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QLectives introduction

QLectives is a project bringing together top social modelers, peer-to-peer engineers
and physicists to design and deploy next generation self-organising socially intelligent
information systems. The project aims to combine three recent trends within informa-
tion systems:

e Social networks - in which people link to others over the Internet to gain value
and facilitate collaboration

e Peer production - in which people collectively produce informational products
and experiences without traditional hierarchies or market incentives

o Peer-to-Peer systems - in which software clients running on user machines dis-
tribute media and other information without a central server or administrative
control

QLectives aims to bring these together to form Quality Collectives, i.e. functional
decentralised communities that self-organise and self-maintain for the benefit of the
people who comprise them. We aim to generate theory at the social level, design
algorithms and deploy prototypes targeted towards two application domains:

e QMedia - an interactive peer-to-peer media distribution system (including live
streaming), providing fully distributed social filtering and recommendation for
quality

e QScience - a distributed platform for scientists allowing them to locate or form
new communities and quality reviewing mechanisms, which are transparent and
promote

The approach of the QLectives project is unique in that it brings together a highly
inter-disciplinary team applied to specific real world problems. The project applies
a scientific approach to research by formulating theories, applying them to real sys-
tems and then performing detailed measurements of system and user behaviour to
validate or modify our theories if necessary. The two applications will be based on
two existing user communities comprising several thousand people — so-called “Liv-
ing labs”, media sharing community tribler.org; and the scientific collaboration forum
EconoPhysics.
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Executive summary

In this deliverable, we start by briefly reviewing relevant work by QLectives partners
which has been presented in other deliverables so we do not fully expound it here. We
continue with two chapters on fundamental issues.

Chapter 3 addresses data in real world recommender applications which often fea-
ture fat-tailed distributions of the number of times individual items have been rated
or favored. We propose a model to simulate such data. The model is mainly based on
social interactions and opinion formation taking place on a complex network with a
given topology. A threshold mechanism is used to govern the decision making pro-
cess that determines whether a user is or is not interested in an item. We demonstrate
the validity of the model by fitting attendance distributions from different real data
sets. The model is mathematically analyzed by investigating its master equation. Our
approach provides an attempt to understand recommender system’s data as a social
process. The model can serve as a starting point to generate artificial data sets useful
for testing and evaluating recommender systems.

Chapter 4 studies behavior of populations under stress when conflicting scenar-
ios often give rise to social cohesion in human groups (collectives). By means of a
simple computational model, we explore a dynamic perspective of social cohesion in
populations under stress. Dynamics are driven by the co-evolution of structural and
cognitive dimensions. Submitted to sudden variations on its environmental conflict
level, the model is able to reproduce certain characteristics previously observed in real
populations in situations of emergency or crisis. A closer analysis of the results, ob-
serving both structural and cognitive together, uncovers a causal path from the level
of conflict suffered by a population to variations on its social cohesiveness.

Chapter 5 notes a typical feature of real datasets used for benchmarking of dis-
tributed recommendation algorithms and proposes algorithms which address it. Of-
fering personalized recommendation as a service in fully distributed applications such
as file-sharing, distributed search, social networking, P2P television, etc, is an increas-
ingly important problem. In such networked environments recommender algorithms
should meet the same performance and reliability requirements as in centralized ser-
vices. To achieve this is a challenge because a large amount of distributed data needs
to be managed, and at the same time additional constraints need to be taken into ac-
count such as balancing resource usage over the network. In this paper we focus on
a common component of many fully distributed recommender systems, namely the
overlay network. We point out that the overlay topologies that are typically defined by
node similarity have highly unbalanced degree distributions in a wide range of avail-
able benchmark datasets: a fact that has important—but so far largely overlooked—
consequences on the load balancing of overlay protocols. We propose algorithms with
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a favorable convergence speed and prediction accuracy that also take load balancing
into account. We perform extensive simulation experiments with the proposed algo-
rithms, and compare them with known algorithms from related work on well-known
benchmark datasets. The basic idea is general in the sense it is independent from the
applied similarity metric used in the recommendation algorithm. As a result, this ap-
proach can be applied to more sophisticated metrics, even those learned by machine-
learning techniques. This type of learning can be performed in fully distributed sys-
tems by applying the mechanisms proposed by the Szeged team in [88, 89].

In summary, this deliverable describes how social interactions and collectives influ-
ence and overlap with opinion formation and how the resulting informational struc-
tures (in this case, fat-tailed degree distributions in overlay networks) need to be taken
into account in the design of distributed algorithms.

vi
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Chapter 1

Introduction

In this deliverable, we start by briefly reviewing relevant work by QLectives partners
which has been presented in other deliverables so we do not fully expound it here. We
continue with two chapters on fundamental issues. In Chapter 3, we show that social
interactions and opinion formation on a complex network can give rise to fat-tailed
popularity distribution of content. This work provides an attempt to understand rec-
ommender system’s data as a social process. It can also serve as a starting point to
generate artificial data sets useful for testing and evaluating of recommender and rep-
utation systems. Work was presented at workshop Decisions@RecSys 2012 in Dublin
[19]. In Chapter 4, we use a computational model to explore a dynamic perspective
of social cohesion in populations under stress where dynamics is driven by the co-
evolution of structural and cognitive dimensions. The model is able to reproduce cer-
tain characteristics previously observed in real populations in situations of emergency
or crisis. This chapter is based on [69]. In Chapter 5, we directly address the third ob-
jective of this deliverable: “Provide a basis for efficiently distributed implementation
of the proposed algorithms”. We focus on a common component of many fully dis-
tributed recommender systems, namely the overlay network. Overlay topologies are
typically defined by node similarity and have highly unbalanced degree distributions
in a wide range of available benchmark datasets. This has profound consequences
on the load balancing of overlay protocols. We propose algorithms with a favorable
convergence speed and prediction accuracy that also take load balancing into account.
While the proposed mechanism is specifically designed to fully distributed (P2P) envi-
ronments where numerous constraints must be satisfied, the basic idea can be applied
successively in other systems with similar requirements. This chapter is based on [87].



Chapter 2

Related work by QLectives partners

2.1 Algorithm for quality, trust and reputation in online
communities

In the Internet era the information overload and the challenge to detect quality content
has raised the issue of how to rank both resources and users in online communities.
We proposed a novel and generalized ranking algorithm for bipartite systems to as-
sign quality values to objects and reputation values to users. This method, which
we named QTR (Quality, Trust and Reputation), also exploits the information coming
from the users’ social relationships. QTR is a generalized algorithm in the sense that it
can be easily adapted to different situations (e.g.,by giving more weight to certain kind
of actions, or to a particular behavior of users). We tested our method on two different
datasets, the EconoPhysics forum online community and the Last.fm online radio and
social network, which are particularly suited for our generalized algorithm because
they feature various levels of interactions (uploading a paper, downloading a paper,
viewing a paper’s abstract in the case of the EconoPhysics Forum) and multi-level
network where the bipartite user-item structure is superimposed on a social network
of users (in the case of the Last.fm data). The results of our study are twofold. We
tirst confirmed that ranking is a difficult task, and that an improper algorithm or a
peculiarly-structured dataset can lead to biased results. To address this, we proposed
a form of the QTR which is efficient in avoiding such bias. In addition, we showed that
social relationships can play a valuable role in improving the quality of the resulting
rankings. Details about the algorithm and its validation can be found in Deliverable
3.3.1 (Report on model validation and synthesis) and [67].

2.2 Trend prediction in temporal bipartite networks

Online systems where users purchase or collect items of some kind can be effectively
represented by temporal bipartite networks where both nodes and links are added
with time. We used this representation to predict which items might become popu-
lar in the near future. Various prediction methods were evaluated on three distinct
datasets originating from popular online services (Movielens, Netflix, and Digg) with
weighted popularity increase, where users are weighted by their overall activity, pro-
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duced the most promising results. We also showed that the prediction performance
can be further enhanced if the social user network is known and contribution of in-
dividual users are weighted by their centrality. For more details see Deliverable 1.1.2
(Book manuscript on agent-based models of complex techno-social systems).



Chapter 3

Recommendation systems in the scope
of opinion formation: a model

3.1 Introduction

This is the information age. We are witnessing information production and consump-
tion in a speed never seen before. The WEB2.0 paradigm enables consumers and
producers to exchange data in a collaborative way benefiting both parties. However,
one of the key challenges in our digitally-driven society is information overload [13].
We have the 'pain of choice’. Recommendation systems represent a possible solu-
tion to this problem. They have emerged as a research area on its own in the 90s
[22, 40, 43, 63, 99]. The interest in recommendation systems increased steadily in re-
cent years, and attracted researchers from different fields [100]. The success of highly
rated Internet sites as Amazon, Netflix, YouTube, Yahoo, Last.fm and others is to a
large extent based on their recommender engines. Corresponding applications recom-
mend everything from CD/DVD’s, movies, jokes, books, web sites to more complex
items such as financial services.

The most popular techniques related to recommendation systems are collaborative
tiltering [15, 22, 43, 51, 60, 63, 97, 102] and content-based filtering [11, 27, 68, 76, 91].
In addition, researchers developed alternative methods inspired by fields as diverse
as machine learning, graph theory, and physics [18, 33, 34, 78, 112, 115-117]. Fur-
thermore, recommendation systems have been investigated in connection with trust
[5,73,74,85,110] and personalized web search [17, 23, 104], which constitutes the new
research frontier in search engines.

However, there are still many open challenges in the research field of recommen-
dation systems [2, 30, 37, 48, 51, 55, 100]. One key question is connected to the un-
derstanding of the user rating mechanism. We build on a well documented influence
of social interactions with peers on the decision to vote, favor, or even purchase an
item [61, 101]. We propose a model inspired by opinion formation taking place on a
complex network with a predefined topology. Our model is able to generate data ob-
served in real world recommender systems. Despite its simplicity, the model is flexible
enough to generate a wide range of different patterns. We mathematically analyze the
model using a mean field approach to the full Master Equation. Our approach pro-
vides an understanding of the data in recommender systems as a product of social
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processes. The model can serve as a data generator which is valuable for testing and
evaluation purposes for recommender systems.

The rest of this chapter is organized as follows. The model is outlined in Sec. (3.2).
Methods, data set descriptions, and validation procedures are in Sec. (3.3). Results are
presented in Sec. (3.4). Discussion and an outlook for future research directions are in
Sec. (3.5).

3.2 Model

3.2.1 Motivation

Our daily decisions are heavily influenced by various information channels: advertise-
ment, broadcastings, social interactions, and many others. Social ties (word-of-mouth)
play a pivotal role in consumers buying decisions [61, 101]. It was demonstrated by
many researchers that personal communication and informal information exchange
not only influence purchase decisions and opinions, but shape our expectations of a
product or service [6, 8, 114]. On the other hand, it was shown [50], that social benefits
are a major motivation to participate on opinion platforms. If somebody is influenced
by recommendations on an opinion platform like MovieLens or Amazon, social in-
teractions and word-of-mouth in general are additional forces governing the decision
making process to purchase or even to rate an object in a particular way [72].

Our model is formulated within an opinion formation framework where social ties
play a major role. We shall discuss the following main ingredients of our model:

e Influence-Network (IN)
e Intrinsic-Item-Anticipation (IIA)

¢ Influence-Dynamics (ID)

Influence Network We call the network where context-relevant information exchange
takes place an Influence-Network (IN). Nodes of the IN are people and connections be-
tween nodes indicate the influence among them. Note that we put no constraints on
the nature of how these connections are realized. They may be purely virtual (over the
Internet) or based on physical meetings. We emphasize that INs are domain depen-
dent, i.e., for a given community of users, the Influence Network concerning books
may differ greatly (in topology, number of ties, tie strength, etc.) from that concerning
another subject such as food or movies. Indeed, one person’s opinion leaders (relevant
peers) concerning books may be very different from those for food or other subjects. In
this scope, we see the INs as domain-restricted views on social networks. It is thus rea-
sonable to assume that Influence Networks are similar to social interaction networks
which often exhibit a scale-free topology [12]. However, our model is not restricted to
a particular network structure.

Intrinsic-Item-Anticipation Suppose a new product is launched on the market. Ad-
vertisement, marketing campaigns, and other efforts to attract customers predate the
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launching process and continue after the product started to spread on the market.
These efforts influence product-dependent customer anticipation. It is clear that the
resulting anticipation is a complex combination of many different components includ-
ing intrinsic product quality and possibly also suggestions from recommendation sys-
tems.

In our model we call the above-described anticipation Intrinsic-Item-Anticipation
(ITA) and measure it by a single number. It is based on many external sources, except
for the influence generated by social interactions. It is the opinion on something taken
by individuals, before they start to discuss the subject with their peers. Furthermore,
we assume that an individual will invest resources (time/money) into an object only, if
the Intrinsic-Item-Anticipation is above a particular threshold, which we call Critical-
Anticipation-Threshold.

Influence-Dynamics The Influence-Dynamics describes how individuals’ Intrinsic-
Item-Anticipations are altered by information exchange via the connections of the
corresponding Influence-Network. From our model’s point of view this means the
following: an individual’s IIA for a particular item i may be shifted due to social
interactions with directly connected peers (these interactions thus take place on the
corresponding IN), who already experienced the product or service in question. This
process can shift the Intrinsic-Item-Anticipation of an individual who did not yet ex-
perience product/object i closer to or beyond the critical-anticipation-threshold.

We now summarize the basic ingredients of our model. An individual user’s opin-
ions on objects are assembled in two consecutive stages: i) opinion making based on
different external sources, including suggestions by recommendation systems and ii)
opinion making based on social interactions in the Influence-Network. The second
process may shift the opinions generated by the first process.

3.2.2 Mathematical formulation of the model

In this section we firstly describe how individuals” Intrinsic-Item-Anticipations may
change due to social interactions taking place on a particular Influence-Network. Sec-
ondly, we introduce dynamical processes governing the opinion propagation.

ITA shift We model a possible shift in the IIA as:

1=
o
kj

fii = fi + (3.1)

where f,-j is the shifted Intrinsic-Item-Anticipation of individual j for object i, f;; is
the unbiased IIA, ©; is the number of j’s neighbors, who already experienced and
liked item i, k; denotes the total number of j’s neighbors in the corresponding IN, and
v € (0,1) quantifies trust of individuals to their peers. An individual j will consume,
purchase, or positively rate an item i only if

A

fi > A (3.2)
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Contour-Plot for gamma and rho
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Figure 3.1: Contour plot for v and p = ©;/k;. Numbers inside the plot quantify the
shift in the IAA as a function of 7y and p.

We identify A as the Critical-Anticipation-Threshold. Values of f;; are drawn from
a probability distribution f;. Since the IIA for each individual is an aggregate of
many different and largely independent contributions, we assume that f; is normally
distributed, f; € N (p;,0). (Unless stated otherwise.) To mimic different item an-
ticipations for different objects i, we draw the mean y; from a uniform distribution
U(—e,e). We maintain y;, €, and o, so that f; is roughly bounded by (—1,1), i.e.,
—1 < pu—30c < p+3c < 1. Note that ﬁj can exceed these boundaries after a shift
of the corresponding IIA occurs. The second term on the right hand side of Eq. (3.1)
is the influence of j’s neighborhood weighted by trust . To better understand the
interplay between 7 and the density of attending users in the neighborhood of user
i, p := ©;/kj, we refer to Fig. 3.1. Trust v ~ 1 causes a big shift on the IIA’s even
for p = 0. On the other hand, v ~ 0 needs high p to yield a significant IAA shift.
These properties are understood as follows: people trusting strongly in their peers
need only few positive opinions to be convinced, whereas people trusting less in their
social environment need considerable more signals to be influenced.

Influence-Dynamics The Influence-Dynamics proceeds as follows. Firstly, we draw
an Influence-Network IN(P) with a fixed network topology (power-law, Erd6s-Rényi,
or another). P refers to a set of appropriate parameters for the Influence-Network in
question (like network type, number of nodes, etc.). The network’s topology is not
affected by the dynamical processes (opinion propagation) taking place on it. We jus-
tify this static scenario by assuming that the time scale of the topology change is much
longer then the time scale ! of opinion spreading in the network. Each node in the
Influence-Network corresponds to an individual. For each individual j we draw an
unbiased Intrinsic-Item-Anticipation f;; from the predefined probability distribution
fi. At each time step, every individual is in one of the following states: {S, A,D}. S
refers to a susceptible state and corresponds to the initial state for all nodes at t = 0. A
refers to an attender state and corresponds to an individual with the property ﬁj > A.

The term time scale denotes a dimensionless quantity and specifies the devisions of time. A shorter
time scale means a faster spreading of opinions in the network.
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D refers to a denier state with the property ﬁ-]- < A after an information exchange with
his/her peers in the Influence-Network happened. An individual in state D or A can
not change his/her state anymore. It is clear that an individual in state A cannot back
transform to the susceptible state S, since he/she did consume or favor item i and we
do not account for multiple attendances in our model. An individual in state D was
influenced but not convinced by his opinion leaders (directed connected peers). We
make the following assumption here: if individual j’s opinion leaders are not able to
convince individual j, meaning that individual’s j Intrinsic Item Anticipation fi]' stays
below the critical threshold A after the influence process, then we assume that j’s opin-
ion not to attend object i remains unchanged in the future. Therefore we have the fol-
lowing possible transitions for each node in the influence network: js — j4 or js — jp.
Node states are updated asynchronously which is more realistic than synchronous up-
dating, especially in social interaction models [24]. The Influence-Dynamics is sum-
marized in Algorithm 1.

Algorithm 1 RecSysMod algorithm. P contains the configuration parameter for the
network. A is the Anticipation Threshold and < denotes the trust. O € IN is the
number of objects to simulate. G(N, E) is the network. N is the set of nodes and E is
the set of edges.

1: procedure RECSYsMobD_I(P, A,~,O)
2 G(N, E) + GenNetwork(P)

3: for all Objects in O do

4: generate distribution f; from A (s, o)
5: for each node j € N in GG do

6 draw f;; from f;

7

8

if fij < A then

jstate — S
9: else
103 jstate — A
11: end if
12: end for
13: repeat
14: for all j with jeate =S AND ©; > 0 do
15: fis + fig + [%](1 !
16: if fi; < A then
17: jstate — D
18: else
19: jstate — A
20: end if
21: end for
22: until [{]jstate =S AND ©; >0} =0
23: end for

24: end procedure

Master Equation We are now in the position to formulate the Master Equation for
the dynamics. As already said before, two things can happen when a non-attender is
connected to an attender: a) he/she becomes an attender too, or b) he/she becomes a
denier who will not attend /favor the item. For these two interaction types we formally



QLectives Deliverable 2.2.1: Algorithms for detecting, emerging,

and sustaining cooperative community structures = cesss
write:

S+A 2 24

S+A = D+A (3.3)

Here A denotes the probability that a susceptible node connected to an attender be-
comes an attender too, and a is the probability that a susceptible node attached to
an attender becomes a denier. To take into account the underlying network topology
of the Influence Network it is common to introduce compartments k [39]. Let N]f‘ be
the number of nodes in state A with k connections, NkS the number of nodes in state
S with k connections, and N]P the number of nodes in state D with k connections,
respectively. Furthermore we define the corresponding densities: ax(t) = N/Ny,
sk(t) = NP /N and di(t) = NP /Ni. Ny is the total number of nodes with k connec-
tions in the network. Since every node from Ny must be in one of the three states,
Vi ag(t) +si(t) +di(t) = 1. A weighted sum over all k compartments gives the total
fraction of attenders at time t, a(t) = Y x P(k)ay(t) where P(k) is the degree distribu-
tion of the network (it also holds that a(t) = N4(t)/N). The time dependence of our
state variables ay (1), di(t), sk (t) is

[flk(t) = /\ksk(t)Q
di(t) = aks(t)Q (3.4)
$k(t) = —(a 4+ A)ksi (1) Q)

where () is the density of attenders in the neighborhood of susceptible node with k
connections averaged over k

Q= ZP k—1)ax/ (k) (3.5)

where (k) denotes the mean degree of the network. As outlined above, A is the prob-
ability that a node in state S transforms to state A if it is connected to a node in
state A. This happens when f;; > A. Therefore, we have A_ < f;; < A where

A_ = A— (1/k)'=7. From this we have A = fA x)dx, where f(x) is the expec-

tation distribution. Similarly we write for & = fl fx )dx, where | denotes the lower
bound of the expectation distribution f(x). A crude mean field approximation can be
obtained by multiplying the right hand sides of Eq. (3.4) with P(k) and summing over
k, which yields a set of differential equations

a(t) = A (k) s(t)a(t),
d(t) = a (k) s(t)a(t), (36)
5(t) = —(a+A) (k) s(t)a(t).

which is later used to obtain analytical results for the attendance fraction a(t).

3.3 Methods

We describe here our simulation procedures, datasets, experiments, and analytical
methods.
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Simulations Our simulations employ Alg. (1). As outlined in the model section, we
do not change the network topology during the dynamical processes. We experiment
with two different network types, Erdés-Rényi (ER), and power law (PL) which are
both generated by a so-called configuration model [82]. ER and PL represent two
fundamentally different classes of networks. The former is characterized by a typical
degree scale (mean degree of the network), whereas the latter exhibits a fat-tailed de-
gree distribution which is scale free. The networks are random and have no degree
correlations and no particular community structure. To obtain representative results
we stick to the following approach: we fix the network type, number of nodes, num-
ber of objects, and network type relevant parameters to draw an ER or PL network.
We call this a configuration P. In addition, we fix the variance ¢ of the anticipation
distributions f;. We perform each simulation on 50 different networks belonging to
the same configuration P and on each network we simulate the dynamics 50 times.
Then we average the obtained attendance distributions over all 2500 simulations.

Datasets To show the validity of our model we use real world recommender datasets.
MovieLens (movielens.umn.edu), a web service from GroupLens (grouplens.org) where
ratings are recorded on a five stars scale. The data set contains 1682 movies and 943
users. Only 6,5% of possible votes are expressed. Netflix data set (netflix.com). We
use the Netflix grand prize data set which contains 480189 users and 17770 movies and
also uses a five stars scale. Lastfm data set (Lastfm.com). This data set contains social
networking, tagging, and music artist listening information from users of the Last.fm
online music system. There are 1892 users, 17632 artists, and 92834 user-listended
artists relations in total. In addition, the data set contains 12717 bi-directional user
friendship relations. These data sets are chosen because they exhibit very different
attendance distributions and thus provide an excellent playground to validate our
model in different settings.

Experiments Data topologies. We firstly investigate the simulated attendance dis-
tributions as a function of trust 7, the anticipation threshold A, and the network topol-
ogy. For this purpose we simulate the dynamics on a toy network with 500 nodes and
record the final attendance number of 300 objects. The simulation is conducted for ER
and PL networks and performed as outlined in the simulations paragraph above. In
Fig.(3.2) and Fig.(3.3) we investigate the skewness [119] of the attendance distributions
and the maximal attendance obtained for the corresponding parameter settings. The
skewness of a distribution is a measure for the asymmetry around its mean value. A
positive skewness value means that there is more weight to the left from the mean,
whereas a negative value indicates more weight in the right from the mean.

Fitting real data. We explore the model’s ability to fit real world recommendation
attendance distributions found in the described data sets. For this purpose we fix for
the Netflix data set a network with 480189 nodes and perform a simulation for 17770
objects. In the MovieLens case we do the same for 943 nodes and 1682 objects and for
the Lastfm data set we simulate on a network with 1892 nodes and 17632 objects. In
the case of Lastfm we have the social network data as well. We validate our model on
that data set by two experiments: a) we use the provided user friendship network as
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simulation input and fit the attendance distribution and b) we fit the attendance distri-
bution like in the MovieLens and Netflix case with an artificially generated network.

Mathematical analysis. We investigate the Master Equations Eq. (3.4) and Eq. (3.6).
We provide a full analytical solution for Eq. (3.6) and an analytical approximation for
Eq. (3.4) in the early spreading stage.

3.4 Results

Data topologies. The landscape of attendance distributions of our model is demon-
strated in Fig. (3.2) and Fig. (3.3). To obtain these results, simulations were performed
as described in Sec. (3.3). The item anticipation f; was drawn from a normal distri-
bution with mean values y; € U(—0.1,0.1) and variance o = 0.25 fixed for all items.
Both networks have 500 nodes. In the Erd6s-Rényi case, we used a wiring probabil-
ity p = 0.03 between nodes. The Power Law network was drawn with an exponent
6 = 2.25. The simulated attendance distributions in Fig.(3.2) and Fig.(3.3) show a wide
range of different patterns for both ER and PL Influence-Networks. In particular, both
network types can serve as a basis for attendance distributions with both positive and
negative skewness. Therefore, the observed fat-tailed distributions are not a result of
the heterogeneity of a scale free network but they are emergent properties of the dy-
namics produced by our model. The parameter region for highly positively-skewed
distributions is the same for both network types. The parameters v and A can be tuned
so that all items are attended by everybody or all items are attended by nobody. While
not relevant for simulating realistic attendance distributions, these extreme cases help
to understand the model’s flexibility.

Skewness heatmap, erdos renyi network
e T

Trust
=)
)
skewness

L L L L L
00 01 02 03 04 05 06 07 08 09 10
Anticipation Threshold

Figure 3.2: Skewness of the attendance distributions as a function of trust o and the
critical anticipation threshold A for Erd6s-Rény networks with 500 nodes and 300 sim-
ulated items.

Fitting real data We fit real world recommender data from MovieLens, Netflix and
Lastfm with results reported in Fig. (3.4), Fig. (3.5), Fig. (3.6), Fig. (3.7), and Tab. (3.1),
respectively. The real and simulated distributions are compared using Kullback-Leibler
(KL) divergence [64]. We report the mean, median, maximum, and minimum of the
simulated and real attendance distributions. Trust <, anticipation threshold A, and
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Figure 3.3: Skewness of the attendance distributions as a function of trust -y and the
critical anticipation threshold A for power-law networks with 500 nodes and 300 sim-
ulated items.

anticipation distribution variance ¢ are reported in figure captions. We also compare
the averaged mean degree, maximum degree, minimum degree, and clustering coef-
ficient of the real Lastfm social network and networks obtained to fit the data. Results
are reported in Tab. (3.2) and Fig. (3.8). Note that thus obtained parameter values can
be useful also in real applications where, assuming that our social opinion formation
model is valid, one could detect decline of the overall trust value in an online commu-
nity, for example.

Fit movielens attendance distribution

<+—< Movielens Data
e—e Simulation

10°

attendacne frequency

10°

attendance

Figure 3.4: Fit of the MovieLens attendance distribution with trust v = 0.50, critical
anticipation threshold A = 0.6, anticipation distribution variance ¢ = 0.25, and power
law network with exponent § = 2.25, 943 nodes, and 1682 simulated objects.

Mathematical analysis. Eq. (3.6) can be solved analytically. We have Vt : a(t) +

s(t) +d(t) = 1 with the initial conditions for the first movers ag = [, f(x)dx, s(0) =
1—a(0), and d(0) = 0. In the following we use the bra-ket notation (x) to represent
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Figure 3.5: Fit of the Netflix attendance distribution with trust v = 0.52, critical antici-
pation threshold A = 0.72, anticipation distribution variance ¢ = 0.27, and power law
network with exponent § = 2.2, 480189 nodes, and 17770 simulated objects.

Fit lastfm attendance distribution
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Figure 3.6: Fit of the Lastfm attendance distribution with trust y = 0.4, critical antici-
pation threshold A = 0.8, anticipation distribution variance ¢ = 0.24, and real Lastfm
user friendship network with 1892 nodes and 17632 simulated objects.

the average of a quantity x. Standard methods can now be used to arrive at>

(z (k)" exp(t/T)

t) = . 3.7
" D e/ — 11+ (R ) e

Here 7 is the time scale of the propagation which is defined as
T = (apn (k) + A (k)" (3.8)

This is similar to the time scale T = (A (k)) ! in the well known SI Model [12, 83].
Eq.(3.7) can be very useful in predicting the average behavior of users in a recom-
mender system.

Since Eq. (3.4) is not accessible to a full analytical solution, we investigate it for the
early stage of the dynamics. Assuming a(0) = a9 > 0, we can neglect the dynamics

2We give here only the solution for a(t) because we are mainly interested in the attendance dynamics.
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Fit lastfm attendance distribution with simulated network
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Figure 3.7: Fit of the Lastfm attendance distribution with trust oy = 0.6, critical antici-
pation threshold A = 0.8, anticipation distribution variance ¢ = 0.24, and power law
network with exponent § = 2.25, 1892 nodes and 17632 simulated objects.

D KL Med Mean Max Min
ML 0.046 27/26 59/60 583/485 1/1
NF 0.030 561/561 5654/5837 232944/193424 3/16
LEM1 0.05 1/1 5.3/5.2 611/503 1/1
LFM2 0.028 1/1 5.3/5.8 611/547 1/1

Table 3.1: Simulation results. ML: Movielens, NF: Netflix, LFM1: Lastfm with real net-
work, LFM2: Lastfm with simulated network, KL: Kullback-Leibler divergence, Med:
Median, Mean, Max: maximal attendance (data/simulated), Min: minimal attendance
(data/simulated).

of d(t) to obtain

2
Q(t) = <<<kT>> - ) Q(t).

In addition, Eq. (3.4) yields

5 (t) = Ak(1 — ag(1)Q(t) }

sk(t) = — (a4 A)k(1 — a (1)) () (3.9)

Neglecting terms of order 4 (t) and summing the solution of ax(t) over P(k), we geta
result for the early spreading stage

a(t) = a(0) (1 +TA(exp(t/T) — 1)), (3.10)

LFM1 134 1 119 23 0.186
LFM2 120 1 118 225 0.06

Table 3.2: Mean, minimum, maximum degree, clustering coefficient C, and estimated
exponent ¢ of the real (LFM1) and simulated (LFM2) social network for the Lastfm
data set.
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Figure 3.8: Log-log plot of real (red) and simulated (blue) social network degree distri-
bution P(k) for the Lastfm data set. Inset: plot of the cumulative degree distribution.

with the timescale T = (k?) / [A({(k?) — (k))]. The obtained time scale 7 valid in the
early stage of the opinion spreading is clearly dominated by the network heterogene-
ity. This result is in line with known disease models, e.g., SI,SIR [12, 83]. We emphasize
that Eq.(3.10) is valuable in predicting users’ behavior of a recommender system in an
early stage.

3.5 Discussion

Social influence and our peers are known to form and influence many of our opin-
ions and, ultimately, decisions. We propose here a simple model which is based on
heterogeneous agent expectations, a social network, and a formalized social influence
mechanism. We analyze the model by numerical simulations and by master equation
approach which is particularly suitable to describe the initial phase of the social “con-
tagion”. The proposed model is able to generate a wide range of different attendance
distributions, including those observed in popular real systems (Netflix, Lastfm, and
Movielens). In addition, we showed that these patterns are emergent properties of the
dynamics and not imposed by topology of the underlying social network. Of particu-
lar interest is the case of Lastfm where the underlying social network is known. Cali-
brating the observed attendance distribution against the model then leads not only to
social influence parameters but also to the degree distribution of the social network
which agrees with that of the true social network.

The Kullback-Leibler distances (KL) for the simulated and real attendance distri-
butions are below 0.05 in all cases, thus demonstrating a good fit. However, the max-
imum attendances could not be reproduced exactly by the model. One reason may
be missing degree correlations in the simulated networks in contrast to real networks
where positive degree correlations (so-called degree assortativity) are common. For
the Lastfm user friendship network we observe a higher clustering coefficient C ~ 0.18
compared to the clustering coefficient C ~ 0.06 in the simulated network. To compen-
sate for this, a higher trust parameter 7 is needed to fit the real Lastfm attendance
distribution with simulated networks.
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We are aware that our statistics to validate the model is not complete. But we
are confident, that our approach points to a fruitful research direction to understand
recommender systems’ data as a social driven process.

The proposed model can be a first step towards a data generator to simulate bipar-
tite user-object data with real-world data properties. This could be used to test and
validate new recommender algorithms and methods. Future research directions may
expand the proposed model to generate ratings within a predefined scale. Moreover,

it could be very interesting to investigate the model in the scope of social imitation
[77].
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Chapter 4

Emerging cohesion and
individualization in collective action: a
co-evolutive approach

41 Introduction

Populations under stress can present surprising and powerful behaviours. From the
uprising of spontaneous social protest against authoritarian regimes leading to their
fall, to the emergence of unexpected solidarity among victims of terrorist attacks (see
September 11th 2001 or March 11 2004 Madrid, for instance), we could mention a long
list of situations where conflicting scenarios made social cohesion in human groups to
emerge.

Some scholars studying different empirical cases have stressed the importance of
pre-existing informal social networks in such an emergence. The role of personal net-
works as mobilization contexts in East-German and October’s Serbian revolutions is
the main interest of Opp and Gern in [86], and Araya in [7], respectively. Opp and Gern
present a complete analysis on the incentives of individuals to join Leipzig’s Monday
demonstrations in 1989. They uncover the little influence of opposition organizations
in comparison with that of personal networks of friends. Araya introduces the concept
of cooperative cascade to describe the link between ego-centric networks’ characteristics
and macroscopic mobilization phenomena. Kinship structures have also been consid-
ered. In [81], Murphy studies their relationship with warfare organization patterns
of a Brazilian Indian group, the Munduruct. The Munduructi were settled in several
apart villages, spread along the upper Tapajos River. However, the setup of war par-
ties evidenced a strong relationship among these communities, otherwise unobserv-
able. Murphy concludes that intercommunity cooperation in warfare was facilitated
by cross-cutting ties of residential affinity and affiliation by descent.

Other authors have observed that there exists also an influence in the opposite di-
rection, that is, of mobilization over informal social networks. In [44], Gould analyzes
the insurgent activity during the Paris Commune in 1871, which sprung after a mix-
ture of political, economic and war crises. In this paper, as in later works [45, 46],
he settles that organizational networks and pre-existing informal networks interacted
in the mobilization process. As Gould points out, mobilization does not just depend

17



QLectives Deliverable 2.2.1: Algorithms for detecting, emerging,
and sustaining cooperative community structures = cesss

on existing social ties; it also creates them. Although members of a protest organiza-
tion may have joined because of a pre-existing social tie to an activist, they eventually
also formed new social relations while participating in collective protest. In other
words, opinion affinity manifested by joint mobilization led to the formation of new
ties among individuals.

Summarizing, in order to analyze the emergence of cohesiveness in conflictive sce-
narios, we need to observe the dynamic interplay between structural and cognitive
components of social cohesion during the period of activity. Notice that this conclu-
sion illustrates perfectly what Giddens defined as ”duality of structure”. According
to him, the social structure is simultaneously the product and the constraining envi-
ronment of social action and, therefore, these two entities cannot be studied separately
[38].

This paper aims at addressing this interplay in a quantitative way by modeling the
co-evolution between individual behaviours (opinions) and social networks [66]. Dif-
ferent quantitative approaches have been developed to study the evolution of the so-
cial structure under the influence of local dynamics (e.g. strategic network formation,
network evolution models and exponential random graph models) [54, 106]. How-
ever, it is only very recently that we have started to see simulation-based studies ad-
dressing the co-evolution of structure and dynamics [47, 92]. Specifically, our model’s
dynamics, based on the proposal by Holme and Newman in [53], make the system to
evolve in a twofold way: individuals become likeminded because they are connected
via the network (change is induced by the structure) and they form network connec-
tions because they are like-minded (structure undergoes change).

The model reveals to be a good framework to reproduce and study the evolution
of social cohesion in a population submitted to sudden changes on its environmental
conflict level. Moreover, a detailed analysis of its dynamics uncovers the counterintu-
itive effect of noise and the importance of the social structure at the microscopic and
mesoscopic structural level.

Social movement behaves in a regular pattern; from the institutional (macro) level
to the individual (micro) sphere through the (meso) level of networks and vice versa
[28]. This interaction at the meso level is complex and it is constituted both by pro-
cesses of selection on the part of individual and influence by groups [103]. In other
words, a mobilization begins with a mobilization potential which depends both on
macrostructural factors such as demographic, economic or ideological variables and
individuals predispositions and social networks structures in which they are embed-
ded, who, in turn, change their connectivity thus affecting social groups” structure
and the macrostructural framework. In particular, our analysis reveals that a moder-
ate rate of noise (here seen as an individualistic trait) can enhance the social cohesion
of a population by enabling cross interactions among the groups forming it.

The remainder of the paper is organized in three sections. The second section is
devoted to the detailed description of the model, making an special insight on the
influence of the social noise. Simulation results are presented and discussed in section
3, focusing specially on the role of the different topological levels. Finally, the last
section summarizes the work and proposes further extensions.
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4.2 Cohesion analysis through a coevolutive model

421 The model

We consider a population of N agents, connected through a variable number of undi-
rected (bidirectional) links. Each agent i presents a h; value, corresponding to his lo-
cation in a continuous lineal social space of size L (proportional to N). Here, h; could
be seen as an opinion or positioning of individual 7 in relation to a certain topic (re-
lated to religion or politics, for instance). Notice that this approach has been com-
monly adopted in the well established literature about continuous opinion modeling
[1, 29, 96].

Initially the h values of all agents are assigned randomly, following a uniform dis-
tribution along the lineal social space. Besides, the initial arrangement of the edges
correspond to a topology with the same structural properties than real social networks
(like large clustering coefficient and positive degree correlations, for instance). To con-
struct such a scenario, we use a class of models proposed in [20], which are able to
grow up networks with social-like macroscopical (global) properties from a micro-
scopical (individual) definition of the linkage probability between two agents. The
key element of that definition, is the social distance between the two individuals in
a social space of a certain dimension dy; > 1. By social distance, here we mean “the
degree of closeness or acceptance that an individual or group feels towards another individual
or group”[20]. Since our social space is lineal, here we use a simplified expression of
the linkage probability with dyy =1

1

r(hi hj) =
i ) 1+ [b-1h; —hy|]"

(4.1)

where |h; — h;| corresponds to the social distance, b a parameter controlling the length
scale of the lineal social space, and a quantifies the homophily, which is everyone’s
preference to establish and maintain relations with people that have any common
characteristic with (cultural background or political feelings, for instance) [75]. There-
fore, given a certain social distance between two agents, different combinations of b
and « values lead to different link probabilities, in such a way that the higher the b and
the lower the homophily, the larger the probability of connection.

Our model evolves from the initial scenario in a twofold way, by redefining both
the topology of the network and the positioning of the population of agents in the so-
cial space. Based on a co-evolution model proposed by Holme and Newman in [53],
the two main mechanisms driving this co-evolution process are the rewiring of links
and the imitation of / values among agents. Additionally, we have incorporated a
third mechanism that reproduces slight shifts on each one’s opinion or social position,
induced by individual circumstances and daily life experiences, which usually modify
individuals” knowledge in a subtle but continuous way. This third mechanism is nec-
essarily external, since these particular characteristics are different for each individual,
and don’t depend on any other parameter of the model. Notice that, at the mid-long
time range, these slight but continuous shifts can change significantly the social dis-
tance among two individuals, separating two agents that were once very close in the
lineal social space or, on the contrary, approximating them enough to favor the cre-
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ation of a new link. Consequently, the accumulation of these microscopical changes
can modify the whole macroscopical scenario, by disrupting both the distribution of
agents’ positions along the social space and their connectivity. Taking into account
this disrupting effect, and in alignment with previous literature introducing noise in a
similar way [71], we have denoted this third mechanism of the dynamics as individu-
alization noise.

These three mechanisms (rewiring, imitation and individualization noise) are inte-
grated within the co-evolutive dynamics of the model, consisting on the repetition of
the following two steps:

1. Select an agent x at random and decide, with equal probability, whether to apply
rewiring or imitation.

e The rewiring consists on a redefinition of all links of node x using the ex-
pression in (1).

e Imitation is implemented by selecting randomly a neighbor v of node x, and
setting h, equal to hy.

2. Introduce the individualization noise by summing up a random quantity to the
h value of each agent in the population. This random quantity is obtained
from a Gaussian distribution (with mean=0.0 and variance=1.0) multiplied by
a noise magnitude or strength factor n.

Fig. 4.1 illustrates these dynamics. At each time step, the system evolves following
one of the two possible branches of the diagram (imitation plus individualization noise,
or rewiring plus individualization noise) with the same probability. Notice that this
probability (or, in other words, the relative proportion at which imitation and rewiring
occur) has been found to play an important role in this kind of co-evolutionary models.
Vazquez and co-authors, for instance, showed that there is a phase transition towards
fragmentation varying this probability [108]. In order to discard potential effects of
such a transition in our particular case, we have performed additional simulations
(not shown). These simulations show that the rewiring probability used in this
paper (p = 0.5) is such that it is well below the critical value for fragmentation.

After a certain number of time steps, the system reaches a steady-state. In our con-
text, this means that both the topology and the distribution of individuals’ social po-
sitions along the space remain stable. The concrete topology and distribution of social
positions reached at each possible steady-state depend, as we will show in the next
subsection, on the strength of the individualization noise.

4.2.2 Effect of individualization noise

An important issue to deep in at this point, is the influence of the individualization
noise over the evolution of the model. Different kinds of noise have been reported to
influence enormously different opinion and cultural dynamics models.

One of the most relevant examples in the literature is [62], where the authors show
that the stable cultural diversity achieved by Axelrod’s model of dissemination of cul-
ture [9], can be easily fused into cultural homogeneity by introducing small random
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Figure 4.1: An illustration of our co-evolutive dynamics, where colors indicate the h
value of each individual. At each time step, the system evolves following one of the
two branches. The upper branch correspond to a rewiring (of x’s links) plus a shift of
all positions, and the lower one to imitation (y imitates x) plus position shifts.

variations in agents’ cultural features (what they call cultural drift). This result is ex-
plained by the fact that cultural drift can eventually make an agent to share cultural
traits with agents belonging to completely different groups, allowing crossed social
influence among previously isolated agents and, therefore, leading towards cultural
homogeneity. After this observation was made, robustness to noise has become an
important requirement for models trying to reproduce the emergence of opinion di-
versity [26, 31, 32].

More recently some authors have started to introduce noise in models to account
for opinion individualization. Pineda and coauthors proposed a new version of Def-
fuant’s bounded-confidence model where noise is used to model individuals’ free will
[93]. Specifically, in that model agents” were given the opportunity (with a certain
probability) of changing their opinions to a randomly selected position in the whole
opinion space. The authors found that the noise defined in such a way was able to
induce a transition between a disordered state (where opinions were distributed uni-
formly) and an ordered one (where opinion clusters emerged). Similarly, Méds and et
al. used a noisy model to show how moderate rates of individualization can lead to
opinion clustering [71]. In this case the noise plays the role of a uniqueness-seeking
effect, which counteracts the general tendency of agents” opinions towards consensus
around the average opinion in the population. More concretely, the noise is defined by
a normally distributed random variable which standard deviation is higher the more
homogeneous is the social context of the opinion holder (i.e. the more similar to her
are the opinions of the other agents in the population). Finally, this same noise-based
mechanism is used in a subsequent paper to explain the persistence of social differen-
tiation in groups and organizations [70].
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Noise definition in our model is somehow related to the two described above. On
one side, it is independent of the social context of the opinion holder (as in [93]). On the
other hand, in accordance with [71], it is defined by a normal distribution since small
opinion changes are much more likely than large ones. Moreover, also as in [71], we
keep all agents’ positions within the interval [0,L] by not applying individualization
noises if such boundaries would be crossed otherwise.

Being our individualization noise defined by a Gaussian distribution with a fixed
mean and variance, we center our attention on the unique parameter that can be tuned:
its magnitude. In the context of our study, the magnitude corresponds to the average
range of changes experimented by individuals’ social position due to the individualiza-
tion noise. Strong individualization noise implies sudden changes of individual’s social
positions along the social space. On the contrary, weak noises correspond to quite
stable opinions.

Taking this into account, we can easily predict the behavior of the model for ex-
tremal values of the noise magnitude. On one side, too much individualization noise
would result in a noise-dominated scenario, where agents would be almost completely
isolated due to the difficulty to maintain links among them. On the other hand, too low
noise intensity would exercise no significant effect over the dynamics, which would
be controlled by the other two mechanisms (imitation and rewiring). Keeping this in
mind, some questions arise: what are we to understand as “too weak” or “too strong”
noise? And, how does the noise influence the dynamics for intermediate strength val-
ues between these limits?

In order to address these questions, we have analyzed the influence of different
noise magnitudes over three topological measures, namely the density within clusters
(p), the average degree (< k >) and the average Clustering Coefficient (Cc). In Figure
4.2, we present the evolution of these measures for a given set of initial conditions
and different values of the noise strength. For extremal values of the noise magnitude,
results corroborate predicted behaviors. Unexpectedly, however, we observe that the
case corresponding to an intermediate noise strength leads to steady-states with the
highest average degree.

Such a surprising result can be related, in our particular case, to the capacity of
a moderate individualization noise to introduce heterogeneity within the different
groups. This internal diversity favors the inter-group linkage without breaking them
into isolated agents.

Let’s explain this argument more accurately. When the individualization noise is
weak or absent, the combined action of imitation and rewiring leads the model to a
steady-state where individuals tend to coincide in a unique / value (social position)
and, therefore (because of the rewiring action), to conform a unique connected compo-
nent. On the contrary, when the magnitude of the individualization noise is extremely
high, differences between h values of agents (social distances among them) grow such
quickly that cannot be counteracted by the imitation mechanism and, when those dis-
tances are too large to maintain links between neighbours, groups are progressively
dissolved towards a completely disconnected scenario. In an intermediate situation,
the noise intensity is high enough to maintain a wide variety of i values, but the dif-
ferences introduced among these values are small enough to keep agents linked and,
in some cases, to establish new links with agents belonging to other groups.
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Figure 4.2: Influence of noise magnitude over model dynamics. Evolution of the den-
sity within clusters (p), the average degree (< k >) and the average Clustering Co-
efficient (Cc), for two different values of the noise strength (representative of strong
and intermediate noise strength). The case without noise (n = 00.0) is also shown, for
comparative purposes. Population size N, size of the opinion space L and homophily
« were set to 1000, N /5 and 6, respectively. Results were averaged among 25 indepen-
dent realizations.
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Note that a moderate individualization noise in our model and Klemm and coworker’s
cultural drift in [62] act in a parallel way, since both of them facilitate the interaction
between otherwise isolated components. Sort to say, they ‘liquefy” an stable scenario
composed by separated components (cultural regions for the cultural drift, opinion
groups in our case).

4.3 Results and discussion

4.3.1 Experiment

By using the described model as a framework, we have conducted a simulation exper-
iment to study social cohesion and its interplay with extremal changes on the social
environment. Such an experiment comprises two crisis cycles (sudden increases of
the social temperature followed by longer reactionary periods). Each one of the crisis
cycles has consisted on a short period (about 50000 time steps) of high social temper-
ature, followed by a fall to extremely low temperature (reproducing an habitual reac-
tive behavior of populations after an emergency situation) and, finally, a progressive
recovery towards normality.

In order to run the described experiment, we need to be able to simulate different
social temperatures in our model. Such changes on the social temperature, has been
modeled as variations on the value of the b parameter (the one controlling the length
scale of the social space). This solution can be justified as follows. When some kind
of emergency strikes a population, social distances that separate individuals do not
change, but the necessity to face the new critical scenario makes them less important
than in a quiet situation. This temporal relativization of social distances is nothing
but a change on the length of the scale they are ‘'measured” against. Consequently,
an appropriate way to introduce in our model the effect of emergencies and posterior
relaxations of the conflict level, is to increase the value of b (making distances relatively
smaller) and, after a relatively short number of time steps, decrease it back. In our case,
the b values chosen to represent each period are 0.5 for 'normal” social temperature,
2.0 for highly conflictive situations and 0.25 - 0.35 for the reactionary intervals.

Furthermore, we also want to monitor the evolution of social cohesiveness under
these environmental changes. For this purpose, we have used three different macro-
scopical observables, namely: the average degree (k) (average number of neighbors),
the clustering coefficient (a weighted measurement of the number of triangles) and the
number of disconnected components or independent groups G composing the whole
network. While first and second parameters signal intra-group cohesion, the third
one corresponds to inter-group cohesiveness. Note that, taken jointly, these three are
good indicators of the social cohesiveness, since the more cohesive is a population, the
higher are their average degree and clustering coefficients, and fewer separate groups
it presents.

When looking at the behavior of these observables during the experiment, shown
in Fig. 4.3, we observe two phenomena. First we notice that, for the same value of b,
the social cohesiveness after each emergency situation is higher than before them. Sec-
ond, we observe a memory effect on the cohesion of the system in the period between

24



QLectives Deliverable 2.2.1: Algorithms for detecting, emerging,
and sustaining cooperative community structures = cesss

90
80
70
60
50
40
30

1

<k>

0,8

Q
3 L
0,6 —

0.4

80

60
O 4

20

C L | .
1,5e+07 2e+07
Time steps

0
le+07

Figure 4.3: Evolution of social cohesiveness during the experiment. Vertical dashed
lines in red indicate regions delimited by their b value, which are indicated also in red.
Values of sizes N and L, as well as homophily «, were kept as in Fig. 2. The noise
magnitude was set to the intermediate value 0.003. Two important phenomena are
observed: An increase on the average cohesion after each crisis, and a memory effect
in the period between crises (represented here by a horizontal dashed line in black).
Results were obtained by averaging 25 independent realizations.

crises. Although the cohesiveness diminishes as a response to social temperature cool-
ing, when the situation comes back to normality, the cohesiveness also recovers its
“normal” value (that one corresponding to b = 0.5 just after the crisis).

The first result agrees with the observation made in the introduction in the sense
that the structure of the system changes during the conflict period. Moreover, it can be
positively contrasted with observations of other real social systems. When a popula-
tion has been submitted to a stressing situation, it is quite usual to find higher levels of
cohesion than before the crisis. In some sense, this phenomenon could be seen as a sort
of reminiscence of the high rates of cohesion characterizing the emergency situation.

4.3.2 Analyzing mesoscopic and microscopic dynamical aspects of
social cohesion

Up to this point, our model has revealed its capacity to reproduce how changes on
the social temperature (which is a macroscopical variable related to the social envi-
ronment) induces changes on the cohesiveness of a population of individuals (here
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measured in terms of macroscopical observables).

Nevertheless, in the introduction we have pointed out that the analysis of the con-
cept of social cohesion from a dynamical viewpoint demands a more complete scope
of the problem, including also the behavior of different variables at meso and micro
levels during the conflict period. In order to deep in this issue, we have studied how
our model’s dynamics modifies the distribution of agents” positions (h; values) along
the lineal social space and, consequently, how the social structure of the population is
transformed.

In general, when plotting the distribution of agents” opinions in the social space
at a steady-state (see Fig. 4.4 for two particular examples), we find that agents are
grouped around certain positions of the space, and that there are quite regular separa-
tions among these concentrations. Taking into account the dependence of the linkage
probability on the social distance, we deduce that these concentrations of opinions in
the social space correspond, structurally speaking, to groups of agents densely con-
nected. Besides, the observed separations tend to a unique value that we have called
critical social distance d.(h;, hj), which is the maximum social distance at which connec-
tivity between two groups of agents is possible. In other words, is the distance making
the link probability close enough to 0 as to have just one expected link between the two
groups. Notice that, in accordance with this definition, d. (and the corresponding
r) depends very much on the particular scenario. For instance, if we had one single
agent on one side and the rest of the population (N — 1) on the other, r would take
the value 1/(N — 1). However, for a scenario with two groups of equal size N/2, we
would need r = 1/(N?/4) = 4/N>.

We propose the following formalization for the critical social distance:

) ) i 1 N b
de(hi, hj) —}g%d(hl,h]) —}E}%bwm—l ~ W (4.2)

From this definition, it is straightforward that links are established only among
agents separated by a distance smaller than d.(h;, ;). Moreover, the combined effect
of imitation and rewiring makes that any agent located in a social position shorter
than d.(h;, ;) from any group tend to link to that group, and that two groups tend
to merge if they are near enough from each other. Consequently, in the steady-state
not only the distance among groups, but also their number and size, is related to the
critical social distance. The larger the d¢(h;, i), the fewer separated groups and the
larger the distance among them.

Furthermore, by taking a look to expression (4.2), we realize that the critical social
distance depends on b. Since this variable controls the social temperature in our model,
we can trace a causal path from variations on the social temperature to structural and
knowledge changes experimented by the population during a crisis period. With this
idea in mind, we can interpret the behavior of the cohesiveness during the experiment
(shown in fig 4.3) in terms of reductions and increases of the critical distance, induced
by changes on b (that is, the social temperature).

At the beginning of the experiment, before the first crisis, the critical distance is de-
tined by the original b value (0.5). When the b value becomes 2.0, the critical distance
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also increases and, consequently, all agents come across other ones that were previ-
ously out of their range. Globally, this means that the population tend to reorganize
into fewer but larger groups, whose opinions are separated each other by greater so-
cial distances. However, as this process is interrupted abruptly (due to the briefness of
emergency situations), some agents are ‘surprised” halfway between various groups.
After a short transitory period, a new steady-state is reached. In this new stable sce-
nario, agents conserve many neighbors of the period before the crisis and have incor-
porated new ones due to those agents bridging different groups after the emergency.
Consequently, the resulting groups are larger than before the crisis and, because of
their high internal connectivity, the average degree and the clustering coefficient also
keep higher. This phenomenon is what we have previously called reminiscence of the
crisis over the social cohesiveness.

At this point, agents are "trapped” within their groups (i.e., their opinions are too
much different from those of other groups to establish cross-links). Moreover, in this
second stable period, the individualization noise plays a central role by opening very
little internal discrepancies between members of the same group, that allow the cre-
ation of new groups when the social temperature gets ‘colder” (b drops down to 0.25).
Later, as the population recovers its ‘normal’ social temperature (and, therefore, the b
value increases again), the critical distance grows up and little groups tend to merge
and recover the stable configuration reached just after the crisis, presenting the second
phenomenon pointed above, a memory effect. Finally, during the second cycle, the
system presents the same behavior than in the first one: A higher cohesiveness than
before and a memory effect.

4.4 Conclusions

In this work we have developed a simple model as an analytic tool to explore a dy-
namic perspective of the concept of social cohesion, integrating the already-stated struc-
tural component [80] with a cognitive, cultural one. Given a certain initial scenario, the
model evolves under the influence of the conflict level of the environment by redefin-
ing, simultaneously, the social structure and the knowledge or opinions (represented
as positions in a social space) of a population of agents. We argue that, beyond static
perspectives, the social cohesion of a population should be expressed in terms of these
changes experimented both at structural and cognitive dimensions as a response to
conflict increases.

By means of only three simple mechanisms, the dynamics of the model reproduces
the behavior of real social populations under a highly conflictive situation. We have
showed this in a twofold way. First we have studied numerically how changes on a
variable of the system representing the social temperature (degree of conflict) conditions
the evolution of three observables than can be easily related to social cohesion (average
degree, clustering coefficient and number of isolated components). Second, we have
deepened in dynamic aspects of social cohesion by tracing the causal path among
different topological levels. Changes on social temperature happen at an institutional
level, influencing relationships among agents (microscopical level), and these changes
at the individual level modify the size and composition of groups conforming the
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social population (mesoscopic or intermediate level).

Although having demonstrated its utility as a tool to analyze the concept of social
cohesion, there are some aspects of the model that could be explored in order to make
it closer to particular case studies. In the following, we point out two of these possible
extensions of the model.

The initial conditions of our experiment, determined by a topology and a distribu-
tion of agents” opinions, can be defined in many different ways. In this case, we have
chosen a simplistic initial scenario (synthetic social-like topologies and a uniform dis-
tribution of opinions) in order to show that, even starting with such simple conditions,
our model is able to reproduce certain phenomena related to social cohesion and its
dependence on variations on the social temperature. Nevertheless, each one of the
two components of the initial scenario can be modified separately. For example, we
could use an empirically obtained social network as the initial topology, but we could
also start out the experiment with a distribution of opinions representing a scenario of
preexistent coalitions or opinion groups.

Another possible extension of the model is related to the observables used to quan-
tify the evolution of the social cohesion. Although the three structural observables
used in this work are too much simple to represent population’s cohesion separately,
analyzing the evolution of their behaviors jointly has helped us to understand the
dynamical processes taking place in the model. Nevertheless, for the sake of simple-
ness and clarity, it would be interesting to define a unique (necessarily more complex)
structural observable, based on previous studies like [113] and [80]. Furthermore, in
accordance with the aim of this work of enriching the structural approach to social co-
hesion with a cultural component, it would also be interesting to define an observable
related to the distribution of opinions in the social space (based on the largest social
distance in the system, for instance).

Finally, current on-line communication platforms open new sociological research
possibilities. The eruption of social networking sites like Twitter or Facebook and their
undiscussed key role in recent civil mobilizations (wave of protests in the Arab world,
the M15 movement in Spain [21, 42]) and riots (England, summer 2011) provide an
unprecedented chance to empirically test theoretical models relying both on under-
lying bond topologies (who holds stable relations with whom) and on information
dynamics (who is actually communicating with whom).
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Chapter 5

Overlay management for fully
distributed user-based collaborative
filtering

5.1 Introduction

Offering useful recommendations to users of fully distributed systems is clearly a de-
sirable function in many application domains. Some examples for larger efforts to-
wards this goal are the Tribler platform [35] and more recently the Gossple project [59].
A tully distributed approach is also more preferable relative to centralized solutions,
due to the increasing concerns over privacy.

However, the problem is also extremely challenging. Apart from the fact that cen-
tralized recommender systems—although working reasonably sometimes—are still
far from perfect, offering good recommendations in fully distributed systems involves
anumber of special problems like efficiency, security and reliability, to name just a few.

In this work we focus on a class of recommender systems, the so called user-based
collaborative filtering algorithms that are fairly simple, yet provide a reasonable per-
formance [3]. The key concept is a similarity metric over the users, and recommenda-
tions are made on the basis of information about similar users.

This idea also naturally lends itself to a distributed implementation, as it can be
easily supported by similarity-based overlay networks as a simple service, that also
have applications in other domains such as search. Indeed, many distributed protocols
from related work follow this path in some way or another.

In this work we would like to shed light on the effects of the basic design choices
in this domain with respect to recommendation performance, convergence time, and
the balancing of the network load that the system generates during its operation.

Our contribution is threefold. First, we draw attention to the potential load bal-
ancing problem in distributed systems that manage similarity-based overlays for any
purpose including recommendation or search. Second, we propose novel algorithms
for similarity-based overlay construction. Third, we perform extensive simulation ex-
periments on large benchmark datasets and compare our set of algorithms with each
other and with a number of baselines. We measure prediction performance, examine
its convergence and dynamics, and we measure load balancing as well.
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The outline of the chapter is as follows. In Section 5.2 we discuss related work, in
Section 5.3 we analyze three widely used benchmark datasets (to be used in our ex-
periments) from the point of view of potential problems in a distributed setting. Sec-
tion 5.4 discusses the set of algorithms that we test empirically in Section 5.6 assuming
the system model described in Section 5.5. Section 5.7 concludes the chapter.

5.2 Related Work

First we overview relevant ideas in recommender systems in general, and subsequen-
tly we discuss related work in the fully distributed implementations of these ideas, as
well as additional related work that are based on similar abstractions.

A recommender system can be viewed as a service which supports e-commerce
activities by providing items of interest for the users [94]. These algorithms are often
centralized and Web-based operating on huge amounts of data—mainly on the previ-
ous ratings of the users. The algorithms which are based on the previous ratings of
other similar users follow the so-called collaborative filtering (CF) approach. They are
based on the simple heuristic that people who agreed (or disagreed) in the past will
probably agree (or disagree) again. Thus, the predicted rate of an unseen item for a
given user can be estimated on the basis of the rates of other users with similar tastes.

In the field of CF algorithms there exist numerous approaches. User-based ap-
proaches try to model the rating of a given item for a user by an aggregation of ratings
of other users on the same item [3]. Although these approaches are very simple and
intuitive, they provide a relatively good performance [52]. User-based CF algorithms
are modular, hence they can be used with different aggregation methods and similar-
ity metrics. One widely-used aggregation method is

. YweN,Sup (ro,i — 7o)
Tyi =

+ 7, (5.1)

Y veN, |Su,0

defined in [98], where 7, ; and 7, ; denote the known and the predicted rate of item i
by user u, 7, and N,, denote the average rate and the neighbor set of user u, and s,
measures the similarity between user 1 and v (e.g. Cosine similarity [3] or Pearson
similarity [3] can be employed).

Our preliminary experiments showed that (among several variants) the aggrega-
tion method in (5.1) combined with the Cosine user similarity gives the best perfor-
mance on our particular benchmarks. Since the focus of the present work is not rec-
ommendation performance per se, but the analysis of several distributed implemen-
tations of the basic idea of user-based CF, we fixed these methods in our experiments.

We should mention that there are numerous other approaches for recommenda-
tion such as the ones based on machine learning [16, 90], matrix factorization [105],
generative models [65], clustering [84, 90], and dimension-reduction [16, 41].

Moving on to distributed methods, we emphasize that we focus on P2P recommen-
dation, and not on parallel implementations of centralized recommender techniques
(such as matrix factorization, etc.). We consider only works that go beyond a simple
idea and present at least some evaluations on benchmarks.
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The largest group of methods define an overlay network based on some sort of
similarity, and define a recommender algorithm on this network. For example, [94]
and [25] follow this approach, although the overlay construction itself is not discussed
or it is assumed to be done offline. The recommender algorithms then perform a search
in this overlay up to a certain depth or up to a certain level of similarity, and aggregate
the matching users with a standard method.

A slightly weaker approach is described in [107], where only a random network
is assumed and the recommendation problem is treated as a search problem where a
node needs to find similar users using a flooding based unstructured search.

A somewhat surprising result is described by Bakker at al [10], where they argue
that in fact it is enough to take a random sample of the network and use the closest
elements of that sample to make recommendations. Our results are consistent with
this observation, although we describe better and equally cheap alternatives.

A more sophisticated approach is described by Bickson et al [14]. They define rec-
ommendation as a smoothing operation over a social network, which is expressed as
a minimization problem using an objective function that expresses the requirements
for the recommendation. The problem is solved by using an iterative method. Unfor-
tunately no results are given on recommender system benchmarks due to the slightly
different formulation of the basic problem.

It is of course possible to apply distributed hash tables [49]. Here, users are stored
in a hash table and they are indexed by (item, rate) pairs as keys. Using this data struc-
ture, the users for a given item and rate are available from the distributed hash table
(DHT) on demand. This method is not scalable if there are many recommendations to
be made in the system, since the necessary information is not always available locally.

One of the most detailed studies on distributed recommender systems with per-
formance evaluation can be found in [111]. The proposed models were implemented
on the basis of the BUDDYCAST [95] overlay management service, which is the main
overlay management method of the Tribler file sharing protocol [35]. We used our
own implementation of this model as a baseline method, since the original study [111]
did not carry out load balancing measurements.

Finally, although not directly related to the recommender systems, the area of ex-
ploiting semantic proximity for search also involves building overlay networks based
on node similarity and therefore our algorithms and observations are relevant in this
area as well. Examples of research in this area are described in [4, 36, 59, 109].

5.3 Interesting Properties of CF Datasets

In our simulations we applied three different benchmark datasets, namely the Movie-
Lens [52] dataset, the Jester [41] dataset and the BookCrossing [118] dataset. In this
section we introduce these benchmarks and show some of their properties that raise
interesting—and so far largely overlooked—problems in distributed environments.
Table 5.1 summarizes some basic statistics of our datasets. In the case of MovieLens
we used the official r, partition so that its evaluation set contained 10 ratings per user.
For Jester and BookCrossing we produced the evaluation set as proposed in [10]: we
withheld 6 ratings from the training set where possible (if the user under consideration

32



QLectives Deliverable 2.2.1: Algorithms for detecting, emerging,
and sustaining cooperative community structures

frequency

1000 =

MovieLens

=
S

>

T Ukel0 -
k=200

il
—
—
o—
—
e —0C

10 100 1000

in-degree

10000 100000

Jester
1000

T kel0 ¢
k=200

frequency

1 10 100 1000
in-degree

10000 100000

10000

BookCrossing

1000

=
S

o L

s

—
+ —

=3
S3]

1 10

100 1000
in-degree

10000 100000

Figure 5.1: In-Degree Distribution of Benchmark Datasets

had at least 6 rated items). In this table # items >’ means the minimal number of items
rated by some user. Sparsity denotes the ratio of existing and possible rates in the
training sets. The value MAE(med) is a trivial baseline for prediction performance; it
is defined as the mean absolute error (MAE) computed on the evaluation set using the
median-rate of training set as a prediction value. Clearly, a very significant difference
can be found in properties related to sparsity. This will have significant implications
on the performance of our algorithms, as we show later.

As mentioned before, in distributed settings one suitable and popular approach
is to build and manage an overlay that connects similar users. This overlay can be
viewed as a graph where each node corresponds to a user and there is a directed edge
between user A and B if and only if user B belongs to the most similar users of A. This
overlay plays an important role in a P2P recommender system. First, the performance
of the recommendation depends on the structure of the overlay. Second, the costs and
load balancing of the overlay management protocol depend on the topology of this
similarity network.

To the best of our knowledge, the second role of the similarity overlay has not
been addressed so far in the literature. Nevertheless it is an important issue, since the
load generated by the overlay management process might correlate with the number
of nodes that link to a given node as one of its most similar nodes. More precisely,
the load of a node might correlate with its in-degree in the overlay network. Thus, if

Table 5.1: Basic statistics of datasets

] | MovieLens |  Jester | BookCrossing |
# users 71,567 73,421 77,806
#items 10,681 100 185,974
size of train 9,301,274 3,695,834 397,011
sparsity 1.2168% 50.3376% 0.0027%
size of eval 698,780 440,526 36,660
eval/train 7.5127% 11.9195% 9.2340%
#items > 20 15 1
rate set 1,...,5| —10,...,10 1,...,10
MAE(med) 0.93948 4.52645 2.43277
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the in-degree distribution of the overlay network is extremely unbalanced (e.g. if it
has a power-law distribution), some of the nodes can experience a load that is orders
of magnitudes higher than the average. Thus, it is very important to consider the in-
degree distribution of the overlay when planning a P2P recommender system, and
examine the incurred loads on the individual nodes as a function of this distribution.

Figure 5.1 shows the in-degree distributions of the k nearest neighbor (kNN) over-
lay of each benchmark dataset. In this overlay each node has k directed outgoing edges
to the k most similar nodes. As can be seen from the plots, the BookCrossing dataset
has an almost power-law in-degree distribution, with many nodes having incoming
links from almost every other node (note that the size of this dataset is around 77,806
users).

To see whether this might be a general property of high dimensional datasets, we
need to consider some basic properties of high dimensional metric spaces. If we gener-
ate high dimensional uniform random datasets from the unit cube and construct their
kNN graphs, we will find that most of the points lie on the convex hull of the dataset.
These points are mostly situated at the same distance from each other. The nodes cor-
responding to these points have a mostly uniform and relatively small in-degree in the
kNN graph. The very few points inside the convex hull are close to a huge number of
points on the convex hull, and so have high in-degree.

These observations indicate that we have to explicitly take into account load bal-
ancing when building a recommender system in a fully distributed manner.

54 Algorithms

The algorithms we examine all rely on building and managing a user-similarity over-
lay. In the top level of the protocol hierarchy, they apply the same user-based CF
algorithm for making recommendations, strictly using locally available information
(that is, information about the neighbors in the overlay).

Since we focus on overlay management, we fix the recommender algorithm and not
discuss it any further. As it was mentioned in the previous sections, for this we need an
aggregation method and a user similarity metric. We selected the aggregation shown
in (5.1), proposed in [98]. Our similarity metric is Cosine similarity, which achieved
the best performance on our benchmarks. Note that the selected user similarity is of
course known to the overlay management algorithm and is used to direct the overlay
construction.

We also assume that the local views of the nodes contain not only the addresses
of the neighbors, but also a descriptor for each neighbor, that contains ratings made
by the corresponding user. This implies that computing recommendation scores do
not load the network since all the necessary information is available locally. However,
there is a drawback; namely the stored information is not up-to-date. As we will show
later, this is not a serious problem since on the one hand, recommendation datasets
are not extremely dynamic and, on the other hand, the descriptors are in fact refreshed
rather frequently due to the management algorithms.

In sum, the task of overlay management is to build and maintain the best possible
overlay for computing recommendation scores, by taking into account bandwidth us-
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Algorithm 2 Random Nodes based Overlay Management

Parameters: k: the size of view; r: the number of randomly generated nodes
1. while true do
2. samples < getRandomPeers(r)
fori =1tordo
peer <— get(samples, 1)
peerDescriptor <— descriptor(peer)
insert(view, peer Descriptor)

AN LN

age at the nodes. We expect a minimal, uniform load from overlay management even
when the in-degree distribution of the expected overlay graph is unbalanced.

5.4.1 BUDDYCAST based Recommendation

As we mentioned earlier we applied the BUDDYCAST overlay management protocol
as a baseline method. Now we give a very brief overview of this algorithm and its
numerous parameters; for details please see [95].

The algorithm maintains a number of lists containing node descriptors. The taste
buddy list contains the most similar users (peers), all those who communicated with
the node before. The recommendation for a peer is calculated based on this list.

The BUDDYCAST algorithm contains a mechanism for load balancing: a block list.
Communication with a peer on the block list is not allowed. If a node communicates
with another peer, it is put on the block list for four hours.

Finally, a node also maintains a candidate list, which contains close peers for po-
tential communication, as well as a random list that contains random samples from
the network. For overlay maintenance, each node periodically (in every 15 seconds by
default) connects to the best node from the candidate list with probability «, and to a
random list with probability 1 — &, and exchanges its buddy list with the selected peer.

5.4.2 kNN Graph from Random Samples

We assume that a node has a local view of size k that contains node descriptors. These
will be used by the recommender algorithm.

In Algorithm 2 each node is initialized with k random samples from the network,
and they iteratively approximate the kNN graph. The convergence is based on a ran-
dom sampling process which generates r random nodes from the whole network in
each iteration. These nodes are inserted into the view which is implemented as a
bounded priority queue. The size of this queue is k and the priority is based on the
similarity function provided by the recommender module.

Applying a priority queue here on the basis of similarities means that nodes re-
member the most similar nodes from the past iterations. This means that since random
samples are taken from the entire network, each node will converge to its kNN view
with positive probability.

Method GETRANDOMPEERS can be implemented, for example, using the NEWS-
CAST [58] protocol.
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This algorithm does converge, as argued above, albeit very slowly. However, it is
guaranteed to generate an almost completely uniform load since the only communi-
cation that takes place is performed by the underlying peer sampling implementation
(NEWSCAST), which has this property.

5.4.3 kNN Graph by T-MAN

We can manage the overlay with the T-MAN algorithm as well [56]. This algorithm
manages a view of size k, as in the random algorithm above. T-MAN periodically
updates this view by first selecting a peer node to communicate with, then exchanging
its view with the peer, and finally merging the two views and keeping the closest k
descriptors. This is very similar to Algorithm 2, but instead of r random samples the
update is performed using the k elements of the view of the selected peer.

In this chapter we examine the following methods for T-MAN which are employed
as peer selection methods:

Global: This approach selects the node for communication from the whole network
randomly. This can be done by using a NEWSCAST layer as it was described in the
previous section. We expect this approach to distribute the load in the network uni-
formly since with this selection the incoming communication requests do not depend
on the in-degree of the kNN graph at all.

View: In this approach the node for communication is selected from the view of
the current node uniformly at random. The mechanism of this selection strategy is
similar to the previous one, but the spectrum of the random selection is smaller since
it is restricted to the view instead of the whole network.

Proportional: This approach also selects a node for view exchange from the view of
the current node, but here we define a different probability distribution. This distribu-
tion is different for each node and it is reversely proportional to the value of a selection
counter, which measures the load of the node in the previous time interval. The exact
definition of the selection probability for a neighbor j of node i is

_1
sel]-+1

pij = , (5.2)

1
Eke View; Selk +1

where sely is the value of the selection counter of the kth neighbor. This information is
stored in the node descriptors. The motivation for this selection method is to reduce
the load on the nodes that have a high in-degree in the kNN graph, while maintaining
the favorable convergence speed of the T-M AN algorithm.

Best: The strategy that selects the most similar node for communication without
any restriction. We expect that this strategy converges the most aggressively to the
perfect KNN graph, but at the same time it results in the most unbalanced load.

5.4.4 Randomness is Sometimes Better

Our experimental results (to be presented in Section 5.6) indicated that in certain cases
it is actually not optimal to use the kNN view for recommendation. It appears to be
the case that a more relaxed view can give better recommendation performance.
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To test this hypothesis, we designed a randomization technique that is compatible
with any of the algorithms above. The basic idea is that we introduce an additional
parameter, n < k. The nodes still have a view of size k, and we still use the same
recommender algorithm based on these k neighbors. However, we apply any of the
algorithms above to construct a (k-n)NN overlay graph (not a kNN graph), and we fill
the remaining n elements in the following way: we take r > n random samples (not
necessarily independent in each cycle) and we take the closest n nodes from this list.
With n = k we get the algorithms proposed in [10], and with n = 0 this modification
has no effect, so we get the original algorithm for constructing the kNN graph.

5.5 System Model

We consider a set of nodes connected through a routed network. Each node has an
address that is necessary and sufficient for sending a message to it. To actually com-
municate, a node has to know the address of the other node. This is achieved by
maintaining a partial view (view for short) at each node that contains a set of node de-
scriptors. Views can be interpreted as sets of edges between nodes, naturally defining
a directed graph over the nodes that determines the topology of an overlay network.

Although the class of algorithms we discuss has been shown to tolerate unpre-
dictable message delays and node failures well [56, 58], in this work we focus on load
balancing and prediction performance, so we assume that messages are delivered re-
liably and without delay, and we assume that the nodes are stable.

Finally, we assume that all nodes have access to the peer sampling service [58]
that returns random samples from the set of nodes in question. We will assume that
these samples are indeed random. The results presented in [58] indicate that the peer
sampling service has realistic implementations that provide high quality samples at a
low cost.

5.6 Empirical Results

We implemented our protocols and performed our experiments in PeerSim [57, 79].
We performed a set of simulations of our algorithms with the following parameter
value combinations: view update is random or T-MAN; peer selection for T-MAN is
GLOBAL, VIEW, BEST or PROPORTIONAL; and the number of random samples is 20, 50,
or 100 for random, and 0 or 100 for T-MAN.

The BUDDYCAST algorithm was implemented and executed with the following
parameters: the size of the buddy list and the candidate list was 100, the size of the
random list was 10, and « was 0.5. The size of the block list had to be restricted to be
100 as well, in order to be able to run our large scale simulations. The view size for
the rest of the protocols was fixed at k = 100 in all experiments for practical reasons:
this represents a tradeoff between a reasonably large k and the feasibility of large scale
simulation.

In these simulations we observe the prediction performance in terms of the MAE
measure and the distribution of the number of incoming messages per cycle at a node.
Note that the number of outgoing messages is exactly one in each case.
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Let us first discuss the effect of parameter r. This is a crucial parameter for random
view update, while in the case of T-MAN the role of random samples is merely to
help the algorithm to avoid local optima, and to guarantee convergence. Figure 5.2
shows the effect of r in the case of the MovieLens database. The effect of  on the other
databases and for other settings is similar.

We can observe that in the case of a random view update, r simply is a multiplica-
tive factor that determines the speed of convergence: twice as many samples per cycle
result in a halving of the necessary cycles to achieve the same value. In the case of
T-MAN, the version with random samples converges faster, while the generated load
remains the same (not shown). Accordingly, in the following we discuss T-MAN algo-
rithms only with » = 100, and random view update algorithms only with r = 100.

In Figure 5.3 we show the results of the experiments, where the MAE and the maxi-
mal load is illustrated. The maximal load is defined as the maximal number of incom-
ing messages any node receives during the given cycle. The first interesting obser-
vation is that the load balancing property of the different algorithms shows a similar
pattern over the three datasets, however, the convergence of the MAE is rather differ-
ent (see also Table 5.1). In particular, in the case of the MovieLens and BookCrossing
benchmarks the MAE reaches a minimum, after which it approaches the top-k based
prediction from below, whereas we do not see this behavior in the much denser Jester
database.

Indeed, the reason for this behavior lies in the fact that for the sparse datasets a
larger k is a better choice, and our setting (k = 100) is actually far from optimal. In the
initial cycles the view approximates a random sample from a larger k parameter. To
verify this, we calculated the MAE of the predictions based on the algorithm described
in Section 5.4.4. The results are shown in Figure 5.4 later on.

It is clear that for a small k it is actually better not to use the top k from the entire
network; rather it is better to fill some of the views with the closest peers in a relatively
small random sample from the network. Especially for the smallest k we examined
(k = 100) this technique results in a significant improvement in the MAE compared
to the recommendation based on the closest k peers in all datasets. This algorithm
can easily be implemented, since we simply have to combine any of the convergent
algorithms with an appropriate setting for k (such as k = 50) and use a peer sampling
service to add to this list the best peers in a random sample of a given size.

MovieLens, random view update (k=100) MovieLens, T-Man (k=100)
0.84 T T 0.84 r
best, =100 — — -
0.83 0.83 best, r=0 = =— = -
view, r=100
0.82 0.82 view, r=0

0.81 0.81 R\

0.8

MAE
=
e}

MAE

0.79
0.78
0.77

0.76 . * 0.76
1 10 100

cycles cycles

Figure 5.2: Effect of parameter r in a few settings
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Figure 5.3: Experimental results. The scale of the plots on the right is logarithmic.

As a closely related note, the random view update algorithms can be “frozen” in the
state of minimal MAE easily, without any extra communication, provided we know in
advance the location (that is, the cycle number) of the minimum. Let us assume it is
in cycle c. Then we can use, for a prediction at any point in time, the best k peers out
of the union of c - r random samples collected in the previous c cycles, which is very
similar to the approach taken in [10].

Clearly, the fastest convergence is shown by the T-MAN variants, but these result
in unbalanced load at the same time. The PROPORTIONAL variant discussed in Sec-
tion 5.4.3 reduces the maximal load, however, only when the topology has already
converged. During the convergence phase, PROPORTIONAL behaves exactly like the
variant VIEW.

Quite surprisingly, the best compromise between speed and load balancing seems
to be GLOBAL, where the peer is selected completely at random by T-MAN. In many
topologies, such as a 2-dimensional grid, a random peer possesses no useful informa-
tion for another node that is far from it in the topology, so we can in fact expect to
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Figure 5.4: Effect of adding randomness to the view. Thin horizontal lines show the
n = 0 case.

do worse than the random view update algorithm. However, in target graphs such
as kNN graphs based on similarity metrics, a large proportion of the network shares
useful information, namely the addresses of the nodes that are more central.

On such unbalanced graphs T-M AN GLOBAL is favorable, because it offers a faster
convergence than a pure random search (in fact, it converges almost as fast as the
more aggressive T-MAN variants), however, the load it generates over the network
is completely identical to that of random search, and therefore the maximal load is
very small: the maximum of N samples from a Poisson distribution with a mean of 1
(where N is the network size). In addition, the node with the maximal load is different
in each cycle.

Finally, we can observe that on the BookCrossing database some algorithms, es-
pecially BuddyCast and T-MAN with BEST peer selection, result in an extremely un-
balanced degree distribution (note the logarithmic scale of the plot). This correlates
with the fact that the BookCrossing database has most unbalanced degree distribution
(see Figure 5.1). Even though we have not optimized the parameters of BuddyCast,
this result underlines our point that one has to pay attention to the in-degree distribu-
tion of the underlying kNN graph.

5.7 Conclusions

In this chapter we tackled the problem of the construction of similarity-based overlay
networks with user-based collaborative filtering as an application. We pointed out that
similarity-based overlays can have a very unbalanced degree distribution, and this fact
might have a severe impact on the load balancing of some overlay management proto-
cols. The main conclusion that we can draw is that in highly unbalanced overlays (that
are rather frequent among similarity-based networks) the overlay construction con-
verges reasonably fast even in the case of random updates; or, with T-MAN, uniform
random peer selection from the network. At the same time, the traditional, aggressive
peer selection strategies that have been proposed by other authors should be avoided
because they result in a highly unbalanced load experienced by the nodes. In sum,
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in this domain T-MAN with global selection is a good choice, because it has a fully
uniform load distribution combined with an acceptable convergence speed, which is
better than that of the random view update. However, care should be taken because
this conclusion holds only in these unbalanced domains, and in fact this algorithm is
guaranteed to perform extremely badly in large-diameter topologies.
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Chapter 6

Conclusions

In summary, this deliverable describes how social interactions and collectives influ-
ence and overlap with opinion formation and how the resulting informational struc-
tures (in this case, fat-tailed degree distributions in overlay networks) need to be taken
into account in the design of distributed algorithms. In particular, we presented a
model based on propagation of influence in a social network and showed that when it
is superimposed with unbiased expectations of individuals about respective items, a
broad popularity distribution resembling popularity distributions seen in real systems
typically arise. The model needs to be further improved to better mimic bipartite user-
item data observed in real systems. We further presented a model for social cohesion.
We argued that the social cohesion of a population should be expressed in terms of
both structural and cognitive dimensions as a response to conflict increases. We are
now looking forward to using the current on-line communication platforms (Twitter,
Facebook, and alike) to empirically test theoretical models relying both on underlying
bond topologies (who holds stable relations with whom) and on information dynam-
ics (whois actually communicating with whom). In the final chapter, we addressed the
problem of the construction of similarity-based overlay networks with user-based col-
laborative filtering as an application. Since similarity-based overlays can (and often
do) have a very unbalanced degree distribution, aggressive peer selection strategies
that have been proposed by other authors should be avoided because they result in a
highly unbalanced load experienced by the nodes. This is not an issue for random up-
dates and T-MAN. T-MAN with global selection thus emerges as a good choice in this
domain because it has a fully uniform load distribution combined with an acceptable
convergence speed, which is better than that of the random view update.
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