as in the
previousmodel. First, we still consider that information travels along all edges
in the above hybrid graph, even if the relationship semantics underlying the
link between users, items, or both might differ. This means that there are
more pathways for the propagation of information. Secondly, we assume that
the partitions are separate : the user partitions have the samemeaning as the
one discussed before, while the items are clustered in partitions only on the
item-item graph (via similarity, for instance).
Problem statements The previously defined problem now has two va-
riants : we optimize either along user edges or item. In other words, we re-
commend user nodes or item nodes :
Problem2 (Single-NodeUser ExposureDiversityMaximization). Given a graph
G = (U×C), a node u ∈ V , a partition PU , an exposure function E(u)maximize
the diversity measure σ (E (u | PG)) for a fixed number k of edge additions in U

to the graph starting at u.

Problem3 (Single-Node ItemExposureDiversityMaximization). Given a graph
G = (U × c), a node u ∈ V , a partition PU , an exposure function E(u) maximize
the diversity measure σ (E (u | PG)) for a fixed number k of edge additions in I

to the graph starting at u.
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For the algorithms in Section 4.2 to work we have to redefine how expo-
sure in the graph is estimated, and then we have to adapt the derivation step.
This is because the exposure is now twofold : a givenuser is influencedby their
connection (user neighbors) or by the content they consumed (item neigh-
bors).

We model the graph G = (U × C) as a block matrix and use the same
objective function :

G =
[

U T
T ⊤ C

]
; P =

[
PU 0
0 PC

]
; u =

[
u

T ⊤u

]
; Q =

[
qU

qC

]

arg min
G∈G
||d||2 = ||EG (u | P)−Q||2 = ||P · EG (u) · u−Q||2,

This model does not require complete knowledge of the social network. If
links between contents (or users) are unavailable, meaning C (or U ) is empty,
they can be substituted with the identity matrix. While the general case as-
sumes two distinct partitions based on different semantics, either partition
can be unknown (represented as an empty matrix) without affecting the opti-
mization of the other. In themost general scenario, both partitions can coexist
simultaneously.

We now state the new exposure functions for the user-item graph :
Proposition 5 (PPR Exposure). Given the block matrix formulation of a graph
G = (U × C) such that C has an invertible Schur complement S in G, then the
PPR exposure is given by :

EP P R
G = (1− α)

[
S−1

−C−1T ⊤S−1

]
(4.5)

with S =
(
I − αU − α2T (I − αC)−1 T ⊤

)
Proposition 6 (FJ Exposure). Given the block matrix formulation of a graphG =
(U × C) such that C has an invertible Schur complement S in G, then the F-J
exposure is given by :

EF J
G = (1− α)

[
S−1

−C−⊤T ⊤S−1

]
(4.6)

with S =
(

I − αU⊤ − α2T
(
I − αC⊤

)−1
T ⊤

)
Proposition 7 (BFS Exposure). For any block matrix formulation of a graphG =
(U × C), the BFS (limited to a depth of 3) exposure is given by :

EBF S
G =

[
U3 + U2 + U + UTT T + TT T U + TCT T + TT T

T T U2 + T T U + T T TT T + CT T U + CT T + C2T T + T T

]
(4.7)
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Figure 4.1 – Example social network and recommendations with theuser-item graph added.

Example 3. Fig. 4.1a illustrates a social network where the user graph (colored
nodes) is combined with a content graph (gray nodes). Each color represents a par-
tition, consistent with the semantics in Fig. 3.1b. Black edges between users indicate
relationships such as friendship, subscription, or following, while gray edges bet-
ween contents signify similarity or references. Dotted gray edges connecting users
and contents represent user interactions with specific items.

Fig. 4.1b highlights the influence of the content graph (gray nodes) on the ex-
posure of a target node. When the content graph is incorporated, the target node
must first be projected into the content graph, exposure computed, and then pro-
jected back into the user graph. For instance, a BFS with a depth cutoff of 2 may
return nodes at distances ranging from 2 to 4. Using node 13 as an example, the
BFS exposure in the content graph (cut off at depth 2) differs significantly from the
exposure in the user graph (colored nodes) shown in Fig. 3.1c. The new distribution
across the four partitions is E(13 | PG) = {0, 0.62, 0.14, 0.24}.

As a result, the diverse recommendations (green lines) in Fig. 3.1d become less
diverse because node 13 is already highly exposed to the blue partition and even to
the green partition, while remaining completely unexposed to the purple partition.
Finally, Fig. 4.1c demonstrates potential diverse content recommendations (green
lines) in this context. These new links expose node 13 to both the previously unseen
purple partition and the green partition.

Dual Propagation Formulation We touch briefly on another approach
to writing the exposure function, based on a dual propagation approach. For
instance, in the case of PPR exposure, we can write the exposure function as
a linear combination of the exposures resulting from two propagation pro-
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cesses :
EG(u) = θ1EU (u) + θ2EC , (4.8)

where θ1 and θ2 are hyperparameters that control the influence of each ex-
posure, and EU is the previously defined exposure in the user graph.

The exposure function EU is given by :
EP P R

C (u) = W ∞
u = (1− α)uT (I − αC)−1 T ⊤,

with the resulting overall exposure function :
EG(u) = θ1EU (u) + θ2EC(u) (4.9)

= θ1(1− α1) (I − α1U)−1 + θ2(1− α2)uT (I − α2C)−1 T ⊤.

We can notice that this exposure has a similar form to that of the Schur com-
plement of C in G using the block matrix formalization G = (U × I) :

S =
(
I − αU − α2T (I − αC)−1 T ⊤

)
.

This shows that we can implement a dual propagation model using block ma-
trix formalization and that it coincides with our initial approach.
Derivations foruser-itemgraphs Thederivation formulas for theGree-
dyDiverse algorithm remain consistent with Eq. 4.3, but ∂E varies depending
on whether the optimization is over users or contents, i.e., whether U or T is
modified. Furthermore, PPR and F-J exposures allow for distinct propagation
processes by using separateα parameters for each. For simplicity, we assume
a single value of α for U , C , and T in the following.
Proposition 8 (PPR Exposure Derivative). For the PPR exposure function, the
derivatives corresponding to the two problems are given by :

∂EP P R
G

∂U
= −α(1− α)

 (
S−⊤

u,u S−1
)(

C−1T ⊤
) (

S−⊤
u,u S−1

) (4.10)

∂EP P R
G

∂T
= (1−α)

 −α2
(

S−⊤
[u,u]S

−1
) (

T (I − αC)−1 + (T (I − αC)−⊤)
)

−α2
((

C−1T ⊤
) (

S−⊤
[u,u]S

−1
) (

T (I − αC)−1 + (T (I − αC)−⊤)
))

+ S−⊤
[u,u]C

−1


(4.11)

Proposition 9 (F-J ExposureDerivative). For the Friedkin-Johnsen exposure func-
tion, the derivatives corresponding to the two problems are given by :

∂EF J
G

∂U
[u] = −α(1− α)

[
S−1

u,uS−⊤(
C−⊤T ⊤

) (
S−1

u,uS−⊤
)]

(4.12)
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∂EF J
G

∂T
[u] = (1−α)

 −α2
(

S−⊤
[u,u]S

−1
) (

T (I − αC⊤)−1 + (T (I − αC⊤)−⊤)
)

−α2
((

C−⊤T ⊤
) (

S−⊤
[u,u]S

−1
) (

T (I − αC⊤)−1 + (T (I − αC⊤)−⊤)
))

+ S−⊤
[u,u]C

−⊤


(4.13)

Proposition 10 (BFS Exposure Derivative). For the BFS exposure function, the
derivatives corresponding to the two problems are given by :

∂EBF S
G

∂U
[u] =

[
UT 2

u,uI + U⊤
u,uU + U2 + U + U⊤

u,uI + TT ⊤
u,uI + TT ⊤

T ⊤U + U⊤
i,iT

⊤ + T ⊤ + CT ⊤

]
(4.14)

∂EBF S
G

∂T
[u] =

[
(UTu,uI) + (Tu,uU) + (Tu,uU⊤) + (U⊤Tu,uI) + TC + TC⊤ + T

U2⊤
u,uI + U⊤

u,uI + TT ⊤
u,uI + T ⊤T + U⊤

u,uC + C + C2

]
(4.15)

Algorithms In this extended setting, our previous algorithms can be adap-
ted with minimal changes. The projected gradient descent algorithm remains
the same, utilizing the updated formulas for the objective function and gra-
dient. The projection step depends on the optimization target : if optimizing
over users (U ), the projection is applied to the user matrix (U ) ; if optimizing
over contents, the projection is applied to the transition matrix (T ), as links
are created between user nodes and content nodes.

Baseline algorithms also remain unchanged, requiring only a modifica-
tion in the candidate selection process (users or items). The primary com-
putational challenge lies in matrix inversion. Specifically, we use Eq. 4.4 with
W = S, which is the only matrix inverse that needs to be recomputed at
each step. Other inverses, such as C−1 and (I − αC)−1, can be precompu-
ted. Importantly, we do not need to invert the entire adjacency matrix of the
graph ; only subsets of this larger matrix are required. Consequently, the ove-
rall complexity of the DescentDiverse algorithm in the user-item graph setting
isO(x3+kx2), where x = max(|U |, |C|). Typically, |C| > |U |, as there are gene-
rally more content items than users (e.g., on platforms such as X, the number
of posts exceeds the number of users).

4.7 . Experiments

Implementation We implemented our experiments in Python using the
NetworkX package for graph manipulation and the computational packages
numpy and scipy.sparse. The GreedyDiverse and PartitionBoostingDiverse
algorithms support multiprocessing for faster running time. 1

1. github.com/Jonathan-COLIN/Optimizing-Diverse-Information-Exposure-in-Social-Graphs
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Table 4.1 – Dataset details. For the dataset marked with †, the commu-nities represent the number of node features, and for datasetsmarked
‡ the number of communities found by the Louvain algorithm.

Dataset Nodes Edges Existing #Comm.

Polbooks 105 441 ✓ 3
Football [203] 115 613 ✓ 12
MovieLens [204] 1,680 264,718 ✗ 19†

Reddit [205] 34,671 123,570 ✗ 54‡

Facebook [206] 63,392 816,886 ✗ 74‡

Amazon [207] 334,863 925,872 ✗ 230‡

Datasets We evaluate our approach on several real graph datasets, des-
cribed in Table 4.1.

TheMovieLens dataset is built from theMovielens100k dataset, in whichwe
consider only movies. Each movie has a distribution over 19 movie genres.
We assign an edge between two movies if they share more than two thirds
of their movie genres. After this linking process, each node’s genre vector is
updated as the average of all genres of its neighbors. Using these vectors we
can then build the partitionmatrix P , where each row corresponds to a genre
and each column to the genre vector of a node. This allows us to exemplify
the functioning of our algorithms on non-discrete partition.

Polbooks is a collection of US political books and their references, the data-
set also records each book’s political alignment : liberal, neutral or conserva-
tive. This dataset features a clear separation between liberal and conservative
books and is interesting to study when you use these alignments as ground-
truth for communities. Football is a dataset of US college football representing
the Division I games for the 2000 season. It also provides information about
conferences, groups of colleges that often play football against each other,
which can be used for ground-truth communities. Furthermore, we use the
greedy Louvain modularity community detection algorithm [113] to infer com-
munity structures in datasets without ground-truth.

Target node selection The optimization process depends greatly on the
initial situation of the target node. Indeed, high degree nodes have very dif-
ferent exposures compared to very low degree nodes. As such, in the follo-
wing, target nodes are selected according to their degree.Webatch nodes into
three groups of high, medium and low degree and select an equal amount of
nodes among these three groups.
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Generating Non-Uniform Target Distributions The target distribu-
tion q is the main factor in how the exposure is optimized. Indeed, a standard
uniform distribution would lead to an equal representation of each partition
and a unit vector used as a distribution would lead to only promoting a single
partition. To show the power of non-uniform target distributions, we can adapt
q to take user interests into account. We assume that for all users, their ini-
tial exposure before the optimization process represents their own interest.
From the initial exposure distribution, we scale this distribution by adding the
uniform distribution and a normal distribution centered at u’s partition. This
allows us to promote the partitions that are closer to the user’s initial interest
and reduce the probability of partitions that are further away. We do this for
all datasets.

Targeting non-uniform partitions rather than uniform partitions allows
us to present recommendation that are less “extreme” in their diversity, and
which would allow the user to be gently nudged towards a more diverse ex-
posure. Furthermore, if a given partition is recognized as harmful, we can im-
prove the target distribution by setting the corresponding value to a very small
value.

Baselines We compare our approach to the following baseline algorithms :
randomassignment of edges (Random), triadic closure (recommending based
on common neighbors, TriadicClosure), polarization and disagreement mini-
mization algorithms in the state-of-the-art, and a global and local diameter
minimization algorithm.We compare the baselineswith theGreedy, Partition-
Boosting and Descent algorithms.

We used the Polarization and Disagreement minimization algorithm pre-
sented in [163], in particular their simpleGreedy method. Given a candidate
set of edges, it iteratively selects the most promising one with regards to a
standard measure of Polarization and Disagreement. Following their imple-
mentation we initialize our opinions uniformly between−1 and 1. Since this is
a global algorithm, operating on the entire graph, we constrain the candidate
set to only include edges starting from the parameter node u. Additionally,
we also compare our approach to a graph diameter minimization algorithm
as presented in [117]. Their global method identifies center nodes of the graph
and connects them together, we adapted it to always include the target node
in the set of center nodes. Their local method solves a decision problem using
linear programming in order to identify nodes to add. We identify these al-
gorithms by GlobalDiameterReduction and SingleSourceDiameterReduction
respectively.

All experiments choose 30 target nodes, equally distributed among high-
degree, medium-degree and low-degree nodes in their respective graph. We
set α = 0.05 and η = 0.1.
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Figure 4.2 – Objective vs. number of edge additions, Polbooks dataset, groundtruth communities, BFS exposure and uniform target distribution.

Ground-truth communities We start by presenting the results of the
graphs for which we have ground-truth communities, Polbooks and Football,
for both uniform and preferential target distributions, Fig. 4.2 shows the re-
sults on the Polbooks dataset as they are the most representative and the
other plots are relegated to the appendix in Fig. 7.1.

We notice that DescentDiverse manages to achieve its objective faster
than other approaches. Moreover, as expected, TriadicClosure is among the
least effective approaches. Interestingly, Random is quite competitive (and al-
ways better than TradicClosure), which canbe attributed to the relatively small
sizes of the graphs. Here, the PartitionBoostingDiverse manages to improve
exposure but in a most cases, it does not manage to optimize past a certain
point ; indeed, once it can no longer find a partition to boost (it looks only for
under-represented ones), it is liable to get “stuck” for the rest of the run. On
the other hand, the diameter reduction approaches of [117], especially Single-
DiameterReduction, are very competitive, even for preferential distributions.

One interesting, and potentially important, finding can be seen in the re-
sults on the BFS exposure function. One can notice that there exists a point
in the process where adding new edges becomes counter-productive. This
makes intuitive sense, seeing that the objectives are non-monotonous. Mo-
reover, it means that one cannot indiscriminately add edges to maximize di-
versity, but that there is an optimal number of edges, which will depend on
the graph and the node itself.
Inferred communities Where no ground truth is available, we genera-
ted partitions using a community detection algorithm. The results comparing
Random and TriadicClosure to DescentDiverse on the Amazon datasets are
shown in Fig. 4.3, results on the facebook and reddit datasets are presented
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Figure 4.3 – Objective vs. number of edge additions, Amazon dataset,inferred communities, uniform target partition.

in the Appendix 7.2. The results are similar to those on graph having ground
truth communities, with DescentDiverse being the most effective at the end
of the recommendation process. Interestingly, recommending in the “classic”
approach, TriadicClosure, is almost always worse than Random. This makes
some intuitive sense as recommending based on common neighbors would
get the user “stuck” in the same community, whereas recommending random
links at least gives a chance of escaping their current community and thus in-
creasing the diversity of exposure.

Effect of degree Fig. 4.4 shows the differences in the evolution of the
optimization objective depending on the degree of the parameter node u.
In Polbooks, higher degree nodes seem to be more diverse at the start ; this
may be because they tend to be connected to many nodes, and thus have a
less focused exposure. Moreover, high degree nodes seem to not benefit as
much from the optimization process as low degree nodes. Low degree nodes,
conversely, start from a less diverse point (which may be an artifact of their
low connectivity). All types of nodes seem to behave similarly through recom-
mendations and achieve the same rate of improvement.

Conversely, inMovieLens, the high degree nodes seem to start less diverse,
and low degree nodesmore diverse. This can be attributed to how the dataset
is constructed, by similarity to other movies and their genre, so high degree
nodes are more likely to be connected to similar nodes. In general, the rate
of improvement is similar, with the exception of the BFS exposure function,
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(f) Movielens, BFS
Figure 4.4 – Objective vs. number of edge additions, depending on nodedegree, DescentDiverse, uniform.

where low degree nodes improve faster and reach a higher diversity.

Non-discrete communities Our formulation also allows for optimizing
in cases where partition are non-discrete or overlapping. As detailed above,
we adapted theMovielens dataset so that each movie is defined by a distribu-
tion over its movie genres, and optimize for uniform or preferential exposure.
The results are shown in Fig. 4.5. Again, the DescentDiverse algorithm is the
most effective, and TriadicClose the least effective, in line with the other re-
sults.

Recommendationon theuser-itemgraph Figures 4.6 and 4.7 present
the results for the user-user and user-item diverse recommendation objec-
tives on the user-item graph. The results are similar to those on the original
user-user network, with DescentDiverse achieving the best diversitymeasure.
Notably, recommendations on the user-item graph converge faster than on
the user-user graph. For PPR and F-J, the minimal objective is reached after
approximately 30 recommendations, while for BFS, it is reached after only 10
recommendations. This speed-up in convergence is likely due to the additio-
nal paths in the graph available for optimizing exposure, such as user-item
and item-item links. Note that this scenario cannot be directly compared to
state-of-the-art baselines, as they are not designed for user-item graphs.
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Figure 4.5 – Objective vs. number of edge additions, MovieLens, non-discretecommunities.

0 10 20 30 40 50
number of added edges

0.15

0.20

0.25

0.30

0.35

0.40

0.45

0.50

Ob
je

ct
iv

e 
Fu

nc
tio

n

ConvexDiverse
Random
Triadic Closure

(a) PPR
0 10 20 30 40 50

number of added edges

0.15

0.20

0.25

0.30

0.35

0.40

0.45

0.50

Ob
je

ct
iv

e 
Fu

nc
tio

n

ConvexDiverse
Random
Triadic Closure

(b) F-J

0 10 20 30 40 50
number of added edges

0.0

0.1

0.2

0.3

0.4

Ob
je

ct
iv

e 
Fu

nc
tio

n

ConvexDiverse
Random
Triadic Closure

(c) BFS
Figure 4.6 – Objective vs. number of edge additions, MovieLens User-item,user-user recommendation, discrete communities, uniform exposureobjective.
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Figure 4.7 – Objective vs. number of edge additions, MovieLens User-item, BFSexposure, user-item recommendation, discrete communities, uniformexposure objective.

Dataset (density) BFS PPR F-J Greedy Part.Boost S.S.Diam.Min.
GlobalDiam.Min.

Pol.Min.
Polbooks 0.080 0.141 0.217 0.239 2.11 2.37 0.202 0.119 4.29Football 0.092 0.155 0.247 0.266 2.23 2.03 0.176 0.033 4.99Movielens 0.186 43.7 18.5 20.5 120 110 10.5 11.7 3064Reddit 2.04e−4 182 136 157 - - - - -Facebook 4.06e−4 656 513 599 - - - - -Amazon 1.65e−5 830 2305 2441 - - - - -
MovielensUser-item 6.09e−2 (u-u)

3.62
(u-u)
12.9

(u-u)
13.3

- - - - -
(u-i)
4,17

- - - - - - -

Table 4.2 – Running time per iteration in seconds. For Movielens User-
Item, (u-u) represents user-to-user recommendation, while (u-i) repre-sents user-to-item recommendation.

Running Time We measured the running time of all approaches and re-
ported them in Table 4.2. Baselines could not be tested on larger networks
as they scale poorly with graph size. In particular the polarization minimiza-
tion algorithms. However, for our greedy and partition boosting algorithms
this could be solved if provided a set of nodes to choose from, in other words
if they are used as re-ranking at the end of a recommendation pipeline. We
can see that our convex approach is somewhat scalable in spite of its matrix
inversion which become extremely costly at greater dimensions.
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4.8 . Conclusion

Wepresented in this chapter a formalization of diversity optimizationwhen
keeping into account a node’s exposure to information, expressed as a dis-
tribution over partitions of opinions in the graph. Our formulation allows to
express the problem of local edge additions as an optimization problem, over
objectives derived from entropy-based measures. We discuss formalisms for
social networks (user-user graphs) but also extend the methods and forma-
lisms to hybrid graphs composed of a social network and a content network.
We presented several algorithms to solve the problem, and showed that they
outperform state-of-the-art algorithms in terms of diversity measures, and
that they are scalable to large graphs.

The fact that our formulation of the objective function is non-monotone
opens up the interesting problem of finding the optimal number of edges to
add to maximize diversity. Moreover, one should account for the fact that
some nodes might not belong to any opinion partition ; it is not immediately
apparent which the best semantics is to take into account such nodes. Ano-
ther interesting avenue for research is when the partitions are not known in
advance, and hence the diversity measure is a result of a user’s feedback in
an online algorithm.
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5 - Reinforcement Learning for Optimizing Di-
verse Exposure

In this chapter we discuss a deep reinforcement learning framework that
solves the information exposure maximization problem while addressing the
shortcomings of our previous convex method.

5.1 . Introduction

A key component ofmost opinion dynamicsmodels, in particular Friedkin-
Johnsen is the knowledge of personal opinion vectors. As a consequence all
structural intervention based on the FJ model that aim tominimizing polariza-
tion have the same need for private information to be accessible. Considering
global concerns about privacy on the Internet, this core feature becomes a
severe limitation and questions the applicability and relevance of such algo-
rithms.

In our Convex optimization approach (Section 4), we assumed that opi-
nions were clustered into communities according to a partition and assumed
personal opinion vectors to be from ground truth community information or
the results of community detection algorithm. However, the approach has
the same flaw of needing the explicit input of personal opinion vectors in the
optimization loop. Furthermore, this modification of the network’s structure
completely disregards whether new links are accepted by the users at each
step. In other words, some recommendation may have been unsatisfying to
the user and as such not adopted,meaning that the corresponding link should
not have been added to the graph. In the following, we revisit the algorithm
to include user adoption and satisfaction as a key component of the optimi-
zation process.

Hence, we require an algorithm that simultaneously maximizes exposure
diversity and produces credible recommendations while not knowing poten-
tially private user opinion vectors. In other words, the model must infer the
user’s hidden opinions from interactions and changes on the network and up-
date those estimates online. Using these refined opinion estimates, the sys-
tem can perform structural changes on the graph that both reduce polariza-
tion and improve the diversity of information exposure.

When confronted with such decision-making problems, i.e. which edge to
add to the graph in order to optimize information exposure in a complex,
uncertain and evolving environments such as social networks, one would na-
turally consider a reinforcement learning based approach. Indeed, reinfor-
cement learning is designed for scenarios where the optimal strategy is not
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known in advance but must be discovered as an agent interacts with an envi-
ronment. This corresponds to our situation not because of the fact that per-
sonal opinion vectors are unknown but also that it can take into account user
satisfaction and adoption. The agent can learn from the feedback it receives
after each recommendation, allowing it to adapt its strategy over time based
on what works best in reality.

5.2 . Problem definition

We need a framework able to deal with three key features. First, it should
be able to infer opinion vectors. In other words, the framework should not
incorporate the partition matrix P into its optimization process. Secondly, it
should optimize information exposure for diversity and lastly, any edge re-
commendations should comply with user satisfaction.

Using the exposure as defined in Section 3.2 which is a function that, for a
given user, measures the amount of information they (the user) receive from
each community present in the graph.Wepresented threeways to implement
such function : based on pagerank, FJ opinion dynamics model and breadth-
first search. Following the same development as in Problem 1, we aim tomini-
mize the distance between the exposure and a target distribution, generally
a uniform distribution. We define next the concept of Satisfaction and provide
an implementation in Section 5.4 :
Definition 5 (Satisfaction). The satisfaction function is a function SG : V ×V →
[0, 1] which for two users u and v returns the probability of the edge (u, v) being
adopted by user u.

The graphbeing directedmeans that the satisfaction function is not neces-
sarily symmetric SG(u, v) ̸= SG(u, v). Furthermore, we consider not only edge
additions but also edge reinforcements. Edge reinforcement means that we
strengthen the relationship of an already present link in the graph. This essen-
tially translates to increasing the corresponding edge weight. Small commu-
nities have fewer candidates for unique links which severely limits the maxi-
mum exposure. Subsequently, the balancing of exposure between small and
large communities becomes impossible if one only considers unique edge ad-
ditions. Thus, enabling the strengthening of links directly combats that unfair-
ness towards disadvantaged groups.

We formally define the main problem as follows :
Problem 4 (Single-Node Dual Optimization). Given a graph G = (V, E) and a
node u ∈ V , an exposure function E(u) and a a satisfaction functionSG maximize
the cumulative reward R = f(E , SG) over a fixed number k of edge additions or
reinforcement to the graph starting at u.
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The above problem contains two sub-problems :
Problem 5 (Single-Node Exposure Diversity Maximization). Given a graphG =
(V, E) and a node u ∈ V , an exposure function E(u)maximize the diversity mea-
sure σ (E (uG)) for a fixed number k of edge additions or reinforcement to the
graph starting at u.

Problem 6 (Single-Node SatisfactionMaximization). Given a graphG = (V, E)
and a node u ∈ V , a satisfaction function SG maximize the satisfaction SG(u) for
a fixed number k of edge additions or reinforcement to the graph starting at u.

Our focus is on solving Problem 4 which is a combination of Problems
5 and 6 as multi-objective optimization. The two objectives are somewhat
conflicting as improving satisfaction means augmenting similarity which in
turns may reduce information exposure diversity. Hence, we need to find a
balance between the two objectives. This is achieved by using a linear combi-
nation of both objectives as the reward function for our RL agent, as we will
see next.

5.3 . Formulation

5.3.1 . The general RL framework
The standard RL system uses the agent-environment setting where the

agent learns through interactions with an environment. Building such a sys-
tem can be divided into three components : environment construction, state
representation and policy learning. This is usually formalized as a Markov de-
cision process (MDP) in the form of the tuple (S,A,R, P, γ). S is the set of
all possible states the environment can be in, A is the set of all available ac-
tions the agent can make, R is the reward function that provides a quantita-
tive feedback to the agent on how good their selected actions were, P is the
transition probability from one state and action to a new state and γ is the
discount factor, i.e., how much the agent should prioritize short-term or long
term rewards. With this formulation, the agent tries to learn an optimal po-
licy π, a function that given a state returns the probability of taking a specific
action, that maximizes discounted long-term reward :

π∗ = arg max
π

Eπ

[ ∞∑
t=0

γtrt

]
It is important to carefully construct the environment and the state repre-

sentation. In the setting of optimizing diverse information exposure locally for
a specific user on a social platform, the environment is the social network it-
self. Subsequently, a state is the combination of the (possibly changed) graph
and node and an action would be the addition of a new link or reinforcement

69



of a pre-existing link. The reward captures behaviors we want to incentivize
andwhen complementedwith a penalty it can also capture behaviorswewant
to discourage. In our case, the reward associated with this edge addition de-
pends on two factors : satisfaction and diversity. Satisfaction is the probability
that the user accepts and maintains the new edge while diversity measures
the net gain in information exposure. This framework can be summarized in
the following MDP (S,A,R, P, γ) :
State s is given by the tuple (G, u,Ht(u)), the graph is the environment and

evolves along with the RL recommendation process, the node u is the
target of the optimization and Ht(u) is the target’s history of recom-
mended nodes. Indeed, a recommendation becomes less attractive if it
loses its novelty and is already known, and in our case we want to avoid
recommending the same node multiple times.

Action a is given by the set of all possible nodes in the network.
Reward functionR(st, at) is a combination of satisfaction anddiversity gains,

expressed as a linear combination of both components :
R(st, at) = αSG(u, at) + β∆σ (E (u | PG))

The satisfaction function given a node and an action returns a value
between 0 and 1 with 0 meaning rejection and 1 meaning adoption.

Transition probabilities P are unknown in practice but are a function of the
adoption or not of a given recommendation. This is linked to the satis-
faction with the recommended link.

Discount factor γ balances out immediate and future rewards, and is a pa-
rameter in our setting.
5.3.2 . The DQN framework

Traditional RL methods like tabular Q-learning store their knowledge in a
massive Q-table. Each cell in this table contains the estimated value (Q-value)
of taking a specific action in a specific state. For this, they need a discrete and
finite state space and this explains why these methods struggle with complex
high dimensional data. This is effectively the case of social network as graphs.
Mathematically, a graph is represented by its adjacency matrix which is an
exponentially large according to the number of nodes. However, this can be
solved by taking advantage of neural network using deep Q-learning network
(DQN). Indeed, neural networks are good at learning complex and non-linear
relationships in the data, in our context the relationships between users.

Deep Q-Learning Network (DQN) is an approach that learns a Q-function
which given a state and an action returns the expected reward. Q-learning is
an off-policy value-based learning scheme for finding a greedy target policy. In
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other words it means that it learns action values (i.e. the Q function) with one
policy while still estimating the optimal values needed to act greedily under
the best possible policy :

π(s) = arg max
a

Qπ(s, a)

The DQN architectures consists of three components : an experience re-
play buffer, an online network and a target network. The online network is
updated at every step of the training process to predict Q-values, while the
target network, updated less frequently, provides stable targets for the Bell-
man updates. This separation reduces correlations and prevents divergence,
ensuring more robust convergence of the Q-function. The DQN framework
uses the online network to compute target values :

y = r + γ max
a′

Q(s′, a′; θ−)

and it then updates it parameters according to the following loss :
L(θ) = E(s,a,r,s′)∼π

[(
y −Q(s, a; θ)

)2]
The loss is based on both the current reward and future reward as DQN

is inherently designed to maximize cumulative reward. This allows it to learn
strategies that may sacrifice a short-term reward for a longer-term benefit,
an objective difficult to capture with one-step methods. It learns its policy di-
rectly from user feedback which allows the system to adapt to evolving user
preferences and graph dynamics without relying on fixed, pre-defined rules,
making it highly personalized and adaptable.

5.3.3 . Using DQN with graphs
In order to take advantage of deep learningmodels’ ability to capture com-

plex and non-linear relationships in the data, in our implementation we com-
plement our DQN setting with graph representation techniques that provide
embeddings for the whole graph structure of the network and also the target
recommendation nodes. We use the generic Structure2Vec Deep Q-Learning
Network (S2V-DQN) framework [98]. S2V-DQN builds upon the standard DQN
framework by directly incorporating graph structure into the reinforcement
learning process. It uses a graph neural network (S2V) to compute node em-
beddings that capture both local neighborhood information and global graph
context. These structure-aware embeddings then serve as inputs to the Q-
network, enabling the agent to make decisions based on rich topological re-
lationships rather than just node features. This architecture allows S2V-DQN
to naturally generalize across different graph regions and learn policies that
understand complex structural patterns, making it particularly powerful for
combinatorial optimization problems on graphs.
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As described in Section 5.3.1, we represent our state as a triplet of graph,
node and a history of past actions. This means that we need both graph em-
beddings and node embeddings to capture both local neighborhood informa-
tion and global graph context for our Problem 4.

We use Graph2vec [81] for graph embeddings. Graph2vec is an unsupervi-
sed learning technique that generates embeddings for entire graphs, effec-
tively creating a low-dimensional vector representation of a graph’s global
structure. Inspired by document embedding models like Doc2Vec, it treats
a whole graph as a document and its rooted subgraph patterns as words.
The model learns to embed graphs by predicting a graph’s presence based
on its constituent subgraph features, capturing structural similarities and dif-
ferences. This allows dissimilar graphs to be mapped to distant vectors in the
embedding space, while structurally similar graphs are positioned close toge-
ther. This encoding strategy provides fixed-size embeddings for variable-size
graphs and is often used as a useful feature extractor for downstream ML
tasks, in our case deep reinforcement learning.

For node embeddings we used GraphSage (Graph Sample and AggregatE)
[79] which is an inductive learning framework that generates embeddings for
nodes by sampling and aggregating features from a node’s local neighbo-
rhood. Unlike transductive methods that require the entire graph during trai-
ning, GraphSAGE learns a function that generates embeddings by sampling a
fixed number of neighbors and then iteratively combining their features with
the target node’s own features. This allows it to efficiently generalize to un-
seen nodes or entirely new graphs, making it highly scalable and practical for
dynamic environments where the graph structure evolves over time.

The combination of these two specific algorithms for graph and node em-
bedding provide our S2V-DQN framework with a powerful feature, that of
transferability between the training graphs and inference graphs. This is due
to the properties of our embedding techniques : Graph2vec can transform
graphs of varying size into fixed size vectors and GraphSage can infer em-
beddings for never-seen-before nodes. This means that with minimal neural
network modifications, as we shall discuss next, we can train our agent on
one graph and then use it on another.

A summary of our entire S2V-DQN framework architecture is presented in
Fig. 5.1.
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5.4 . Implementation

Reward function details As explained previously, the reward function
has to be precisely formulated to encourage wanted behaviors and deter ne-
gative actions. Our reward function is hence a linear combination of diversity
and satisfaction :

R(st, at) = αSG(u, at) + (1− α)∆σ (E (u | PG))

We keep the same formulation of diversity as in Section 4, meaning that it
is still theminimization of a diversity measure σ (E (u | PG)). This is computed
internally in the environment and the agent only receives the final value of the
combination with the satisfaction value. This means that the agent does not
have access to the graph partition PG. Satisfaction is based on a measure of
similarity based on distance. Wemake the assumption that similarity is linked
with closeness, e.g. content that is closer in the network ismore likely to share
more ideas than content that is further apart. Hence, content that is closer is
more likely to be satisfying and as such adopted ; this is also in line with classic
link recommendation algorithms.

We present our algorithm for the computation of the satisfaction score
in Algorithm 5. Given a graph G a source node u, i.e. the target node of the
MDP and the action node v the algorithm returns a distance score between
0 and 1. The algorithm is inspired by breadth-first search (BFS) and follows
a similar structure. First we determine the target group to which the action
nodes belong to. Then by iteratively multiplying the adjacency matrix with it-
self and multiplying the result with the target group vector we can know whe-
ther the source node can reach that group at a given depth. Once the depth
has been identified at which the target group is reached we stop the process.
The final return value is inspired by the sigmoid activation function, given by
fλ(x) = 1

1+exp−λx . This is because we want the return value to have a shape
that follows a smooth logistic curve between 0 and 1. The final return value is
given by 1

1 + exp
(
(−1)(value>

∑
T ) · value

factor

) .
The value variable is the count of each path that reaches the target group

and the factor variable is the proportion between the adjacency to the power
of depth and the base adjacency matrix. The factor variable represents how
much connected the source node is at depth. As such the fraction value

factor is a
high value if the source node is well connected to the target group compara-
tively to the whole graph. Moreover, if the source node is connected enough
then value > 2

∑
T is true and (−1)(value>

∑
T ) is negative and value

factor is a largevalue which makes the results closer to one. On the other hand if the source
node is only sparsely connected to the target group then value > 2

∑
T is

false and (−1)(value>
∑

T ) is positive and value
factor remains a positive value grea-
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Algorithm 5: Satisfaction Score
Input: Graph G, source node vector u, action node vector v
Output: Distance score between target node and action node

1 i← PG(v);
2 T ← PGi;
3 A′ ← A;
4 reached← false;
5 depth← 0;
6 while ¬reached and depth < max depth do
7 A′ ← A′ · A;
8 depth← depth + 1;
9 value← ∑(T · A′ · u);
10 if value ≥ ∑

T then
11 reached← true;
12 end
13 end
14 if reached then

15 ratio←
∑

A′∑
A
;

16 return 1

1 + exp
(

(−1)(value>2
∑

T ) · value
ratio

) ;
17 end
18 else
19 return 0;
20 end

ter which makes the results closer to 0.

Transferability As mentioned in the previous section, specific graph re-
presentation techniques were chosen that enabled transferability between
policies trained on one graphs to other graphs. In order to achieve that, we
need to make node orders invariant. By default, in a given graph, a node id
e.g., 1 is essentially a random node as the index 1 is just an identifier and
does not say anything about the node. However, if we want our model to be
able to transfer knowledge from one graph to another then there needs to
be consistency in node labeling. Meaning that node 1 in one graphs is struc-
turally the same as node 1 in another graph. This is achieved by re-labeling
nodes according to a topological semantics. Intuitively, we want to use some
centrality measures for the semantics ; in our implementations, we use the
descending sorting based on the total number of triangles each node is part
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of. Using triangles is more expressive than simply using degree as it infers
more information, especially local clustering information.

Lastly, to make our model transferable, we need it to have outputs that
adapt to different graphs. Currently, the output of the model is a Q-value vec-
tor of expected reward values for each possible action ; in other words, for
each node in the graph. Meaning, that inherently, without any modifications,
one could only transfer to graphs having the same number of nodes. To trans-
fer the model from one graph to another we have to change the output layer.
To do that, we freeze all the previous layers parameters andmodify the output
layer to have the correct output dimension then we execute a quick training
step to learn the parameters of the output layer.

5.5 . Experiments

Training setup and implementation We use the standard approach
for training learning-based models. First we split the data into training and
testing sets using the standard ratio of 80/20 and we train the models over
100 episodes. Each episode iterates over all nodes in the training set and the
models attempt to generate sequential edge recommendations up to a maxi-
mum number of nodes that is proportional to the size of the graph. The re-
commendations are then stored in an experience replay memory which re-
cords graph and node states (embeddings), the recommended edge and the
reward returned by the environment. At each step, the replay memory is ran-
domly sampled and the online network is used to predict Q-values which are
then used to update the target network’s parameters.

The experience replay memory is used to to break temporal correlations
as well as improving data efficiency and better leverage good experiences.
Furthermore we use the difference between predicted Q-values and actual
values from the target network’s parameters as an estimate for the useful-
ness of the stored transitions. If for a particular transition the predicted va-
lues are close to the actual ones then it shows that the model has properly
learned how to act in this specific state. Consequently, such transitions pro-
vide little additional learning signal and should be sampled less often. Conver-
sely, large differences between predicted and target Q-values suggest that the
model has not yet fully learned from these experiences, and the associated
transitions should therefore be sampled more frequently.

We implemented our environment,model and experiments in python.We
used the NetworkX package for graph manipulation and Gym package for RL
environment architecture to make our own custom RL environment. We took
the Karateclub package’s implementation of GraphSage and Graph2vec and
pre-trained them on the same packages reddit dataset. Our RL agent’s archi-
tecture is based on the pytorch package which enables CUDA optimization.
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The code is publicly available. 1

Hyperparameters As is commonwith any deep learning framework there
is a series of hyper parameters to fine-tune to your task. However, we did not
go through a grid search to identify the best possible values and we chose
commonly used values in the machine learning field. We use Adam optimi-
zer with a learning rate of 1e − 4 and the target network’s update rate is
0.005 using a discount factor of 0.99. The replay memory stores 10000 tran-
sition tuples and is sampled by batches of 128 for training. We use an adap-
tive ϵ-greedy strategy for action selection which favors exploration at first and
slowly converges toward exploitation depending on how well the agent per-
forms. We use a graph embedding dimension of 128 and 16 for node embed-
dings.

Furthermore, there is a third component to the reward function which
is the history penalty, i.e,. the record of past actions and aiming for non-
repetitiveness of link recommendations. Without this component, the agent
would identify either a very satisfying action, an action that greatly improves
information exposure or one that does both and keep repeating that specific
action. This is undesirable behavior for the agent as the more of a specific
content is recommended the less novel and attractive it becomes. To prevent
such misbehavior, we add both a diminishing returns factor as well as a pe-
nalty depending on h, the count of a given action in the historyHt(u) :

R(st, at) = 0.7|1−h| (αSG(u, at) + (1− α)∆σ (E (u | PG)))− ( |1− h|
len(Ht(u)/))

Using the absolute value |1 − h| makes it so that only repeated actions
are discouraged and new actions are not punished. The exact value of 0.7
was arbitrarily chosen in testing. For example, if a content is recommended
three times then 0.72 ≈ 0.5 meaning that the reward is cut in half or that the
recommendation is about half as attractive as originally and there is also a
penalty to take into account.
Datasets We evaluate our approach on several real graph datasets, des-
cribed in Table 4.1.

Karate is a dataset representing a karate club, it is often used for baseline
analysis. Polbooks is a collection of US political books and their references, the
dataset also records eachbook’s political alignment : liberal, neutral or conser-
vative. This dataset features a clear separation between liberal and conser-
vative books and is interesting to study when you use these alignments as

1. github.com/Jonathan-COLIN/
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Table 5.1 – Dataset details
Dataset Nodes Edges Existing #Comm.

Karate 34 78 ✗ 4
Polbooks 105 441 ✓ 3

Football [203] 115 613 ✓ 12

ground-truth for communities. Football is a dataset of US college football re-
presenting the Division I games for the 2000 season [203]. It also provides
information about conferences, groups of colleges that often play football
against each other, which can be used for ground-truth communities. Further-
more, we use the greedy Louvain modularity community detection algorithm
[113] for Karate as it does not provide ground-truth information for commu-
nities but we also use it for both Polbooks and Football to replicate evolving
community structure dynamics.

5.5.1 . Base Settings
The main objective for our agent is to learn how to balance diversity and

satisfaction in order to provide relevant recommendation that still improve
information exposure. As such, it is important to identify the model’s ability
to provide diverse and satisfactory recommendations independently. Hence,
we train three agents (diversity, similarity and dual) on three environments
that only differ in their reward but otherwise are the same, meaning that they
have the same community structure and same exposure function.
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Figure 5.2 – Performance comparison between agents on the karate clubdataset, Louvain modularity communities, FJ exposure
Results are presented in Fig. 5.2 and as expected models specialized in

either diversity (drawn in green) or satisfaction (drawn in red) perform best
in their respective metric. Interestingly, the diversity agent – despite only fo-
cusing on promoting diverse exposure – does so only at a minimal loss in
satisfaction. Similarly, the dual agent (drawn in blue) manages to balance well
diversity and satisfaction with only little performance loss in terms of diversity

78



and even staying comparable in satisfaction at first ; however it starts losing
some in the long term.

5.5.2 . Transfer Learning
Transfer learning is a machine learning approach where knowledge gai-

ned from training amodel on one task or domain is reused to improve perfor-
mance on a different but related task or domain. Instead of training a model
from scratch, a pre-trained model is fine-tuned on a specific, task or domain,
dataset. This approach reduces training time and lowers data requirements.
In social networks, transfer learning can help adapt models trained on one
platform or user population to another. In our setting, it helps transfer know-
ledge from one partition to another or one information propagation model
(exposure function) to another. This captures shared behavioral and structu-
ral patterns.

In this section wewill extensively study ourmodel’s ability to generalize its
knowledge and how effective it is at transfer learning, both from one graph
to another and from one partition/exposure function to another.

If the target graph has a different size than the one used for training then
the model needs to be fine-tuned. This is done by freezing the model’s para-
meters except the output layer as it needs to be adapted to the new graph.
Indeed with the number of nodes changing, it also means that the number
of possible actions also changes. On the other hand, the input layer does not
need to be changed as embedding dimension do not change as explained
in Section 5.4. Then once the new output layer is initialized, a quick training
session is done with a smaller training set and number of episodes.

Synthetic training One possible application of such feature is to train the
model on synthetic data. Indeed, training on fabricated data presents some
advantages as the data itself can be generated in virtually unlimited quanti-
ties. At the same time, you can also generate training data that reduces trai-
ning imbalances or biases which will help the models to have fairer recom-
mendations. Furthermore, this process avoids privacy violations and reduces
the need for personal data handling, which is crucial in sensitive domains such
as healthcare or social networks. This is of interests as it is themain flaw of the
FJ opinion dynamics model [155] as it assumes knowledge of private informa-
tion to predict user opinions. Incidentally, it is also one of the shortcomings
of our convex optimization framework presented in Section 4.

The synthetic graph generation is done using NetworkX’s configuration
model [208] which allows us to replicate the degree distribution of the real-
world dataset, which is known to be highly heterogeneous, with a small num-
ber of nodes exhibiting very high degree and the vastmajority of nodes having
low degree. The models are then trained as described previously and even-
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tually tested on the real world graph the synthetic one is based on. Results
are presented in Fig. 5.3 and we can see similar results to the base setting in
Fig. 5.2 with the exception that the dual agent (drawn in blue) provides bet-
ter information exposure improvement than the specialized agent (drawn in
green). Again, only the similarity agent (drawn in red) manages to provide sa-
tisfactory recommendations in the long term where the other two only ma-
nage to do so at the beginning and then quickly start losing out on satisfaction.
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Figure 5.3 – Performance comparison between agents trained on syntheticversion of the karate club dataset, louvain modularity communities, FJexposure

Evolving partition and exposure function A key feature of social net-
works is how they evolve over time. As such it is important that the models
are able to keep up with this evolution which in our setting is implemented by
changing partitions or exposure function between training and testing.

Fig. 5.4 shows the results when changing partition while Fig. 5.5 shows
the results after changing exposure function. Most notably, we can see that
model trained for satisfaction (drawn in red) fails to generalize and performs
poorly in both diversity and even satisfaction. Similarly, the dual agent also
performs poorly in such settings, particularly in terms of satisfaction where
it completely fails to provide anything relevant. In the context of changing
exposure function, the dual agent also struggles to provide truly diverse re-
commendations which at first improve information exposure but end up re-
ducing it. However, in spite of an evolving environment, the diversity agent
still manages to provide diverse recommendations that improve information
exposure. A main takeaway of this experiment is that diversity knowledge is
easier to generalize than satisfaction in other words opinion clusters remain
relatively similar through change. This means that if the focus is on diversity,
inferred communities are a good substitute for actual communities.

Transfer learning over different graphs Real-world graphs, particu-
larly in social networks, are too big to be processed in full memory. This also
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Figure 5.4 – Performance comparison between agents trained on the karateclub dataset, louvain modularity communities, FJ exposure and evaluated onthe football dataset, ground-truth communities, FJ exposure
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Figure 5.5 – Performance comparison between agents trained on thefootball dataset with louvain modularity communities and FJ exposure andevaluated on same dataset with same communities, BFS exposure

makes the computation of message passing, which is crucial to graph neu-
ral networks, expensive. This calls for a different strategy for training which
in standard machine learning frameworks is done via graph sampling [209].
It is the process of selecting a subgraph from a larger graph while trying to
preserve important structural or statistical properties of the original network.
It mainly focuses on techniques based on graph topology such as neighbo-
rhood sampling because it helpsmessage passing for GraphNeural Networks
(GNN). However, this fails to capture diversity and the full span of information
present in the network, meaning that standard graph sampling methods are
not usable with our models. Another strategy, is transfer learning which fo-
cuses on the models’ ability to generalize their knowledge. Training is done
on a one dataset or environment and then used in another. This is useful as
you can train on a small representative dataset and then transfer the lear-
ned knowledge to a large network or you can train on dataset with known
information about your objective and then transfer it to another where it is
unknown.

Fig. 5.7 presents the results of the three agents evaluated on the Football
dataset when they were trained on the Karate dataset which is three times
smaller. We can see the same patterns as in Fig. 5.6 which presents the base-
line results of the three agents trained directly on the football dataset. All the
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results are comparable to those of the previous experiments with the only
difference being that the diversity and the dual agents perform the same in
terms of exposure.
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Figure 5.6 – Performance comparison between agents trained on thefootball dataset, ground-truth communities, FJ exposure

0 10 20 30 40 50
recommendation

0.3

0.4

0.5

0.6

0.7

ex
po

su
re dual

satisfaction
diversity

0 10 20 30 40 50
recommendation

0.30

0.35

0.40

0.45

0.50

0.55

0.60

0.65

sa
tis

fa
ct

io
ns

0 10 20 30 40 50
recommendation

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7
re

wa
rd

Figure 5.7 – Performance comparison between agents trained on the karateclub dataset, Louvain modularity communities, FJ exposure and evaluatedon the football dataset, ground-truth communities, FJ exposure

5.5.3 . Satisfaction as condition for edge adoption
Another element that needs to be accounted for in social networks is that

users may or may not actually approve of a recommendation. This is crucial,
as this means that some links may be refused and should not be added to the
graph. Indeed, most polarization minimization and structural intervention al-
gorithms completely disregard that fact. In these settings where opinions are
one dimensional, disagreement (the distance between two opinions) may be
interpreted as satisfaction but in our environment where opinions are mul-
tidimensional, this no longer is true. Indeed, if we consider two dimensional
opinion vectors with a user with neutral opinions (0.5, 0.5) and suggest two
pieces of content with opinion vectors (1, 0.5) and (0.75, 0.25), in spite of both
having an absolute distance of 0.5, the user might not agree with the first
content’s opinion value of 1 as it might be too extreme for them.

Hence, we need the models to account for the users’ reaction to provided
recommendations. To do so, we make edge addition depend on the satisfac-
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tion of each recommendation. As explained in Section 5.4, our measure of
satisfaction is on the [0, 1] range with the middle value 0.5 being a neutral
reaction, values over this are positive reactions and values under are nega-
tive reactions. Thus, we use a satisfaction value of 0.5 as a threshold for edge
adoption. In case of refusal, there is a penalty for providing an unsatisfactory
recommendation and there are two possible scenarios to consider, either the
recommendation is completely rejected and there is no information crosso-
ver meaning that information exposure is not affected or the recommenda-
tion is partially rejected and there is some information crossover which leads
to exposure still being affected but there is no edge adoption.

Initially, as discussed in Section 4.7 when optimizing for information ex-
posure there is an optimal situation that may be missed or overshot. As such,
we provided our model with an exit action that would stop the recommen-
dation process if the agent considered that he could no longer improve in-
formation exposure or no longer provide satisfactory recommendations. If
the model chose to stop the recommendation process the corresponding re-
ward would depend on the final exposure if diversity was accounted for or
if only considering similarity, the final reward would depend on the average
satisfaction. However, in our current context where edge adoption depends
on satisfaction and there is no information crossover, all three agents would
consistently converge on the same decision to stop the recommendation pro-
cess quickly. For the twomodels that considered diversity, they did so because
they could not provide satisfactory recommendations and stopping immedia-
tely prevents the accumulation of corresponding penalties. The satisfaction
agent would also stop quickly because average satisfaction was high.

For the scenario with information crossover and with the option to stop
recommendations disabled, the results shown in Fig. 5.8 show that even if in-
formation exposure is marginally improved by both, the dual model outper-
forms the specialized diversity model in spite of providing recommendations
with similar satisfaction values. On the other hand, when no information cros-
sover happens, we can observe a very unstable information exposure evolu-
tion as is shown in Fig. 5.9. In this setting, the dual agent seems to perform
particularly well as not only it achieves the same results as the diversity agent
but it also stays above the 0.5 satisfaction threshold throughout the entire
recommendation process which it struggled to do in most of the previous ex-
periments.

5.5.4 . Recommendation with unfollowing

An important aspect of social networks is the constant stream of new
content being produced at all times. Combined with the limited time that
people may spend on each given platform there are exist also the dynamics
of unfollowing. This means that users’ attention cannot be infinitely divided,
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Figure 5.8 – Performance comparison between agents trained on thefootball dataset, Louvain modularity communities, FJ exposure with edgeadoption depending on satisfaction and information crossover
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Figure 5.9 – Performance comparison between agents trained on thefootball dataset, Louvain modularity communities, FJ exposure with edgeadoption depending on satisfaction and no information crossover

in other words, it is unrealistic to only add edges. As time progresses, trends
evolve or opinions mature one’s interests and links adapt accordingly mea-
ning that some links are foregone in favor of new ones.

This can be implemented in various ways as there are two factors to consi-
der : when does the edge get removed, and which edge is removed. There are
several possible strategies to decide when and who to unfollow. There are
many ways to decide when an edge gets removed and we chose three that
we deemed representative of actual behaviors in social networks :

• Static unfollowing The node degree does not change which means
that at each edge addition, an edge is also removed at the same time. If
the edge adoption depends on satisfaction then the the removal is also
dependent on it.

• Ceiling unfollowing There is a maximum degree that the node cannot
exceed which means that at first there are no edge removals but once
the maximum is reached then at each edge addition, an edge is also
removed.

• Satisfaction unfollowing We capture attention span mechanism by
also considering the satisfaction value as the probability of “forgetting”
a past link (an edge).
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Figure 5.10 – Performance comparison between agents trained on thepolbooks dataset, ground-truth communities, BFS exposure with staticunfollowing of old links

Similarly, there are many ways to decide which edge needs to be removed
and we also chose three relevant selection semantics :

• Random selection A neighbor is randomly chosen. This can be done in
a truly random approach or with a biased random depending on satis-
faction or neighbor degree.

• Oldness selection The oldest link with the target user is chosen.
• Strength selection The neighbor with the lowest satisfaction score is
chosen.

In Figures 5.10, 5.11, 5.12 we present the results of the three agents on the
polbooks dataset in the context of static unfollowing with oldness selection,
ceiling unfollowing with random selection and satisfaction unfollowing with
strength selection respectively. While the performances of all agents are simi-
lar to those of previous experiments, i.e. the specialized agents are the best
with regards to their respectivemetric, there are two notable differences. First
the dual agent (blue) appears to performworse than the diversity agent when
considering satisfaction despite performing better in the context of ceiling un-
following with random selection. Secondly, the satisfaction agent appears to
provide some exposure improvements before decreasing it in all three set-
tings.

When considering ceiling unfollowing, the maximum is set as the mini-
mum between a fixed value, in this case 10, and 1.5 times the user’s degree
at the start of the experiment. This means that the ceiling adaptively corres-
ponds to a node’s initial situation. For instance a userwith an initial lowdegree
of 5 will not suddenly grow up to a degree of 50, a ceiling of 10 means that he
already doubles his initial degree and has to divide their attention correspon-
dingly. This setting thus becomes unrealistic if the ceiling is set too high. On
the other hand, if the ceiling is too low then it becomes unfair to nodes with
a base degree higher than that ceiling, hence us using a second value that
is proportional to the initial degree. Such adaptive conditions are important
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Figure 5.11 – Performance comparison between agents trained on thepolbooks dataset, ground-truth communities, BFS exposure with ceilingunfollowing of random links
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Figure 5.12 – Performance comparison between agents trained on thepolbooks dataset, ground-truth communities, BFS exposure with satisfactionunfollowing of weak links

in the context of social networks with preferential attachment dynamics, re-
sulting in few nodes with very high degree and a vast majority with very low
degrees [115].

5.5.5 . Conclusion
In this chapter, we extended the information exposure maximization pro-

blem to take user satisfaction into account and presented a deep reinforce-
ment learning (DRL) approach to solve it using the S2V DQN architecture. This
approach has been built on the foundation of our convex optimization from
Section 4 and addressed its shortcomings. In particular, the DRL framework
can incorporate user feedback in its training loop in the form of satisfaction
which the convexmodel could not. Furthermore, the DRL framework does not
explicitly need to know the partition of the graph in its learning process. As
a reminder, the graph partition is a representation of user opinions which, in
a realistic setting, is not public information and cannot be used as is. We ex-
tensively tested our agent’s ability to provide diverse recommendations while
respecting user satisfaction constraints. Most notably, we studied our model
under the lens of transfer learning and showed that it can provide relevant
recommendations despite changing partitions or exposure semantics. These
experiments also showed that the model can be trained on a synthetic or a
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small graph and then be used on a real or larger graph.
In spite of this extensive experimental study, a more thorough investiga-

tion of the model is still necessary. Similarly to the convex optimization al-
gorithm, our DRL framework should be extended to be able to utilize other
information diffusion pathways such as a content graph. Current experiments
only study small graphs but large networks with more varied social dynamics
should also be considered. Furthermore, a case study on temporal graphs
is also needed in order to examine how the model deals with the cold-start
problem as well as a network that evolves more dynamically.
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6 - Conclusion and Perspectives

6.1 . Summary of Findings

The study of diversity in social media recommendations constitutes amul-
tidisciplinary research domain that brings together a wide range of fields. It
is the intersection of various areas such as recommender systems, fairness,
polarization and serendipity, while also drawing from social science perspec-
tives on group behaviors and opinion dynamics as well as network science
with information diffusion and influence maximization. Moreover, it extends
into theoretical domains like information theory through the lens of entropy.

In this thesis, we extended prior work on polarization and disagreement
minimization and opinion dynamics to construct a flexible framework. This
setting is capable of modeling a broad spectrum of opinions across commu-
nities, whether discrete or overlapping, and uses a generic definition that ac-
commodates for different exposure functions and diversity measures. Buil-
ding on this foundation, we formalized the problem of diverse information
exposure which provides a rigorous framework for studying exposure diver-
sity. Within this context, we defined the task of optimizing diverse information
exposure in social networks and introduced a gradient descent algorithm that
takes advantage of the convex properties of our problem as well as providing
greedy heuristics as baselines.

We extend this framework to take user-item graphs into account, allowing
for more realistic and adaptable representations of social media dynamics.
Most notably, this provides a structure to study the separate information pro-
pagation channels. The experimental results confirmed the relevance of these
approaches, highlighting their capacity to improve exposure diversity across
different network structures and conditions.

We then study reinforcement learning techniques to answer the few short-
comings of our previous approach, notably the weak user-interests input and
the necessity of using private information which is an inherited trait of prior
work on polarization and disagreement minimization. We employed a popu-
lar deep reinforcement learning method boosted by graph representation
techniques in the form of Structure to Vec Deep Q-Networks (S2v DQN). We
conducted an extensive experimental evaluation of our model and showed
that it is capable of effectively transferring knowledge from one network to
another, evenwhen the source network is synthetically generated. In addition,
themodelmaintains strong performance inmore dynamic environments that
incorporate social group behaviors, such as unfollowing, as well as dynamic
structural patterns resulting from evolving network partitions and exposures
functions. Our Reinforcement learning architecture not only offered a flexible
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framework for optimization but also enabled transfer learning scenarios, high-
lighting its promise for long-term applications in real-world systems.

In conclusion, the contributions of this work lie in their integration of theo-
retical rigor and practical applicability. By combining algorithmic optimization
with adaptive, learning-based strategies, it offers new perspectives on how
social networks can be designed to foster diversity of exposures as well as
mitigating polarization and promoting fairness. While these advances in com-
putational methods represent a significant step forward, they must be un-
derstood alongside the recognition that technical solutions alone are insuffi-
cient. Education probably remains one of the most effective means to culti-
vate awareness of echo chambers, confirmation biases, and themanipulation
of information. Encouraging individuals to actively seek out new and different
perspectives is as crucial as developing algorithms that promote them.

6.2 . Perspectives and Future Work

Future research can build on this work by exploring several promising di-
rections. First, the development of new opinion dynamicsmodels is necessary
to better capture the complexity of current social interactions, which are sha-
ped not only by direct exchanges but also by subtlemechanisms such as algo-
rithmic curation, influencers, and ephemeral content. Indeed, traditional opi-
nion dynamicsmodels only consider a single channel of information propaga-
tion whereas social networks now combine many different pathways such as
video content (short and long form), text posts, reacts or group pages. Each of
these pathways have different mechanisms and lasting impact on users that
use them.

Secondly, extending algorithms to account for these multiple informa-
tion propagation pathways, spanning across different social media platforms,
would offer a more realistic and comprehensive understanding of how ideas
spread and interact in today’s highly connected digital ecosystem. This would
enable a better understanding on the latent mechanisms that lead to polari-
zation and social fragmentation in turn providing better tools to combat these
issues. At the same time, this would also help prevent the formation of echo
chamber and filter bubbles.

Furthermore, futurework could explore strategies basedon targeted edge
removal by identifying noisy or parasitic links that convey little novel infor-
mation while disproportionately reinforcing existing exposure patterns. Al-
though such links often attract minimal direct attention, they can cumulati-
vely contribute to information redundancy by subtly influencing information
flow and reshaping the global exposure landscape. Carefully pruning these
connections may therefore help mitigate reinforcement effects such as echo
chambers and promote more diverse information diffusion both at the local
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and global level.
Finally, further investigation into dual-optimization frameworks that ba-

lance diversity with user satisfaction could help balance out the opposing ob-
jectives of exposing individuals to novel heterogeneous opinions and main-
taining user engagement with personalized experiences. Together, these di-
rections would lead to attractive serendipitous recommendations. Combining
current recommender systems powered by predictive accuracy-driven mo-
dels with socially responsible semantics would make the recommendations
of tomorrow relevant, satisfying and diverse while ensuring fairness towards
all groups and users as well as content providers.
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7 - Annexes

7.1 . User-Content setting derivations

Vectorized transposematrix In the following wewill use the Vectorized
Transpose Matrix TVEC as defined in [210]. For any vectorized matrix X ∈
Mm,n, the TVEC is the nm× nm permutation matrix :

X⊤ = TVEC X. (7.1)

General note Using the product rule and the following formulas formatrix
derivatives [210], for X ∈Mm,n :

∂(XT CX)
∂X

=
(
Im ⊗X⊤C

)
∂X +

(
X⊤C⊤ ⊗ Im

)
∂X⊤ (7.2)

=
(
Im ⊗X⊤C + TVEC[m, m](Im ⊗X⊤C⊤)

)
∂X

∂(fg)
∂X

= (I ⊗ f) ∂g

∂X
+

((
g⊤ ⊗ I

) ∂f

∂X

)
∂X (7.3)

Using X⊤ = T and adapting M for each exposure function, we then have :

∂uTMT ⊤

∂T
= (Id⊗ u) ∂TMT ⊤

∂T
+

(
TMT ⊤

)⊤
⊗ Id

∂u
∂T

= (Id⊗ u)
(
Id⊗ TM + TVEC[n, n]

(
Id⊗ T ⊤M⊤

))
PPR Exposure.

EP P R
G = W P P R

G (7.4)
= (1− α) (I − αG)−1

(I − αG) =
[
I − αU αT

αT ⊤ I − αC

]
,

(I − αG)−1 =
[

S−1 −αS−1TC−1

−αC−1T ⊤S−1 C−1 + α2C−1T ⊤S−1TC−1

]
,

EP P R
G ≈ (1− α)

[
S−1

−C−1T ⊤S−1

]
with S =

(
I − αU − α2T (I − αC)−1 T ⊤

)
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FJ Exposure.

EF J
G = W F J

G (7.5)
= (1− α)

(
I − αG⊤

)−1

(I − αG⊤) =
[
I − αU⊤ αT

αT ⊤ I − αC⊤

]
,

(I − αG⊤)−1 =
[

S−1 −αS−1TC−⊤

−αC−⊤T ⊤S−1 C−⊤ + α2C−⊤T ⊤S−1TC−⊤

]
,

EP P R
G ≈ (1− α)

[
S−1

−C−⊤T ⊤S−1

]

with S =
(

I − αU⊤ − α2T
(
I − αC⊤

)−1
T ⊤

)

BFS Exposure.

EBF S
G = W BF S

G (7.6)
= G3 + G2 + G

=
[

U3 + U2 + U + UTT T + TT T U + TCT T + TT T

T T U2 + T T U + T T TT T + CT T U + CT T + C2T T + T T

U2T + UT + UTC + TC + TT T T + TC2 + T
T T UT + T T T + T T TC + CT T T + C3 + C2 + C

]
(7.7)

EBF S
G ≈

[
U3 + U2 + U + UTT T + TT T U + TCT T + TT T

T T U2 + T T U + T T TT T + CT T U + CT T + C2T T + T T

]

Here are the details of the derivation process :
PPR Exposure Derivation Proof.

EP P R
G = (1− α)

[
S−1

−C−1T ⊤S−1

]
(7.8)

with S =
(
I − αU − α2T (I − αC)−1 T ⊤

)

dEP P R
G = (1−α)

 (
S−⊤ ⊗ S−1

)
dS(

I ⊗ C−1T ⊤
) (

S−⊤ ⊗ S−1
) d S +

(
S−⊤ ⊗ I

) d (C−1T ⊤)


(7.9)
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∂EP P R
G

∂U
= −α(1− α)

 (
S−⊤ ⊗ S−1

)(
I ⊗ C−1T ⊤

) (
S−⊤ ⊗ S−1

) (7.10)
∂EP P R

G

∂U
[u] = −α(1− α)

 (
S−⊤

u,u S−1
)(

C−1T ⊤
) (

S−⊤
u,u S−1

)

∂EP P R
G

∂T
= (1− α)

 −α2
(
S−⊤ ⊗ S−1

)
X

−α2
((

I ⊗ C−1T ⊤
) (

S−⊤ ⊗ S−1
)

X
)

+
(
S−⊤ ⊗ I

) TVEC(I ⊗ C−1)


(7.11)

where X = I ⊗ T (I − αC)−1 + TVEC(I ⊗ T (I − αC)−⊤.
∂EP P R

G

∂T
[u] = (1 − α)

 −α2
(

S−⊤
[u,u]S

−1
) (

T (I − αC)−1 + (T (I − αC)−⊤)
)

−α2
((

C−1T ⊤
) (

S−⊤
[u,u]S

−1
) (

T (I − αC)−1 + (T (I − αC)−⊤)
))

+ S−⊤
[u,u]C

−1


(7.12)

FJ Exposure Derivation Proof.

dEF J
G = (1−α)

 (
S−⊤ ⊗ S−1

)
dS(

I ⊗ C−⊤T ⊤
) (

S−⊤ ⊗ S−1
) d S +

(
S−⊤ ⊗ I

) d (C−⊤T ⊤)


(7.13)

∂EF J
G

∂U
= −α(1− α)

 TVEC (
S−1 ⊗ S−⊤

)(
I ⊗ C−⊤T ⊤

) TVEC (
S−1 ⊗ S−⊤

) (7.14)
∂EF J

G

∂U
[u] = −α(1− α)

[
S−1

u,uS−⊤(
C−⊤T ⊤

) (
S−1

u,uS−⊤
)]

∂EF J
G

∂T
= (1− α)

 −α2
(
S−⊤ ⊗ S−1

)
X

−α2
((

I ⊗ C−⊤T ⊤
) (

S−⊤ ⊗ S−1
)

X
)

+
(
S−⊤ ⊗ I

)
(I ⊗ C−⊤)


(7.15)
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where X = I ⊗ T (I − αC⊤)−1 + TVEC(I ⊗ T (I − αC⊤)−⊤.
∂EF J

G

∂T
[u] = (1 − α)

 −α2
(

S−⊤
[u,u]S

−1
) (

T (I − αC⊤)−1 + (T (I − αC⊤)−⊤)
)

−α2
((

C−⊤T ⊤
) (

S−⊤
[u,u]S

−1
) (

T (I − αC⊤)−1 + (T (I − αC⊤)−⊤)
))

+ S−⊤
[u,u]C

−⊤


(7.16)

BFS Exposure Derivation Proof.

∂EBF S
G

∂U
=

[
UT 2 ⊗ I + U⊤ ⊗ U + I ⊗ U2 + I ⊗ U + U⊤ ⊗ I + TT ⊤ ⊗ I + I ⊗ TT ⊤

I ⊗ T ⊤U + U⊤ ⊗ T ⊤ + I ⊗ T ⊤ + I ⊗ CT ⊤

]
(7.17)

∂EBF S
G

∂U
[u] =

[
UT 2

u,uI + U⊤
u,uU + U2 + U + U⊤

u,uI + TT ⊤
u,uI + TT ⊤

T ⊤U + U⊤
i,iT

⊤ + T ⊤ + CT ⊤

]

∂EBF S
G

∂T
=

[TVEC(UT ⊗ I) + (T ⊗ U) + TVEC(T ⊗ U⊤ + (U⊤T ⊗ I)+
(U2⊤ ⊗ I) + (U⊤ ⊗ I) + (TT ⊤ ⊗ I) + TVEC (T ⊤ ⊗ T )+

(7.18)
+I ⊗ TC + TVEC(I ⊗ TC⊤ + I + TVEC(I ⊗ T )
+(I ⊗ TT ⊤) + (U⊤ ⊗ C) + (I ⊗ C) + (I ⊗ C2)

]
∂EBF S

G

∂T
[u] =

[
(UTu,uI) + (Tu,uU) + (Tu,uU⊤) + (U⊤Tu,uI) + TC + TC⊤ + T

U2⊤
u,uI + U⊤

u,uI + TT ⊤
u,uI + T ⊤T + U⊤

u,uC + C + C2

]

7.2 . Supplementary Results for Chapter 4
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(l) Football, BFS,Preferential
Figure 7.1 – Objective vs. number of edge additions, ground truthcommunities.
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(b) Reddit, F-J
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(c) Reddit, BFS
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(d) Facebook, PPR
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(e) Facebook, F-J
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(f) Facebook, BFS
Figure 7.2 – Objective vs. number of edge additions, inferred communities,uniform target partition.
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