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Arnayopebeta 1) avtiypagn, anodfxeuor xot dtavour| Tne tapotous epyactac, €€ ohoxAfipou 1 Tux-
potog autic, yia eunopixd oxond. Emtpéneton 1 avatinwar, anodixeuar xou dtavour i oxoné
U1 *EPBOOAOTING, EXTAUDEVTIXAC 1) EQELVITIXNC QUONE, UTO TNV TpolnddeoT v avagépetar 1 TNy
Tpoéheuong xot vo Satrpeiton To Tapdy whvuua. Epwtiuata mou agopoly 11 yehon e epyaciag
Y1 XEPOOOAOTING OXOTO TEEREL VA ARELVVVYOVTAL TPOS TOV GUYYPAPEA.

Or andel xou To CUUTEPAOUATA TTOU TEQIEYOVTAL GE AUTO TO €YYRAPO EXPEALOUV TOV CUYYRAPEN
xaw dev mpénel va gpunveudel 6Tl avtitpoownebouy Tig enionueg Yéoeic Tou Edvixol Metodfiou
IToluteyvelou.






Euvyapiotieg

Me to népac authc tne dimhopatixfc epyaoiog xhetver xar évae (evydprotog)xixhog tne {whc pou.
61600 xamota mpdypata e€axohou oy Vo UTAEYOUV. LUYAEXQPIUEVA, €Vog eVpUTEPOS TEOTOG
oxédne pall ye xdmoteg TEYVIXES, OL EUYIPIOTES AVUUVAGELS, Ol OLGLIOTIXES avip®OTIVES OYETEL]
OAAG o 1) EUYVWUOCUVY Yid Toug avlpwroug Tou pe Pordnoay xol pov otdidnxay.

Emdupd , Aowndy, va euyaploTiow tp®Tta and 6houg Tov emBAEnmY xodnyntd wou Anurten
Pwtden Yo Ty apéplotn oupnapdotacy xat xadodrynon tou. 'Oyt pévo ue uinoe otny vootponia
xat TpaxTixt) e VewpenTinndg épeuvag ahhd Atay xan 1y cutla, uéoa and Ty evioustwdr didaoxaia
XL AYAT) TOU YL TO AVTIXEUEVO TOU, VoI avoxaAlde Tov Bixd You BpOUo Xt EQELVITIXG EVOL-
agépovta. Ot oupfoukéc tTou ot xpioiwa otddla Tng mopelag wou xou 1 Bd wou GOVEST Vo Tig
axohovinow €youv ouaaoTxr] GUUBOLY oTny axadnudixy pou e&€EMER. Ou Rieha, eriong, va
guyoptoThHow Tov xodnynTth Xtdn Zdyo, o onolog anotelel napdderyyo avipdnov mov pyéoa and
00UOXOAES XATAOTAOEL EXTEAEL TO X |x0V TOU UE GUVETELY, Ytobuop xat avipwmid. Tic euyapiotieg
nou éyouv xau 6ha ta wékn tov Epyaotnpiov Aoyindc xar Entotiune twv Trohoyiotdv(CoReLab),
x90¢ 0 xadévag we Tov 81xd Tou TPoTo oLVETEAESE G TNV dnutoupYio VHC EVYEPIGTOU Xai (PLhlxol
xhipatog ouvepyaoiog xat cuvinapdng.

[Suritepa euyoploted Toug oTeEVOlC wou plhoug xat ocupgortntéc Tdoo Ourr, Mtépavo Mndgo,
O0dwe1) Ntotoxa, Koota Iarnacnipou, Muptd xow Nixngdpo Bhaytd nou golpdotnxay autd o
xeovia Tou Hohuteyvelou pali you. Edyopo, ethixpwd, va ouveyioouvye va Bhenduacte Yetd and
YEOVLOL XaL VO aVATONOUPE TIg oTiyUég autéc. Emnlong, dev Eeyvdw xai Toug ouuggoltntég-giloug
Iévvn Towoler, Xerioto Ltavpaxdxyn toug onoloug mépa and oTiypES YENOU YpwoTdn ot Wi
epyaoio otic Bdoe ;).

Téhog, H€Aw Vo EUYOPIGTAGE TNY OLXOYEVELN OV YO TNV UTOGTAPIEY), THpOTEUVOY) Xul THOTY
Toug o euéva. Idaitepa, Y€l va avagépw v yioytd pou Oupavie Hitomobhou, n omolo etvou
TopAdErY ol auTOYUGTAS XU TPOCPOEAS ot GUVEBUAE oNPAVTIXY GTO Vo ayaniow TNy I'voor.

[Tdpne Xupvehdxng






Hepiindn

H Kowwvinr) Aixtiwon yeow Iviepvét €yer anoxtioet xevipin) Véomn yia Ty Ata@huior xat tny
E&6puin Aedopévov yia eprnoptxotc oxonole. Etapeiec Kowvwvixic Awxtinone(n.y. Facebook,
Orkut, Google+) Statnpoly hemtouept| Sedopéva yio exatogdpla YehoTes, Ta onofo ta dtodétouy
o€ eTapeleg Yia vor auEHoOUY TNV BIEIGOUTIXOTNTA TV TPOIGVTLY Toug oty ayopd. Ta écoda arno
Ot pUioElg TV BIXTVEY AUTWV ATOTEAODY TNV BAoT eVOS BUOOLIOU EMLYEENUATIXO0) LOVTENOU Mol
Yenotwonootvtal yiol Vo Utootneilouy Tig teyvixég uTodouég xou Vo Blac@aAicouy TNV ToLOTNTA
TWV UTNEECIWY ToUG. 20T600, UNdpyEL UEYUAT DlapopoTnolnon UETUE) TWV TEAYHATIXWDY ECOOWY XAl
NG EXTILOVUEVTC adiog TV eTonpet®y aut®y. Eivar xovdg 16m0¢ 611 ToAkég amd Tig duvatdTnTEg
v Etapeidv Kowvovindv Axtiov napauévouy avalotonolntee xou n nenoldnon autr €yet ouv-
odeutel and evtatxég epeuvnTiéc npoondieleg yia Ty Eunopevpatonoinoy twv Aedoyévewy and
Kowovixd Alxtua.

Y16y o¢ g BIMAUATIXAG EpYAOTAC EVAL 1) XATAVONOT XUl EMEXTACT] TV TEYVIXWYV YId TNV al-
OTOINoY TNS YVOONE TOU IGTO) TRV XOWOVIXOV OYECEWY %ot TwV UETAEY TOUC AAANAETIORICEMY.
IMpayyatonotettar avaoxonnon e PBMOYEAQIAS Xal EMXEVTPWVOUAOTE G 000 ONUAVTIXG Xdl
otevd oyenilbueva tpoPfifuata, oto npdPBinua Meyiotonoinone tne Emppofic[Kempe, Kleinberg,
Tardos’03] xa oo npdBinua tne Meyiotonoinone twv Ecédwv[Hartline, Mirrokni, Sundarara-
jan, '08]. To npbPinua Meyiotonoinone tne Empporic npaypatebeton neptntdoec 6mou dvidpw-
ot xoholvtar va tdpouy Wi duadt| andgaon(ayopdoouy éva npotdy, dmeicouv éva urnodripio,
vtodetAcouY Pior xouvolpyta TEvoloyia) xou {nterton 1o BEATIOTO apyixd ohvoho avipdnwy de-
dopévou peyévoug mou uéow TNg empponc Toug Yo odnyHoouy oty uéyloty duvatr duddoon. To
TpoBAnua e Meylotonoinong twv Ecddwy agopd Ty oyedlaoy oTpatnyixdy Twhnong tpotdv-
TV, v onolwv N ofia yia xdde ayopaoth auidvel avdioya ye o mowol Yvwotol Tou Hd1 To
XATEYOLY, EXUETAMAEUOUEVOL TNV YVOOT, TOU x0Wvevixol toTol. Eotidlouye tny npocoyr| uac o
wo xAdon otpatnyxodv ‘Emppofic xou Expetddievonc (EE), 6nou éva apyixd obvoro avipodrwy
€youv euvoixy petayeipnon(dwpedy delypota, yenuatixd aviahhdypata) OOTE Vo XEPOIGOUPE TNV
ETLPEOY| TOUS GTO BIXTUO XAt Ot UTOXOLTOL AVTIUETOTIOVTOL UE TPOTO WGTE VoL TETUYOUUE TOV GTOYO
woc(udmhbtepa €ooda, peyahlTepn anodoyr).

H teyvinfic ouvelogopd tne dimhwpatixic cpyaciog agopd to IlpdBinua Meyiotonoinong
Ec6dwv vné 10 Opotduopgo Adpoiotuxd Movtého[Hartline et al.’08]. Apywxd anodewviouye
6t o mEdPAnua etvor NP-Adoxoho axdurn xo 6tav to dixtuo dev elvar xateuduvdpevo, yenot-
pomotdvTog pla avorywyt and 1o tedfinua Monotone One-in-Three SAT. YMtnv cuvéyela nporyay-
OTOTIOLOUUE Uiot GUCTNUATIXY DIEPEUVNOT TV AAYOPIIIXOY WBLOTHTLY TV oTpatnyxey ‘Enpporc-
Expetddhevonc. Amodeixviouue 6Tt 10 mpdBinua oyediacpol tne Béhtiotng otpatnyinfc ‘EE’
elvor. NP-Asoxoho xat map€youde €vo xdtew Qedyud yid ToV AOYO TV EGODWY ano Wi TETOL
OTRUTNYH X TV UEYIOTWY Buvatwy €06dwy. Emnpboleta, enexteivouye xou Beltidhvouye
v anif otpatnyx ‘EE’ twv Hartline et al., BeAtidvovtag xata AMyo tov Aéyo npocéyyiong
Tou TpoPifuatoc. H xOpia ouvelogopd éyxertar oty oyediaoy otpatnyxady ‘EE’ Bacilouevor
oe Hupopiopeveg Metddoug Xahdpworne Axéponwy Ipoypauudtwy xar 1 oxdhouldr onpovtixy
Behtiwon mou emtuyydveTor otov AéYyo mpocéyyiong Tng Pértiotng Abong. Téhog, mpotetvoupe
wa otxoyévewa otpatnyey Tomuic Avalhtnong yio Ty Pektinon wog onotadrnote Abong xa-
Vo xou Evprotinée Medddoug Baoilpéveg ot Idodiaviopata yioo Ty ouoyétion tng Véong evig
aTOUoU 670 BixTUo Xou TNV Tty Tou Yo ToU TPOTPEPOUUE.

AgZeic KAz1d1d

Yrpatnyés ‘Empporc-Expetdiievons’, Meyiotonoinon Empponc, Meyiotonoinon Ecédwy, Ilpoo-
eyytotixol Ahyopriuol, Eunopevpatoninon Kowwvixwy Awxtiov, Ostixd






Abstract

The importance of online social networks in advertising and market research is by now in-
dubitable. Social networks provide detailed and broad information for millions of users and
companies have been using this information to increase market penetration of their products.
Social network companies use the revenue exerted by advertisements to sustain the costs in-
volved in maintaining their servers and quality of service, as well as to provide the basis of a
sustainable business model. However, there is a large discrepancy between the perceived value
of Social Networks and the actual revenue they generate. The widespread belief is that much
of the potential of Social Networks remains unexploited. This premise has spurred a large
amount of research in the direction of mon- etizing Social Networks.

In this thesis, we are concerned with utilizing the information about the structure and
strength of social ties in order to achieve certain objectives. We review previous approaches and
focus on two important and closely related problems, that of Influence Maximization[Kempe,
Kleinberg, Tardos’03] and Revenue Maximization|[Hartline, Mirrokni, Sundararajan, ’08]. The
Influence Maximization Problem considers situations where a binary decision is made about
adopting or not an innovation(product,technology,behaviour) and seeks for the best seed of
initial adopters that achieve overall maximum spread by interacting with their social contacts.
On the other hand, the Revenue Maximization Problem aims at exploiting positive network
effects between buyers about the value of a product to devise a marketing strategy that
maximizes the revenue. We focus an a class of strategies called Influence and Exploit, where
a set of individuals is treated preferentially(free product, monetary incentives) in order to
“seed” the network(Influence) and then the remaining individuals are exploited(full price, no
incentives) to achieve the objective(higher revenue, wider adoption).

The technical contribution of this thesis concerns the Revenue Maximization Problem
under the Uniform Additive Model[Hartline et al.’08]. We initially prove that the problem
remains NP-Hard even for the undirected case via a reduction from Monotone One-in-Three
SAT. Then, we embark a systematic study of the algorithmic properties of Influence and Ex-
ploit strategies. We prove that finding the Optimal Influence and Exploit strategy is NP-Hard
and provide lower bounds on the ratio between the revenue extracted from an optimal IE
strategy and the optimal revenue in general. Furthermore, we slightly extend and optimize
the simple IE strategies proposed by Hartline et. al obtaining a first improvement of the ap-
proximation ratio of the problem. Our main technical contribution lies in developing powerful
Semidefinite Programming Relaxations for designing IE strategies and the corresponding sig-
nificant improvement on the approximation ratio for the problem. Finally, we propose a class
of Local Search strategies to improve on an given solution and introduce intelligent heuristics
based on Eigenvector Centrality correlating explicitly network position and the price to be
offered to each buyer.

Keywords

Influence and Exploit, Influence Maximization, Revenue Maximization, Approximation Algo-
rithms, Social Network Monetization, Positive Network Externalities
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Chapter 1

Introduction

This thesis is part of the greater endeavour of Computer Science to understand social phe-
nomena and processes. We first present arguments on why are social phenomena important
and what are the benefits from strengthening our understanding of them. Then we describe
the unique position that Computer science finds itself today in this endeavour.

The Greek Philosopher Aristotle [7] believed that the true purpose of
man is the attainment of one’s eudaimonia. He defined eudaimonia as the
cultivation of virtue and the realization of one’s true potential. He argued
that “man is a social being” and an essential condition towards that goal
is friendship. Actually, we argue not only that man is by nature a social
being but something stronger; it is exactly the social nature of man that is
responsible, at large, for man as we perceive him today. The organization
of humans in groups and societies has facilitated, enabled and inspired
the greater achievements of our civilization: division of labour, language,
reason, science; in one word progress.

Already from the early years of human presence on earth, people have formed groups.
Initially, the basic unit would be a small “pack”, where there would be a coarse grain division of
people in working groups depending on gender and age. Gradually, starting with the invention
of agriculture[43], people formed larger communities and a form of hierarchic authority began
to emerge. Nowadays, the social and political organization has a self-similar, almost fractal,
hierarchical organization. Viewing the social structure as networks, we began with small,
almost disjoint, tightly knit networks. These networks merged under a common authority
and formed larger networks with power flowing in star network topology. This process was
repeated at many layers and has given rise to the complex socio-political structure that we
see today.

Unsurprisingly, the evolution of human civilization is closely related with the evolution of
social organization. The increasing complexity of social organization has brought three main
classes of evolutionary advantages concerning: performance, diffusion, robustness. Commu-
nities increased their survivability and standards of living by assigning roles to its members,
according to their own special characteristics and talents(strength, dexterity, intelligence, up-
bringing capabilities). This way individual members or families did not need to be autonomous
and by depending on others increased their performance at fulfilling their individual duties.
Another important factor for the survival and progress of a community is in what scale and
how fast individual knowledge about the world becomes available to other members. This
knowledge could be about potential hazards (fire, war, etc.), opportunities or even technology
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Figure 1.1: The historical evolution of social networks.(a)Prehistoric Family(Prehistoric Man Hunting Bears,
Emmanuel Bener, Musee d’Unterlinden, Colmar, France).(b)Indian tribe council.(c)State and County organi-
zation of US.

and ideas. Naturally, communities where this diffusion is more efficient would be more fit to
respond to changes of the environment. Finally, one critical characteristic for the survival of
both a living organism and a society is the robustness under random or even targeted failures.
Imagine that for some reason(e.g. battle, illness) the top authority of a community passed
away; if there weren’t people fit to replace him or to respond appropriately until the new leader
is selected, the community would be vulnerable either to hostile communities or to internal
strife. The same reasoning applies for other key people in a community, such as a doctor,
a maid or a strong warrior. In a way natural selection has been optimizing the structure of
social organization weighing appropriately all three factors.

One great thing about the human species is that it can circumvent the slow painstaking
process of natural selection via scientific research. Traditionally, sciences such as sociology,
anthropology and management science have acknowledged the important role that social phe-
nomena play and have proceeded with comprehensive studies aiming at unravelling the impact
of social interaction in a variety of settings[101, 115, 63, 124]. Therefore, these sciences have
accelerated developments concerning social organization as their research has been taken into
account in the decision-making process of governments, organizations and companies. How-
ever recent technological advances and globalization have brought about a need for a new
approach.

Today social interactions have been revolutionized by the explosion in Transportation,
Telecommunications and Information Technology. The phone, cell phone and above all the In-
ternet have changed forever the way people interact. Social interaction has crossed the spatial
and national boundaries and nowadays people communicate with each other across countries,
continents and cultures. Therefore, old scientific methods of studying social phenomena using
questionnaires and searching public files are almost obsolete. Nevertheless, there is a new
weapon in our arsenal; the Internet.

The internet is a place where ideas, data and products are being exchanged. Besides its
profound value for the scientific community, the Internet has also great impact on the economy.
The rise of corporate giants as Google and Facebook are indicative of its potential. Moreover,
the value of e-commerce and online retailing in U.S. alone is estimated to be up to 200 billion
dollars (Forrester Research 2011). Perhaps, what is more interesting about the Internet is the
fact that we have for the first time a clear account of the transactions taking place, as most
information is recorded and theoretically could become available for study and analysis.

An important recent artifact of the Internet is the appearance of Social Networks. Social
Networks are web-sites or applications where users subscribe and interact with other users.
They can share photos, music, video, opinions, easily chat or even have multi-person conver-
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facebook

Figure 1.2: The increasing complexity of modern social networks.(a) World Map and Friendship network
of Facebook. (Visualizing Facebook Friends, Paul Butler).(b) The Political Blogosphere and the 2004 U.S.
Election, Lada Adamic, Natalie Glance

sations. Social Networks have great value for the economy and society as, primarily, they
cover the basic need for communication and sharing. They facilitate the diffusion of ideas,
news, products etc. and, crucially for science, they record the social interactions taking place
between members. For the first time we can actually peer into the actual network of friendship
simultaneously for thousands or million of people, fact that sociologists could not even dream
of. The sheer size and amount of data that have become combined with digitized informa-
tion have provided the impetus for Computer Science to get involved with the study of social
networks.

1.1 Diffusion of Innovations

A key question in Sociology and Economics is why some ideas, norms or products spread and
become widely accepted, whereas others die out. Is it only a fact of their intrinsic value and
appeal or are there other latent phenomena involved? The first systematic study towards
this direction was carried out by Everret Rogers [115] who unified previous approaches into a
concrete theory, coined with the term Diffusion of Innovations.

Diffusion of Innovations is a theory seeking to explain how, why and at which rate do
ideas, technology and products spread through societies. Rogers identifies four main elements
that influence the spread: the innovation itself, the communication channel, i.e. the medium
through which messages and information about the innovation spread, time, since the decisions
made by individuals have a strong temporal dependence, and, finally, the social system which
consists of all the interested parties(individuals) involved in the decision process.

The mechanism of diffusion is thought to occur through a five-step decision process, which
is mediated by a series of communication channels over a period of time among members of
the social system. The first stage is knowledge, where the individual is initially exposed to the
innovation but has incomplete information about it. Then follows persuasion, a stage during
which the individual is interested in the innovation and actively seeks more information. The
next stage is decision. At this stage the individual weighs the relative benefits and costs of
adopting the innovation and makes a decision. If the individual decides to adopt the innovation
he proceeds to a stage called implementation, where he employs the innovation to a varying
degree and may seek further information about it. The last stage is confirmation upon which
the adoption of innovation is finalized after the first trial period has produced positive results
and the innovation is used to its fullest potential.

Rogers continues his investigation and defines several intrinsic characteristics of innova-
tions. The relative advantage of an innovation with respect to the previous generation, the
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complezity and trialability of the innovation, that is how steep is the “learning curve” asso-
ciated with a given innovation, the level of compatibility with the individuals life, i.e. how
easy is to integrate the innovation to one’s life and the observability, which is the extent
that an innovation is visible to others and is implicitly communicated. These all are factors
that depending on the situation can have an important impact on the adoption or not of an
innovation.

It has been empirically shown that the adoption of an innovation follows an S-curve when
plotted over a length of time. In order to provide further insight into the diffusion process,
Rogers also makes a classification of individuals within a social system into categories based
on the degree of innovativeness. As an attempt to construct a “derivative” of the adoption
curve, he considers that individuals are normally distributed with respect to the time they
decide to adopt the innovation. He suggests five categories of adopters: innovators, early
adopters, early majority, late majority and laggards. Innovators are the first individuals to
adopt an innovation. They are usually young, risk-taking individuals of high social status and
strong financial grounding with closest contact to scientific resources. Farly adopters are the
second fastest people to adopt an innovation. They usually have the highest degree of opinion
leadership and are of the highest social class and command more financial resources. The early
majority adopt an innovation after a varying length of time and have above average social
status and contact with early adopters, which act as opinion leaders. The late majority will
adopt the innovation after the average member of the society. They approach the innovation
with a high degree of scepticism. They usually have bellow average social status and very little
financial lucidity. The last people to adopt an innovation are the laggards. These people are
change-averse and tend to be advanced in age. They are usually focused on traditions and are
likely to have the lowest social status. So this categorization attempts to explain the logistic
growth of the adoption process as a consequence of the wide distribution of the innovativeness
characteristic within a population.

Despite the aggregate nature of the Diffusion of Innovations theory, Rogers acknowledges
the existence of highly influential individuals in a social system and the impact that they can
have on the final outcome of the adoption process. Relying on ideas of Katz and the notion
of Centrality he develops his ideas about the role of Opinion Leadership. Moreover, he also
raises the issue of the impact of the social structure in the diffusion process observing that
homophily can hinder or amplify the spread of an innovation. Homophily is the tendency of
people to socialize with other people that are similar in attributes such as age, nationality,
occupation, social status etc. Homophilous individuals communicate more effectively and
therefore their contact will lead to greater knowledge gain. However, homophily can be also
an obstacle to the communication process since homophilous individuals tend to have the
share information and new ideas are hard to be introduced. Therefore, an ideal situation
would be for two individuals to be homophilous in every way, except the knowledge about
the innovation. These early concerns already start to elucidate the importance of network
topology in the diffusion of innovations through networks.

Another attempt to mathematically model the diffusion of innovations on an aggregate level
was made by Bass[11]. He assumes that the population is entirely homogeneous, i.e. everyone is
equally likely to interact-communicate with anyone else. In making their decisions, individuals
are influenced by two sources. The first source is mass marketing such us advertising and
the second is “word or mouth” effects between individuals who have already adopted the
innovation. The Bass model traces the probability R(t) that a random individual has adopted
the innovation up to time ¢ and because of the homogeneity of the population this corresponds
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to the ratio of the population that have adopted the innovation. Now for each ¢, a random
individual has probability 1 — R(t) of not having adopted the innovation. This individual
is convinced in the next time frame ¢ + dt from mass marketing with probability p. If that
fails he has a probability (1 — p)g to adopt the innovation if he meets another individual who
already adopted the innovation which happens with probability R(¢). Putting all the pieces
together we get that the differential equation describing the ratio of buyers that have adopted
the product prior to time ¢ is:

dR(t)

—g = A-RO))p+ (1 -p)-q- R

Mathematically this is a Riccati equation with constant coefficients and can be solved for
various parameters p,q. The model is widely used in product and technology forecasting and
has been generalized to include other aspects as well[127]. The main assumption this model
makes is that the probability of purchase is linearly related to the number of previous buyers,
which in turn implies exponential growth of initial purchases and then exponential decay;
behaviour which is typical of sigmoid curves.

1.2 Threshold Phenomena

In trying to explain collective behaviour, social sciences operated on the premise that when
we observe a collective outcome we can infer that these individuals ended up sharing the
same belief about the situation, even if they did not in the beginning. Granovveter [62] based
on Schelling’s Model for residential segregation [123] proposed models of collective behaviour
that showed with the brightest colours how individual variations of norms can have an adverse
effect on the final outcome.

His model treats situations were binary decisions are made(diffusion of innovations, riots,
voting etc.) and the cost/benefit from either decision depends on how many individuals have
followed each action. Individuals are assumed to be rational and make the decision that serves
their interests best. In the simplest case of the model, each individual 7 chooses a threshold ¢;
and becomes becomes “active” only if ¢; more individuals have already decided to be active as
well. Consider for instance a peacefull protest that can potentially escalate into a riot. Assume
there are 100 individuals and each individual chooses to participate in the riot if a certain
number of people already participate. Assume that their thresholds are t; =0, ..., t100 = 99.
In this case all individuals will eventually be engaged in the riot. Whereas a very similar
distribution of thresholds and thus beliefs where only t2 would be 2 instead of 1, would result
in only one single “demented” individual’s violent acting. This example illustrates that it is
fallacious to infer individual norms from collective behaviour and that aggregating individual
beliefs can result in varying outcomes depending both on the distribution of beliefs as well as
to the way they are communicated between individuals.

Already it is eminent that explaining and predicting collective behaviour is a complex
problem. We started from aggregate models and theories which are exemplified by the Dif-
fusion of Innovations theory of Rogers, and continued to models where individual behaviour
is taken into account through uniform interactions. However, when considering the threshold
models one can immediately sense that there is another latent factor that impacts greatly on
the final outcome; network structure or the configuration of “social visibility”. Morris[104]
studied a setting where all individuals have the same threshold but they can only perceive the
actions and beliefs of specific other individuals. He considers a local interaction game where
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Figure 1.3: T.Schelling’s model of Residential Seggregation. The residents deside to move when the number
of neighbours of the same color drops below a threshold. This model shows that residential segreggation needs
nots be a result of racism rather than a slight preference to be around with people of the same race. The three
figures are the steady state of the model for different values of the threshold(50%,60%,72%)

each individual selects to follow one of two actions and receives a pay-off that depends on the
fraction of his neighbours that follow each action. Particularly, every individual is modelled
by a node and individuals that influence each other are connected by edges, i.e. they are
“neighbours” in the social graph. The local interaction game is parametrized by a threshold
0 < g < 1, according to which an individual switches to a behaviour when at least a g-fraction
of his neighbours follow that action. Morris studied graphs with countably infinite nodes and
seeks to find the contagion threshold of the graph, that is the smallest ¢ such that a behaviour
that is followed by some finite population can spread to the entire population. He provided
contagion thresholds for various infinite lattices and studied further properties of such local
interaction games. One important aspect that stemmed from his research is the impact of
tightly knit communities, which can impede the spreading process.

1.3 Externalities

An important area of study in Economics is the issue of externalities. Externalities capture
the idea that there are involuntary third party cost or benefits involved from a voluntary
transaction or action between two parties. Classical examples are pollution, waste management
or network externalities where the valuation of a product or technology depends on how widely
used it is[74, 75]. There are three classical solutions to the problem of externalities aiming to
improve decision making[128]:

e Coase Negotiation, where agents negotiate their way to an efficient outcome since the
exploitation oft externalities provide sufficient economic incentive.

e Setting up a competitive market for the externality, for instance the right to pollute,
where it is assumed that the market dynamics lead to an efficient outcome.

e Imposing a Pigovian Tax, where the externalities are imposed on the agents by a regu-
lator through taxations(negative externalities) or economic subsidies(positive externali-
ties).

The past years there is large amount of research in Computer Science unravelling the impact
of externalities in a variety of settings. We briefly provide some indicative examples.
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Combinatorial Auctions One of the main questions lying in the intersection of computer
science and economics, is how to allocate a set of resources in order to maximize an objec-
tive(social welfare, revenue, etc.). Selling single items(resources) is done relatively easily, but
how about selling multiple items where there substitutabilities and complementarities between
items? This issue is handled in the study of Combinatorial Auctions, where there are com-
plex(combinatorial) dependencies between items(for reviews see[37, 109]). The situation can
become even more complex if we consider that bidders not only care about which combination
of items they are allocated but also about which items other bidders get, namely the issue of
externalities. Krysta et al.[86] first considered externalities for Combinatorial Auctions. They
developed a bidding language, to succintly represent bidders valuations and study algorithmic
propoerties of the winner determination problem and the complexity of characterizing bidders
valuations. Conitzer, Sandholm[33, 34] and Lu[100] study settings with externalities, where an
agent controls one or more variables and how these variables are set affects not only the agent
herself, but also potentially the other agents. Furthermore, there are many studies considering
the impact of negative externalities[23, 15, 35, 40, ?].

Congestion Games Blumrosen and Dobzinski[18] consider Congestion games, where there
is a set of resources and players select a subset of them acting selfishly, under various models
of externalities(positive,negative), that is different cost models for sharing a resources. They
provide algorithmic relations with Combinatorial Auctions allowing to translate techniques
and intuition from that field to centralized Congestion Games. The authors design constant
approximation algorithms for Welfare Maximization and provide hardness results under both
positive and negative externalities. Furthermore, they construct an O(y/n)-approximation
mechanism and show how to compute “Order-Preserving” equilibria in polynomial time. They
also show that for non-anonymous(player specific externalities) congestion games only trivial
approximations can be guaranteed. Fotakis et al.[47] study externalities in Congestion Games
from the perspective of incomplete information, that is individual’s valuation only depend on
the strategy of other neighbouring buyers in the social graph. They show that such games
admit a potential function and therefore have a Pure Nash Equilibrium(PNE). They provide
results that explicitly quantify the Price of Anarchy(PoA) and Price of Stability(PoS) in terms
of the independence number of the graph. Finally, they study the time needed for e-Nash
dynamics to reach an approximate equilibrium.

Sponsored Search Auctions The main source of revenue for web services companies(search
engines, social networks) is online advertising. In the past, advertising was conducted through
static banners on websites renting their space for a limited amount of time. The last decade
a new method of advertising has prevailed, that of Sponsored Search Auctions. Web search
engines monetize their service by auctioning off advertising space next to their search results.
That is, there are a limited amount of slots available for advertisements next to each search
result and the advertisers make bids to occupy them. This subject has received extensive at-
tention in the computer science community(for reviews see [109, 133]), however the issue of ex-
ternalities has been considered only recently. Externalities were first considered by Ghosh and
Mahdian[?] after there were experimental evidence for the hypothesis that the click-through
rate of ads depend on surrounding ads by Joachims et al.[72]. Various models of externalities
and the corresponding problem of winner determination have been studied since[77, 1, 48] as
well as properties of Nash Equilibria for GSP mechanisms used in practice[53, 41, 57, 48].
Furthermore, the value of learning and price of truthfulness in such mechanisms has also been
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investigated[42, 97].

1.4 Summary and Organization

In this thesis we focus on social interaction rather than economic or market dynamics. The
central question is now that we have explicit knowledge for the social network: How can we
utilize the knowledge of the social graph?. We are interesting in either specifying the impact
of the social structure on social processes or how to devise mechanisms that facilitate desired
events and outcomes.

We review previous approaches and focus on two important and closely related prob-
lems, that of Influence Maximization[Kempe, Kleinberg, Tardos’03] and Revenue Maximiza-
tion[Hartline, Mirrokni, Sundararajan, '08]. The Influence Maximization Problem considers
situations where a binary decision is made about adopting or not an innovation(product, tech-
nology, behaviour) and seeks for the best seed of initial adopters that achieve overall maximum
spread by interacting with their social contacts. On the other hand, the Revenue Maximiza-
tion Problem aims at exploiting positive network effects between buyers about the value of a
product to devise a marketing strategy that maximizes the revenue. We focus an a class of
strategies called Influence and Exploit, where a set of individuals is treated preferentially(free
product, monetary incentives) in order to “seed” the network(Influence) and then the remain-
ing individuals are exploited(full price, no incentives) to achieve the objective(higher revenue,
wider adoption).

In what follows we summarize previous work done in the above problems and then we
present our own original results[134]. Chapter 2 concerns the problem of Influence Maximiza-
tion, where we briefly present the key results. In chapter 3, we summarize previous approaches
to the problem of Revenue Maximization and emphasize the work of Hartline et.al[66] upon
which we have based our research. In Chapter 4, we provide insights and hardness results
about the model considered by Hartline et.al and then proceed in Chapter 5 where we de-
sign approximation strategies improving previous work. We accomplish that by using and
extending two approaches; randomly partitioning vertices into pricing classes, inspired from
Hartline et.al, and randomized rounding of a semidefinite program, as pioneered by Goemans
and Williamson. In Chapters 6 , we provide Local Search strategies, to improve a solution,
and intelligent Heuristics correlating the right price to be offered to a buyer with his network
position. Finally, in Chapter 7 we discuss the validity of the model as well as other issues.



Chapter 2

Influence Maximization

The study of social processes by which ideas and innovations diffuse through social networks
has been ongoing for half a century and as a result a fair understanding of such processes
has been achieved. Modern models about social influence have been augmented with various
features allowing for arbitrary network structure, non-uniform interactions, probabilistic events
and other aspects. Therefore, scientists have now turned to the next frontier which consists of
two complementary directions: obtaining accurate estimates of the parameters involved(graph,
weights, probabilities) and utilizing the knowledge available to guide those processes in order
to meet certain objectives(e.g. wider diffusion, greater profits). In this chapter we will focus
solely on the latter direction.

Traditionally, advertising would be conducted through a channel and individuals, with
access to that channel, would be influenced at the time frames that the message is being
transmitted . However, recent studies have shown that traditional channels are loosing their
reach[90] and that custom-tailored messages are much more effective than traditional mass
marketing. Moreover, many times personal recommendations from family, friends and co-
workers have greater impact than any third party messages. Hence, the idea is instead of
selecting or creating a channel upon which to transmit a message, to use the very social
network of personal acquaintances as the medium. This approach presents the advantage of
reduced costs, higher efficacy and almost universal reach. It is known with the popular term
of Viral Marketing, since the message spreads like a virus between individuals that come into
contact. The recent success of the Hotmail email service, which on a tiny budget of 50.000
reached 12 million users in 18 months only due to a promotional url at the end of the message,
is indicative of the potential of Viral Marketing methods. Nevertheless, many companies have
tried since to repeat the success and invest heavily on obtaining a customer basis only to see
their product never actually to start off. Why is it that?

The success of viral marketing strategies depends heavily on our ability to appropriately
“seed” the network with an initial number of followers which will convey our message. Domin-
gos and Richardson[44] modelled the underlying interactions between buyers in the stochastic
framework of Random Markov Fields and posed the fundamental algorithmic question: If we
knew the network of personal relationships how can we select an initial number of individuals
to influence so that after the cascading process terminates the number of affected individuals
is maximal? They provide heuristics that select individuals with a large effect on the network,
develop techniques to extract the necessary influence data and conduct some experiments.

Kempe, Kleinberg and Tardos in their seminal paper Maximizing the Spread of Influence
through a Social Network[76] formalized the question posed by Domingos and Richardson in
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Figure 2.1: Some examples of threshold phenomena, where there is a binary decision to be
made and actors influence each other.(a) Elections.(b)Rioting.

algorithmic terms as a discrete optimization problem, under the name of Infleunce Maximiza-
tion. They consider a simple context where all individuals are initially inactive(not willing to
buy our product, vote for our candidate or adopt our innovation). Then we select a limited
number k of individuals to influence(e.g. monetary incentives, individualized marketing, free
samples) so that they become active. They assume that individuals influence each other and
that active individuals may “infect” other individuals to become active as well, according to
a stochastic model of interaction.

The problem, therefore, is given a social network, i.e. a set of nodes(individuals) and the
edges(interactions) between them, to select the optimal “seed” of individuals to influence so
that after the activation process terminates the number of active nodes is maximal for a seed
of size k. KKT studied the most widely used influence models from sociology and interacting
particle systems and showed the problem to be NP-Hard even for the simplest model. They
then prove some crucial properties about these models and based on them utilize a result of
Nembhauser et.al[107] to provide a greedy 0.63 approximation algorithm for a general class of
models. They also conducted experiments showing that their algorithm outperforms heuristics
based on centrality eigenvector methods from social network analysis.

2.1 Influence Models

We first describe the two basic influence models, namely the Independent Cascade Model and
the Linear Threshold Model. We further provide some properties of these models and use
them to derive results for the problem of Influence Maximization.

2.1.1 Independent Cascade Model(IC)

The ICM was introduced by Goldenberg et.al[56] to model the dynamics of viral marketing and
is inspired from the field of interacting particle systems[99, 16]. In this model, we start with
an initial set Ay of active individuals, each active individual has a single chance to activate
each non active neighbour of his. However, the process of activation is deemed stochastic and
succeeds(fails) with constant probability g(respectively 1 — g) independently for each attempt.
Therefore, from an initial population of active individuals the activation process spreads in a
cascading manner as newly activated individuals may activate new nodes that either previous
attempts failed to activate or were not before accessible.
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There is an elegant interpretation of the ICM, in terms of the
reachability of nodes via paths from the initial active set Ag. We
can picture the process of a node u activating one of his neighbours
v with probability p, ., as flipping a biased coin and if it succeeds
declare the edge live, otherwise declare it blocked. Moreover, we
can w.l.o.g. consider that all the coins are tossed before the process
begins. Therefore, from the initial graph G(V, E), we get a graph
G(V, Ejiye) where we keep only live edges. Now, in this setting
all nodes that are reachable via a live path from the initial set Ag
would become active when the cascade process quiesced. This view is very helpful and will be
used to prove a crucial property about our model. The model is also equivalent to the bond
percolation[19] setting studied in probability and physics.

There are many generalization of the ICM. As a first step we can allow for the activation
probabilities of individuals to be different between different pairs of nodes. Specifically, each
active node u has a fixed probability p, , to activate a non-active neighbour v. However, we still
consider that the outcomes of each attempt are independent. The most general setting would
be to allow the influence probabilities p,, , to depend on the subset S of v’s neighbours that have
already tried and failed. This fact would be encoded in a function p,(u, S) € [0, 1] where {u}, S
are disjoint sets of neighbours of v. This model can result in different outcomes depending on
the order of activations, so either we must define a specific order in which neighbours try to
activate v or, even better, consider only functions p, that are order independent. The class
of functions that satisfy those constraints are those that for every set S that have tried and
failed, for every set X C S, p,(u, X) depends only on the cardinality of X, i.e. the subset of S
defines an incremental function on S. This model is called the General Cascade Model(GCM).

2.1.2 Linear Threshold Model(LTM)

The LTM stems from the early work of Schelling[123] and Granovetter[62]. It was used in a
context of explaining collective behaviour on a non-normative basis; as a dynamic process of
opinion formation. In this model, a node v is influenced by each active neighbour u according
to a weight w,, ,, such that Y w,, < 1. We consider that every node is associated with
a node specific threshold, i.e. amount of “influence” that is needed for him to change his
mind. For this particular model the threshold is picked uniformly at random from the [0, 1]
interval and represents the weighted fraction of the node’s neighbours that are needed for him
to become active.

The process unfolds as follows. A set of initial nodes A exerts some amount of influence to
their neighbours. If the total influence that a node perceives is greater than the node specific
threshold, then that node becomes active and in turn influences other nodes. The process
continues until no other node is activated. The process proceeds in discrete steps: at each
time step ¢, all nodes A;_; that were active in step ¢t — 1 remain active, and all nodes in V'\ A;_;
that the total influence they perceive exceeds their individual thresholds become active:

Ap=A 1 U{v: > wue >0} (2.1)

u€Ai_1, u~v

The number of steps T" until the process settles is the first time that A, = A;_1: T = inf{t:
A; = A;—1}. Obviously this means that 7' < |V/| for both processes.

Again there are many ways to generalize this model to incorporate diverse effects. One
could argue that in that direction we must both allow for more general threshold functions
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fu(S), instead of simple linear functions, and more general distributions F;, according to which
the node specific thresholds are being selected, instead of the uniform distribution. It is easy
to see that only the first requirement is needed, since any extra information provided by the
threshold distribution can be incorporated in a more complex influence function f. The most
general version of the model is the General Threshold Model. In this model we associate with
each node v a monotone threshold function f,(S) that maps every subset of v’s neighbours to
a number in [0, 1] with the condition that f,(#) = 0. The process proceeds in the same way
as the LTM with the only exception that nodes are activated when f,(S) > 60,. The LTM is
a special case for f,(S) = ZUES, w v Wuv, With parameters wy, ,, such that >, wy, < 1.

2.1.3 Model Equivalence

A natural question to ask, is how nuanced is the outcome of the process depending on which
model we choose? Is the cascade or the threshold view more pertinent? Intuitively, both
models cannot be substantially different. Take for instance the LTM, this model just asserts
that if the influence that is exerted on a certain node exceeds a certain level, the node becomes
active. On the other hand, in the ICM a single node has the chance to activate one of his
neighbours. However, this happens with a probability proportional to the influence he has
on that particular node and these influences are “added” in a probabilistic sense for different
attempts. It turns out that both the ICM and LTM produce the same distribution over
outcomes and are in that respect equivalent.

To prove the above statement we will proceed by proving equivalence under the live edge
path viewpoint. We will accomplish that by induction. Consider that at time step ¢ the set
of active nodes is A;. If a node v has not become active by the end of step ¢, then that
means that the total influence perceived by that node is smaller than the chosen threshold,
ie.: Zue 4, Wup < 0,. But since 0, is distributed uniformly in [0, 1] then conditional on node
v being inactive after step ¢, theta, is distributed uniformly in (3_,c 4, Wu, 1], Therefore,
the probability that a node becomes active in step ¢ + 1 is:

ZuGAtH Wu, — ZUEAt Wu,w ZUGAH—I\At Wu,v
P['U S At+1] = = (22)

1- ZUGAt Wy, v I ZueAt Way,v
To provide the connection with the live edge path view, we must decide on which edges are
live and which edges are not. Actually, since the reachability relation is transitive relation it
suffices to decide on whether a node is reachable by the active set A; and not on the specific
edges. Thus, at each time point ¢ starting from ¢t = 0 we decide for all the nodes that are
adjacent to the set A; whether their live edge comes from this set or not. So, a node v becomes
reachable at time ¢ with probability given by (2.2). By induction on the number of steps the

set of active(reachable) nodes for the two models are equivalent.

The same reasoning can be applied to prove that the equivalence hold for the GTM and
GCM as well. The only difference is in the way we convert between the probabilities p,(u, S)
and the threshold functions f,(S). To convert between from the LTM to the ICM we must
define a probability that a node u activates a neighbour v given that nodes in S have tried
and failed. Again, if nodes in S have tried and failed then that means that 6, belongs in
(fv(S), 1].The probability that u activates v under these circumstances is :

_ fo(SU{s}) — fu(S5)
1- fv(s)

!This is due to the fact that the uniform distribution is self-similar at every (union) of sub-intervals.

pu(u, ) (2.3)
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Applying the same reasoning as before, it is easy to see that the cascade process is equivalent
to the threshold process.

Towards the other direction, consider a node v and a set of active neighbours S =
{u1,...,ux}. The probability that a node is not activated is the joint probability that all
neighbours independently tried and failed to activate v: Hle (1—py(u;, S)). Because, we only
consider function p, that are order independent, we can define the corresponding threshold
function f, depending only on set S:

k

fv(S) =1- H(l _pv(uias)) (2'4)

=1

It is straightforward to show equivalence of the threshold process under these functionss to
the original cascade process.

2.2 Submodularity

The crucial property that all our models satisfy is that of submodularity. We will see how this
property can be translated into constant approximation algorithms for our problem of finding
the best initial set A. Formally, a set function, i.e. function that takes as input subsets S of
universal set U, is called submodular when:

fSU{v}) = f(8) = f(TU{v}) = f(T) (2.5)

for all v € U and all pairs of sets S C T'. Intuitively, submodularity is the set-function analog of
concavity. Specifically, a function is called submodular if it satisfies the “diminishing returns”
property: the marginal gain by adding an element to a set S it is at least as the marginal gain
by adding an element to the superset T'. In other words, the higher the ground value is, the
smaller is the marginal gain of adding one element.

The function that we are interested in is the total influence function o(A), that is the
expected number of active nodes after the process terminates with an active initial set A. The
expectation is taken with respect to the randomness of the model. In the live edge path view,
this can be conveniently captured by specifying the set X of live edges. Therefore, the total
influence function in the case of the ICM is:

o(A) =) PIX]-ox(A) (2.6)
X

We have managed to write the total influence function as a convex sum of influence functions
where the outcome of the random coin tosses is fixed. So, if we can show submodularity of
ox for all X, then it is a straightforward exercise to show submodularity of ¢. To that end,
we define R(u, X) the set of all nodes reachable from u via a live edge path and since X is
known when we are considering ox, R(u, X) is a deterministic quantity. The outcome specific
function ox(A) can now be expressed as the cardinality of the set J,c 4 R(u, X). To prove
submodularity of ox consider two sets S C T and the quantity A(S) = ox (S U{v}) —ox(:),
which is the number of elements in R(v, X) that are not in the union (J,c 4 R(u, X). Since
R(v, X) is the same irrespectively of S or T" and ox is monotone, then it follows that A(S) >
A(T), which is the defining inequality of submodularity. Thus, we have proven submodularity
of the total influence function for the models that are equivalent in the live edge path viewpoint,
which besides the ICM and the LTM includes some other generalizations as well, such as the
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Triggering Model and Decreasing Cascade Model introduced in [76]. However, this method
of proving submodularity breaks down when we consider the most general models GTM and
GCM.

Results towards the latter direction were obtained in 2007 by Mossel and Roch[105], who
proved the following conjecture of KKT[76].

Conjecture 1 (KKT). Consider the General Threshold Model, whenever the threshold func-
tions at every node are monotone and submodular, the resulting influence function o(-) is
monotone and submodular as well

This result is interesting in the sense that it shows that monotonicity and submodularity
properties are closed under diffusion processes; that local monotonicity and submodularity is
sufficient to induce these properties on a global aggregate level. Their proof uses carefully
crafted coupling arguments for the stochastic process. We will only sketch the main ideas
behind the proof. Initially, we require a different, but equivalent, definition of submodularity:

Definition 1. The set-function f : 2V — R is submodular if for all S,T C V:
fS)+ (1) = f(SNT) + f(SUT) (2.7)

In our case the total influence function o plays the role of f and two arbitrary initially
active sets A, B play the role of S,T. Let A,_1, B,_1 denote the set of nodes that are active
after the process terminates. It is easy to see that:

O'(A) + U(B) = ‘An—1’ + ’Bn—l‘ = ’An—l N Bn—l’ + ’An—l U Bn—l’ (28)

Note that we would be done if we could say that |A,,—1NB,_1| > 0(ANB) and |A,,—1UB,_1| >
0(AU B). The first condition is trivially satisfied by construction, since o(A N B) is a subset
of both A, _1 and B,,_1. So, the real hurdle is to prove the second condition.

Intuitively, it is not clear at all that this is the case, as growing the two processes A, _1, Bn—1
separately does not give an advantage from a deterministic set-function perspective. Never-
theless, we can foresee a certain probabilistic advantage of considering separate processes.
Imagine that some key node happens to choose a high threshold value and never quite gets to
be activated, thus impeding the diffusion process. If we had both sets initiated in the same
run, the extra potential could be wasted by random fluctuations of the threshold values. On
the other hand, if we run the processes separately then such bad events would be somewhat
ameliorated. This intuition was formalized and exploited by Mossel and Roch[105] in the
following way:

e Instead of considering the sets A, B, A N B, AU B as initial active sets, they choose
another equivalent collection of sets A\ B, B\ A, AN B which if combined produce the
previous sets.

e They considered a process where the initially active nodes are introduced in bundles,
where each bundle is introduced in the network after the process has coalesced for pre-
vious bundles. This was done in order to gain better control over the processes and
distinguish between the effects of introducing different bundles. Specifically, all pro-
cesses Ap—1,Bp—1,(AU B),—1 are grown in the following manner.

1. The intersection bundle (A N B) is introduced.
2. The pure A bundle (A \ B) is introduced(if exists).
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3. The pure B bundle (B \ A) is introduced(if exists).

So, we have that the A,_; process is (1,2,—), the B,_; process is (1,—,3) and the
(AU B),—1 process is (1,2,3).

e In order to exploit the fact that A,_1,B,_1 processes are grown separately we must
somehow stochastically couple the threshold values in a manner so that the union of the
two processes is maximized. This was accomplished by considering that the threshold
values 6, of all vertices that were activated after the o(A) process(bundles 1 and 2) have
the same distribution in the B process(bundles 1 and 3) and that the vertices that were
not activated after the second bundle are distributed like 1 — 6,,, conditional that they
were not activated by the A process(6, € (f,(An-1),1]).

By these methods the authors were able to prove the necessary subset relations and then, by
exploiting the local monotonicity and submodularity properties, inductively prove the desired
inequality that we mentioned in the beginning. Summing up, the proof considered incremental
growth of the processes, in order to use induction and exploit the local properties, and coupling
to exploit the extra freedom of running the processes separately.

2.3 Greedy Approximation Algorithm

In general submodular functions have been extensively studied in the optimization literature
[107, 49, 71, 46, 87, 54, 88, 130, 52, 10] and, thus, their properties are pretty well understood.
Specifically, there is an old result of Nemhuaser et.al[107] that shows that the following greedy
approximation algorithm approximates the optimal within a ratio of (1 —1/e) for submodular
functions that are monotone and take non-negativite values. Therefore, if we prove these
properties about our problem we would obtain a constant approximation algorithm.

Alg. 1 Greedy Approximation Algorithm

Input: G = (V,E), k
Initialize: S = 0.
for k iterations do

1 find w € V'\ S that maximizes o(S U {u}) — o(S).
2 add u to S.
end

Output: Influence set A, with |A| =k

In the previous section, we showed that the influence function o satisfies the submodularity
property. Additionally, the monotonicity and non-negativity properties are trivially satisfied.
However, since o(A) is actually the expected (weighted)number of active nodes by using
an initial seed set A, it is not clear that step I can be performed in polynomial time. If
we were actually to calculate the exact expected value we would need to sum over all the
expected outcomes, which for a graph with m edges would be of the order 2. Therefore,
exact calculation is out of the question. What about approximate calculation? Is it possible
to approximately compute the value o(A) within an error margin? The answer is affirmative.
To see that, observe that a seed set A defines a distribution over |A|, ..., |V| for the number of
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active nodes after the end of the process. Therefore, we might be able to estimate the expected
value o(A), which is a deterministic function of A, by drawing independent samples from the
distribution. Each sample can be extracted in polynomial time(e.g. biased coin flipping for the
edges in case of the ICM), thus the real issue here is how many samples N are enough in order
to get the desired approximation guarantee between the empirical mean 6(A) = Zf\; 1 X; and
the actual expected value o(A). The following theorem clarifies the situation:

Theorem 1. (Chernoff-Hoeffding Bound|[68]) Let X1,..., Xy be independent, identically
distributed random variables with 0 < X; <n and let X =), X;, and p = E[X], then for all
e>0:

2N

PlIX — pl = ep] < 2e =2

Using, this theorem we can show that if we want to have an (1 £ €/2) estimate with
probability at least (1 — n—lg), we must use N > ”6—2 log n samples. This implies that the correct
value of the function o(AU {u}) is estimated in worst case within (1 £ €) accuracy. Therefore,
we have showed that step I actually can be performed in polynomial time with arbitrary
accuracy. What is left to do, is to actually show how the (1 — 1/e) guarantee, results from

subomdularity, non-negativity and monotonicity. The following theorem provides the answer:

Theorem 2. (Nemhuaser, Fisher, Wolsley[107]) if f is a non-negative, monotone and
submodular function, then the greedy algorithm is a (1 — 1/e)-approzimation for the problem
of mazimizing f(S) subject to the constraint that |S| = k.

Proof. The proof of the theorem relies on the fact that submodularity and monotonicity guar-
antee us that when we choose a node to add to the set by maximizing the marginal gain,
all future marginal contributions of other nodes will be at most equal. Let us formalize this
statement. Assume that the greedy algorithm has selected the nodes in S = {vy,...,v;} and
let S; denote the nodes selected up to time 7, that is S; = {v1,...,v;}. The marginal benefit
from the addition of node i is §; = f(.S;) — f(Si—1). Now, assume that O is the optimal solution
with k elements and let ONZ = O U S; be the union of the two sets which has at most k& + 7
elements(when the two sets are disjoint). By monotonicity we trivially have that f(0) < f(O;)
for all i. Note that the algorithm at each step i chooses the nodes with maximal ¢;, therefore
in worst case the algorithm at step ¢ would have selected ¢ nodes that none of them belongs
to the optimal set O. However, the fact that none node from set O was chosen means that
all those nodes had always marginal contribution smaller from d; for ¢ = 1,...,7 and thus
will have contribute to f at most k x §;41 if we add them afterwards. So, we conclude that
f(O) < f(O;) < f(S;) + kbix1. Also, note that since we construct set S; incrementally we
have that: f(Siy1) = f(S;) + di+1. Using the last two relations we get:

1 1

F(Si1) = F(59) + 117(0) ~ F(S)] = (L= F(S) + 1 F(0) (29)

which says that our greedy solution is “diluted” with at least 1/k fraction of the optimal
solution at each step. Thus, we assume that f(S;) > (1 — (1 — 1)%) f(O) and we use induction
to prove it. The case ¢ = 0 is trivial by non-negativity. The induction step unfolds as:

f(Si1) 2 (1= 7) J(8) + 3 - f(O)
> (1- %) (1—(1- %)Z) - f(O) + % - f(O)(by induction hypothesis)
— (1= (7)) f(0)
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which completes the induction. It is an easy exercise to see that (1 — %)Z > % for all ¢ < k.

Thus, we get that our algorithm approximates the optimal within a ratio at least (1 — %) O

2.4 Computational Issues and Heuristics

The Influence Mazximization problem, besides its theoretical appeal, is a practical one. More-
over, modern social networks such as Facebook or Tweeter boast hundred of millions of users.
Therefore, although in theory the greedy approximation algorithm provides the best the-
oretical guarantee from a practical viewpoint it suffers because of extensive running time.
Specifically, we might need roughly O(nk) iterations of step 2 of the greedy algorithm and at
least ’Z—; log(n) samples to estimate the influence functions(in reality each step should require
that much samples, however we can keep the outcome of a live-edge-path instance and use it
to estimate all instances of ¢(.5)), which become prohibitive for large networks. So, we must
work on two fronts: reducing the computational cost of estimating ¢ and also reducing the
number of sets upon which we estimate o. The hope is that we could salvage enough of the
algorithm’s performance inspite relaxing the computational strain.

The major advance towards the latter goal was achieved by Leskovec et al.[94]. The
authors proposed in their paper, among other things, an algorithm called Cost Effective Lazy
Forward Selection(CELF), where they exploit the submodularity property to greatly reduced
the running time of the greedy algorithm. Specifically, when evaluating the marginal gain
o(SU{u}) — a(9), the authors store the information in a priority queue. Their main idea
was that we don’t need to re-evaluate the marginal gains for all vertices in V' \ S, but only
for those that are higher in the queue. When we find the first node that is larger than all the
nodes in the queue(updated or not) we can safely stop updating, as submodularity guarantees
us that even if we updated all the nodes their values would be at most equal but not greater.
The authors experimentally evaluated the performance of the algorithm and showed that it
drastically reduces the running time(up to 700 times).

A first improvement of the CELF algorithm[30] was to use UnionFind structures in order
to calculate the spread of influence for nodes. Specifically, we perform initially R live-edge-
path experiments and for each one via BFS process create UnionFind structures. Therefore,
when we are asked to calculate the influence of a single node is just the cardinality of the
Union(strongly connected component) it belongs to thus we can calculate the values o({v})
while we are performing the experiments in almost linear time. There is also a recent improve-
ment of this algorithm called CELF++[61], where besides the marginal gain §,(S) the algo-
rithm uses the same Monte Carlo simulations to estimate additionally d,,(S U {currentpest}).
Experiments indicate that this algorithm has a almost negligible memory overhead than CELF
but improves running time by 30 — 50 percent.

These algorithms don’t sacrifice the strong (1 —1/e)-approximation guarantee and manage
to improve the scalability of the problem. Nevertheless, they still are unable to handle very
large networks with million of nodes as there is an inherent quadratic term in performing the
Monte Carlo estimations of the influence function o, which cannot be dropped unless we are
ready to forfeit the theoretical approximation guarantees. In that direction, there are many
efforts to approximate the influence function.

Kimura and Saito[80] aiming to overcome the computational burden of evaluating the
influence function proposed two models SP and SP1 that “approximate” in a certain sense
the IC model. The first model considers that a node can be activated from a set A only via
shortest paths, whereas the second model allows nodes to be activated again only by shortest
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paths but additionally only at times d,d + 1 where d is the hop-distance between the node
and the seed set A. The intuition behind this proposal is that along a path between a seed
set and a node, the probability that a node is activated by the seed set is maximal along the
shortest path. Therefore, by only considering those cases we might get a good approximation.
Moreover, we expect that when as the average influence probabilities gets smaller and smaller
this approximation should get better. The authors performed computational experiments
where they also considered the ranking similarity by running the greedy algorithms on these
models and the original IC model. The results showed that indeed the ranking of nodes
provided by these models are comparable to those obtained by the IC model and better
than some heuristics based on degree or eigenvector centrality, especially when the influence
probabilities are small.

Another approach on heuristically obtaining influential nodes was proposed by Chen et
al.[30]. They introduced a heuristic called DegreeDiscount, where the main idea is to incre-
mentally construct the influence set A by adding high degree nodes but making sure to update
the degrees of the reamining nodes by removing the edges that reside in the current seed set S.
When the influence probabilities are small the authors modified this heuristic to approximate
the influence in the IC model. Additionally, they conducted computational experiments which
showed that in many cases this heuristic performs reasonably well and in time that is greatly
smaller(O(klogn + m) compared to O(knNm) of the original greedy algorithm).

Despite the advances, researchers were not satisfied neither with the running time of the
SP model nor with the performance of the DegreeDiscount heuristic and continued to search
for better methods for finding good seed sets. A major advance was made by Chen, Wang and
Wang[29] with the PMIA (Prefix Excluded Maximum Influence Arborescence) algorithm. The
authors took the SP idea of Kimura and Saito one step further. Instead of considering shortest
paths(in the hop-distance sense) they consider mazimum influence paths and to reduce running
time the consider only one unique path between two nodes. Therefore, the computation of
the influence spread is reduced to finding for each node an arborescence(directed rooted tree)
which can be done efficiently by Dijkstra like algorithms. The authors manage to reduce the
calculation of global influence spread in terms of the local influence regions(arborescences) of
nodes and control the size of those regions by a parameter as a trade-off between quality and
speed. The algorithm performed on par or better than the SP1 model and with significantly
improved running time, while it outperformed previous heuristics such as DegreeDiscount and
PageRank. In a related paper[31], Chen,Yang and Zhang apply these ideas in the case of the
Linear Threshold Model as well.

One drawback of the PMIA approach is the extensive memory usage that is associated
with maintaining the local tree structures, which can reach tens of GB’s for large graphs
and slow down the overall running time. Jung,Heo,Chen[73] considered a different approach
integrating the MIA and the PageRank idea for the IC model. They first proposed a method of
estimating the individual influences o({u}) to select the first node, by noting that in trees the
problem has a nice recursive formulation that results in a system of linear equations and then
generalizing this approach in a message passing algorithm that provides an global influence
ranking. Then the authors overcame the problem of the inherent overlap in influence of ranking
methods, by using local tree structures to approximate the marginal influence of individual
nodes given a current seed set. They called their algorithm Influence Ranking and Influence
Estimation(IRIE). Experimental results showed that IRIE performs as good as PMIA while
requiring a small fraction of the memory usage and being up to two orders of magnitude faster.
Another significant advantage is that IRIE’s simple iterative computation can be implemented
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in a parallel graph computation platform, thus promising further speed up and scalability.

Lastly, there is also a recent work of Goyal et al.[60] that considers heuristics for the
LTM model, improving on work of [31]. The author address some limitations of the LDAG
approach, namely the increased memory usage and the hardness of finding a good LDAG.
Using a decomposition of the total influence as a sum of influences of individual nodes in
the graph induced by removing all seed nodes but one, which was first shown in [129], they
reduce global influence computation to local. Particularly, they address the issue of hardness
of finding a good LDAG by considering paths only in a k-neighbourhood and thus improving
influence estimation running time. Moreover, since influence of a node can be expressed via the
influence of it’s neighbours, the authors reduce the total number of influence estimation calls
by considering only nodes in a heuristically computed Vertex Cover of the graph. Finally,
they considered a look-ahead rule in order to evaluate the marginal influences and called
their algorithm Simpath. Experiments conducted in real social network graphs showed that
Simpath significantly improves Ldag’s running time and memory usage while achieving a slight
improvement on the solution quality.

2.5 Further Reading

The Influence Mazimization(IM) problem is of great importance in our contemporary world,
were social networks are ubiquitous and users spend increased amount of their time online.
Companies are, thus, motivated to actually implement and apply the ideas developed over the
years by the IM community. However, there are some caveats in doing so.

First and foremost, the IM setting assumes that we know both the social graph as well
as the influence probabilities, which in reality could not be further from truth. There is a
line of research involved with finding ways to extract graphs and infer influences from online
observations. Saito et al.[121] considered the problem of inferring the influence probabilities
from a set of activation observations D(0), D(1), ..., D(T'), where D(t) denotes the set of nodes
that were activated at time ¢. They used a Maximum Likelihood criterion and solved it using an
Expectation-Maximization(EM) approach. They also extend their methods when considering
also asynchronous time delay episodes[120]. On a related work, Goyal et al.[59] considered
different ways of relating action log(events) and influence probabilities under various models
(static,continuous,discrete). They designed efficient algorithms for learning those parameters
and experimentally evaluated their performance. There is also work of Leskovec and co-
authors that deal with these issues and is similar in nature to the above approaches[106,
117, 58]. An interesting direction is also that of predicting links and probabilities from prior
heterogenous data[69, 79]. Finally, there is also an attempt to design mechanisms were the
planner can extract the influence probabilities from the buyers themselves by considering
appropriate payments of a VCG-mechanism[103] or to extract individual costs associated with
influencing particular individuals[125].

Moreover, the context of IM concerns binary non-progressive decisions. That is, a buyer
can only change his mind once. Reality is much more complex. In real life sometimes multiple
products compete to satisfy particular needs of buyers and sometimes not only positive in-
formation diffuses through a network. Hence, there are efforts to simultaneously incorporate
diverse phenomena in the diffusion process and many extensions of the basic models have been
proposed.

First, KKT[76] managed to reduce the progressive case, were buyers can change their
minds, to the non-progressive classic setting by considering layered graphs. Additionally, the
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authors in the same paper considered more general marketing strategies were there are more
than one actions available and the payoff depends continuously on the amount invested. The
issue of competition and compatibility between two products was discussed in[70, 26, 14, 4, 22]
and most results are in spirit of the original KK'T paper. Also, work of Chen et al.[28] covered
the case whether both negative and positive opinions about a product can propagate through
the network. They proved that the greedy algorithm also works in this setting and showed
that the process is sensitive to the negativity bias(probability of product dissatisfaction) via
a Price of Anarachy[85] approach.

The case of multiple products was first considered in[112]. The authors introduced a model
where k products compete and the final state of the graph S is sampled from the ensemble
of possible states (k + 1)VI by a rapidly mixing Markov Chain. The distribution defined on
those states is derived by the aggregation of a local rule were both an arbitrary switch of a
node and a biased switch based on the colors of it’s local neighbourhood is allowed. Recently,
Markakis and Apt[6] generalized the LTM for allowing multiple products and provided answers
to questions such as: when is the outcome of the process unique or when does a product
dominate the whole network. They also consider the computational hardness of some related
decision problems.

Another aspect of the problem is whether the formulation and assumptions made by the IM
community are relevant to real world situations. So, there are many empirical studies looking
into the way information and influences cascade through networks, blogs, etc. This line of
research[82, 96, 9, 90, 95, 98, 84, 38, 91, 92, 36, 116, 89, 118, 32, 126] also aims at obtaining
a more qualitative anthropomorphic understanding of the process and rough guidelines for
managers in order to be able to design effective policies.

Lastly, for more information related to information cascades and networked phenomena,
there is the excellent book of D.Easly and J.Kleinberg[39] and reviews from Kempe[135] and
Wortman[136].



Chapter 3

Revenue Maximization

The importance of social networks in advertising and market research is by now indubitable[44,
114, 131, 21]. Social networks provide us with detailed and broad information for millions of
users and companies have been using this information to increase market penetration of their
products. Social network companies use the revenue exerted by advertisements to sustain the
costs involved in maintaining their servers and quality of service, as well as to provide the basis
of a sustainable business model. However, there is a large discrepancy between the perceived
value of Social Networks and the actual revenue they generate. For instance Facebook, a
7 year old company, was valued recently by Goldman Sachs at 50 billion dollars but actual
revenues were estimated to be around 2.2 billion dollars(eMarketer). The widespread belief is
that much of the potential of Social Networks remains unexploited.

This premise has spurred a large amount of research in the direction of monetizing Social
Networks. The current business model is organized around the sponsored search paradigm
of contextual advertising, which, though successful, disregards at large the network effects
between buyers. Researchers have acknowledged the importance of network structure and
have began to study the impact of ,the so called, network externalities in a variety of settings.
We are interested in how can a seller exploit these externalities to design intelligent marketing
strategies to maximize his revenue. In our context there are two complementary ways that
externalities come into play.

Propagation. Information about products diffuses through the social network via personal
communications. Consumers share their opinions about products and often are motivated to
suggest an exciting new product or condemn a dysfunctional-disappointing purchase. Often
these recommendations are far stronger than advertising attempts and, whether they are true
or misleading, have great impact in the final adoption of the product.

Network Value. There are settings where the utility of the product depends inherently on
the scale of adoption that the product receives. The Internet, Windows OS or Facebook are
examples of “products” whose value lies in the fact that a large fraction of the population has
access and uses them on a daily basis. Moreover, for many products (e.g. cell phones, instant
messengers, online gaming) the value of the product for a buyer depends on the specific set of
his friends that have adopted it and possibly in a non-uniform way.

21
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In this and the following chapters we focus on the second kind of externalities, were
product adoption is an integral part of product value. In this setting, the seller must de-
vise a marketing strategy that guarantees both wide product adoption(increased value of the
product or service) and significant revenue. We follow up on a work by Hartline, Mirrokni,
Sundararajan(HMS)[66]. They considered the case of a single seller selling a single product
to a set of potential buyers under positive network externalities, where buyers are willing to
purchase the product in a higher price if some of their friends already bought it.

3.1 Influence Models

Following the Influence Maximization paradigm [76], HMS model °

buyers and their relationships by a graph. The world consists of n © °

buyers that have arbitrary social relationships between them, these °

relations influence buyers in their decisions. Buyers are modelled ° o o

by nodes and the influence between them by weights w;;, Vi,j € V.

Specifically, every buyer has a valuation v;(S) for the product, which e o ©

depends at any time point only from the set of buyers S that already (] °

own the product. The exact quantities v; for the good are unknown

to the seller and are treated as random variables of which only the distributions F; g are known

for all S C V and for all i € V. The values v;(S) are assumed to be independently distributed.
The above model is quite general and encompasses the inherent uncertainty of buyers

preferences by treating the valuations as random variables. Some important instantiations of

the general model are:

Uniform Additive Model In this model there are deterministic weights w; ; for alli,5 € V.
Given the set of buyers S that already own the product and a asking price x, buyer ¢ decides
to accept the offer or not by adding all the weights from his active neighbours ) jes Wy and
then choosing a threshold in ¢; € [0,1]. If the asking price z is greater than 6 - > . qw;;
then he rejects the offer, else he accepts and pays the asking price x. This model is a direct
extension of the Linear Threshold Model studied in the context of Influence Maximization in
order to incorporate pricing dynamics. Also note that we could equivalently say that buyer
i chooses a random number in [0, jes wj;], however the threshold interpretation is a more
useful viewpoint as we will see in the following chapters.

Symmetric Model This is the simplest possible model, where buyers valuations v;(.S) are
identical and depend only on the number of buyers that already own the product |S| = k.
Specifically, the model is fully specified by the distribution F}j for £ =0,...,n — 1. Note that
this is an aggregate model of interaction where the identities of buyers play no role, i.e. there
is no underlying graph. This model is reminiscent of the Baas model and the general “mean
field” assumptions made in the Diffusion of Innovations context.

Concave Graph Model In this model, there are random weights w;; for every buyer
i,j € V each drawn independently from a distribution F; ;. Each buyer is associated with a
non-negative, monotone and concave function f; : RT — R*. The value v;(S) is equal to
i JeSU(} wji). In other words, we are uncertain about how buyers influence each other but
we assume that the valuations depend only on the weighted aggregate of the influence and in
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A1 51

Figure 3.1: Tlustration of a run of marketing strategy. Initially all buyers are available to receive an offer.
The seller selects an ordering of buyers and makes individual offers. The buyers can either accept(green) or
reject(red) the offer. If they accept they influence(green arcs) other buyers that have not received an offer yet.

a monotone, concave way. This model is analogous to the General Threshold Model were the
threshold functions were monotone and submodular.

3.2 Optimal Marketing Strategies

In this setting Hartline et.al[66] search for strategies that maximize the revenue from a mar-
keting strategy. They assume that the seller has the freedom to make individualized offers
to buyers, that the cost of manufacturing a unit of the good is zero and that the seller has
unlimited supply(e.g. software, electronic subscriptions). A marketing strategy consists of two
elements: a sequence, according to which the seller approaches buyers, and the prices offered
to each buyer. At each time point a buyer is visited and an offered is made. The buyer on
his part can either accept the offer by paying the asking price or reject it. The revenue that
results from a strategy is the sum of the prices paid by buyers that accepted the offer. We say
that a marketing strategy is optimal when it maximizes the revenue.

Revenue Maximization The problem of Revenue Maximization is given a weighted graph
G(V, E,w) and an underlying influence model to find the marketing strategy(sequence of offers
and price for each offer) that maximizes the expected revenue.

Hardness Hartline et.al. showed that this problem is NP-Hard for the directed case even for
a very simple model, under complete information and linear valuation functions, utilizing a re-
duction from Mazimum Acyclic Subgraph Problem[12, 67, 108]. Specifically, they considered a
special case of the concave graph model were all F; ; are just degenerate point distributions(w; ;
are known) and the functions f; are all the identity function f(z) = z. Under, these assump-
tions the seller needs only to find the right sequence 7 of offers to be made so as to maximize
the revenue, which is just the sum of all the edges w; ; such that (i) < m(j). The problem
of finding a sequence such that the number of directed edges going backwards is known as
Maximum Feedback Arc Set and is known to be NP-Hard. Therefore, if for the directed case
our problem is NP-Hard for this simple model, it is also for more general models. We must
note at this point that the NP-Hardness for the undirected case does not follow from the re-
duction. Nevertheless, it was believed that the problem must be hard even for the undirected
case, however no proof was known. We will address this issue in the following chapter.
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Interestingly, a random permutation provides an 0.5 approximation for the Maximum
Feedback Arc set, since the event 7(i) < 7(j) happens exactly with probability 0.5 for all
i # j € V. Recently, Guruswami et al.[64] showed that assuming the Unique Games Conjecture
it is NP-Hard to approximate Maximum Feedback Arc set by a factor greater than 0.5. This
result implies that the random ordering is actually the best we can do. In the next chapter
we will revisit this fact.

Dynamic Programming The previous Hardness result renders any effort of finding an
optimal marketing strategy vain, at least in the directed setting. It seems like that when
allowing buyers to have arbitrary relationships the problem becomes hard. What happens if get
rid of the combinatorial dependencies between buyers and consider only aggregate phenomena?
HMS looked into the special case of the Symmetric Model and showed that we can find an
optimal solution via Dynamic Programming.

In the Symmetric Model, the sequence of buyers play no role(all buyers are identical).
They assume that at each time step we offer our product to one of the remaining buyers at
a price p. The price p(k,t) only depends on the number of buyers k that have accepted the
offer, and the number of remaining buyers ¢t. Let R(k,t) be the maximum revenue that can
be extracted, when k buyers have accepted the offer and there are ¢ more buyers to consider.
Our strategy will be to construct a recurrence for the optimal revenue R(0,7n) in terms of
the variables R(k,t) and p(k,t). They also assume that we know the distributions Fj, and
fo = 9k

We calculate the expected revenue from an offer of value p(k,t). If the buyer accepts,
which happens with probability 1 — Fy(p), then we get p plus the future optimal revenue
R(k + 1,t — 1) from the remaining buyers. Otherwise, we get only the revenue R(k,t — 1).
The expected revenue is thus:

R(k,t) = Fi(p) - R(k,t = 1) + (1 = Fi.(p)) - [R(k + 1,¢ = 1) + p] (3.1)

So, given that we have recursively computed R(k,t — 1) and R(k + 1,¢ — 1) we can find the
optimal price p(k,t) by optimizing the expected revenue:

fe@)[R(k,t—=1) = R(k+ 1,6 =1) —=p| + 1= Fi.(p) = 0 (3.2)

Then the value R(k,t) is easy to compute. To solve the recurrence we roughly need to fill
an n x n matrix, thus we need roughly time O(n?). Therefore, in the symmetric model the
optimal marketing strategy can be found in polynomial time.

The authors also investigated the special case were Fj, is uniform in [0, k4 1]. They solved
the recurrence and found that the optimal strategy initially offered to a significant fraction of
buyers the product for free(at zero price) and then the price offered to each successive buyer
increased linearly. It is quite interesting that the optimal strategy involves two stages one
“seeding phase”, were the network value of the product is built up, and an “reaping phase”,
were the price increases gradually with time.

3.3 Influence and Exploit

The established hardness results bring about the need for approximation algorithms. Hartline
et al., motivated by the fully symmetric setting, proposed a class of approximation strategies
called Influence and Ezxploit(IE). These strategies consist of two steps. They initially offer the
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product for free to a selected subset A of buyers, aiming to increase the network value of the
product(Influence Step) and then visit the remaining buyers in a random sequence extracting
the maximal myopic revenue from each one( Exploit Step). In the fifth chapter, we thoroughly
discuss the motivation for considering these kind of strategies, as well as provide our own
improvements and insights. Here, we will just outline the approach taken by HMS. In general,
IE strategies differ in how they construct the influence set A and how the revenue from this
construction relates to the optimal revenue depending on the model we are considering.

Uniform Additive Model In this important case, when a buyer accepts an offer, the
revenue we collect depends on the edges that are active at that time. Therefore, the Influence
step aims at activating vertices such that a large fraction of the edges have exactly one active
end(node). The authors proposed to construct the set A by including every vertex with
probability q. The exploit step on the other hand requires just to visit the remaining buyers
in a random order and offer the product at the myopic price.

The myopic price is the price which maximizes the expected revenue collected from the
buyer, disregarding his influence in the network, i.e. how much more would a neighbour be
willing to pay(in expectation) if the buyer we are considering accepted the offer. Let S be the
set of buyers that have accepted the offer when we are considering buyer i, then the expected
revenue from 1 is:

Ri(z) = (1= U(@) Y wji = (1- =———) > wjs (3.3)

jGS Z]GS 5t ]ES

Setting M; s = jes Wi and optimizing R; with respect to x, we get that the optimal price
is M; s/2. This price corresponds to 1/2 probability that buyer i accepts. Hence, the myopic
price in the case of the UAM is simply a price x(i, S = M; g/2) such that buyer i accepts with
probability 1/2.

To analyze the performance of this algorithm, we need upper bounds on the optimal
revenue. An obvious choice is to consider that the optimal strategy manages to activate all
edges and extract the maximum amount(myopic) of revenue from each one. Thus, an upper
bound for the undirected case would be:

.1 1
Ry =7 Z wij == (N +W) (3.4)
(i,5)EE

where N = 7,y w; and W = >, . w;; and 1/4 is a factor results from the myopic
revenue((1/2) - (1/2)). Respectively this bound for the directed case would be:

.1
Ry = Z(Z wii + Y max{wij, wji} (3.5)

% i>7

Now, every vertex ¢ is included in the influence set A with probability P(i € A) = ¢ and in
the exploit set E with probability P(i € E) = 1 — q. Moreover, every buyer in the exploit set
accepts with probability 1/2 and pays M; 5/2, where S is the set of buyers that have accepted
the offer. Recall that we are visiting buyers in the explout step in a random order, hence
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P(mj < m(i)) = 1/2. Therefore, the expected revenue is:

R(q,1/2) = ZP(éGE Zwﬂ (JeA)+PHEEN]<iNGES)+wy

eV Ve
1-— 1

= Tq §Zwﬂq+7 +an

i#]

1 142 —3¢>

- SN T g
4[( Q)N + S ]

Now, we can optimize the expected revenue with respect to the parameter ¢q. By differentiating
and equating to zero we get that the optimal value is ¢* = mgﬁ,N . The approximation ratio
thus depends only on the ratio A = N/W and the worst case is when A\ = 0, in which case

g = 1/3. The approximation ratio is thus at least 2/3.

Monotone Hazard Rate The approach taken in the case of the uniform additive model,
can be generalized for the concave graph model in the case that the distributions F;; satisfy
the so-called monotone hazard rate condition.

Definition 2. The hazard rate h of a distribution with density function f, cumulative F' and

support [a,b] is h(t) = lfgzt). This implies that the distribution function can be expressed in

term of the hazard rate F'(t) =1 —exp~ Juhi@)da

A function f satisfies the monotone hazard rate condition if the corresponding hazard rate
function A is monotone and non-decreasing. This condition is roughly equivalent to the fact
that when considering the expected revenue from a buyer there is a unique maximizer. The
existence of a unique maximizer allows for a clearly defined price for each buyer in the exploit
step irrespectively of the outcome of previous offers and the sequence of buyers.

Before, presenting the generalized analysis of the previous IE scheme, we state some prop-
erties about distributions satisfying the monotone hazard rate condition.

Lemma 1 (HMS[66]). Let Wj; be random variables with distributions Fj; satisfying the mono-
tone hazard rate condition. LetY = Zjes Wj; the random variable with distributionFs. Also,

let R(z) be a monotone function and Z is a random variable with distribution F; s derived
from Z = R(}_;cqwji). Then:

1. The distribution Fg of the random variable Y = Zjes Wj; satisfies the monotone hazard
rate condition.

2. The distribution F; 5 of Z satisfies the monotone hazard rate condition for all S C V.

3. If a random variable X satisfies the monotone hazard rate condition then 1—F(x*) > e~ !,
where x* is the value that maximizes the function (1 — F(z)) - x.

In other words, points 1 and 2 say that the monotone hazard rate property is closed
under summation and under application of a monotone function. In the concave graph model
case this implies that the distribution of buyers valuations satisfy the monotone hazard rate
condition. The third point just provides a lower bound on the probability that a buyer accepts
an offer that maximizes the expected revenue.
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To extend the simple IE strategy presented for the Uniform Additive Model for the special
case of the Concave Graph Model where the weight distributions satisfy the monotone hazard
rate condition, we need another lemma.

Lemma 2 (HMS[66]). Consider a monotone submodular function f : 2V — R and a subset
S C V. Consider a random set S’ by choosing each element of S independently with probability
at least q. Then E[f(S))] > q- f(S).

Proof. We will present the proof of the lemma as it is quite elegant. The idea is to express the
revenue of the final set S” as incremental improvements from the empty set by telescopic sums.
Now, for the terms of the sums to cancel each other alternatingly after taking expectation over
the random choices, we need every random binary choice whether to include a vertex or not
to have the same bias ¢. So, fix a permutation of vertices in S and consider that S; is the
resulting set after the first ¢ vertices in the permutation have been considered. We have that
f(s = Z1§i§|5’\ £(S;) = f(S;_,) and that f(S;) = 0.Taking expectation, with respect to the

set S, we get:
E[f(S] = E[ > f(S)—f(Si1)]

1<i<[S|

— Z q-[f(Siy U{ui}) — F(Si_)]

1<i<|S|

> Y q-[f(S) = f(Sim)]

1<i<|9]
= q-f(9)

where the inequality follows from the fact that S; C S; for all ¢ and that f is a submodular
function. ]

Now, we are ready to state the theorem:

Theorem 3 (HMS[66]). Suppose that the revenue functions R;(S) = fi(3_;cq Wii) for all
i€V and S CV {i} are monotone, non-negative and submodular and the distributions F; g
for alli € V and S C V {i} satisfy the monotone hazard rate condition. Then there exists
a set A for which the simple IE strategy is a .=-approzimation of the optimal marketing
strateqy.

Again the IE strategy constructs the influence set A by including every vertex with prob-
ability ¢ and then offers the myopic price at each vertex in V' \ A in a random order. The
revenue is : R(q) = Ea1, [} ;1\ 4 Ri(T3)], where T; is the set of buyers that own the product
when ¢ is considered. The above expectation is with respect to the set A, the random sequence
and buyers decisions. Every vertex in A is surely in T; and every vertex in V'\ (AU{i}) is in T;
with probability greater than 2—16, since there is an 1/2 chance of being considred before i and,
if so, there is at least a 1/e probability of accepting the offer. Therefore, for buyer i € V' \ A
every other vertex is in 7; with probability at least (¢ + 12;6‘1) Also, every buyer is in V' \ A
with probability (1 — p). Thus, using the previous lemma we get that:

R@)=Eanl 3 R(T] > (- a)g+ ) S R\ (i) (36)
ieV\A i€V

Note that in our case an upper bound on the revenue is ), i, R;(V \ {i}), hence the approx-
imation ratio is (1 — ¢)(q + %) which by choosing ¢ appropriately is at least %5.
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Submodular Valuations Hartline et al. aiming to extend their IE approach for more
general valuation functions went to greater lengths. They considered the case where the
only constraint on buyers valuations R;(A) is that they are non-negative and submodular,
which are the weakest possible assumptions usually made in such context. Maximizing a non-
monotone submodular functions is known to be NP-Hard[46] and therefore the authors turn
to approximation strategies.

Observe that in this setting we do not hope to approximate the optimal strategy but
instead we are aiming to approximate the optimal IE strategy. Let g(A) be the expected
revenue, with respect to buyers decisions and the random ordering, of an IE strategy with
influence set A. Let O denote the optimal set, that is g(O) > ¢(S) for all S C V. We are
looking for a set A such that resulting IE revenue g(A) is close to the optimal one.

The way HMS went about it was to exploit the local optimality conditions of submodular
functions to iteratively construct a “good” set A. We first state some facts about non-negative
submodular functions.

Definition 3. Given f : X — R, a set S is called a (1 + «)-approximate local optimum, if
(14 a)f(S) > f(S\{u}) for anyw € S and (1 + «)f(S) > f(SU{u}) for anyu e X\ S.

This is a relaxation of the local optimality condition satisfied by submodular functions
which says that if S is a local optimum then f(I) < f(S) for every I C S and for every I D S.
However, this relaxation is necessary because finding an exact optimum of Max-Cut, special
case of submodular function, is PLS-Complete[111]. We now present a Local Search algorithm
to incrementally construct the influence set A.

Local Search

Input: The set V and a value oracle for g(S) on support 2V
Initialization:

1. Set S := {v} for the singleton set {v} with the mazimum value g({v})
among singletons.

2. If there exists an element v € V' \ S such that f(SU{v}) > (1 +
~5)f(S), then let S := SU{v}, and go back to Step 2.

3. If there exists an element v € S such that f(S\{v}) > (1+-5)f(9),
then let S := S\ {v}, and go back to Step 2.

Output: the mazimum of f(S) and f(V '\ S).

The algorithm is constructed in a way that, when it terminates, produces an approximate
local optimum. To analyze the performance of the algorithm we need also the following lemma.

Lemma 3 (FMV[46]). If S is an (1+«) approzimate local optimum for a submodular function
f then for any set T such that T C S orT O S, we have that f(T) < (1+n-«)f(S), where
n=|V|.

Proof. We will prove the lemma for the case T' C S and the other case is similar. Since T' C S,
we start from 7" and add vertices in S\ T one by one 71 =T C Ty C ... C T}, = S such that
T;\ Ti-1 = {vi}. By submodularity we know that f(7;) — f(T;-1) > f(S) — f(S \ {vi}) and
since S in approximate local optimum we get that: f(7;) — f(Ti—1) > —af(S). The difference
form a telescopic sum and if we sum all inequalities we get that: f(S)— f(T) > —kaf(S) and
thus f(T) < (1 + ka)f(S) < (14 na)f(S). O
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We are now ready to state the theorem:

Theorem 4 (FMV[46]). The Local Search is a (%—%-approavimation algorithm for maximizing

n
nonnegative submodular functions. The algorithm uses at most O(%n?’ logn) oracle calls.

Proof. Consider an optimal solution O and fix a = 5 for some € > 0. If the algorithm
terminates S is a local optimum an therefore (1 + na)f(S) > f(SNO) and (1 + na)f(S) >
f(SUO). Using submodularity we get that f(SUO)+ f(V\S) > f(O\S)+ f(V)geqf(O\S)
and f(SNO)+ f(C\S)> f(C)+ f(D)geqf(O\ S). If we combine the above inequalities we
get:

21+ na)f(S)+ f(V\S) = f(SNO)+ f(SUO)+ f(V\S)
> f(SN0)+ 0\ S) = £(0)
So, if f(5) < (% - %)f(O) then f(V§) > (% — i)f(O) and the algorithm outputs f(V '\ 9),
otherwise it outputs f(.5).

Our algorithm after each iteration improves the objective value by at least (1 + ¢/n?).
Moreover, since f is submodular(diminishing returns property) it is easy to see that f(S) <
f(O) < nf({v}), where {v} is the set returned after the first iteration. Therefore after k
iteration we have that f(S) > (1 + ﬁkf({v}) Hence, k = O(1n?logn and the total number
of queries is O(%n2 logn), which concludes the proof. O

Finally, there is another more involved randomized Local Search algorithm that produces a
0.4 approximation[46]. The main idea is to construct randomly the influence set A. However,
the best we can do with a constant bias is to include with probability 1/2 each element of
V' and results in a 1/4 approximation. The reason behind this fact is that the geometry
of the probability space we construct is too uniform and not nigh too a target underline
geometry where the measure is spread with preference over subsets of V' where f(S) > r -
OPT. Therefore, the way to go around this fact is to find a more appropriate probability
space. Now, to that end we are confined to consider product spaces(decision about elements
are independent) because we do not now all the dependencies between variables(exponential
number of queries).

To succesfully construct such a probability space we must exploit the submodularity prop-
erty of our function, which is more of a “local set” property. Hence, our goal will be to
construct a set A according to which we will select all the elements in A with probability
g and all elements in V' \ A with another probability p < ¢. This is called the multinlinear
extension of a function f(A)[130]. So, the algorithm incrementally constructs a “good” set A
by estimating the marginal contribution of each node of being included or exluded from A in
a manner similar to the Local Search algorithm we presented above. We state here only the
theorem without proof.

Theorem 5 (FMV[46]). There is a Stochastic Local Search Algorithm that is a (3 — O(1))-
approzimation algorithm for mazrimizing nonnegative submodular functions.

3.4 Other Related Work

All studies in the Influence Maximization context treated influence as an indirect measure of
the revenue extracted from the adoption of a product and the influence models studied did not
incorporate pricing dynamics. Social Influence in the context of Revenue Maximization was
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first studied by Hartline et.al. [66]. Since then much work has been done mainly towards two
directions; the study of posted price mechanisms, where price discrimination is not allowed,
and game theoretic settings, where buyers act strategically according to their perceived utility
for the product, which depends on other buyers’s decisions.

Arthur et.al [8] considered a model where the seller does not have the freedom to approach
potential buyers and only recommendations about products cascade through the network from
an initial seed of early adopters. They showed that a very simple strategy achieves a constant
approximation ratio.

Akghalpour et.al. [2] studied iterative posted price strategies where all interested buyers can
by the product at the same price at a given time. They considered two different models allowing
different re—pricing rates. They showed that when we are allowed to reprice very frequently the
problem is inapproximable and provided approximation algorithms for a symmetric setting.
On the other hand when re—pricing is allowed only at a limited rate they provided a FPTAS.

On a related work, Anari et.al. [5] considered a posted price setting where the product
exhibits a special kind of externality, the so called historical externality. In their model buyers
face the dilemma whether to buy a sub-par early version of the product or wait for a fully
functional one. They assume that the seller commits a-priori to a pricing trajectory and
then buyers decide when to buy the product. They considered that there are types buyers
exhibiting different behaviour. In this setting they study existence and uniqueness of equilibria
and provide an FPTAS to compute an approximate revenue maximizing pricing trajectory for
two special cases.

Chen, Lu et.al [31] consider a case where each buyer’s utility for the product depends on
the set of buyers that own the product. They provide a game theoretic solution concept and
consider Nash as well as Bayesian-Nash equilibria. In their setting where multiple equilibria
might exist, they study two special cases, pessimistic and optimistic equilibria. They provide
an algorithm to compute these equilibria and along the way find the price that maximized the
sellers revenue.

Candogan, Bimpikis, Ozdaglar [25] considered a setting where a monopolist sells a divisible
good to consumers that experience a positive network effect. They provide a game theoretic
solution concept. They considered a two stage game where initially the seller sets an individual
price for each consumer and then the buyers decide on the consumption, according to a
quadratic utility function that depends on the consumption levels of their neighbours. They
showed that when perfect price discrimination is allowed the optimal price depends linearly
with the Bonanich Centrality of a buyer, whereas when only two prices are allowed the problem
is reduced to Max-Cut.

Haghpanah et al.[65] study positive externalities in the context of designing Optimal Auc-
tions. The consider single-parameter submodular network externalities in which a bidder’s
value for an outcome is a fixed private type times a known submodular function of the alloca-
tion of his friends. They prove that the optimal auction is APX-Hard, even on average. For
a special kind of step-function externalities, they provide constant approximation algorithms.
Moreover, using the influence and exploit idea, they use the algorithms developed by [46] to
design constant approximation auction mechanisms.



Chapter 4

Preliminaries

Hartline et al.[66] considered a very general model on how externalities influence buyers’
valuations of some product. However, studying the model in the most general(submodular)
setting yields little insight in the combinatorial structure of the problem and the particularities
of Revenue Maximization as opposed to other instances of submodular maximization. In this
thesis, we focus on the Uniform Additive Model which provides the optimal trade-off between
model complexity and analytical tractability. In this and the following chapters, we discuss
the Revenue Maximization Problem under the Uniform Additive Model.

4.1 Uniform Additive Model

In our setting we are considering only positive externalities, that is the valuation of a buyers
for the product can only increase if one of his social contacts already owns the product. The
Uniform Additive Model is a way to model the extent that buyers influence each other in that
respect. The model aims in capturing two aspects of the influence between buyers, dependence
and uncertainty.

Towards that direction, in order to model each aspect certain assumptions are made.
Buyers are influenced by each other pairwise. That is, the influence that a certain person
exerts on someone is independent of the influence from another person. This assumption
implies linearity of influence. Furthermore, since in reality buyers’ valuations are private
information and only rough estimations can be made about their true value, the model makes
the simplistic assumption that valuations are uniformly distributed in an interval of possible
values.

The Model We, thus, considered that we are given a (possibly directed) weighted social
network G(V, E,w) on the set V of potential buyers. For each edge (i,j) € E, there is an
associated positive weight w;; and if (i,5) ¢ E we assume that w;; = 0. A social network is
undirected(or symmetric) if w;; = wj; for all ¢,j € V, and directed otherwise. Additionally,
there may exist a non-negative weight w;; associated with each buyer i'. These weights capture
the pairwise influence between buyers.

'For directed networks we can safely ignore such weights, since we can consider an extra node i’ for each
such node with a single directed edge with weight w,/, = wi;.

31



32 CHAPTER 4. PRELIMINARIES

We consider that each buyer 7 has a valuation of the product
v;(S) that depends only on the set S of buyers that already own the
product. Particularly, we assume that v;(.5) is a random variable dis-
tributed uniformly in the interval [0, M; 5], where M; s =g wji
is the the total influence perceived by ¢ from his neighbours that
own the product.

Connection with LTM  Alternatively, we can interpret the above

process as each buyer picking a threshold #; uniformly at random

from [0,1]. Then if the offer x; is smaller than 6;M; g, the buyer accepts, otherwise rejects
the offer. The similarity with the Linear Threshold Model[76] now becomes evident. The
only difference is that each buyer is considered only once at a chosen time, whilst in the LTM
whenever the threshold is exceeded the node is activated. It would be interesting to generalize
the LTM for a Posted Price Setting.

Myopic Pricing If we disregard the influence of a buyer ¢ on future buyers, we can select
a price x such that the expected revenue from buyer 7 is maximized. In the case of the UAM,
this price is M; g/2 and buyer i has 1/2 probability of accepting it. This pricing is not optimal
because it disregards the effect that the buyer’s decision may have on future buyers. Thus we
call such a pricing strategy myopic.

4.2 Marketing Strategies and Revenue Maximization

In the setting we describe above, there is a seller wishing to exploit these externalities in order
to devise a marketing strategy that will maximize his revenue. We consider that the seller has
the freedom to approach each buyer individually and offer him a price. Therefore, a marketing
strategy (m,x) consists of a permutation of buyers V' and a pricing vector x = (z1,...,x,),
where 7 determines the order by which buyers are visited and x the prices offered to them.

Note that the price that is offered to each buyer ¢ depends on the set of buyers S that
already own the product, which itself is a random variable. Consequently, we cannot calculate
a priori the exact price x; because it must depend on the S. We get around this fact by
making the following observation. We observe that for any buyer ¢ and any probability p
that ¢ accepts an offer, there is an (essentially unique) price x, such that i accepts an offer of
xp with probability p. For the Uniform Additive Model, =, = (1 — p)M; s and the expected
revenue extracted from buyer ¢ with such an offer is p - (1 — p)M; g.

Pricing with Probabilities Throughout this paper, we equivalently regard marketing
strategies as consisting of a permutation 7 of the buyers and a vector p = (p1,...,pn) of
pricing probabilities. We note that if p; = 1, i gets the product for free, while if p; = 1/2,
the price offered to i is (the myopic price of) M; g/2. We assume that p; € [1/2,1], since any
expected revenue in [0, M; g/4] can be achieved with such pricing probabilities. The expected
revenue of a marketing strategy (m, p) is:

R(mp)=> pil—p) | D wjip;+wi (4.1)

eV m(j)<m(i)
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The problem of Revenue Maximization under the Uniform Additive Model is to find a market-
ing strategy (7, p) that extracts a maximum revenue of R(7*, p*) from a given social network

G(V,E,w).

Bounds on the Maximum Revenue Let N = ZiEV wi; and W = ZKJ- w;j, if the social
network G is undirected, and W = Z(i,j)é p W;j, if G is directed. Then an upper bound on the
maximum revenue of G is R* = (W + N)/4, and follows by summing up the myopic revenue
over all edges of G [66, Fact 1]. For a lower bound on the maximum revenue, if G is undirected
(resp. directed), approaching the buyers in any order (resp. in a random order) and offering
them the myopic price yields a revenue of (W + 2N)/8 (resp. (W +4N)/16). Thus, myopic
pricing achieves an approximation ratio of 0.5 for undirected networks and of 0.25 for directed
networks. nd of 0.25 for directed networks.

4.3 Ordering and NP-Hardness

Revenue maximization exhibits a dual nature involving optimizing both the pricing probabili-
ties and the sequence of offers. For directed networks, finding a good ordering 7 of the buyers
bears a resemblance to the Maximum Acyclic Subgraph problem, where given a directed net-
work G(V, E,w), we seek for an acyclic subgraph of maximum total edge weight. In fact, any
permutation 7@ of V' corresponds to an acyclic subgraph of G that includes all edges going
forward in 7, i.e, all edges (¢,7) with m; < ;. [66, Lemma 3.2] shows that given a directed
network G and a pricing probability vector p, computing an optimal ordering of the buyers
(for the particular p) is equivalent to computing a Maximum Acyclic Subgraph of G, with
each edge (i,7) having a weight of p;p;(1 — pj)w;;. Consequently, computing an ordering 7
that maximizes R(7,p) is NP-hard and Unique-Games-hard to approximate within a factor
greater than 0.5 [64].

On the other hand, we show that in the undirected case, if the pricing probabilities are
given, we can easily compute the best ordering of the buyers.

Lemma 4. Let G(V, E,w) be an undirected social network, and let p’ be any pricing probability
vector. Then, approaching the buyers in non-increasing order of their pricing probabilities
mazximizes the revenue extracted from G under p.

Proof. We consider an optimal ordering 7 (wrt. p) that minimizes the number of buyers’ pairs
appearing in increasing order of their pricing probabilities, namely, the number of pairs i1, io
with p;; < pi, and 7, < m;,. If there is such a pair in 7, we can find a pair of buyers i and
J with p; < p; such that 7 appears just before j in @#. Then, switching the positions of 7 and
j in 7 changes the expected revenue extracted from G under p’ by p;pjwij(p; — pi) > 0, a
contradiction. O

A consequence of Lemma 4 is that [66, Lemma 3.2] does not imply the NP-hardness of
revenue maximization for undirected social networks. Hence, there are two natural questions
that we may ask. Does the ordering play any role in extracting revenue from the network or
given an ordering we can always find a pricing vector p that manages to extract the maximal
amount of revenue?

To answer this question, we provide an example where fixing the ordering dwindles our
ability to extract the optimal revenue. e consider an (undirected) simple cycle with 4 nodes,
numbered as they appear on the cycle, and unit weights on its edges. Proposition 5 shows
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Selection Nodes Selection Nodes

\ho

@) Set Nodes (b) Set Nodes

Figure 4.1: Examples of (a) an extended triangle and (b) a 3-path, used in the proof of
Lemma 5. We create an extended triangle for each 3-item set T} and a 3-path for each 2-item
set T;. The set nodes are different for each set 7}, while the selection nodes are common for
all sets.

that the optimal ordering is (1,3,2,4), the optimal pricing vector is (1,0.5,1,0.5), and the
maximum revenue is 1. On the other hand, if the nodes are ordered as they appear in the
cycle, i.e., as in (1,2,3,4), the optimal pricing vector is (1,v/2/2, (1 4+ v/2)/2,0.5), and the
resulting revenue is 0.7772.

So, given that the ordering does have an impact after all, what can we say about the
hardness of the problem in the undirected setting. The following lemma employs a reduction
from monotone One-in-Three 3-SAT, and shows that revenue maximization is NP-hard for
undirected networks.

Lemma 5. The problem of computing a marketing strategy that extracts the maximum revenue
from an undirected social network is NP-hard.

Proof. In monotone One-in-Three 3-SAT, we are given a set V of n items and m subsets
Ti,..., Ty of V, with 2 < |Tj| < 3 for each j € {1,...,m}. We ask for a subset S C V such
that [SNT};| = 1forall j € {1,...,m}. Monotone One-in-Three 3-SAT is shown NP-complete
in [?]. In the following, we let mg (resp. ms) denote the number of 2-item (resp. 3-item) sets
Tj in an instance (V,T1,...,T;,) of monotone One-in-Three 3-SAT.

Given (V,Ty,...,T,,), we construct an undirected social network G. The network G con-
tains a selection-node corresponding to each item in V. There are no edges between the
selection nodes of G. For each 3-item set T; = {a,b, c}, we create an extended triangle con-
sisting of a triangle on three set nodes a;, bj, and c¢;, and three additional edges that connect
aj, bj, c; to the corresponding selection nodes a, b, and ¢ (see also Fig. 4.1.a). For each 2-item
set T; = {a,b}, we create a 3-path consisting of an edge connecting two set nodes a; and b,
and two additional edges connecting a; and b; to the corresponding selection nodes a and b
(see also Fig. 4.1.b). Therefore, G contains n 4+ 2msg 4+ 3mg nodes and 3mg + 6mg edges. The
weight of all edges of G is 1. We next show that (V,T1,...,T},) is a YES-instance of monotone
One-in-Three 3-SAT iff the maximum revenue of G is at least % ms + %mg.

By Lemma 4, the revenue extracted from G is maximized if the nodes are approached in
non-increasing order of their pricing probabilities. Therefore, we can ignore the ordering of
the nodes, and focus on their pricing probabilities. The important property is that if each
extended triangle (Fig. 4.1.a) is considered alone, its maximum revenue is 177/128, and is
obtained when exactly one of the selection nodes a, b, ¢ has a pricing probability of 1/2 and
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the other two have a pricing probability of 1. More specifically, since the selection nodes a, b, c
have degree 1, the revenue of the extended triangle is maximized when they have a pricing
probability of either 1 or 1/2. If all a, b, ¢ have a pricing probability of 1, the best revenue of
the extended triangle is ~ 1.196435, and is obtained when one of a;, b;, and ¢; has a pricing
probability of ~ 0.7474, the other has a pricing probability of =~ 0.5715, and the third has a
pricing probability of 1/2. If all a, b, ¢ have a pricing probability of 1/2, the best revenue of the
extended triangle is again & 1.196435, and is obtained with the same pricing probabilities of
aj, bj, and ¢;. If two of a, b, ¢ (say a and b) have a pricing probability of 1/2 and ¢ has a pricing
probability of 1, the best revenue of the extended triangle is % = 1.3125, and is obtained when
one of a; and b; has a pricing probability of 1, the other has a pricing probability of 3/4, and ¢;
has a pricing probability of 1/2. Finally, if two of a, b, ¢ (say b and ¢) have a pricing probability
of 1 and a has a pricing probability of 1/2, we extract a maximum revenue from the extended
triangle, which is % = 1.3828125 and is obtained when a; has a pricing probability of 1, one
of bj and c; has a pricing probability of 9/16, and the other has a pricing probability of 1/2.

Similarly, if each 3-path (Fig. 4.1.b) is considered alone, its maximum revenue is 3/4, and
is obtained when exactly one of the selection nodes a, b has a pricing probability of 1/2 and the
other has a pricing probability of 1. In fact, since the 3-path is a bipartite graph, Proposition 5
implies that the maximum revenue, which is 3/4, is extracted when a; and b have a pricing
probability of 1 and b; and a have a pricing probability of 1/2 (or the other way around). If
both a and b have a pricing probability of 1, the best revenue of the 3-path is 41/64 and is
obtained when one of a; and b; has a pricing probability of 5/8, and the other has a pricing
probability of 1/2. If both a and b have a pricing probability of 1/2, the best revenue of 3-path
is again 41/64 and is obtained when one of a; and b; has a pricing probability of 1, and the
other has a pricing probability of 5/8.

If (V,T1,...,T,,) is a YES-instance of monotone One-in-Three 3-SAT, we assign a pricing
probability of 1/2 to the selection nodes in S and a pricing probability of 1 to the selection
nodes in V'\ S, where S is a set with exactly one element of each 7). Thus, we have exactly
one selection node with pricing probability 1/2 in each extended triangle and in each 3-path.
Then, we can set the pricing probabilities of the set nodes as above, so that the revenue of
each extended triangle is 177/128 and the revenue of each 3-path is 3/4. Thus, the maximum
revenue of G is at least % ms + % mo.

For the converse, we recall that the edges of G can be partitioned into m3 extended triangles
and my 3-paths. Consequently, if the maximum revenue of G is at least %g ms + %mg, each
extended triangle contributes exactly 177/128 and each 3-path contributes exactly 3/4 to the
revenue of GG. Thus, by the analysis on their revenue above, each extended triangle and each
3-path includes exactly one selection node with a pricing probability of 1/2. Therefore, if we
let S consist of the selection nodes with pricing probability 1/2, we have that |S N7} =1 for
all j € {1,...,m}. O

The fact that the problem remains NP-hard in the undirected setting suggests that the
pricing aspect lies at the heart of the problem. The very proof of NP-hardness illustrates that
selecting prices for vertices among the continuous space [1/2,1]™ in an optimal way encodes
complex information. In the sense that assigning prices to vertices essentially corresponds
to finding an optimal weighted multi-cut(in our proof the resemblance with Max-cut is more
apparent). That is, we could consider a discretization of the pricing range [1/2, 1] in sufficiently
many k prices and ask the question, how we should distribute vertices in these pricing classes
such that corresponding weighted multi-cut is maximized? In the next chapter we will exploit
this idea to provide an improved approximation algorithm for the problem.
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Figure 4.2: Illustration of the argument used in the proof of Lemma 1.

4.4 Determining the Sequence

In this section we aim to provide further connections between revenue maximization and the
notion of multi-cuts in the network. Particularly, we will show how multi-cuts are related with
the Maximum Feedback Arc set problem.

Definition 4. The problem of Mazimum Feedback Arc set is given a directed graph G(V, E)
find an ordering(permutation) of vertices such that the total weight of edges that are going
from indices higher in the permutation to lower ones is maximal.

This problem is equivalent to the maximum acyclic sub-graph problem and it is NP-Hard.
However, as discussed before there exists a simple randomized 1/2-approximate algorithm,
which just takes a random ordering. In 2008 Guruswami et.al [64] showed that the problem
cannot be approximated better than 1/2 unless the Unique Games Conjecture [78, ?] is false.
These two facts imply that not only a random ordering is good but it is probably the best we
can do up to o(1) factors [27].

We proceed now with observations that will motivate later developments. Notice that the
structure of Max-FAS has the feature that an optimal solution is optimal for the same problem
when constrained to any subset of vertices that are consecutive in the optimal permutation.
This means that if we knew that the only candidates for positions xzy, ..., g4y are those in
a set |X| = m, then we would solve this problem optimally without worrying for external
interference. At this point we state the following structural lemma:

Lemma 6. An optimal ordering of vertices for the MAX-FAS, “contains” the MAX-CUT
solution. Meaning that if the optimal ordering is 7 = (i1,...,1,), then there is k < n such
that S = {ik,...,in} and T =V \S = {i1,...,ix_1} is an optimal solution for the MAX-CUT
problem with vertices in V.

Proof. We will prove it by contradiction. Assume we have an optimal solution and suppose
that there isn’t such k, then that would mean that there is a set S” with elements that are not
all consecutive such that the directed cut between S" and V' \ S =T is an optimal solution
for the MAX-CUT problem. If that is the case then we could keep the ordering inside the two
sets S', T" and relocate S in the end of the sequence. Now in terms of the weight of the FAS
we created, we would miss the edges going from T’ " to S, but we would gain the edges from
S toT'. However, because S andT” is an optimal solution for the MAX-CUT problem we are
guaranteed to gain feedback arcs. But we assumed that the initial ordering was optimal. [
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The algorithmic interpretation of the previous lemma is that if there is a unique maximum
cut we can extract a partial ordering of vertices. Then due to the optimality of sub-solutions
we could proceed and derive the total ordering in a divide and conquer manner.

Corollary 1. Assume that there is a unique MAX-CUT solution for every subset of vertices
in'V, then an algorithm that solved optimally the directed MAX-CUT problem would also solve
optimally the MAX-FAS problem.

Let us look again closer to the 1/2 approximation algorithm for MAX-FAS. This algorithm
just outputs a random permutation, however we can view this process of obtaining a random
permutation as a synthesis of processes where the core process is the 1/2 approximate algorithm
for the max-cut problem. Specifically, we can think the final permutation as a result of more
refined partial orderings of vertices. Particularly, at each time point we would have disjoint
sets of vertices S1,S52,...,5; and a total ordering on these sets S1 = Sy = ... = Si. So
until we had only singleton sets we would further refine our ordering, by applying the simple
algorithm for max-cut.

The random permutation algorithm can be seen as naively trying to approximate the prob-
lem by substituting an algorithm that solves optimally MAX-CUT, without even caring about
the possible existence of many possible cuts and how to choose between them. Surprisingly
enough, this algorithm is currently the state of the art. The question that arises is: “Instead
of considering as the core process the simple approximation algorithm, wouldn’t we get much
better results if we applied the much more sophisticated approximation algorithm of Feige and
Goemanns [45] for the directed MAX-CUT?”. Obtaining a better algorithm for the MAX-
FAS, though very unlikely, would have great implications as it would disprove the Unique
Games Conjecture.



38

CHAPTER 4. PRELIMINARIES



Chapter 5

Influence and Exploit

Influence and Exploit strategies are simple, elegant and manage to extract a significant frac-
tion of the optimal revenue. However, their algorithmic properties are hardly well understood,
namely their limits in approximating the optimal revenue and the computational hardness of
finding the optimal revenue. In this chapter we manage to significantly extend the under-
standing of IE strategies.

Before, proceeding with the technical part, we briefly discuss the motivation behind con-
sidering such strategies. In the previous chapter, we saw that the uncertainty in the model
resulted in a continuous search space were marketing strategies lie and the in tandem hard-
ness. The Influence and Exploit idea just select two extreme points in the range and assigns
vertices in pricing classes. The motivation behind this approach partly stems from the fact
that the combinatorial properties of partitioning vertices into two sets have been extensively
studied and partly to translate results from the theory of maximizing submodular set func-
tions inspired from the Influence Maximization paradigm. Lastly, IE strategies are better
suited for practical real world implementations, since many marketing efforts are usually of
the discount/full price form and buyers are accustomed to it.

An Influence-and-Exploit (1E) strategy IE(A, p) consists of a set of buyers A receiving the
product for free and a pricing probability p offered to the remaining buyers in V' \ A, who are
approached in a random order. We slightly abuse the notation and let IE(q, p) denote an IE
strategy where each buyer is selected in A independently with probability ¢q. IE(A, p) extracts
an expected (wrt the random ordering of the exploit set) revenue of:

Ris(Ap) =p(l—p) 3 |watd wut >, EE (5.1)

i€V\A jeEA JEV\A, j#i

Specifically, IE(A, p) extracts a revenue of p(1 — p)w;; from each edge (7,7) with buyer j in the
influence set A and buyer ¢ in the exploit set V'\ A. Moreover, IE(A, p) extracts a revenue of
p*(1 — p)wj; from each edge (j,4) with both j,i in the exploit set, if j appears before i in the
random order of V'\ A, which happens with probability 1/2.

The problem of finding the best IE strategy is to compute a subset of buyers A* and
a pricing probability p* that extract a maximum revenue of Rig(A*,p*) from a given social
network G(V, E, w).

Interestingly, even very simple IE strategies extract a significant fraction of the maximum
revenue. For example, for undirected social networks, Rz (0,2/3) = (4W + 6N)/27, and thus
IE(0, 2/3) achieves an approximation ratio of 32 ~ 0.592. For directed networks, Rig(#),2/3) =
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(2W + 6N)/27, and thus IE((), 2/3) achieves an approximation ratio of 5= ~ 0.296.

5.1 Optimal Influence and Exploit Strategies

Influence and Exploit is a powerful idea and yields good algorithms approximating the optimal
revenue. Does the restriction of vertices only in two pricing classes makes the problem easier
from a computational complexity perspective? Intuitively, this should not be true as we saw
that hardness in the undirected setting was established by using a generalized notion of max-
cut, which is very close to the Influence and Exploit idea. Then, if the restricted problem is as
hard as the original, what can be said about the potential of IE strategies in approximating the
optimal revenue? Meaning, can the optimal revenue be achieved for the general case by using
only two prices? Such, a result would be surprising as it would imply a surprising degeneracy
in the model.

In this section we provide results about the computational hardness of finding the optimal
IE strategy. Furthermore, we provide lower bounds on the performance of the Optimal IE
strategy in terms of approximating the optimal revenue as well as corresponding upper bounds
for the directed case.

Hardness The following lemma employs a reduction from monotone One-in-Three 3-SAT|[122],
and shows that computing the best IE strategy is NP-hard.

Lemma 7. Let p € [1/2,1) be any fixed pricing probability. The problem of finding the best
IE strategy with pricing probability p is NP-hard, even for undirected social networks.

Proof. We recall that in monotone One-in-Three 3-SAT, we are given a set V' of n items and
m subsets T1,..., Ty, of V, with 2 < |T}| < 3 for each j € {1,...,m}. We ask for a subset
S C V such that [SNTj| =1 for all j € {1,...,m}. Given (V,T1,...,T},), we construct an
undirected social network G on V.

For each 3-item set T; = {a,b,c}, we create a set-triangle on pym——
nodes a, b, and ¢ with 3 edges of weight 1. For each 2-item set
T; = {a,b}, we add a set-edge {a,b} of weight 2 + p, where p is the - 2o
pricing probability. To avoid multiple appearances of the same edge, 1 1 H
we let the weight of each edge be the total weight of its appearances.

Namely, if an edge e appears in k3 set-triangles and in ko set-edges,

e’s weight is k3 + (2 + p)ka. We observe that for any p € [1/2,1), the maximum revenue
extracted from any set-triangle and any set-edge is p(1 — p)(2 + p), by giving the product for
free to exactly one of the nodes of the set-triangle (resp. the set-edge).

We next show that (V,T1,...,T,,) is a YES-instance of monotone One-in-Three 3-SAT iff
there is an influence set A in G such that Rig(A,p) > mp(1 —p)(2+p). If (V,T1,...,Tn)
is a YES-instance of monotone One-in-Three 3-SAT, we let the influence set A = S, where
S is a set with exactly one element of each 7. Then, we extract an expected revenue of
p(1—p)(2+p) from each set-triangle and each set-edge in G, which yields an expected revenue
of mp(1 — p)(2 + p) in total. For the converse, if there is an influence set A in G such that
Rig(A,p) > mp(l — p)(2 + p), we let S = A. Since Rig(A,p) > mp(l — p)(2 + p), and since
the edges of GG can be partitioned into m set-triangles and set-edges, each with a maximum
revenue of at most p(1 — p)(2 + p), each set-triangle and each set-edge contributes exactly
p(1 —p)(2+ p) to Rig(A, p). Therefore, for all set-triangles and all set-edges, there is exactly
one node in A. Thus, we have that [SNT;| =1 for all j € {1,...,m}. O
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Efficiency of Influence and Exploit Strategies Given the hardness of computing both
the optimal marketing strategy and the optimal IE strategy, how can we compare the two
revenues? The usual direction would be to indirectly compare them by obtaining an upper
bound for the optimal strategy and a lower bound for the performance of the optimal IE
strategy. However, we only have the naive upper bounds discussed earlier which can be
arbitrarily away from the optimal revenue.

To come around this obstacle we exploit the fact that the revenue of any strategy in the
Uniform Additive Model can be written as a linear function of the edge weights, where each
weight is multiplied by a factor depending on the probability that the two respective vertices
accept the offer, thus utilizing Local Analysis. A lower bound on the approximation ratio
can be derived by comparing termwise the two revenues and keeping the worst ratio accross
different terms(w.r.t the edges). Hence, we show that the best IE strategy manages to extract
a significant fraction of the maximum revenue.

Theorem 6. For any undirected social network, there is an IE strategy with pricing probability
0.586 whose revenue is at least 0.9111 times the mazimum revenue.

Proof. We consider an arbitrary undirected social network G(V, E,w). We assume that the
optimal IE strategy has at its disposal the optimal probability vector p*(corresponding to the
optimal marketing strategy) and assigns vertices in to one of the two classes accordingly. A
lower bound on the optimal IE IE(A,p) strategy can be given by any specific decision rule.
We consider that this decision is madeby applying randomized rounding to p*. We show that
for p = 0.586, the expected (wrt the randomized rounding choices) revenue of IE(A,p) is at
least 0.9111 times the revenue extracted from G by the best ordering for p (recall that by
Lemma 4, the best ordering is to approach the buyers in non-increasing order of their pricing
probabilities).

Without loss of generality, we assume that p; > po > -+ > p,, and let 7 be the identity
permutation. Then, R(m, p) = > ;e pi(1 — pi)wii + >, pipj (1 — pj)wij.

For the IE strategy, we assign each buyer i to the influence set A independently with
probability I(p;) = a(p; — 0.5), for some appropriate a € [0,2], and to the exploit set with
probability F(p;) = 1—1(p;). By linearity of expectation, the expected revenue of IE(A, p) is:

Ri(A,p) = 3 (1= p)IPIE(Pp;) + E(pi)I(p;) + b Ep:) E(p))wyy

+ Zﬁ(l — D) E(pi)wi;
eV

Specifically, IE(A, p) extracts a revenue of p(1 — p)w;; from edge loop {i,i}, if 7 is included
in the exploit set. Moreover, IE(A, p) extracts a revenue of p(1 — p)w;; from each edge {7, j},
i < j, if one of 4, j is included in the influence set A and the other is not, and a revenue of
p*(1 — p)w;; if both ¢ and j are included in the exploit set V' \ A (note that the order in which
i and j are considered is insignificant).

The approximation ratio is derived as the minimum ratio between any pair of terms in
R(m,p) and Rig(A,p) corresponding to the same loop {i,i} or to the same edge {7, j}. For a
weaker bound, we observe that for « = 1.43 and p = 0.586, both

p(l—p) E(z)
x(1—x)
p(1—p)U(z) E(y) + E(z) I(y) + p E(z) E(y))
zy(l—y)

and

ming 5<z<1

ming s<y<z<1
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are at least 0.8024. More precisely, the former quantity is minimized for x &~ 0.7104, for which
it becomes ~ 0.8244. For any fixed value of y € [0.5, 1.0], the latter quantity is minimized for
z = 1.0. The minimum value is 0.8024 for z = 1.0 and y ~ 0.629.

For the stronger bound of 0.9111, we let p = 0.586, and for each buyer 4, let the rounding
parameter «(p;) be chosen according to the following piecewise linear function of p; :

5.0 (p; — 0.5) if 0.5 <p; <0.7
alp) = 4 LO+33(pi—07)  H0T<p<08
Pi) =0 133 +3.0(p; —0.8) if0.8<p; <0.9

1.63+3.7(p; —0.9)  if0.9<p; <1.0

The quantity on the left of (5.2) is minimized for = 0.8, for which it becomes ~ 0.9112.
For any fixed = € [0.5,0.949], the quantity on the right of (5.2) is minimized for y = 0.5. The
minimum value is 0.9111 for x ~ 0.7924 and y = 0.5. For any x € (0.949,0.983], the latter
quantity is minimized for y = 0.7. The minimum value, over all z € (0.949,0.983], is ~ 0.93
at © = 0.983 and y = 0.7. For any fixed = € (0.983,1.0], the quantity on the right of (5.2) is
minimized for some y € [0.7,0.8]. Moreover, for all y € [0.7,0.8], this quantity is minimized
for x = 1.0. The minimum value is &~ 0.9112 at z = 1.0 and y ~ 0.8. ]

Theorem 7. For any directed social network, there is an IE strategy with pricing probability
2/3 whose expected revenue is at least 0.55289 times the mazimum revenue.

Proof. As before, we consider an arbitrary directed social network G(V, E,w), start from
an arbitrary pricing probability vector p, and obtain an IE strategy IE(A,p) by applying
randomized rounding to p. We show that for p = 2/3, the expected (wrt the randomized
rounding choices) revenue of IE(A, p) is at least 0.55289 times the revenue extracted from G
under the best ordering for p (which ordering is Unique-Games-hard to approximate within a
factor less than 0.5!).

We recall that in the directed case, we can, without loss of generality, ignore loops (,1).
Let 7 be the best ordering 7 for p. Then, the maximum revenue extracted from G with pricing
probabilities p is R(m, p) < Z(m)eEpipj(l — pj)wij.

As in the proof of Theorem 6, we assign each buyer i to the influence set A independently
with probability I(p;) = a(p; —0.5), for some « € [0, 2], and to the exploit set with probability
E(p;) = 1 — I(p;). By linearity of expectation, the expected (wrt the randomized rounding
choices) revenue extracted by IE(A, p) is:

Ris(A,p) = Y p(1—p)(I(p:)E(pj) + 0.5 E(pi) E(ps))ws
(i,9)EE

Specifically, IE(A, p) extracts a revenue of p(1 — p)w;; from each edge (4, ), if ¢ is included
in the influence set and j is included in the exploit set, and a revenue of p?(1 — p)wi; if both
i and j are included in the exploit set V' \ A and i appears before j in the random order of
V\ A

The approximation ratio is derived as the minimum ratio between any pair of terms in
R(m,p) and Rig(A,p) corresponding to the same edge (7, 7). Thus, we select p and « so that
the following quantity is maximized:

min p(1—p)U(z) E(y) +0.5p E(x) E(y))
0.5<zy<1 ry(l—y)
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We observe that for p = 2/3 and a = 1.0, this quantity is simplified to min,co.5,1] %

The minimum value is ~ 0.55289 at y = 33, 0

Similarly, we can show that there is an IE strategy with pricing probability 1/2 whose
revenue is at least 0.8857 (resp. 0.4594) times the maximum revenue for undirected (resp.
directed) networks.

Approximability of the Maximum Revenue for Directed Networks The results of
[66, Lemma 3.2] and [64] suggest that given a pricing probability vector p, it is Unique-
Games-hard to compute a vertex ordering 7 of a directed network G for which the revenue of
(m,p) is at least 0.5 times the maximum revenue of G under p. An interesting consequence of
Theorem 7 is that this inapproximability bound of 0.5 does not apply to revenue maximization
in the Uniform Additive Model. In particular, given a pricing probability vector p, Theorem 7
constructs, in linear time, an IE strategy with an expected revenue of at least 0.55289 times
the maximum revenue of G under p. This does not contradict the results of [?, 64], because
the pricing probabilities of the IE strategy are different from p. Moreover, in the Uniform
Additive Model, different acyclic (sub)graphs (equivalently, different vertex orderings) allow
for a different fraction of their edge weight to be translated into revenue (for an example, see
Section ??, in the Appendix), while in the reduction of [66, Lemma 3.2], the weight of each
edge in an acyclic subgraph is equal to its revenue.

We show a simple example where different acyclic subgraphs (equivalently, different ver-
tex orderings) of the social network allow for a different fraction of their edge weight to
be translated into revenue. To this end, we consider a simple directed network G on V =
{u1,u2,u3,us}. G contains an edge from each vertex u; to each vertex u; with j > 4, that is
6 edges in total. Formally, ' = {(u;,u;) : 1 <1i < j < 4}. The weight of each edge is 1.

In ordering m = (uq, ug, us, uq), all edges go forward. So, 7; corresponds to an acyclic sub-
graph with edge weight 6. The optimal pricing probabilities for 7, are p; = (1,0.7474,0.5715,0.5)
and extract a revenue of R(m,p1) = 1.1964 from G. Thus, m allows for a revenue equal to
19.943% of its edge weight.

Similarly, ordering mo = (u1,us,u2,us) corresponds to an acyclic subgraph with edge
weight 5. The optimal pricing probabilities for 7o are py = (1,0.625,0.625,0.5) and extract
a revenue of R(me, p2) = 1.03125. So, my allows for a revenue equal to 20.625% of its edge
weight.

Ordering m3 = (ug,u1,us, ug) also corresponds to an acyclic subgraph with edge weight 5.
The optimal pricing probabilities for 73 are ps = (1,1,0.5625,0.5) and extract a revenue of
R(7ms3,p3) = 1.1328. Thus, 73 allows for revenue equal to 22.656% of its edge weight. Also,
the revenue extracted by IE({ui,us},0.5147) is 1.0634. Thus, 73 allows for an IE strategy
extracting a revenue equal to 21.268% of its edge weight.

IE({u1,uz2},0.5147), for example, approximates the maximum revenue of G within a factor
of %:?Sgi ~ 0.8888. On the other hand, if we consider a random ordering of u; and uo and of ug
and u4, we obtain a vertex ordering 7/, which combined with p1, gives an expected revenue of
~ 1.0306. Hence, (7', p) approximates the maximum revenue of G under p; within a factor of
%:(1)32461 ~ 0.8614. On the other hand, 7’ defines an acyclic subgraph of G which has an expected
edge weight of 5 and approximates the edge weight of the maximum acyclic subgraph of G
within a factor of % ~ 0.8333.

Thus, although the IE strategy of Theorem 7 is 0.55289-approximate with respect to the
maximum revenue of G under p, its vertex ordering combined with p may generate a revenue
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of less than 0.5 times the maximum revenue of G under p. In fact, based on Theorem 7, we
obtain, in Section 77, a polynomial-time algorithm that approximates the maximum revenue
of a directed network GG within a factor of 0.5011.

The following propositions establish a pair of inapproximabity results for revenue maxi-
mization in the Uniform Additive Model.

Proposition 1. Assuming the Unique Games conjecture, it is NP-hard to compute an IE
strategy with pricing probability 2/3 that approximates within a factor greater than 3/4 the
maximum revenue of a directed social network in the Uniform Additive Model.

Proof. Let G(V, E,w) be a directed social network, and let 7* be a vertex ordering correspond-
ing to an acyclic subgraph of G with a maximum edge weight of W*. Then, approaching the
buyers according to 7* and offering a pricing probability of 2/3 to each of them, we extract a
revenue of 4WW* /27. Therefore, the maximum revenue of G is at least 41W*/27.

Now, we assume an influence set A so that IE(A, 2/3) approximates the maximum revenue
of G within a factor of r. Thus, Rig(A,2/3) > 4rW*/27. Let m be the order in which
IE(A,2/3) approaches the buyers, and let (7,j) be any edge with m; < 7;, namely, any edge
from which IE(A,2/3) extracts some revenue. Since the revenue extracted from each such
edge (7, 7) is at most 2w;;/9, the edge weight of the acyclic subgraph defined by = is at least
SRip(A,2/3) > ZW*.

Hence, given an r-approximate IE(A, 2/3), we can approximate W* within a ratio of 2r/3.
The proposition follows from [64, Theorem 1.1], which assumes the Unique Games conjecture
and shows that it is NP-hard to approximate W* within a ratio greater than 1/2. ]

Proposition 2. Assuming the Unique Games conjecture, it is NP-hard to approrimate within
a factor greater than 27/32 the maximum revenue of a directed social network in the Uniform
Additive Model.

Proof. The proof is similar to the proof of Proposition 1. Let G(V, E, w) be a directed social
network, and let 7* be a vertex ordering corresponding to an acyclic subgraph of G with a
maximum edge weight of W*. Using 7* and a pricing probability of 2/3 for all buyers, we
obtain that the maximum revenue of G is at least 41/ /27.

We assume a marketing strategy (7, p) that approximates the maximum revenue of G
within a factor of . Thus, R(m,p) > 4rW*/27. Let (i, ) be any edge with 7; < 7;, namely,
any edge from which (7, p) extracts some revenue. Since the revenue extracted from each such
edge (7,7) is at most w;;/4, the edge weight of the acyclic subgraph defined by = is at least
AR(m,p) > Wrw+

Thus, given an r-approximate marketing strategy (m,p), we can approximate W* within
a ratio of 16r/27. Now, the proposition follows from [64, Theorem 1.1]. O

5.2 Optimizing simple Influence and Exploit

A natural idea is to exploit the apparent connection between a large cut in the social network
and a good IE strategy. For example, in the undirected case, an IE strategy IE(q,p) is
conceptually similar to the randomized 0.5-approximation algorithm for MAX-CUT, which
puts each node in set A with probability 1/2. However, in addition to a revenue of p(1 — p)w;;
from each edge {i,;j} in the cut (4,V \ A), IE(g,p) extracts a revenue of p*(1 — p)w;; from
each edge {i,j} between nodes in the exploit set V' '\ A. Thus, to optimize the performance
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Figure 5.1: (a)lllustration of the simple IE strategy and (b) the approximation ratio as a function of the
ration N/W

of IE(q, p), we carefully adjust the probabilities ¢ and p so that IE(q, p) balances between the
two sources of revenue. Hence, we obtain the following:

Proposition 3. Let G(V, E,w) be an undirected social network, and let ¢ = max{l—%, 0},
where A = N/W. Then, IE(q,2 — /2) approzimates the mazimum revenue extracted from G

within a factor of at least 2v/2(2 — v/2)(v/2 — 1) =~ 0.686.

Proof. The proof extends the proof of [66, Theorem 3.1]. We start with calculating the ex-
pected (wrt to the random choice of the influence set) revenue of IE(q,p). The expected
revenue of IE(q,p) from each loop {i,i} is (1 — ¢)p(1 — p)wy;. In particular, a revenue of
p(1 — p)wj; is extracted from {i,7} if buyer i is included in the exploit set, which happens
with probability 1 — ¢q. The expected revenue of IE(q,p) from each edge {i,j}, i < j, is
(2¢(1 — q)p(1 — p) + (1 — ¢)*p*(1 — p))w;;. More specifically, if one of i, j is included in
the influence set and the other is included in the exploit set, which happens with probability
2¢(1 —q), a revenue of p(1 —p)w;; is extracted from edge {7,j}. Otherwise, if both ¢ and j are
included in the exploit set, which happens with probability (1 — ¢)?, a revenue of p?(1 — P)wij
is extracted from edge {7, j} (note that since {7, j} is an undirected edge, the order in which
i and j are considered in the exploit set is insignificant). By linearity of expectation, the
expected revenue of IE(q, p) is:

Ris(q,p) = (1= @)p(1 = p) Y _wii + (1 = q)p(1 —p) > _(2q + p(1 — q))wy;
eV 1<J

Using that N =} ., w;; and W = >, w;;, and setting N = AW, we obtain that:

Rie(g,p) = (1= ¢)p(1 = p)(A+2¢ +p(1 — q))W

Differentiating with respect to ¢, we obtain that the optimal value of ¢ is
1—p—2XA/2
q" = max {p/, O}
2—p

We recall that R* = (14 A\)IW/4 is an upper bound on the maximum revenue of G. Therefore,
the approximation ratio of IE(q, p) is:

4(1 = g@)p(1 = p)(A +2q +p(1 — q))
14 A

(5.3)
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Using p = 1/2 and ¢ = max {%, 0} in (5.3), we obtain the IE strategy of [66, Theorem 3.1],
whose approximation ratio is at least 2/3, attained at A\ = 0. Assuming small values of A,
so that ¢* > 0, and differentiating with respect to p, we obtain that the best value of p for

IE(q*,p) is p* = 2 — /2. Usingp =2 —+v2 and q = max{l — @,O}, we obtain an IE

strategy with an approximation ratio of at least 2v/2(2 — v/2)(v/2 — 1) =~ 0.686, attained at
A=0. U

Proposition 4. Let G(V, E,w) be a directed social network. Then,
IE( — @,2— \/5) approzimates the mazimum revenue of G within a factor of v/2(2 —

V2) (V2 — 1) ~ 0.343.

Proof. The proof is similar to the proof of Proposition 3. We recall that for the directed case,
we can ignore loops (i,7). Since the social network G is directed, the expected (wrt to the
random choice of the influence set and the random order of the exploit set) revenue of IE(q, p)
is:

Ri(g.p) = (L—qp—p) > (¢+p1—q)/2w
(4,7)EE

= (1-¢)p(1 —p)(g+p(l—q)/2)W

More specifically, if 7 is included in the influence set and j is included in the exploit set, which
happens with probability ¢(1 — ¢), a revenue of p(1 — p)w;; is extracted from each edge (4, ).
Furthermore, if both ¢ and j are included in the exploit set V'\ A and i appears before j in the
random order of V'\ A, which happens with probability (1 — q)?/2, a revenue of p?(1 — p)wy;
is extracted from edge (3, j).

Using the upper bound of W/4 on the maximum revenue of GG, we have that the approx-
imation ratio of IE(q,p) is at least 4(1 — ¢)p(1 — p)(q¢ + p(1 — q)/2). Setting ¢ = 1/3 and
p = 1/2, we obtain the IE strategy of [66, Theorem 3.1], whose approximation ratio for di-
rected networks is 1/3. Using ¢ = 1 — @ and p = 2 — v/2, we obtain an IE strategy with an

approximation ratio of v/2(2 — v/2)(v/2 — 1) ~ 0.343. O

Proposition 5 (Optimality of IE for Bipartite Networks). Let

G(V,E,w) be an undirected bipartite social network with w;; = 0 for all buyers i, and let
(A, V\A) be any partition of V into independent sets. Then, IE(A, 1/2) extracts the mazimum
revenue of G.

Proof. Since all edges of G are between buyers in the influence set A and buyers in the exploit
set V\\ A, IE(A, 1/2) extracts the myopic revenue of wj; /4 from any edge {7, j} € E. Therefore,
IE(A,1/2) is an optimal strategy. O

5.3 Generalized Influence and Exploit

Building on the idea of generating revenue from large cuts between different pricing classes,
we obtain a class of generalized IE strategies, which employ a refined partition of buyers in
more than two pricing classes. We first analyze the efficiency of generalized IE strategies
for undirected networks, and then translate our results to the directed case. The analysis
generalizes the proof of Proposition 3.
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A generalized IE strategy consists of K pricing classes, for some appropriately large integer
K > 2. Each class k, £k = 1,..., K, is associated with a pricing probability of p, = 1 —
k—1

R=T)" Each buyer is assigned to the pricing class k independently with probability g, where

Zle qr = 1, and is offered a pricing probability of pp. The buyers are considered in non-
increasing order of their pricing probabilities, i.e., the buyers in class k are considered before
the buyers in class k+ 1, k = 1,..., K — 1. The buyers in the same class are considered in
random order. In the following, we let IE(q, p) denote such a generalized IE strategy, where
q = (q1,...,qK) is the assignment probability vector and p = (p1,...,pk) is the pricing
probability vector.

We proceed to calculate the expected revenue extracted by the generalized IE strategy
IE(q,p) from an undirected social network G(V, E,w). The expected revenue of IE(q, p)
from each loop {i,i} is wy; Zle qrkpr(1l — pr). Specifically, for each k, buyer i is included
in the pricing class k with probability g, in which case, the revenue extracted from {i,i} is
pr(1 — pr)w;;. The expected revenue of IE(p, q) from each edge {i,j}, i < 7, is:

K k1
wij Y qkpi(1l — pr) <‘Ik:pk +2) qepe)

k=1 /=1

More specifically, for each class k, if both 4, j are included in the pricing class k, which happens
with probability g7, the revenue extracted from {i,} is p?(1 — px)w;j. Furthermore, for each
pair ¢, k of pricing classes, 1 < ¢ < k < K, if either ¢ is included in ¢ and j is included
in k or the other way around, which happens with probability 2qsqx, the revenue extracted
from {3, j} is pepr(1 — pr)w;j. Using linearity of expectation and setting N = >, wy; and
W = Zi<j w;;, we obtain that the expected revenue of IE(q, p) is:

K K k—1
Ris(a,p) = N> ape(l —pe) + WY aipr(1 — pr) (CIkpk +2) qem)
k=1 k=1 /=1

Since R* = (N + W)/4 is an upper bound on the maximum revenue of G, the approximation
ratio of IE(q, p) is at least:

K K k—1
min{4z arpr(1=pr), 4 aepe(1— ) (CJk:pk: +2) quz) } (5.4)

k=1 k=1 /=1

We can now select the assignment probability vector q so that (5.4) is maximized. We note
that with the pricing probability vector p fixed, this involves maximizing a quadratic function
of q over linear constraints. Thus, we obtain the following:

Theorem 8. For any undirected social network G, the generalized IE strategy with K = 6
pricing classes and assignment probabilities q = (0.183,0.075,0.075, 0.175,0.261,0.231) ap-
prozimates the maximum revenue of G within a factor of 0.7032.

We note that the approximation ratio can be improved to 0.706 by considering more pricing
classes. By the same approach, we show that for directed social networks, the approximation
ratio of IE(q, p) is at least half the quantity in (5.4). Therefore:

Corollary 2. For any directed social network G, the generalized IFE strategy with K = 6 pricing
classes and assignment probabilities q = (0.183,0.075, 0.075,0.175,0.261,0.231) approximates
the maximum revenue of G within a factor of 0.3516.
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Discretized Distribution returned by the Quadratic Program
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Figure 5.2: (a)lllustration of the generalized IE strategy and (b)the distribution over pricing classes returned
by the quadratic program.

Proof. Similarly to the proof of Theorem 8, we calculate the expected (wrt the random parti-
tion of buyers into pricing classes and the random order of buyers in the pricing classes) revenue
extracted by the generalized IE strategy IE(p, q) from a directed social network G(V, E, w).
We recall that for directed social networks, we can ignore loops (i,7). The expected revenue
of IE(p, q) from each edge (i, j) is:

K k—1
0Pk
wij > qepr(1 = pr) (2 +> qem)
/=1

k=1

More specifically, for each class k, if both 7, j are included in the pricing class k and ¢ appears
before j in the random order of the buyers in k, which happens with probability q,% /2, the
revenue extracted from each edge (i,7) is p2(1 — pg)w;;. Furthermore, for each pair ¢, k of
pricing classes, 1 < ¢ < k < K, if 7 is included in £ and j is included in k, which happens with
probability geqy, the revenue extracted from (i, j) is pepr (1 — pr)wi;.

Using linearity of expectation and setting W = Z(i, j)eE Wij, We obtain that the expected
revenue of IE(q, p) is:

K k-1
Rip(q,p) =W > aepr(1 — pi) <Qk2pk +)° QZPZ>
=1

k=1

Since W/4 is an upper bound on the maximum revenue of G, the approximation ratio of
IE(q, p) is at least:

K k—1
QD
4> qepr(1 = pi) <2 +) qem) , (5.5)
/=1

k=1
namely at least half of the approximation ratio in the undirected case.
Using q = (0.183,0.075,0.075,0.175,0.261,0.231) in (5.5), we obtain an approximation
ratio of at least 0.3516. O

5.4 Influence and Exploit via Semidefinite Programming

The main hurdle in obtaining better approximation guarantees for the maximum revenue
problem is the loose upper bound of (N + W)/4 on the optimal revenue. We do not know
how to obtain a stronger upper bound on the maximum revenue. However, in this section,



5.4. INFLUENCE AND EXPLOIT VIA SEMIDEFINITE PROGRAMMING 49

we obtain a strong Semidefinite Programming (SDP) relaxation for the problem of computing
the best IE strategy with any given pricing probability p € [1/2,1). Our approach exploits
the resemblance between computing the best IE strategy and the problems of MAX-CUT (for
undirected networks) and MAX-DICUT (for directed networks), and builds on the elegant
approach of Goemans and Williamson [55] and Feige and Goemans [45]. Solving the SDP
relaxation and using randomized rounding, we obtain, in polynomial time, a good approxima-
tion to the best influence set for the given pricing probability p. Then, employing the bounds
of Theorem 6 and Theorem 7, we obtain strong approximation guarantees for the maximum

revenue problem for both directed and undirected networks. The high level description of our
algorithm SDP-IE is:

SDP-IE

Input: A weighted directed graph G(V, E)and a number e
SDP-relaxation:
1. Solve the Semi-Definite relazation (??) with accuracy (1—e) to obtain

vectors vi, t =0,1,...,n.
Rotation:
2. Obtain the rotated vectorsr;, 1 = 1,...,n, where the rotation is made

by a function fx(0):
A0) = (1 - )0+ Agu — cosf) (5.6)

Randomized Rounding:

3. Select a random wvector r € S™.

4. if sign(r; - r) = sign(vg - r) put vertex i in the Influence set
else put it in the FExploit set.

Output: the Influence and Ezxploit sets.

Since Influence and Exploit requires a binary decision to be made for each vertex, the
general idea behind this approach is to use randomization. That is, to construct an appropriate
probability space(assigning probabilities to each possible Influence and Exploit set pair) in
which the expectation of the revenue is high. Thus, by solving the semidefinite relaxation we
obtain a favorable underlying geometry through which the randomized decision rule defines the
required probability space. The rotation of the vectors is an intermediate step which increases
the probability that heavy edges are cut. We proceed with the analysis of the algorithm.

Directed Social Networks. We start with the case of a directed social network G(V, E, w),
which is a bit simpler, because we can ignore loops (4, 7) without loss of generality. We observe
that for any given pricing probability p € [1/2,1), the problem of computing the best IE
strategy IE(A, p) is equivalent to solving the following Quadratic Integer Program:

max 282D N (14 8+ (1= Byyowi — (1+ B)yoy; — (1 — Blviy;) (Q1)
(i,7)EE
s.t. Y; € {—1, 1} VieVu {0}

In (Q1), there is a variable y; for each buyer ¢ and an additional variable yy denoting the
influence set. A buyer ¢ is assigned to the influence set A, if y; = yo, and to the exploit
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(a) Relaxation (b) Rotation (c) Hyperplane Rounding

Figure 5.3: Graphical depiction of the main steps of the SDP-IEalgorithm.

set, otherwise. For each edge (4,7), 1 + voyi — yoy; — viy; is 4, if y; = yo = —y; (i.e., if i is
assigned to the influence set and j is assigned to the exploit set), and 0, otherwise. Moreover,
B(1 —yoyi — yoy; +viy;) is 2p, if y; = y; = —yo (i.e., if both ¢ and j are assigned to the exploit
set), and 0, otherwise. Therefore, the contribution of each edge (i, j) to the objective function
of (Q1) is equal to the revenue extracted from (i, j) by IE(A,p).

Following the approach of [55, 45], we relax (Q1) to the following Semidefinite Program,
where v; - v; denotes the inner product of vectors v; and v;:

max 2L N (14 2+ (1= D)o v — (1+ D)o v — (1= B)vi ;) (S1)

(i,9)€E
s.t. v v+ v v+ v vj = —1
ViV — Vv — Vo vj = —1
—V; *Vj — oV +vg v > —1
—v; - Vj + v v —vp v > —1
vicv; =1, v € R*H Vi e VUu{0}

We observe that any feasible solution to (Q1) can be translated into a feasible solution to (S1)
by setting v; = vy, if y; = yo, and v; = —vg, otherwise. An optimal solution to (S1) can be
computed within any precision € in time polynomial in n and in ln% (see e.g. [3]).

Given a directed social network G(V, E,w), a pricing probability p, and a parameter v €
[0,1], the algorithm SDP-IE(p,~y) first computes an optimal solution vg,v1,...,v, to (S1).
Then, following [45], the algorithm maps each vector v; to a rotated vector v} which is coplanar
with vy and v;, lies on the same side of vg as v;, and forms an angle with vy equal to

Jy(0;) = (1 —7)0; +ym(1 —cosb;)/2,

where m = 3.14... and 0; = arccos(vg - v;) is the angle of vy and v;. Finally, the algorithm
computes a random vector r uniformly distributed on the unit (n + 1)-sphere, and assigns
each buyer i to the influence set A, if sgn(v; - r) = sgn(wvg - r), and to the exploit set V' \ A,
otherwise!, where sgn(z) = 1, if x > 0, and —1, otherwise. We next show that:

Let 0 = arccos(vo - v}) be the angle of vo and a rotated vector v;. To provide some intuition behind the
rotation step, we note that 6; < 6;, if 9; € (0,7/2), and 6; > 6;, if 9; € (7/2, 7). Therefore, applying rotation to
v;, the algorithm increases the probability of assigning i to the influence set, if 6; € (0,7/2), and the probability
of assigning ¢ to the exploit set, if 6; € (w/2, 7). The strength of the rotation’s effect depends on the value of
~ and on the value of 6;.
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Theorem 9. For any directed social network G, SDP-1E(2/3,0.722) approzimates the maz-
imum revenue extracted from G by the best IE strategqy with pricing probability 2/3 within a
factor of 0.9064.

Proof. In the following, we let vy, v1,. .., v, be an optimal solution to (S1), let §;; = arccos(v; -
vj) be the angle of any two vectors v; and vj;, and let 6; = arccos(vg - v;) be the angle of
vo and any vector v;. Similarly, we let 0;; = arccos(v; - v}) be the angle of any two rotated
vectors v; and v}, and let 0; = arccos(vg - v;) be the angle of vy and any rotated vector v;. We
first calculate the expected revenue extracted from each edge (i,75) € E by the IE strategy of
SDP-IE(p, v).

Lemma 8. The IE strateqy of SDP-IE(p, ) extracts from each edge (i,7) an expected revenue

of:
(=90 —(1-Bo+1+5),
2

wij p(1 —p) (5.7)

Proof. We first define the following mutually disjoint events:
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B] : sgn(vj - ) = sgn(vg - ) # sgn(v; -
(

Bij : sgn(v; - ) = sgn(v - r) # sgn(vo - 7

Namely, BY (resp. B;;) is the event that both i and j are assigned to the influence set A
(resp. to the exploit set V' \ A), and B]i. (resp. Bf ) is the event that i (resp. j) is assigned
to the influence set A and j (resp. i) is assigned to the exploit set V '\ A. Also, we let IPr[B]
denote the probability of any event B. Then, the expected revenue extracted from each edge
wij p(1 — p) (IPr[B}] + 5 Pr[By;]) (5.8)
To calculate IPr[B;'-] and IPr[B;;], we use that if r is a vector uniformly distributed on the
unit sphere, for any vectors v;, v; on the unit sphere, IPr[sgn(v; - r) # sgn(v; - r)] = 0,5/ [55,
Lemma 3.2]. For ]Pr[B}], we calculate the probability of the event B; U Bg that 7 and j are
in different sets, of the event B;- U B% that i is in the influence set, and of the event Bg U BY
that j is in the influence set.

Pr[B!] + Pr[B]] = Pr[B} U B!] = Prsgn(v] - r) # sgn(v} - r)] = 0} /7 (5.9)
Pr[B}] + Pr[BY] = IPr[B} U BY] = Prsgn(v; - r) = sgn(vp - r)] = 1 — 6;/ (5.10)
IPr[Bf] + Pr[BY] = IPr[BZ U BY]= TPr[sgn(v vi-r) =sgn(vo-r)] =1—0;/m (5.11)

Subtracting (5.11) from (5.9) plus (5.10), we obtain that:
Pr(Bj] = 5= (6;; — 6; + 0) (5.12)

For IPr[B;;], we also need the probability of the event Bg U B;; that i is in the exploit set,
and of the event B;. U B;; that j is in the exploit set.
Pr[B!] 4 IPr[By;] = IPr[B! U Byj]= Prlsgn(v] - ) # sgn(vo - )] = 0/ (5.13)

)

IPr(B}] + Pr[B;;] = IPr[B} U By;]= IPr[sgn(v] - r) # sgn(vg - r)] = 0} /7 (5.14)
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Subtracting (5.9) from (5.13) plus (5.14), we obtain that:
Pr[B;j] = 5= (—0;; + 0; + 0)) (5.15)

Substituting (5.12) and (5.15) in (5.8), we obtain (5.7), and conclude the proof of the
lemma. O

Since (S1) is a relaxation of the problem of computing the best IE strategy with pricing
probability p, the revenue of an optimal IE(A, p) strategy is at most:

w Z wi; (1+5+(1—15)cos; — (1+E)cosb; — (1 — &) cosb;j) (5.16)
(i,5)eE

On the other hand, by Lemma 8 and linearity of expectation, the IE strategy of SDP-IE(p, )
generates an expected revenue of:

P2 N gy (1 8)0, — (1—-8)0,+ (1+5)0) (5-17)
(i,J)eE

We recall that for each 4, 6, = f,(6;). Moreover, in [45, Section 4], it is shown that for each 4,
J;

cos 0;; — cos 0; cos

0;; = 9,035, 0i,0;) = arccos (cos f+(6;) cos f+(0;) + sin f(6;) sin fy(é?j)>

sin ; sin 0;
The approximation ratio of SDP-IE(p,~y) is derived as the minimum ratio of any pair of terms
in (5.17) and (5.16) corresponding to the same edge (7,j). Thus, the approximation ratio of
SDP-IE(p, ) is:

o) =2 i 8@y (- DLW O+ HAE)
mo<wyz<r 1+ 54+ (1—8)cosy — (14 5)cosz— (1 —E5)cosz
s.t. cosx +cosy +cosz > —1
cosT —cosy —cosz > —1
—cosx —cosy +cosz > —1

—cosx +cosy —cosz > —1
It can be shown numerically, that p(2/3,0.722) > 0.9064. O
Combining Theorem 9 and Theorem 7, we conclude that:

Theorem 10. For any directed social network G, the IE strategy computed by SDP-IF(2/3,0.722)
approximates the mazimum revenue of G within a factor of 0.5011.

Undirected Social Networks. We apply the same approach to an undirected network
G(V, E,w). For any given pricing probability p € [1/2,1), the problem of computing the best
IE strategy IE(A, p) for G is equivalent to solving the following Quadratic Integer Program:

eV
+ PN a0 (2 + p — pyoys — pyoys — (2 — D)iyy) (Q2)

1<j
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s.t. yi € {-1,1} Vi e VU {0}

In (Q2), there is a variable y; for each buyer ¢ and an additional variable yy denoting the
influence set. A buyer ¢ is assigned to the influence set A, if y; = yp, and to the exploit set,
otherwise. For each loop {i,i}, 1 —yoy; is 2, if 7 is assigned to the exploit set, and 0, otherwise.
For each edge {i,7}, i < j, 2 — 2y;y; is 4, if ¢ and j are assigned to different sets, and 0,
otherwise. Also, p(1 — yoy; — yoy; + viy;) is 4p, if both ¢ and j are assigned to the exploit set,
and 0, otherwise. Therefore, the contribution of each loop {i,7} and each edge {i,j}, i < 7, to
the objective function of (Q2) is equal to the revenue extracted from them by IE(A,p). The
next step is to relax (Q1) to the following Semidefinite Program:

max p(lgp) > iev Wi (1 =g - vi)+

+ p(lzl_p) Zi<j wij (2+p—pvo-v; —pvo-vj — (2—p)vi-vj)

s.t. v; -V +vg - v v - v > —1 (S2)
VitV — Vv — Vo vj = —1
—V; *Vj — VoV +vg v > —1
—V; *Vj + V0 v; —vg v > —1
vi-vp=1, v € R™ Vi e VU{0}

The algorithm is the same as the algorithm for directed networks. Specifically, given an
undirected social network G(V, E,w), a pricing probability p, and a parameter v € [0, 1], the
algorithm SDP-IE(p,~) first computes an optimal solution vg,v1,...,v, to (S2). Then, it
maps each vector v; to a rotated vector v/ which is coplanar with vy and v;, lies on the same
side of vy as v;, and forms an angle f(6;) with vy, where 6; = arccos(vp - v;). Finally, the
algorithm computes a random vector r uniformly distributed on the unit (n + 1)-sphere, and
assigns each buyer i to the influence set A, if sgn(v} - r) = sgn(vp - r), and to the exploit set
V' \ A, otherwise. We prove that:

Theorem 11. For any undirected network G, SDP-IF(0.586,0.209) approzximates the mazi-
mum revenue extracted from G by the best IE strategy with pricing probability 0.586 within a
factor of 0.9032.

Proof. We employ the same approach, techniques, and notation as in the proof of Theorem 9.
The expected revenue extracted from each loop {i,i} is w;; p(1 — p) times the probability that
i is in the exploit set, which is equal to IPr[sgn(v} - r) # sgn(vp - r)] = 0./m. Therefore, the
algorithm extracts an expected revenue of wj; p(1 — p) 0. /7 from each loop {i,i}. Next, we
calculate the expected revenue extracted from each (undirected) edge {i,j}, i < j, by the IE
strategy of SDP-IE(p, ).

Lemma 9. SDP-IE(p,~) extracts from each edge {i,j}, i < j, an expected revenue of:

(2—p)0i; +pb; +pb
27

wi; p(1 —p)
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Proof. Let the events B;, Bg , and B;; be defined as in the proof of Lemma 8. In particular,

B;- U Blj is the event that 7 and j are in different sets, and B;; is the event that both i and j
are in the exploit set. Thus, the expected revenue extracted from edge {i,j} is:

wij p(1 = p) (M[B;ﬁ U BJ] —i—pIPr[Bij]) (5.18)

In the proof of Lemma 8, in (5.9) and (5.15) respectively, we show that ]Pr[B; U sz] = 0;;/,
and that Pr[B;;] = (—0;,;+6;+0)/(27). Substituting these in (5.18), we obtain the lemma. [

Therefore, by linearity of expectation, the expected revenue of SDP-IE(p, ) is:

D) N i 0+ 252N "y (2 p) 0 +p 0l +pb)) (5.19)
eV 1<J
where ¢ = f,(0;), for each i € V, and 6}; = g,(6:5,0:,0;), for each i,5 € V..
On the other hand, since (S2) relaxes the problem of computing the best IE strategy with
pricing probability p, the revenue of the best IE(A, p) strategy is at most:

ngp) Z w;i(1 — cosb;) + p7(14—p) Z wi; (24 p—pcosb; —pcosh; — (2 —p)cosb;) (5.20)
eV 1<J
The approximation ratio of SDP-IE(p, ) is derived as the minimum ratio of any pair of
terms in (5.19) and (5.20) corresponding either to the same loop {i,i} or to the same edge
{i,7}, 1 < j. Therefore, the approximation ratio of SDP-IE(p, 7) for undirected social networks
is the minimum of p;(y) and p2(p,y), where:
2 [y (@)

= — min ———— and
P1(7) T 0<z<w 1 — cosx

pa(p,) = > _min (2 =p)92(2,y,2) + pfr(y) +pf(2)
5 7 0<zy,2<m 2+ p — pcosy —pcosz — (2 — p)cosx

s.t. cosx + cosy +cosz > —1

cosT —cosy —cosz > —1
—cosx —cosy +cosz > —1

—cosx +cosy —cosz > —1
It can be shown numerically, that p;(0.209) > 0.9035 and that p2(0.586,0.209) > 0.9032. [

Combining Theorem 11 and Theorem 6, we conclude that:

Theorem 12. For any undirected social network G, the IE strateqy computed by SDP-1E(0.586,0.209)
approximates the mazximum revenue of G within a factor of 0.8229.

Remark. We can use p(p,~) and min{p1 (), p2(p,7)}, and compute the approximation ratio
of SDP-IE(p, ) for the best IE strategy with any given pricing probability p € [1/2,1). We
note that pi(7y) is ~ 0.87856, for v = 0 (see e.g. [55, Lemma 3.5]), and increases slowly
with v. Viewed as a function of p, the value of v maximizing p(p,~y) and p2(p,7) and the
corresponding approximation ratio for the revenue of the best IE strategy increase slowly with
p (see also Fig 5.4 about the dependence of v and the approximation ratio as a function of
p). For example, for directed social networks, the approximation ratio of SDP-IE(0.5,0.653)
(resp. SDP-IE(0.52,0.685) and SDP-IE(0.52,0.704)) is 0.8942 (resp. 0.8955 and 0.9005).
For undirected networks, the ratio of SDP-IE(0.5,0.176) (resp. SDP-IE(0.52,0.183) and
SDP-IE(2/3,0.425)) is 0.899 (resp. 0.9005 and 0.907).
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Figure 5.4: The approximation ratio of SDP-IE(p, ) for the revenue of the best IE strategy
and for the maximum revenue, as a function of the pricing probability p. The upper left plot
shows the best choice of the rotation parameter v, as a function of p. The blue curve (with
circles) shows the best choice of vy for directed social networks and the red curve (with squares)
for undirected networks. In both cases, the best choice of v increases with p. The upper right
plot shows the approximation ratio of SDP-IE(p, ) for the maximum revenue for directed (blue
curve, with circles) and undirected (red curve, with squares) networks. The lower plots show
the approximation ratio of SDP-IE(p,~) for directed (left plot) and undirected (right plot)
networks, as a function of p. In each plot, the upper curve (in black) shows the approximation
ratio of SDP-IE(p,~y) for the revenue of the best IE strategy, which increases slowly with p.
The blue curve (that with circles) shows the guarantee of Theorem 7 and Theorem 6 on the
fraction of the maximum revenue extracted by the best IE strategy. The red curve (that with
squares) shows the approximation ratio of SDP-IE(p,~y) for the maximum revenue.



Chapter 6

Local Search and Heuristics

The Revenue Maximization problem is not only interesting from a theoretical point of view
but from a practical as well. Specifically, a seller would want to improve a given marketing
strategy if possible without needing any guarantee of how good the improvement would be.
Motivated by this fact, in this section we introduce a class of Local Search strategies designed
to improve a given marketing strategy (m,p). We propose two special instantiations and
discuss convergence issues. Furthermore, since the powerful SDP algorithms developed have
large running time, their applications on massive graphs though interesting from a theoretical
perspective becomes impractical. We address this issue by proposing intelligent heuristic based
on eigenvector centrality[20, 83] correlating network position with price to be offered. Lastly,
we discuss another approach on designing pricing strategies that generalize the Influence and
Exploit idea to the furthest extent utilizing Calculus of Variations[24, 51].

We first provide some preliminary facts that will motivate later developments. A quantity
that provides intuition is the Forward Looking Revenue (FLR). Hartline et.al [66] considered
the case of the optimal myopic revenue. The FLR is an insightful generalization. Consider that
we are about to offer a price to buyer i, let A; and B; be the set of vertices that are considered
after and before ¢ respectively. The FLR consists of two parts; the expected revenue that we
extract from buyer ¢ and the extra revenue that becomes available if i accepts our offer, due
to ¢’s influence in the network:

FLR; = pi(1—p;) Z pjwji +wii | + pi Z p;i(1 = pj)wi; (6.1)
JjEB; jEAi
Revenue from 1 Extra Reven;; if i accepts

Viewed alternatively F'LR; is the part of the total revenue that depends on p;.

Impact of Social Position. Assume for a moment that we are given both the sequence
m and all the probabilities p’; except for p;. It turns out that in that case we can make an
optimal choice (best response strategy) for p; by maximizing F'LR;, while requiring that p; is
a valid probability between 0 and 1. Fortunately, when F'LR; is restricted only as a function
of p; it is a concave function and thus has a unique maximum for:
|1 12 e, pi(l = pj)wi 1

>_jeB, PiWji + Wii i 1<1

o7
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Figure 6.1: (a)Optimal myopic revenue(purple) as a function of the pricing probability x.(b)Forward looking
revenue as a function of the pricing probability for different ratios r = N;/I;.

The above equation reveals a number of interesting facts. First, it states that all probabilities
must lie in [0.5,1]. Furthermore, observe that the “optimal” probability p; consists of two
terms:

1. The first term 1/2 corresponds to the myopic price, i.e. the probability with which we
would have ¢ accept our offer disregarding network effects.

2. The second term is proportional to the ratio r; = N;/I; of the “network value” to the
“intrinsic value” of node i. This term is essentially a discount offered to i in order to
strike balance between the revenue we exert from him and the influence he has on the
network.

6.1 Local Search

Our general approach in designing these strategies is to utilize the optimality condition (6.2)
along with Lemma 4(Chapter 4) for the ordering of buyers. These conditions show that there
is a recursive dependence between ordering and probabilities that prevents us from computing
optimally either one. In order to break this cycle of dependence we propose iterative schemes
that after each step guarantee an increase in revenue. These strategies consist of two different
functions that correspond to the dual nature (sequence - probabilities) of our problem and
are reminiscent of a class of algorithms called Fzpectation-Maximization, which are extensively
used in Machine Learning[17]. Particularly, these algorithms are compositions of two functions:

1. Sequence Function(Ezpectation Step): where we apply the sequence lemma in order
to find a better ordering given the probability vector p.

2. Probability Function(Mazimization Step): where we iteratively maximize the Forward
Looking Revenue for one variable at a time using some (cyclic) rule.

The increase in revenue for the first function is guaranteed by Lemma 4, whereas the concavity
of FLR;, when viewed only as a function of p;, guarantees the increase for the second function.
We proceed with some comments describing the nature of these algorithms.
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Imagine that we enumerated all possible sequences
X and all possible discretized probability vectors Y. If
we take the cartesian product of these two sets, we would
get a two dimensional grid X xY with arbitrary connec-
tions between nodes. Particularly, all nodes with same x
coordinate correspond to the different probability vec-
tor configurations given the sequence, whereas in the Probability
other case they correspond to the different sequences
for a given probability vector. In this setting, our algorithms start from a node and walk on
the grid making vertical and horizontal moves only, improving each time the revenue. We
can think of the probability function as a convergence mechanism that guides us to a local
optimum and the sequence function as an escape mechanism that makes large jumps and
transports us to a different landscape.

Sequence

6.1.1 Algorithms

All algorithms of the class we are discussing differ only in how often they switch form one
function to the other and according to which rule they select nodes to maximize the FLR. We
propose two algorithms that lie in opposite extremes on how often they apply the sequence
lemma.

The first algorithm is a greedy version, where we apply continuously the probability func-
tion until we converge to a local maximum for the given sequence. Then based on that
probability vector we obtain a new ordering. The algorithm terminates when no improvement
is made. The precise description is:

Greedy Local Search

Input: A graph G(V, E), a probability vector p and a number €
Expectation:

1. Apply the sequence Lemma and obtain a new ordering.
Maximization:

Repeat

2. Using a cyclic rule select one variable at a time and update by
mazximizing the FLR revenue:

1 1 Zj>7r(i) pi(1 — pj)wi;
— 4+ =
2 2 Zj<7r(i) pjwji + Wi;

pi =

until convergence of p.

3. Repeat Step 1 and 2 until no improvement in Revenue is made:
AR < e.

Output: the probability vector p and the sequence 7.

The previous algorithm is severely biased towards the probability updating rule, i.e. gives
more value in obtaining first a better probability vector. On the other extreme we propose an
algorithm that alternates between the two functions at each step. The reasoning behind the
algorithm is that we are trying to obtain a better sequence simultaneously with updates for
the probability vector. In other words we are performing a cautious search making alternating
moves in both directions (horizontally and vertically) of the gird.
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This algorithm at each step decides which node is to be positioned next in the permuta-
tion as well as the probability he should be priced. To accomplish this feature we need two
estimates for the probability vector. The probability from the previous iteration(epoch) and
a “current” estimate. At each time point we have a closed set, vertices for which we have
decided about both their position in the permutation as well as their probability, and an open
set which consists of vertices that are candidates for the next position in the permutation. The
algorithm proceeds by updating for all candidate nodes their “current” probability estimate
by using old values for candidate nodes and the updated values for nodes in the closed set.
Our reasoning is that all candidates nodes could be the next node in the permutation and as
such we must base our decision calculating the probability that would be assigned to them
if they really were considered next. The decision is made on the basis of the conditions that
the sequence lemmata provide, i.e. which node has the largest probability from the candi-
date ones(symmetric case) and which node maximizes the gain between influence lost and
gained(asymmetric case). A high level description of this algorithm is:

Cautious Local Search

Input: A graph G(V, E), a probability vector p and a number €
Initialization:

1. Insert every vertex in a priority queue according to the criterion of
the sequence lemma.

2. Initialize the Closed Set as ().

Repeat

3. u=FEztractMaz(Queue).

4. Update the probability for u by maximizing the FLR.

5. Update the new probability estimates for neighbours of u by mazximiz-
ing the FLR for each node using the updated probabilities for nodes in
the closed set and the initial values for nodes in the queue.

6. Based on the new estimates update the values that the sequence lemma
requires(keys of nodes).

until Queue is Empty.

If AR > € go to Step 1.

Output: the probability vector p and the sequence .

6.1.2 Convergence

Having thoroughly presented our local search strategies, we discuss the issue of convergence.
Observe that both these algorithms are guaranteed to converge to a local optimum since the
revenue is bounded from above and our strategies guarantee an increase in revenue at each
step. However, reasoning of this kind does not really say anything about how fast we will
reach that local optimum. To study convergence rates we must study the update rule:

k) (k
iy _ 1, 1| Epon 2 (= 1y
% k
2 2 qu(i)p; )wji+wii

(6.3)
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Figure 6.2: (a)Initially, we only know that our variable p; is in [0,1] and as the algorithm proceeds we get
more and more information.(b)Local Search applied to the symmetric model, where the volume of the box
indicate the distance to convergence.

It is more convenient to consider the update rule in terms of the discount ratios r; given by
p; = 0.5+ 0.5r;. The update rule can now be rewritten:

(k)32
. Swgi (1 — (r;
T§k+l) _ fz(f(k)) :1 Z]>7r(z) J( (k( j ) )

e (0.5 + 057 Y + wyy

(6.4)

The operator f; has the nice property of isotonicity Vi € V. That is if ¥ > ¢ then f;(Z) <
fi(§). Futhermore, this kind of update rule is well known in the optimization literature as
Cyclic Coordinate Minimization(CCM)[13]. Recently, Saha and Tewari[119] showed that CCM
has linear convergence rates when the isotonicity assumption holds[119, Section 4.3, 4.4, 5].
Nevertheless, we provide our own analysis which gives further intuition on why CCM must
converge pretty fast.

The idea is that we initiate the discount vector %) at an unknown location in [0, 1]™(full
uncertainty) and we virtually iteratively apply the update rule to the unknown vector. Because
the vector 7% belongs in [0,1]™ and due to the isotonicity of the update rule f;, we can obtain
more and more refined upper and lower bounds. Specifically, let #¥) be the sequence of
discount ratios that results after k updates. Our approach is to bound this sequence from
above and below respectively by two sequences ak), %) such that Kl(k) < rgk) < uz(-k), Vie
V and for all k, or in matrix notation:

0k < 7 k) < (k) (6.5)

The method can be visualized as applying a clamp for every coordinate(probability) and
gradually narrowing the grip until the two ends meet. We initialize our bounds with the
obvious choice @© = T and £19) = (. Then we obtain the new bounds by the rules:

N I O (6.6)

(3

AFFD = gk (6.7)

We will show by induction that the sequences @*), 2k converge to the same limit. Observe
that if any of the two sequences reach the limit, then the other automatically will reach it
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as wellll = f(0) = u = f(f) = £ = f(@)). We initially assume that @*+tD) < @® and
k1) > gIR) - If that is the case then we show using the isotonicity property of the update
rule that the two sequences are monotone:

u

14

k+2)  _ fi(lﬁ(k—i—l)) < fi(lﬁ(k)) _ ul(k—i-l) (6.8)

5-
S = @) 2 i) = (6.9)
Now, there are two properties that we must show to complete the proof. Firstly, we must show
that the base case holds,i.e. 7 < @(® and JAeY) > 57(0), and secondly that these inequalities
are in fact strict for at least one of the two sequences , 7 at each step k.

Our approach in remedying the above situation is to consider the process of cyclic co-
ordinate maximization as a message-passing algorithm. Specifically, each time a node’s ra-
tio(probability) is updated it passes “messages” to its neighbours. The concept of a message
is that the update of one node will have a contribution on how much the the ratio of an adja-
cent node will change after we apply the update rule to it. Hence, we can think that a node
“accumulates” messages from his neighbours, which are being updated, until it is updated
itself. What remains is to quantify the contribution of individual messages.

There are two kinds of messages: future messages and past messages. Future messages
are passed from nodes later in the permutation to adjacent nodes that appear earlier in the
permutation. The inverse applies for past messages.

We analyse first future messages. Assume that node ¢ has been
just updated and there is a change in value dr;. However, we have
only information for the upper and lower bounds. This means that
we should have du; < 0 or d¢; > 0, because if neither holds then
that would mean that the truncation option applies for both the
lower and upper bound but then that would mean that r; would
have converged. Therefore, if there is a coordinate that hasn’t al-
ready converged we are guaranteed to have a “message”. The change
resulting from the message from 7 to an adjacent node j that is updated is:

N o 1 Wi; _
60— o) = g — gy D) 2 j (WD) — @7

Therefore, for future messages we can say that:

st > Fyslu)| (6.10)
ol > Fjee) (6.11)
Respectively, for “past” messages we have:
Py CaR IR O/ DL 100 ) B WD SR L ol CTAO )
J 4 Zt<7r(j>(0.5+0.5u£k))wtj+’wjj 4 Zt<7r(j) (0.5+0.5u§k71))wtj+wjj
(1 (s, (E=1)\2
> % Zt>ﬁ(j)w1t(1(k(7ult> ) ) — [ugk—l) N ugk) (612)
(X t<n(j)(0-540.5uy Jwe;+w;i;)

This time however we cant obtain a lower bound for the change that is independent of the
sequence of updates. Fortunately, we only need future messages for our purpose and we will
ignore past messages as making no difference. Every node receives a number of future messages
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unless he appears last among his neighbours in the permutation in which case automatically
r; = u; = £; = 0 and thus converges. Hence, what really happens for nodes that have not yet
converged is that at each update they sum the messages from “future” neighbours:

YA N S T (6.13)
i>7(j)

oul > ST Ryed) (6.14)
>m(j)

These relation along with the condition that if we have not full convergence there is ¢ such
that §¢; > 0 or |du;| > 0, guarantee that at least one of the inequalities (27,28) are in fact
strict. This concludes our proof.

6.2 Eigenvector-based Heuristics

In the previous sections we provided approximation algorithm for the problem of Revenue
Maximization. We also introduced natural local search strategies to improve upon a given
solution. Nevertheless, we were not able to correlate the network position of a buyer with the
right price to be offered, as our techniques, except from the personalized version of Influence
and Exploit, disregard at large the network structure and are based on random sampling. We
propose intelligent heuristics in order to fill that gap.

We have seen that if we have the vector of probabilities then we can find the right sequence
and then initiate a local search algorithm to improve our solution. Hence our heuristics are
aiming to obtain a “good” estimate of the probability vector. But what is a “good” estimate?
We argue that any good estimate should incorporate two characteristics:

o Closure under Structure: meaning that it should take into account the complete structure
of the graph and the complex recursive dependencies therein.

e (Closure under Optimality: meaning that in an approximate sense every individual prob-
ability estimation of a node should consist a “best response strategy” given the other
estimations.

The first condition refers to the combinatorial nature of our problem, i.e. the Max-FAS
problem, whereas the second condition corresponds to the pricing aspect. Any reasonable
heuristic should take into account this dual nature of our problem.

6.2.1 “Stingy” PageRank

We initially examine the symmetric case and the results obtained here will motivate the
techniques introduced for the asymmetric setting. In the beginning of this chapter, we provided
conditions that an optimal strategy must meet. Particularly, we required that the probabilities
should “satisfy”, while remaining in [0.5, 1], the stationary point equations for the expected
Revenue:

OR . )
; =0< (1—2p) Z wji +wii | + Z wijpj(1—p;) | =0, VieV (6.15)
JjEB; JEA;

These equations will form the basis of our heuristic. At this point we make some comments
that will provide intuition into our approach:
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Figure 6.3: (a)Interacting particles conceptualization of Stingy PageRank, where the particles
dynamics are advancing the system to equilibrium(closure).(b)We can view the PageRank
approach as producing a coarse picture of the role of each node in the Reveneue Maximization
setting. The size of the nodes indicates the potential of a node as an influencer.

o Comment 1: Given the success of uniform sampling strategies, where the ordering of
buyers is random, and the fact that for the Max-FAS problem the best known algorithm
is to consider a random permutation, we conclude that a random ordering of vertices is
not that bad.

e Comment 2: The ratio r; has the interpretation of a discount offered to node 7 in order
to increase the probability that he accepts and utilize his social position.

e Comment 3: Even a fully myopic strategy, where we extract the maximum amount of
revenue from each buyer disregarding the network effects, has a constant 1/4 approxi-
mation ratio.

In order to achieve the “Closure” feature under both structure and optimality we use the sta-
tionary point equations (6.15) and our estimation for the probability vector will be the output
of the following process. Imagine that we have a system of n particles that are affected by
a “field” f = (f1,.-, fn), which only depends for each particle from certain adjacent parti-
cles(neighbours) and guides our system to equilibrium(closure). In this setting we additionally
require that:

1. The ordering of particles(buyers) is random(Comment 1).

2. The seller is stingy, that is, he prefers not to give big discounts either because he does
not trust the estimations of w;; or in order to discourage foul play. Therefore, he prefers
that r; are kept small(Comment 2).

3. The system is initialized from a fully myopic pricing point: r; ~ 0,V ¢ € V (Comment
3).

Having provided the motivation to our approach we proceed with the derivation of the
heuristic. We note that we consider w;; = 0 for simplicity and because this is the most
interesting case. However, the techniques used here can be easily extended for the case were
wy; # 0. Because the ordering is random, every vertex has equal probability of being considered
before or after any other vertex. Therefore, we consider the mean field approzimation(in terms
of the sequence) of the stationary point equations (6.15):

1 1 .
(1 — Qpi) 5 ijipj + 5 Zwijpj(l — pj) =0 VZ € V (6.16)
j#i j#i
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If we rewrite (6.16) in terms of the discount ratios and solve for r;, we get:

120 Wi — 2 wijr}
4 3254 w;i(0.5 4 0.5r;)

ri = fi(r;) (6.17)
Finally, we consider “stingy” pricing where the field (6.17) is approximated by a modified field
f such that f > f:
12 54 Wig — 244 WigTj
ri = fi(r=i) = L 2ji 05~ Qi VT (6.18)
4 Zj;éi Wi

where we have used that r; < 1 and (1 — 7"?) > (1 —rj). Before, proceeding with the final
result we note that if a vertex has no neighbours we can safely price him with the fully myopic
price 1/2 and thus would not be considered in this process, hence we know that > i Wi #£0
for vertices considered in this process. What we have achieved with (6.18) is essentially a
linearisation of the field. This allows us to have a closed self-consistent expression for the
“equilibrium point” we are searching for. Finally, we state that “Stingy” PageRank is the

solution of the system:

F=—aWD ' -7+ (6.19)

where v = 1/4, W = wij, D= > ji Wyi and B =1/4-1. The name comes from that fact that
this is the same formulation that PageRank [?] is computed. We can rewrite (6.19) as linear
System:

(f+ aWﬁ*l) 7=3 (6.20)
Theorem 13. “Stingy” PageRank always has a unique solution.

Proof. Note that the matrix W is symmetric with non-negative elements, from SVD theorem
we deduce that it has non-negative eigenvalues. Additionally, D! is a diagonal matrix with
all elements positive. Therefore, the matrix (I + oW .D™!) has only positive eigenvalues and

the linear system has a unique solution. O

In practice we would apply Stingy PageRank separately for each connected component
and normalize the vector 7#so that the lower value is 0 and the maximum value is 1. The
probability estimation would then be given by 5 = 0.5 + 0.57. Based on this estimation we
could derive the sequence and if needed improve the solution by using one of the local search
strategies we proposed.

6.2.2 Hubs and Authorities

The developments for the symmetric setting give us a strong motivation to consider a similar
approach for the asymmetric case. In this setting, naturally, we are aiming to utilize the
HITS procedure introduced by Kleinberg [81]. Our reasoning is that every node has a dual
role, influencing other nodes and being exploited to extract revenue. This duality is in direct
correspondence with Kleinberg’s authorities and hubs concept.

In this setting however we can not hope for achieving complete closure, both structure and
optimality, and we will aim only for structural closure. Specifically, we consider for each node
two numbers:

1. Hubness ratio h; that expresses how well a node executes his role as a revenue provider.

2. Authoritativeness ratio a; that express how appropriate is a node as an influence.
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1,...,1i-1 it1,...,n

Figure 6.4: (a)Dual value of a node: intrinsic value(blue) and network value(red).(b)Jon
Kleinberg’s Hubs and Authorities idea.

Based on this concept, we slightly modify the HITS procedure to establish the closure property.
Specifically, we consider that we have a random ordering and the ratios must satisfy:

1

a, = —=—— ) wijhj, VieV (6.21)
D4 Wij E;Z: "
1
hi = 7210]“1], VieV (6.22)
Z”’éz b

This conditions roughly say that the higher the ratio of a node’s influence upon neighbours
towards the cumulative influence, the higher is the authoritativeness of the node. Similarly,
the higher the authoritativeness of a nodes in-neighbours is, the higher the quality of a node
as a revenue provider. These equations can be written in matrix notation as:

i = DLW -h (6.23)
h = D'wT.a (6.24)

These equations actually consist a single eigenvalue problem:

a = DLwD'wT.a (6.25)
h = DWID LW -k (6.26)

Hence, we could solve either of the two problems and then obtain the other vector using
equations (6.23,6.24). Kleinberg showed that the solution to this problem always exisst and
consists of the principle eigenvector of the matrix, where all coordinates of the eigenvector are
positive due to the Perron-Frobenius Theorem[102].

What remains is to combine the vectors Ef,ﬁ to a single estimation for the probability
vector p. In the calculation of the authority and hub vectors of Kleinberg there was inherent a
normalization procedure In our case that won’t be necessary as we initiate our iterations from
a point were @ = h =T and in the update rule we have divided with the sum of in-weights and
out-weights respectively. Bearing in mind that a vertex with high authority rating should get
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Figure 6.5: Experimental evaluation of eigenvector heuristics. (a)HepPh Collaboration
Graph(undirected).(b)Epinions Social Network(directed).

a big discount and a vertex with high hub rating should get a small discount and the fact that
these two roles are complementary(a; + h; should be 1), we consider the following estimation
for the probability vector:
1 1 (473

= — 4 ——— 6.27

pi 2 2a; + h; ( )
We therefore have provided scalable methods in obtaining an educated guess for the probability
vector. This estimation could be used as well in augmenting Influence and Exploit Strategies,
that is we could synthesize the two approaches by considering the pricing scheme that the
generalized Influence and Exploit strategy requires but instead of a random sequence we could
use the sequence obtained by applying the sequence lemmata for the estimation that our

heuristics produce.

6.3 Experimental Results

We evaluated our heuristics experimentally. We considered two specific graphs with unity
weights: the ArXiV HepPh physics collaboration network(n = 12008, m = 237000)[93] for
the undirected case and the Epinions network(n = 75879, m = 508837)[113] for the directed
case. We implemented four strategies. The fully myopic one, the IE strategy of Hartline et.al,
the Generalized IE and the HITS heuristic. Particularly, in order to avoid tedious sampling
issues, we implemented a variation of these IE strategies where the ordering of vertices is
according to the HITS heuristic and the pricing follows the distribution that IE strategies
require. For instance in the 0.5 — —1 strategy, [0.333n] first vertices where given the product
for free and |0.667n| where offered the fully myopic price. We calculated the initial revenue
of these strategies and then applied a local search algorithm to improve it. We observe that
in both cases our heuristics initially outperform the other strategies, while the local search
algorithms significantly improve all initial solutions with a small number of iterations. It is
interesting that the local search strategies show little sensitivity with respect to the initial
solution, as they achieve roughly the same performance for all strategies. We also include
with vertical lines the theoretical performance of IE strategies in order to have a benchmark.
In all cases local search strategies outperform the theoretical bounds and especially in the
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directed setting. These results constitute evidence for the efficacy of both our local search
strategies and heuristics.

6.4 Pricing via Calculus of Variations

We close this chapter by treating the problem of Revenue Maximization under the framework
of Calculus of Variations. Recall the Generalized Influence and Exploit strategies from the
previous chapter, where we assign each vertex to a one of the k pricing classes with some
probability uniformly for all vertices. If we allow the pricing classes to be defined over the
whole interval [0.5,1] then, instead of looking for appropriate probabilities, we are searching
for probability density functions with support [0.5,1]. The optimization problems where the
decision variables are functions are the object of Calculus of Variations[51].

6.4.1 Uniform Sampling

We want to find a probability distribution P : [0.5,1] — [0,1], describing the probability
P(p;) that any node is assigned the probability of acceptance p;, that maximizes the expected
Revenue:

1 1
max R(P) = /1/290(1 —z)P(x) Bmp(x) +/ zP(t)dt] dx
s.t 1 Px)dr =1
1/2

P(x) >0

Thus we want to optimize a function on a infinite-dimensional space(functions) under convex
constraints. This family of problems are handled in the Calculus of Variations framework.
Specifically, we will transform our problem into a problem of Optimal Control. Let u(x) =
P(x) be the control variable and y(x) = le tP(t)dt, z(x) = fl% P(t)dt be the state variables
then we get:

! 1
max R(u) = / (x(l — z)u(x) [2xu(x) + y(m)} - u(x)u(a:)) dx
1/2
s.t y =—x-u(z)
z
Let H be the Hamiltonian of our system:

H =2z(1 - z)u(x) Bxu(w) + y(ﬂz)] —u(x)p(x) + A (x) [—zu(z)] + Ao (x)u(x)
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We will solve this problem using the Euler-Lagrange equations:

H,=0 & 2?(1—2)u+z(l—2)y—p—Mz+I=0
’ OH

A :—a—y & N =z(l-2)u
' 0H /
Ag=——— & A=0

y o= o u(x)
z = u(x)
u(z)p(z) =0, p(z) >0 = wulx)>0= pulx)=0

with the necessary initial and terminal conditions:

A(1/2) =0, y(1) =0, 2(1/2) =0, 2(1) =1

We have ended up with a Two Point Boundary Value Problem (TPBVP). We may not be
able to solve it analytically but there are well developed numerical methods for solving such
problems, see Applied Optimal Control[24].

6.4.2 Eigen-Distributions

The above discussion motivates us to generalize our approach
and instead of considering a single probability distribution
common for every node i, we can consider that every node
1 is assigned a probability of acceptance x according to his
own distribution P;(z). Let N; be the set of indices that are
adjacent to node ¢ ,then the expected Revenue that we exert
from node ¢ is:

R; = / (1—2)P foAﬂP +2Aﬂ/ t)dt| dx
1/2

JEN; JEN;

Now the total revenue can be expressed as a sum of the expected revenue from each node
R =) .y Ri. Let S be the space of a valid probability distribution with support on the
domain [1/2, 1], we want to optimize the total expected revenue on the product space S™:

1
max R(P1,...,Pn) = o (1 —2)Pi(x) 3% Z A;iPi(z) + Z Aﬂ/ t)dt| dx
eV JEN; JEN;
1
s.t Pi(x)dx =1, Pi(x) > 0,Vi e V.
1/2
Extendlng our treatment of the single distribution setting we define y;(x) = f tP;(

=[P /9 t)dt and the control variables u;(z) = P;(x). We calculate the Hamﬂtoman
anew:

=x(l —x) Z u;(x) % Z Ajiuj + Z Ajiy; | + Z i — Niqzui() — pi()ui(x)

=% JEN; JEN; i€V
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Applying the Euler-Lagrange equations for every i € V we get:

2(1 — I‘) Z Ajin + :L‘(l — 1}) Z Ajiyj — i — )\1711‘ + )\i,2 =0

JEN; JEN;
A, = —x(l—x)ZAijuj,
JEN;
Ng = 0
§ = )
5= uilx)

wi(z)pi(x) =0, pi(z) >0 = wui(z) >0= pi(z)=0
with the necessary initial and terminal conditions:
/\171(1/2) =0, yz(l) =0, Zz(1/2) =0, Zz(l) =1, VieV

In this setting we have embedded the actual graph structure in the above dynamical system.
We can solve the problem numerically only if all the eigenvalues of the adjacency matrix are
non-zero, as we can calculate the u;’s only from the system of linear equations that arises
from the first set equations (0H/0u; = 0). Actually, it suffices for the eigenvalues of the
corresponding adjacency matrices of the connected components to have positive eigenvalues.

6.4.3 Eigen-Generalized Influence and Exploit

A natural alternative to working in a infinite dimensional space is to consider a finite dis-
cretization p; = P(x;) of the distribution P(x) where z; could be for instance x; = 1 — Wl_l)
and m the number of “buckets”. Now the problem can be written:

Motivated by the first section and to obtain a graph specific pricing algorithm, we consider
a discretized probability distribution pﬁc for each node ¢. Specifically, the problem is formulated
as:

n m
max R(p!,...,p" Z (1 —2k)p kaZAﬂpi—l—ZxTZAﬂp]
=1 k=1 J#i r=1 J#i
m
s.t Zp}{: 1, pp.>0,k=1,....m,i=1,...,n
k=1

Again we have the same Quadratic structure for the objective function. Specifically the matrix

Q prn aZR - *
Opy, 8p%

9?R
; = wp(l —xp)zeAfi, €<k
Op;,.0p;
9?’R
; = wp(l —zp)zRAji, L=k
Op;,.0py,
I?R

= .1‘@(1 — acg):ckAl-j, 0>k
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Thus, we could initialize all the distributions with the solution we derived from the uniform
case which would guarantee us a 0.7059 approximation ratio and therefore from the solution
of the Quadratic program obtain an improved node specific solution. We have developed a
quite general framework for designing pricing strategies both in the continuous setting as well
as in the discrete setting.
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Chapter 7

Conclusion

In this thesis, we studied the Revenue Maximization problem under a very specific model
of marketing and positive externalities. The main assumptions made are:(i) buyers are ap-
proached individually in a sequence by the seller, (ii) the seller implements discriminative
pricing, (iii) the influence is additive. The first assumption although leading to marketing
strategies that may be implementable(through promotional emails or messages), is in reality
impractical as buyers are in general reluctant to respond positively to such offers and even
if they do so there would be a significant delay, rendering the sequential promotion process
too slow. Discriminative pricing, on the other hand, is known to lead to negative reactions
from buyers especially when it happens in their close social circle. Finally, the additive influ-
ence assumption is a very rough approximation to buyers valuations which are known to be
governed by a diminishing returns property(concave or submodular functions).

Considering the first two issues, we propose a way by which they can be mitigated even
in this model of sequential discriminative marketing. Sequential marketing suffers from the
inherent problem that the time to execute a marketing strategy is proportional to the number
of buyers n, which usually is very large. A reasonable constraint on the steps executed by
a marketing strategy could be that they should be at most a logarithmic function(O(logn))
of the number of buyers. This constraint naturally imposes a marketing strategy that at
each step the number of buyers considered is geometrically increasing, i.e. at each step we
consider constant times(e.g. twice as many) more buyers than the previous. Therefore, we
cluster buyers in O(log(n)) groups and make simultaneous offers to buyers in each group.
The clustering can be made either by adapting appropriately random sampling(Generalized
IE), local search procedures[110, 50] or by ranking through Eigenvector Centrality(“Stingy
PageRank”) techniques. This method might reduce the execution time of the marketing
strategy but the negative effects of discriminative pricing remain at large.

To alleviate the negative effects of discriminative pricing and still be able to preserve some
control over the marketing process, the Influence-and-Exploit idea is apposite. Offering the
product for free to some buyers and offering a regular price to the rest is an accepted by
consumers marketing practice. Furthermore, it is easily implementable via a gift and posted
price mechanism(same price available to all buyers). The Influence-and-Exploit strategy is a
clever way to find a good solution to complex problems by breaking the symmetry between the
decision variables in order to exploit partial knowledge and intuition about the structure of
the optimal solution. Some instances where this idea has been succesfully applied are [27, 65].

The Revenue Maximization and Influence Maximization problems study the same process
from different viewpoints, that of value and information propagation respectively. However, in
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reality these two aspects are intertwined and it is an interesting direction to merge them under
one model. Towards, that direction the Linear Threshold Model looks quite promising as it
could incorporate the dynamics by considering for each vertex two thresholds 6y, 6; (about
value and information respectively) and a joint distribution over them Fp, g, depending on
the price trajectory P, = (po,...,p:) and the adoption trajectory S; = (sg,...,s;) of its
neighbours, where p; is the posted price and s; is the set of neighbours that own the product
at time t. The goal would be to exploit the knowledge of the dependencies between buyer
to design a marketing strategy that maximizes the expected profit. The marketing strategy
would be comprised by three parts. A mass marketing campaign with cost which is a non-
decreasing function of the probability that a random buyer is informed about the product. A
promotion process where a set of buyers are given the product for free with possibly variable
cost for each buyer and a posted price trajectory according to which an arbitrary buyer can
buy the product at each time point. If these challenges are(or can be) met, then we would
obtain a truly Algorithmic Theory of Marketing.
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