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ABSTRACT The adaptive social learning paradigm helps model how networked agents are able to form
opinions on a state of nature and track its drifts in a changing environment. In this framework, the agents
repeatedly update their beliefs based on private observations and exchange the beliefs with their neighbors.
In this work, it is shown how the sequence of publicly exchanged beliefs over time allows users to discover
rich information about the underlying network topology and about the flow of information over the graph.
In particular, it is shown that it is possible (i) to identify the influence of each individual agent to the
objective of truth learning, (ii) to discover how well-informed each agent is, (iii) to quantify the pairwise
influences between agents, and (iv) to learn the underlying network topology. The algorithm derived herein
is also able to work under non-stationary environments where either the true state of nature or the graph
topology are allowed to drift over time. We apply the proposed algorithm to different subnetworks of
Twitter users, and identify the most influential and central agents by using their public tweets (posts).

INDEX TERMS Social learning, social influence, explainability, inverse modeling, online learning, graph

learning, Twitter.

I. INTRODUCTION AND RELATED WORK

The social learning paradigm is a popular non-Bayesian
formulation that enables a group of networked agents to
learn and track the state of nature. It has motivated several
studies in the literature with many useful variations under
varied modeling assumptions (see, e.g., [2]-[17]). Under this
framework, agents observe streaming data and share infor-
mation with their immediate neighbors. Through a process
of localized cooperation, the agents continually update their
beliefs about the underlying state. These beliefs describe the
agents’ confidence on each possible hypothesis. The main
question in social learning is whether agents are able to learn
the truth eventually, i.e., whether the beliefs on the wrong
hypotheses vanish.

In principle, each agent in the network could consider
pursuing a fully Bayesian solution to learn and track the state
of nature. However, this solution is intractable and generally
NP-hard [[10]], [11], [18]. This is because it requires that
each agent has access to the data from the entire network,
in addition to their knowledge of the full graph topology.

These pieces of information are rarely available in a decen-
tralized setting. For this reason, non-Bayesian approaches
have been devised as effective alternatives [2[|-[9]]. In this
formulation, the agents first perform a local Bayesian update
using their newly received private observations, and then fuse
their beliefs with those of their neighbors either linearly or
geometrically [3], [6], [8], [9]], [19]. This approach allows for
diverse data models across the agents, and helps preserve the
privacy of the individual observations. In this work, we adopt
the Adaptive Social Learning (ASL) strategy from [[6], which
showed how to extend traditional non-Bayesian learning
under fixed truth to dynamic scenarios where the state of
nature is allowed to drift with time. Under ASL, the agents
will be able to track these drifts rather effectively with
performance guarantees.

Now, given a collection of networked agents tracking the
state of nature by means of the adaptive social learning
(ASL) strategy, our main objective is to focus on two
questions related to explainability and inverse modeling. In
particular, by observing the sequence of publicly exchanged
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beliefs, we would like to discover the underlying graph
topology (i.e., how the agents are connected to each other).
We would also like to discover each agent’s contribution (or
influence) to the network’s learning process.

The question of explainability over graphs is actually a
challenging task, and it has been receiving increasing atten-
tion (e.g., [20]-[26]). These works approach explainability
from different perspectives, and with different aims. For in-
stance, in [25], [26]], the authors aim at building a framework
for human understanding of why a black-box method arrives
at a particular solution. The work [20] argues that a better
understanding of multi-agent reinforcement learning can help
to limit the search space. Other works suggest modifying the
learning algorithm for better interpretability [23]. Overall,
higher transparency and a better understanding of the solu-
tions are generally crucial for critical applications, such as
using artificial intelligence in healthcare or in autonomous
devices (such as vehicles).

We have performed some prior work on explainability for
social learning [27]], [28]. In these works, given the evolution
of beliefs and assuming some partial prior knowledge about
the distribution of private observations, it was shown how
to identify pairwise influences inside the network (i.e., how
strongly pairs of agents influence each other), as well as
how to recover the underlying graph topology. One of the
key differences with the previous works is that here, we
consider a more limited (and, therefore, more challenging)
information scenario, where we do not require any informa-
tion about the probability distribution of the observations
(or their likelihoods). Despite being more challenging to
analyse, the algorithm nevertheless becomes more practical
and applicable to real-world data, where distributions of
privately received observations remain unknown. We will
show that, under this more demanding scenario, we are
still able to identify the contribution of each agent to
truth learning, assess its level of informativeness, as well
as learn the underlying graph and the pairwise influences
between agents. The modeling conditions we consider are
generally commonplace in real-world social networks, such
as Twitter [29]-[36]. We consider a Twitter application in
Section In this application, users publicly exchange
their opinions on Twitter, which are therefore observable.
However, we do not have access to additional informa-
tion about sources affecting people’s opinion during these
exchanges such as News or discussions occurring outside
Twitter and, therefore, we do not have information about the
signal distributions. Identifying the most influential users and
their communication patterns can provide valuable insights
in social network analysis [37]. Actually, the problem of
identifying the most influential nodes in a network is in-
creasingly relevant [38[]-[43]], especially following the rise of
online social networks. Once identified, this information can
be useful in many contexts. For example, it can be used to
enhance recommendations for marketing purposes [38]—[49],

where the objective is to maximize the number of influenced
nodes.

There have also been several important contributions to
graph learning such as [27], [28]], [SO]-[63]. This is because
the graph structure plays an important role in distributed
learning [64]-[67]], and its identification can provide valuable
information about relationships within the network [27]]. One
approach is based on exploiting correlations and similarities
between vertices [68[]-[70]. Other works assume a defined
model behind the graph signal, such as the heat diffusion
process [52], [154], [55]]. Structural constraints (such as spar-
sity, connectivity, symmetry) can also be introduced through
regularization [S1], [56], [60]. The present work examines
the problem of identifying a graph in the adaptive social
learning setting. Learning the graph from social interactions
requires a different approach, as already illustrated in [28]],
due to the special form of the non-stationary observation
signals. Importantly, our study will relax certain assumptions
introduced in that work.

The paper is organized as follows. We describe the adap-
tive social learning model in Section |lI} Then, we propose
an algorithm for learning the combination matrix and the
agents’ informativeness in Section In Section [[V] we
justify the fact that each agent’s contribution to truth learning
is proportional to its relative centrality and its informative-
ness (the KL-divergence between the marginal likelihood of
the truth and the other hypotheses). We provide theoretical
performance guarantees of the algorithm in Section In
Section we illustrate performance in different settings
by means of numerical simulations. Finally, in Section
we apply the algorithm to real-world data from Twitter.

Il. SOCIAL LEARNING MODEL

We refer to Fig. [I] and consider a collection of agents
N performing peer-to-peer exchanges of beliefs according
to some combination matrix A, with non-negative entries,
[Ader = ag > 0. Agent £ is able to communicate
with agent k& when ay is positive; this scalar refers to
the weight that agent k£ assigns to the information received
from agent ¢. We assume the matrix A, is left-stochastic
and corresponds to a strongly connected graph [3]], [6], [8].
The first assumption means that the entries on any matrix
column k& € N add up to one, Zee/\/ agr, = 1. The second
assumption means that there exists a path with positive
weights between any two agents, and there is at least one
agent in the network that does not ignore its own observation,
i.e., agr > 0 for at least one k € A. This implies that the
combination matrix is primitive, i.e., for any ¢, k € N, there
exists t > 0 such that [A], ;, > 0. It follows from the Perron-
Frobenius theorem [71, Chapter 8], [72] that the power
matrix A’ converges to ulT as t — oo at an exponential
rate, where u is the Perron eigenvector that satisfies:

ZUgZL

LeN

Azu = u, up > 0, (N
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FIGURE 1: An illustration of the network model.

where the u, denote the individual entries of u. Each of these
entries describes the centrality of the corresponding agent in
the graph (i.e., its level of contribution to the inference task).

We assume that there exists one true state of nature
0* belonging to a finite set of hypotheses, denoted by ©.
Initially, each agent k starts with a private belief vector
Bro € [0,1]'°l, where each entry pu, o(0) describes how
confident agent k is that € corresponds to the true hypothesis
0*. As befitting of a true probability mass function, the total
confidence sums up to one, Y, p;, o(6) = 1. To ensure that
no hypothesis is excluded beforehand by any of the agents,
we assume that py o(0) > 0, V0 € ©.

At each time instant ¢, each agent k£ observes a mea-
surement ¢, ;. We assume initially that each agent k € N
has access to private likelihood functions, L ((|#), which
describe the distribution of the observation ¢ conditioned on
each potential model 6. With a slight abuse of notation, we
sometimes denote Ly (:|)) by Ly(¢). The observations ¢ ;
are assumed to be independent and identically distributed
(i.i.d.) over time. In order to be able to distinguish the true
hypothesis 8* from any other hypothesis 6 # 6*, we need to
assume that for any 0 # 0*, there exists at least one clear-
sighted agent k € A that has strictly positive KL-divergence
relative to the true likelihood, i.e., Dxi, (Ly (0*) ||Ly (0)) >
0. The following boundedness assumption on the likelihood
is common in the literature [7], [27]; it essentially amounts
to assuming that the likelihoods share support regions.

Assumption 1 (Bounded likelihoods). There exists a finite
constant b > 0 such that, for all k € N:

log Lk(¢10)

<b 2
Lo(Clo) | = @

forall 0, 0’ € ©, and ¢.
|

Next, we describe the ASL strategy from [6]. At each
time step ¢, each agent k performs a local update based on

VOLUME

the newly received observation and forms the intermediate
(public) belief:

LE(Ck z|9)l‘k i— 1(0)

Za’e@ k(Ck,iw/)Nk i— 1(9/)

Here, § € (0,1) is a step-size parameter that controls the
adaptation capacity, i.e., & controls the importance of newly
received data relative to the past history. This intermediate
belief is shared with the follower agents of k, i.e., with all
agents ¢ for which ar, > 0. Subsequently, agent & fuses the
beliefs received from its neighbors, i.e., from all agents for
which ag, > 0. We denote this set by A. One fusion rule
is to fuse the beliefs geometrically as follows in order to
obtain the private beliefs [3]], [6], [8], [19]:

o ) = Meen W)
w Ze’eenee/\/k Wk(ol)

The term in the denominator in is used to normalize
my;(0) to a probability mass function. Once (E]) is per-
formed, the true state 6* can be estimated by agent k at time
¢ using the maximum a-posteriori construction over either the
private or public beliefs, for example:

/B\k,i & argrgleaéc'tpk,iw). (5)

It was shown in [6]], [27] that this social learning scheme
has a powerful performance guarantee. Specifically, the
probability of error goes to zero for both the private and
public beliefs as the step-size d approaches zero, namely,
lim lim ]P’(argmaux,u,C J0)#£07)=0,VEe N  (6)

§—0i—00

Yy i(0) = keN. 3

keN. &

and

lim lim P(argmax¢k J0)£0)=0,VkeN. (7)

6—0i—00
Thus, the agents’ confidence on hypothesis 8* being the true
hypothesis converges to one. In other words, the agents are
able to learn the truth eventually.

Following [27]], we introduce two matrices A; and £; in

order to represent the recursions (3)—@) in a more compact
matrix form as follows:

Ai=(1—-8ATA;  +0L;. (8)

The matrices are of size |N| x (]©] — 1), and their entries
are log-belief and log-likelihood ratios and given by:

A ,(ibk:z( )
Ailx.; = log 9
Ay = log 2G5 ©)
A Lk(Ckz|90)
Ll =log —————= 0
Ciles =108 L) 1o

where the reference state 6y € © can be chosen at will by
the designer.

The matrices L£; are i.i.d. over time due to the i.i.d.
assumption on the observations. Again, following similar
previous approaches [6], [27]], we introduce the following
condition on the higher-order moments of L;.
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Assumption 2 (Positive-definite covariance matrix). The
covariance matrix R is uniformly positive-definite for all
1 >0, i.e., there exists T > 0 such that:

ReL2E(L; —EL) (L; —EL)" >7I. (1)

]
Iterating (8), we find that

i—1
A= (1=0) (A1) Ao +6>" (1-0) (A)TLi . (12)
t=0

For large i, it can be shown that A; converges in distribution
to a limit value given by [27, Lemma 1]:

A HAZEY (1-0)(A)TL,.

t=0
For further analysis, we introduce the following useful result
for log-beliefs ratios. The standard laws of large numbers
cannot be applied directly to the expression for A; in (12)
since there are dependencies between the random variables.

13)

Lemma 1 (Law of large numbers for log-belief ratios).
After a sufficient number of iterations i (i.e., fort > M > 1),
the average of the log-belief matrix converges in probability
as follows:

i—1
1 M — o0
i > A; S EA (14)
j=i—M
Proof.  See Appendix [A]
|

lll. INVERSE LEARNING FROM PUBLIC BELIEFS

In this section, we introduce an algorithm for learning the
graph combination matrix A, from observations of the public
beliefs, as well as for assessing the level of informativeness
of the various agents.

A. Problem Statement

The data available from the social network might be limited
for various reasons, including privacy. Therefore, in this
work, we assume that we can only observe the evolution
of the public beliefs over time:

{¢,€7i(9)}i>>1 , VkeN. (15)

This assumption is motivated by the fact that agents share
their intermediate beliefs computed by (3) during the col-
laborative process, in contrast to the private beliefs in ().
Here, by ¢ > 1 we underline that we are observing A; after
a sufficient amount of iterations, i.e., after A; has reached
its steady-state distribution (I3).

A good illustration for this setting is the social network
of Twitter users. From each post (or tweet) that a user posts
to their followers, we can extract an intermediate belief
9, ; based on sentiment analysis, a.k.a., opinion mining.
After that, each user k reads the posts of its followers and
constructs the private belief p, ; according to (Ef[)

Next, we will show that by observing public beliefs, we
can recover many useful network properties such as (i) the
combination matrix, which determines the confidence levels
that agents have about each other, (ii) the KL-divergences
Dy, (L (0*)||Lk(9)), which assess the capacity of each
agent to distinguish the true hypothesis from the other
possibilities, (iii) the pairwise influences of agents on each
other, and the (iv) global influencers across the network. We
allow both the network and the true state 6* to drift over
time, and the algorithm will be able to track these changes
too.

B. Algorithm Development

The previous work on learning the combination matrix A,
in [27]) assumes that the expected log-likelihood matrix £ £
EL; is known. It can be verified that

[Llk,; = [ELlk,;
= Dy (Lx(07)|| Lk (0;)) — Dxr(Li(67)|Lx(00)).  (16)

Using this knowledge along with (), the following objective
function was then minimized to learn A,:

1 -
QA Ai Air) = S — (1= 6)ATA . = 0L[E (7

in terms of the squared Frobenius norm. In this work, we
do not assume that £ is known beforehand, and will instead
estimate £ at each iteration ¢ by using

i—1
Li1(A) = ﬁ > (A -1 -0ATA; ), (18
j=i—M

where A will be the estimate that is available for A, at that
point in time. This step allows us to keep any information
about the privately received data (j; hidden from the
algorithm, which makes potential applications more feasible.
Accordingly, the cost function is replaced by:

~ ~

QAAL A1, Liq)
1 ~
= §||Ai —(1=8)ATA; 1 — 6L 1|3

i—1
1 1 T
= 5|8 - 55 Z Aj—(1-0)A
j=1—M
1 1—1 2
X | A1 — M _ Z Ay
j=i—M F

1
= 5llAai = (1 =9)ATA |} (19)
where we introduced
i—1
1
A
Ai:Ai—MlZ A, (20)
j=i—M
The corresponding risk function is then given by:
Ti(A) 2 EQ(A; Aiy A1, £i-1) @1
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We will show in Lemma [2] that the unique minimizer of this
risk function gets closer to the true combination matrix as
M grows.

Now, assume that we observe a sequence of public be-
liefs (15), therefore a sequence {A;},, ,. We define the
objective function as a sum over N observed time indices
1> 1t

mgn J(A (22)

=
N-M

To solve (22), we apply stochastic gradient descent (SGD)
with constant step-size p > 0. At each iteration ¢, the
estimate A; for the combination matrix is updated via:

Ai = Ai—l + /L(l — 5)Ai_1
x (AT = (1- )AL, Ai s - 522_1)

We sample the observations in the direct order 4,7 + 1,4 +
2.... This online nature of the algorithm, as well as the
use of a constant step-size instead of a vanishing step-size,
will allow the algorithm to track changes in A*E]. We list the
procedure in Algorithm [I]

(23)

Algorithm 1: Graph social learning (GSL)
Data: At each time i:

{¢k,z‘(9)}k€/\/— ) 0
Result: Estimated combination matrix Ay, R
estimated expected log-likelihood ratios L.
initialize Ag, Lo

repeat
Compute matrices A;:
forkeN,j=1,...,|0| do
¢k L( )
[Ailk,; =
! 11bk‘ z( )

Combination matrix update:

1
A=A+ p(1-0) | Ay = 55 Z Aj 4
j=i—M
x (A} (1 - 0)AT A, — oL, 1)
Log-likelihoods matrix update:

1
=50 (Aj -(1- 5)A2-TAJ>1)
j=imM+1

~

1=1+1

until sufficient convergence;

'In our algorithm, we assume deterministic A,. However, recursion (23)

allows adapting to changes in A,.

VOLUME ,

IV. GLOBAL INFLUENCE IDENTIFICATION

In this section, we establish a strong connection between
the probability of error for truth learning and the network
divergence. The network divergence is defined in terms of the
Perron eigenvector of A,, and the KL-divergences between
the likelihoods:

K(6%,0) £ up Dxu (L (67)]|Lx (6)) > 0.
keN

Note that this quantity is a function of the hypothesis 6. As

remarked before (E]), the true state estimator can be deduced

from the public beliefs. The probability of error is defined

as the probability of selecting a wrong hypothesis 6 # 6*:
2P (0) £ 06" ).
Dk, arg max 4y, ;(0) #

Note that if 8* does not maximize a public belief, then there
exists at least one 6 # 6* such that

1 1/’]@1( )<0

’l/sz( )

Thus, we can equally define the probability of error py, ; as:

. Yi(0%)

e . J <
Dk,i IP’(EIG#H : log bra0) = 0).
For this section alone, we will additionally assume that the
observations {(j ;} are independent over space (and not
only over time). Now, we know from [6, Theorem 3] that
each random variable (for any k) of the form can be
approximated by a Gaussian random variable in the steady
state with the following moments:

ral8) ~g( (0" )+O(5),5C+O(52)) 28)
1/Jk z( )
for some finite and constant covariance matrix, C. Thus,
the probability of error becomes the probability of the
Gaussian random variable (28) assuming negative values
for at least one §# € O. This Gaussian random variable
concentrates around its mean (i.e., the network divergence
in (24)), which is positive. The larger network divergence is,
the smaller the probability of error for each individual agent
will be.

If we examine expression (24) for the network divergence,
we observe that each individual agent k contributes with a
term of the form

K (6%, 0) = w, Dy (Lin(67)|| L1 (0)) (29)

which is scaled by the Perron entry uy. This entry reflects the
centrality of agent k, and serves as a measure of how well
it is connected to other nodes in the network. The larger the
value of (29) is, the stronger the contribution of this agent
will be towards moving the network away from an erroneous
decision. We therefore say that (29) helps convey the amount
of information that agent k has about 6 disagreeing with
6*. Since (29) is a function of 6, we can define the level
of informativeness of agent £ to the learning process by
considering the aggregate of its contributions for all §, which

(24)

(25)

(26)

27

log
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we denote by

L2 Ku(0%,0) = ur S Diw(Li(60%)]|Li(6)). (30)
e) C)
This quantity serves as a measure of influence, since agents
with large Ij contribute the most to learning the truth by the
network.

In what follows, we describe how to estimate the quantities
I, by the learning algorithm. First, to obtain the Perron
eigenvector for A;, we need to normalize any of its eigen-
vectors corresponding to the eigenvalue at 1. Subsequently,
we identify 6 ; that maximizes 1, ;(6). From (7) we know
that a;“ tends to 6* almost surely as ¢ — oo and § — 0.
After a sufficient number of iterations i of the Algorithm I}
we let j’ denote the index within the hypothesis set © that
corresponds to:

6; = argmaxhy ;. (0). 31)

Returning to (I6), we can then approximate the KL-
divergences by
—[Linlkir

Dy (L (60%)||Lr(6p)) =
Dxe (Li(0*)]|Li(0;)) ~ [Liylkg + [Liyligs

where EiN is an estimate for L.

To conclude, the sequence of public beliefs contains rich
information about the network. Using the GSL algorithm,
we are not only able to identify the graph topology, but
can also find answers to the explainability question: which
agents were the most responsible (or the main drivers) for
the overall network learning process?

(32)
(33)

V. THEORETICAL RESULTS

First, we establish some useful properties of the risk func-
tion (21).

Lemma 2 (Risk function properties). After sufficient num-
ber of iterations i, the risk function J;(A) is strongly convex

and has Lipschitz gradient with constants v; and k; given
by:

vi £ (1=6)*Amin (EAi—lAiT—1>

> r0%(1- )2 +0 (1/VM) (34)
ki 2 (1= 0)*Amax (EAi—lAiT—l)
> 782(1-68)2 + O (1/\/M) (35)

where Amin(+) and Amax(+) are the minimum and maximum
eigenvalues. In other words, it holds that:

vil <V4Ji(A) < kil (36)

Moreover, the difference between the true combination ma-
trix A, and the unique minimizer Apin ; of J;(A) is on the

order of:

| Amin,i — A7 < O (1/82M?) (37)

Proof.  See Appendix
|

Result states that the gap between A, and the unique
minimizer of J;(A) is negligible as M > 1/ grows.

To investigate the steady-state performance of recur-
sion (23), we adopt the following independence assumption,
which is typical in the study of adaptive systems [[73[]-[75].

Assumption 3 (Separation principle). We denote the es-
timation error by A; & A, — A;, and assume the step-
size p is small enough to allow ||A;||3 to attain a steady-
state distribution. The separation principle states that the
error A; is independent of the observations A;, ..., N;_n,
conditioned on the history of previous observations. |

The following theorem shows that in steady-state, the mean-
squared error is O(u) + O(1/6°M?) in expectation.

Theorem 1 (Steady-state performance). The mean-square
deviation (MSD) converges exponentially fast with asymp-
totic convergence rate:

a2 1—p2v+0(8%) + O(u?) (38)
where
v 2 (1= 0 A (lim EAL AL (39)
71— 00
In the limit, the MSD satisfies:
limsup E[| A, < O(u) + O(1/5°M?) (40)
1i—00
Proof.  See Appendix [C]
|

Naturally, the convergence rate for learning the combination
matrix is dependent on the strong convexity constant, v.
Usually, the limiting MSD expression is of the form O (u),
so that we can reduce the deviation by using arbitrary small
step-size u. In our case, we also have the additional term
O (1 / M 2), which is due to the difference between
the unique minimizer and the true combination matrix. We
can control the number of samples M. Note that by selecting
M = O(1//p), the MSD in becomes O(u).

Finally, we study how well the algorithm approximates L.

Theorem 2 (Steady-state log-likelihood learning). The
MSD converges exponentially fast with

lim sup E||L; — L|?

71— 00

1
< 37T (Re) +0(p/0%) + 0 (1/6°M7) - (41)
where
Re=E(L—L) (L, —L)" (42)
is independent of © due to i.i.d. observations.
Proof. See Appendix [D]
|
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(a) True combination matrix. (b) Learned combination matrix.

FIGURE 2: True combination matrix and the learned matrix
using the GSL algorithm with M = 50.

Since we simultaneously learn the combination matrix A,
and £, the limiting MSD for £ has similar expression to
Theorem [I] We would like to note that usually, the hyper
parameter § is a network property we don not have a direct
influence on. Thus, the final MSD is controlled by the step-
size p and it decreases as we use higher number of samples
M.

VI. COMPUTER SIMULATIONS

In this section, we illustrate how well the proposed algorithm
is able to identify the true combination matrix A, and the
expected log-likelihood matrix £. We also experiment with
different M in to see how the convergence rate changes.
Additionally, we will see how well the learned combination
matrix and KL-divergences identify the influences (30).

We generate a graph with || = 20 agents according to
the Erdos-Renyi model with an edge probability of p = 0.2.
We set the adaptation hyperparameter to 4 = 0.05. Then,
we generate the combination weights (see Fig. ) with
uniform weights in the column, such that the resulting
matrix is left-stochastic. We consider |©| = 5 states, where
the likelihood models Ly (6) for each agent k € N are
assumed to follow a binomial distribution with randomly
generated parameters (for details, see Appendix [E). We
generate likelihood models such that we observe only 3
agents with high informativeness. Later, we illustrate that
the algorithm allows for identifying these agents.

First, we consider how well the combination matrix is
learned for different M € {1,10,50}. We additionally
compare with [27], where the expectation £ was assumed
to be known beforehand. For M = 50, we use p = 0.1,
for M = 10, we use p = 0.01, and for M = 1, we use
@ = 0.001 for better convergence. In Fig. [3) we plot the
reconstruction error with respect to the iteration number:

1Al = [1-4; — ALIF 43)
We notice that the higher M improves the limiting MSD as
reflected in Theorem [1

~ Next, we illustrate how well the learned Z',Z approximates
L for different M € {1,10,50}. In Figure 4} we show how
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FIGURE 3: Algorithm performance when £ is known and
when it is estimated by for different M € {1,10,50}.
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FIGURE 4: L reconstruction error estimated by for
different M € {1,10,50}. To reduce the variance and
therefore for better interpretability, we plot the rolling mean
with window size equal to 50.

the reconstruction error evolves with i:

1Ll = [1£: — LI
We notice that with M growing, we can approximate £ more
precisely, which aligns with the result of Theorem [2] and
explains Figure [3]

We illustrate the recovered combination matrix in Fig. 2b].
We use M = 50 since it has better convergence. Comparing
Fig. 2a) and 2b] we observe an almost perfect recovery of the
true combination weights.

Figure [3] illustrates how well the learned KL-divergences
and combination matrix can recover the global influ-
ences (30). For better interpretability, we normalize the val-
ues so that they add up to one. We see that for some agents,
the algorithm does not perfectly recover these components,
but yet allows us to identify that the first agents are driving
the learning the most. This property allows us to search for
agents that are the most contributing to learning the true
state.

In Fig. [6] we illustrate the connection between the prob-
ability of error (23) and the presence of agents with a

(44)
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FIGURE 5: Agents’ influences (30) based on the learned
graph and KL-divergences.

significant contribution I, (30) to the network divergence.
We plot the rate of correctly classified states at each point ¢:

1= s
ri:EZI[{eize*}
t=1

We generate likelihood models according to Appendix [E]
where less (yet significantly) influential agents have smaller
KL-divergence between likelihood models (lines 3 and 4 in
the legend). Thus, we illustrate the value of the identified
importance measure (30) and the role of “informativeness”
(or KL-divergences) of each agent: the presence of agents
with high informativeness improves the quality of true state
inference.

Finally, we comment on the adaptation abilities of the
proposed algorithm that results from its online nature (23).
There is a trade-off between the speed of adaptation to
changes in A, or in #* and the final MSD. Larger step-
size p leads to faster reaction by the algorithm to changes
by the combination matrix, but enlarges the steady-state
MSD. However, an important point to note here is that
if the topology changes more frequently than the time
needed to reach the steady-state (each change of the true
A, “restarts” the algorithm), then a fairly large step-size
1 would be needed. We illustrate this behavior in Fig. [7a]
The ability of the algorithm to adapt to the true state 6* is
also important for its performance due to the fact that we
have performance guarantees when A; reaches its steady-
state. The adaptation ability is also evident from the social
learning update itself (3)—(@). In 6]}, the authors discuss that
small ¢ leads to an increased confidence of beliefs, but it

(45)

0.8
0.7
3 influential agents
0.6 —— 1 influential agent
L —— 3 (less) influential agents
: —— 1 (less) influential agent
0.5 —— 0 influential agents
0.4
30000 32000 34000 36000 38000 40000
Time

FIGURE 6: Rate of correctly classified truth for differ-
ent models. Less influential agents denote agents with the
same centrality as influential agents, but with smaller KL-
divergence between states.

comes at the cost of an increased adaptation time, on the
order of =~ log2/4. Thus, as long as the environment does
not change its state faster than the adaptation period, the
performance of the algorithm stays close to what is predicted
under Theorems [T} 2} We illustrate this scenario in Fig. [7b}

VII. APPLICATION TO TWITTER DATA

In this section, we apply the graph social learning algorithm
introduced in this manuscript to actual datasets. We choose
Twitter as a suitable social media platform where we can
analyze the posts of users and observe their interactions. In
particular, we aim to detect the centrality (i.e., Perron entry)
and influence of agents over a network, and identify the
most influential agents. We choose this objective as a more
realistic goal for Twitter data, rather than trying to recover
the entire combination matrix. This is primarily due to the
fact that we can only have access to the true adjacency matrix
of the users on Twitter, that is to say, we only know who
follows whom, but we do not know the weights (confidence
levels) agents assign to each other. In the literature, there
have been multiple studies trying to analyze the influence of
Twitter accounts on various topics. The work [29] analyzed
the propagation of information through Twitter networks, and
how different users take part in the effective dissemination of
ideas. Moreover, the work [30] analyzes the influential users
on Twitter by investigating the linguistic aspects of the tweets
of users, such as the grammatical structure and vocabulary
of the tweets. However, these studies lack a mathematical
foundation to analyze the “influence” of agents, and rely
largely on heuristics. In this context, the work [31]] aims
to leverage ten different attributes of Twitter accounts and
their tweets to develop a Twitter-based influence measure.
Similarly, the work [32] uses descriptive statistics of the
Twitter accounts such as their follower counts, frequency
of their posts and the total number of replies, likes and
retweets of users. However, what we propose in this study is
significantly different. In the proposed algorithm, we do not
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(a) Algorithm performance when the graph regularly changes its
topology (every 1000 iterations). Every element of the adjacency
matrix changes its state with probability 0.5%.
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(b) Algorithm performance when the true state 8* changes.

time when state changes

— M=50
0.71
10°
1<
= 0.70
'
- 1990 9950 20000 20050 20100
107!

0 10000 20000 30000 40000 50000 60000 70000
Time

FIGURE 7: Algorithm performance under perturbations.

need to have access to any of these features and the various
statistics. In fact, the only input the proposed algorithm needs
is the publicly shared tweets of the users. This information is
sufficient to learn the centrality of users over a subnetwork
of Twitter users, and to identify the most influential user
for the formed opinions, using the described mathematical
model of social learning.

To identify the influence of agents in a network, we first
need to (i) create a subnetwork of Twitter users that is
strongly connected, (ii) obtain the tweets (posts) of the users
in the created network, and (iii) process the text in the tweets
to obtain the log-belief ratios A; over time. After these pre-
processing operations, we run the proposed algorithm, and
estimate the underlying combination matrix of the network
of users and the likelihood models of these users. Then, we
compute the Perron eigenvector of the estimated combination
matrix. We refer to this vector as the “learned” Perron vector,
not to be confused with the “original” Perron vector of the
true combination matrix of the network of users. Note that,
there is no ground truth regarding the confidence agents
place on each other, hence one cannot possibly know the
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true combination matrix. Therefore, we heuristically form a
combination matrix to obtain its Perron vector, through the
procedure of Section However, as an indisputable
ground truth data for a given subnetwork, we know the
agents that have the highest number of followers within
that subnetwork. In our experiments, these agents happen
to coincide with the highest original Perron vector entries.

We run experiments on three different user subnetworks
of Twitter users by using Twitter API, where we utilize
the Tweepy library to build up our queries in Python.
Quantitatively, we show that we can identify the most central
user in all three networks, i.e., the largest entries of the
learned Perron vector and the original Perron vector. Note
that in these experiments with real data, we do not have
access to the likelihood models of the users, hence we
do not have “ground truths” for the influence of agents,
i.e., ugDxr(Lr(6%)]|Lx(0)). However, to obtain a qualita-
tive measurement, we construct the aforementioned three
networks (see Fig. |8)) around famous public figures (the first
network is built around Elon Musk (CEO, 118.5M follow-
ers), the second network is built around Maggie Haberman
(journalist, 1.6M followers), and the third network is built
around Ben Shapiro (columnist, SM followers)). In all of
these networks, we recover these public figures as the most
influential users.

A. Network formation

To construct a network, we first select a popular Twitter
account A, such as an influential CEO or a journalist whom
we expect to be influential among other users. Next, in
order to select a strongly connected network, we build a
network starting from a less centered Twitter account B that
is followed by that popular user A. Starting from account
B, we construct a subnetwork of depth 2, i.e. we identify
1K followers of account B, and 1K followers of each of
those followers. While satisfying these conditions, we filter
users who post frequently, so that they provide sufficient
data, and who are less centered (they have less than 10K
followers). Among all of these identified follower-following
relationships, we construct a network, and verify that the
network is strongly connected. Following this procedure, the
networks constructed for Elon Musk, Maggie Haberman and
Ben Shapiro are of sizes 20, 26 and 28, respectively.

After constructing the network, we obtain its adjacency
matrix by finding out who follows whom. Since there is no
way in real world experiments to determine the confidence
agents assign to each other, there is no ground truth for the
combination matrix. Therefore, we assume that agents assign
uniform weights to their neighbors (i.e., to the people they
follow). This corresponds to applying the averaging rule [74,
Chapter 14] to the adjacency matrix.

B. Obtaining user posts
In order to obtain the tweets of the users, we first build up
our query for the Twitter APIL. This query includes a specific
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(a) Network for Elon Musk.

(b) Network for Maggie Haberman.

(c) Network for Ben Shapiro.

FIGURE 8: Network of agents. Agent A is indicated with color green, and agent B is indicated in color orange according

to the description in Section E}

keyword for each network so that we do not fetch unrelated
tweets. For the network containing Elon Musk, we choose
the keyword to be “coin OR bitcoin OR crypto-currency”, for
the tweets between 01.01.2017 and 01.05.2022. In this case,
we would like to see the influential agents in that network
in shaping the opinion of Twitter users on crypto-currency
related matters. For the other networks, we choose the key-
word to be “Trump” for the tweets between 01.01.2017 and
31.01.2021, and “Biden” for the tweets between 01.01.2021
and 01.05.2022. Hence, we aim to determine the influence
of agents in determining the attitude of their respective
networks regarding the issue of “the current president of the
United States”.

C. Obtaining the log-ratio beliefs of users

After obtaining the tweets of the users, we need to process
the text in those tweets to obtain the intermediate belief
vectors. For this purpose, we use a language model based
on Roberta, which is trained with around 124M tweets, and
fine tuned with the TweetEval benchmark for the sentiment
analysis task [76]. We can feed a text to this model and
obtain three different probabilities for three different senti-
ments of the input text: pg for “Negative”, p; for “Neutral”,
and po for “Positive”. We eliminate the neutral labels and
recalculate the probability of the positive sentiment of a text
as

s P2 (46)
Do + D2
and accordingly, the probability of the negative sentiment as
Po
1—-p= 47
Po + D2

In Table [T} we show sample tweets from the network related
to Bitcoins. When p is close to 1, this means that the text
asserts a positive attitude towards Bitcoin, and when p is
closer to 0, this means that the text asserts a negative attitude.

Sample Tweets Positive
Sentiment

#Bitcoin for the win p = 0.99

Unless otherwise stated, I am adding Bitcoin p = 0.82

every week

Bitcoin falls from $66K highs, Tesla down 3% p = 0.02

after Elon Musk warns he could sell more
#Bitcoin

TABLE 1: Examples of sentiment analysis and generated
sentiment probabilities.

To construct the log-belief ratio of an agent at a day
i, we incorporate the sentiment of all tweets within this
day. We denote the number of tweets user k shares at
iteration ¢ by N ,. Among those tweets, we denote the
positive sentiment probability of each tweet ¢ by py, ; ¢, so
that py ; + approximates belief 1)y ; ,(60), and 1 — py ;¢ as
approximates belief 1), ; ,(61). Here, 6y is the hypothesis
that the underlying topic (e.g., Bitcoin, the current president
of the United States, etc.) is “good”, and 6 is the counter-
hypothesis. Then, we construct log-belief of each agent k
as:

Ni,i
1 - Dk,i )
Api=—— log [ Lhit (48)
ST N & g<1_M@t

Note that if N ; = 0 for some agent k at some iteration g,
we set Ay ; to previous value of it, i.e. Ap; = Ag 1.

D. Adjustments to the algorithm

We have made some adjustments to the graph social learning
algorithm to cope with real life data. In particular, instead
of performing gradient updates at each iteration, as in
the online stochastic learning algorithm, we use stochastic
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FIGURE 9: Plots of agent centralities. Green points are the entries of the original Perron vector, and purple points belong
to the learned Perron vectors. In all networks, we see that the algorithm identifies the most central agent in the graph.
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FIGURE 10: Plots of agent influences. In the respective networks containing Elon Musk (CEO — 110M followers on
Twitter), Maggie Haberman (journalist — 1.7M followers on Twitter) and Ben Shapiro (columnist — 4.5M followers on
Twitter), we can identify these public figures as the most influential agents. For instance, in Fig. [I0a] we can identify Elon
Musk as the most influential Twitter user in the corresponding subnetwork

mini-batches. Namely, we select a window size W, and
average the gradients calculated within that window, and then
perform the gradient step. In our experiments, we observe
that this practice reduces the noise in the gradients due
to real life data. Furthermore, we use ¢; regularization to
promote sparsity. The motivation for sparsity is to get rid
of unnecessary links between different users in the graph.
These hyperparameters in the experiments are determined
with a grid search on one of the networks (Ben Shapiro),
and then the parameters are used in the other two networks.
These hyperparameters are: for the stochastic mini-batch
size, W = 30, for the stepsize § = 0.0001, for the
learning rate 1 = 0.0003 and for the ¢; regularization weight
o = 0.006. The fact that we obtain desirable outcomes in all
cases suggests that the algorithm generalizes and performs
well across different networks.

E. Experimental results

We compare the Perron vectors of the learned combination
matrix and the original combination matrix (which is con-
structed by assigning uniform weights to users each user
follows). In these comparisons of Perron vectors, we show
that we can correctly estimate the most central agents in all
three networks. These comparisons can be seen in Fig. 0
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Secondly, we show the influence plots of the agents in these
three networks in Fig.[T0} These figures, “qualitatively” show
that we can indeed identify the popular accounts (Elon Musk,
Maggie Haberman and Ben Shapiro) as the most influential
agents in their respective networks. For instance, in Fig. [TOa]
we can identify Elon Musk as the most influential Twitter
user of his network of users.

VIIl. CONCLUSIONS

In this study, we show that a sequence of publicly exchanged
beliefs in the adaptive social learning protocol contains
rich information about the underlying model. We present
an algorithm for learning the agents’ informativeness in
terms of KL-divergences between likelihood models, and
for identifying a combination graph. We demonstrate that
these quantities determine the probability of error of the
true hypothesis estimator, and we introduce a notion of
a global agent influence, which quantifies the individuals’
contribution to learning. As a result, the suggested approach
enables us to determine the most influential agents in the
opinion formation process. We also describe how to apply the
algorithm to Twitter data. Our experiments on both synthetic
data and Twitter data illustrate that we can accurately find
global influencers and learn the underlying graph.
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Appendix A
PROOF OF LEMMA(]
From Markov’s inequality, we have

i—1 2
1
P47 > A;-EA| >¢
j=i—M F
i—1 2
> A;-EA
j=i—M F
1 i—1 2
= 7B > (Aj EA> (49)
j=i—M E
The expectation above can be expanded into:
i—1 2 -
Y (Aj —EA) - IEHA —EAH
Jj=i—M F Jj=i—M
i—1
+2 Y T (E (Aj, —EA) (A, — IEA)T) . (50)
J1,d2=t—M,
J1<J2

Introducing the history
Fi 2 {Chy» J <i, Yk €N}, (51)

which collects all observations up to time ¢, and conditioning
over F; 41, we have
T
E (Ajl - EA) (Ajz - ]EA)
—F ((Ajl —EA)E (A}; - IEAT\.Flerl)) (52)

This equality holds since E (A, |F;,+1) = A;j,. Using the
main recursion formula (]g[), we can represent A, in terms
of Aj, and observations £; with j; +1 < ¢ < jo:

Ajz — (1 _ 5)1’2—3‘1 (A12_jl)TAj1

J2—ji1—1

+6 Z (1=0) AN Lyj,r (53
It follows that
E (AjQ |fj1+1) = (1 - 5)j27j1 (A127j1)TAj1
J2—j1—1
(54

+6 ) (1-0)HA)TL
t=0
where L is the expected value of L; defined in (16).
Using (54), we can rewrite (32) as:
E ((Ajl —EA)E (A]Tz - IEAT|.7-'j1+1>)

—E(A;, — EA) (1= 8)%2 71 (A22~)TA; —EA)"

J2—Jj1—1 T
<5 Z tAL) TE)

+E (A,

—E(Aj, —EA) (A, —EA)" (1 — )29 AJ27
+E(A;, —EA)EAT (1 = §)P2= Af2=n )
J2—j1—1 T

+E(A; (5 Z f(Al) TL)

where the last equatlon holds since in steady state EA
EA. The trace of (55) then becomesﬂ

TrE (Ajl - EA) (Ajl - EA) (
<E(|A,, - EAJ,

_ 5)j2—j1A12—j1
x 11— 8y (a2 (g, ~BA)|)
< (1= | A9 E[| Ay,

< (1=6)72 1 /IN|E|| Ay, — (56)
where the last inequality holds because A, and its powers

are left-stochastic, i.e. all the entries are non-negative and
each column’s entries add up to one:

| A, ||F—ZZaM<Z (ZW>2=;1: IV

~EAl|;

(57)
Next, let us study the following sum:
i—1
Z (1—§)2=3
Ji,.J2=1—M,
J1<Jj2
=(M—-1)(1 =68 +(M—-2)(1-867*+---+
+21-0)M 24 (1-5M?
M-1-(1-0)M
ML 0ZIT a2 = o0uys) s8)

Additionally, under the steady-state condition (I3)), the fol-
lowing property for A holds:

E[|A - EA|
—ETr ((A “EA)(A — EA)T)

.ET(éz

t1=0

xéz

to=0

—52ETr( Z Z

t1=01t>=0

)" (AT (L4, — L)
tz Atz) (Ltz —E))

) (AT (£, - £)

x (Lo, — E)TAiz)

=02y (1

t=0

— 6% Tr ((AD)TRAL) =0(8) (59

2Using Tr (ABT) < | Allel|Blle-

VOLUME ,

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Open Journal of Signal Processing. This is the author's version which has not been fully edited and

content may change prior to final publication. Cit<a j

0.1109/0JSP.2023.3261132,

inf tion: DO
ociety fogols) an publication title will appear here.>

oclety logo(s

due to i.i.d. £;. Combining the derivations above, expres-
sion (#9) becomes:

Z Aj—EA| >¢
j i—M
< LS A, EAHi
j=i—M
2 o
bk S (- o WTE|A,, ~ BA
J1<j2
2V Jz J1> 2
= Z E[|A - EA|
M€ ( J1<j2

S (14.001/8)) 06)

1
=0 (M»s)
since >, . (1 —8)277" = O(M/$). Taking M — oo,

the right-hand side of (60) is zero for any & > 0. Thus, we
establish convergence in probability by definition.

(60)

Appendix B

PROOF OF LEMMA[2

Under some reasonable assumptions on the distribution of
the random variables, as required by the dominated conver-
gence theorem in mathematical analysis, it is possible to
exchange the expectation and gradient operations [72]. Thus,

using (T9), the gradient of (ZI)) is given by:
VJi(A) = — (1 - 0E {Ai_l (A} —(1- 6)AZT_1A)}
(61)
We first verify that the risk function .J;(A) has Lipschitz
gradients. Note that for any A;, As:
Tr ((VJi(Al) —VJi(A)T (A — Ag))
= (1 02T (BA 1 AT, (4 — 43) (41 — 42)")

(a)

< (1= 8)"Amax (EAi—lAiT—l) 141 — Az,
where step (a) follows from the following considerations. For
matrices X and Y of appropriate dimensions, where X is
positive definite with eigendecomposition X = UxAxUx ',
the following inequality holds:

(62)

Tr(XYYT) =Tr (UxAxUx'YYT)
=Tr (AxUx"YY Ux) < Anax(X)Tr(Ux'YY TUx)
= Amax (X) [V [|f- (63)

Similarly, we can verify that J;(A) is strongly convex since
Tr (VJi(A1) = VJi(42))" (A1 — 42))
> (1= )% A (BAAL) 41— AofF. (64)

Next we verify that IEAiAiT is positive definite and finite.
For this purpose, we refer to [27, Lemma 1], which es-
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tablishes that A given by (I3) is element-wise bounded as
follows:

Al =A260) (1 )11’
t=0
=ob(I—(1-6)AT) 11T (65)
Using (65), we can also bound the sample average:
’MZA)<—Z|A|_ (66)
j=i—M J=tM
Then, EA;A[ is also bounded:
EA;A]
) T
1 1«
=E|Ai- o Z Aj ) (A= 57 > A
] =i—M j=i—M
-

<E |A|+‘M Z A,

<2A-2AT = 4AAT. (67)

From Lemma [T] we know that the following convergence in
probability holds:

1—1

1 o

i ST A, M=o, mA
1—M

(68)

By definition of convergence in probability, for any ¢ > 0
and 7 € (0,1), there exists My such that for any M >
Mo(m) the probability of the event w:

i—1
e .
= — A —EA|| < 6
{HMz;;f ’ F_g ©
is bounded as follows:
Plw)>1-—m. (70)

By the law of total expectation and using (70), we can
represent EA; AT as:

EA;A]
—E(AAT|w) P) +E (AA][o) P
>(1-7)E(AA]|w) +0-E (AiAﬂ@) (71)

where @ denotes the complementary event of w, and
E AZ-AHJJ is finite due to finiteness of each A;, as
established in (63). Next, using definition (20), and the fact
that g(X) = XX is a continuous bounded function given
a bounded 1nputE| we get that:

E(aA]w)

3Ifa sequence of random variables @1, ®2, ... converges in distribution
to a random variable @, then Eg(x;) 120, Eg(x) for a continuous and

bounded function g(-)

13
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—E (A ”Z A)( - M”ZMA) W
E(A—EA +0(v2) (A -EA+O(VE)"
=E(A-EA)(A—-EA)T +0(e)
=4 i (1= 6)* (AL)TRLAL 4 O(e)

t=0
=R, + Z 8P (ANTRLAL + O(e)
z *Re +O(e) > 76°1 + O(e) (72)

where the last inequality is due to Assumption [2] Thus, (71)

becomes:
EAA] > (1—7) (16%] + O(e)) (73)

Since we can choose € as small as possible, let us set € =

1/+v/M. Then, using , we get that
P (@) = O(1/Me) = O(1/VM). (74)

Therefore, we can take the corresponding 7 to be on the

order of 1/v/M due to . Returning to , we get:
EAAT = (140 (m/ﬂ)) (7521 +0(1/VM))
=021+ 0 (V).

Thus, ]ETA,»AiT is positive-definite for M large enought i.e.
as long as M > 1/5%.

We now examine the relation of the minimizer of A,n ; £
miny J;(A) to the true combination matrix A,. From strong
convexity, the minimizer of J;(A) is unique and satisfies:

VJi(Amin,i) =0 (76)
Referring to (6I), we get

~(1-0EA; -, (AT -(1

(75)

~ AT A, ) —0. (77
Therefore,

Aming = —— (EAZ AT 1) "EA, AT (78)

1-96
In turn, using (20), recursion (8) can be modified into

1
A= (1=OATA +0 | Li- o Z Li| 9
j=i—M
so that
A* = m (EAz—lAi—l)
= T
X (EAi1A1T —0EA; (ﬁz‘ T Z Ej) )
j=i—M

(80)

Subtracting (78) and (80) gives:

Amini — Ay = §5<EA1 AT )_1

T

x EA; 4 1)

1 i—1
Li—: > L

j=i—M

Iterating (8), we get the following representation for A;:

Ao M+5Z

A= (1=8)MAMT ALy

(82)

Since L, are i.i.d and using (8I) and the definition of A,
in (20), we rewrite the expectation in (8I)) as:

.
i—1
EA | Li—— oL
j=i—M
. T
1 « 1
=E Ai_l—M'Z A - — Z L;
j=i—M j =i—M
Dg|(a -V
A =)M AT+ (- 9A] + I)A
M i—M—1
+o((1=o)M a7
(1= )M 2(AMT 4 Iy
a M )‘C"M
n 6((1 _ 5)M—2(AiVI—2)T
(A=HMBAY )T+ 1 C.
M ) i—M-+1
+...
+6 (1—5)AT—i L
* M 7—2
L L !
i1+ + L
+0L; c;— ==t 7 M
5§12 .
=25t AT+
# (= g AT
+ (1= )M ADM R,
=0(1/M)I. (83)
with
Re=E(Li—L) (L —L)" (84)
and where we used the fact that
Liav+ o +Lim)
E|Ai—p—1 (ﬁi— L % M) ]
L, 1+---+L,; T
=EA;_yE (Ei - = 7 1_M>
=EA; 1 (L- L) = (85)
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Thus, combining (73), (81) and (83)), we find the following
relation between A, and Apin:

||Amin,i - A*”%‘
52 ) N
< a5 10/ I (EAHAH) i
ML
S 72511 — o) 0 (1/M?) =0 (1/6°M?) (86)

Appendix C

PROOF OF THEQREM(]

Using recursion for A; and the definition of Zi,l in ,
the SGD step (23) can be rewritten as follows:

Ai=Ai 1 +p(l—06)A;
X (AT —(1- 5)Aj,1Ai,1)

Az 1+ u(l—=0)A

X ((1 - 6)AZ-T,1 (A — A1)

cie-g; X))

]1_

= A +u(l—08)2A, A (A —AL- 1)
b1 — 0)A, 1( M Z c) 87)
Jj=i—-M

Recall the deviation from the true combination matrix:

A=A, — A, (88)
Combining (87) with (88), we obtain:
Ai = (I — ,U,(l — 5)2Ai_1A;r_1) ﬁi_l
— (1 — 8 A 1( Z a)
j i—M
= (I - ,U,(l - 5)2]EA,'_1A2—_1) ;ii_l
41— )2 (JEAHAL A AL ) A,y
1 A T
—u5(1—5)Ai,1(ci - z:j) .89

j=i—M
The mean-square deviation is then given by
E| A7
o (I— (1 6PEA L AL, ) El|A;

2
-t (50aL - L)
x| A ]
1
+u252(1—6)2EHA,~_1<L = Z ﬁj) H
] i—M F
VOLUME ,

72u5(175)E[Tr(Ai_( ; M Z L)

i
x ALy (T-n(1-072AAL) )]
+2u(1 - o7E[1e( (EA AL, - A AL Ay
x A, (1-na-opEA AL
= 2 (1 ~ (- 5)2]EA2-_1A2-T_1) E||A;_ |2

v o8| (BA AT, - Aial,)|]
X HZZ'—IHI%}
+ p20%(1 — 5)2EHA1‘71 (ﬁz‘ - f L‘>TH2
M j=i—M K
i—1
+2425(1 — 6)°E {Tf(Ai—l (ﬁz‘ - % j_ZZM Lj)T

X A;r,lAiflA;rfl>:|
+2u(1 — 6)2]E[Tr( (]EAi—lAiT—l

<A, (1-n0- 6)2]EAi_1AiT_1) )}

L3 2]
: (90)

where p(-) denotes the spectral radius of its matrix argument.
Considering the first term:

P2 (1 — (1 - 6)’EA; 1 AT 1)
- max{A2 (Ifu(lfé PEA,_ AT )

min

)\fnax(l—u(l—é PEA;_ AT )}
= max{ (1—@(1—6) Amin (EAZ 1A ))

(1 — (1 = 8) A (]EAZ AT )) }
max { (1 — pv)?, (1 — pk)?}
1 —2uv + p?k% =1 —2uv 4+ O(p?), 1)
where the last inequality holds since » < k by defini-
tions (34) and (33). We omit the time indices in v; and k;

since we are assuming that A; has reached the steady-state
distribution (T3), and v and x are defined as:

14 £ (1 — 6)2>\min (hm EAi—lA;,r—l)
i—00

- Ai—1AiT_1) A,

—2ud(1 — 6)E{Tr(Al 1(

IN

K2 (1= 0)2 Ama (_lim EAHAL) 92)
11— 00

These constraints are positive by Lemma [2] and exist due to
bounded A; in (63). From [27, Lemma 1] it follows that:

A = A2 (1= 6) (AT)' |Ay|

15
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i’ (93)

+Jbz (1-90

and the upper bound has a finite limit, lim; A;. Therefore,
we can derive another upper bound:

1 i—1

|A2 1AT 1‘ -< M2 Z (Ai—l +]\j1)
ji=i—M
i1 .
x> (M +Ay) AX (99
Je=i—M

Now, the expectation of the second term in (90) is bounded
as follows:

wE(lI(1 -
x| A 2)
< 22E( (0 - 9)°BA AT |
+ (1= 02Ai AT )
x| A I2)
<202 (01— 6)PEA AL 2 + /(1 - )X 3)
x EJ|A; 1|3
< 4621 - 0)° X |RE) A; |2
= O(s°) - El| Ai1 7 95)

Now, we proceed with the third term in (90). Due to
Assumption m we have bounded observations £; and A;
(see (93)), and we conclude that

o7 (Bai AL, - AAl)?

‘AZ 1( M Z E) ’
j=i—M
ek S Ao S e
j=i—M j=i—M
< (1Al + 5 S ) (1€ + o S e, )’
] =i—M j=i—M
< (A+AN)GILT +b11T)T
- 0(1). (96)
Thus,
era-ivan (e 5 )|
gﬁﬁufﬁ”Om:u'dé) ©7)

In turn, the fourth term becomes:

1 i—1 T
— 0P| Tr( A (£ - > c;)

j=i—M

2u%6(1

3(a—b)? < 2a2 + 202
62 Tr (ABT) < ||AlI§ + || BII-

~T T
x Ai—lAi—lAi—l)]

< u282(1— GJEH[, -
J =i—DM
2
—s—uQEHA CLALAT A 1H
JM 1

(a) >
= 261 = 6)° —— )-E[Ai-1|E
= p?20(8%) + O(u® (98)

where we use the same steps as in (93), and (a) follows
from:

Tr(Re) + O(/Lz
) - El|Ai1 ]2

2
2|57 =l X e-el,
j=i—M j=i-M
1 it 1 = i
:ETI‘(M Z (ﬁj—ﬁi)><M Z (L:j_[:i)>
i=j—M i=j—M
i—1
= # Z Tr E ((Ej —L;) (L, — ﬁi)T)
j=i—M

i—1 i—1
+# > Y mE((

=i—M jaji

iy = L) (L5, —£)T)

i—1

1
:WZ

j=i-M
| it
T_ FpT
= > > T (BLLl - £LT)
J1=i=M j27#j1
2 M-1
= 1 (Re) + Tr(Re) =
To find the expectation of the second trace term in (90),

consider first the conditional expectation, and then use As-
sumption [3}

E{Tr( (EAHAT — A AL ) ALAL,
« (1 u(l - 6)°EA; AT ))‘ - M_l}
( AT IEAi_lAi_l)
[ 1A 1|J-‘, M- 1}
OPEA; AL )

v (EC,c] - 2LL7 + BL.L])

M+1

Tr(Re)  (99)

= Tr(
x E
(
(100)

where we use the fact that A, ; depends only on

Ai_ni—1,...,A;_1. Finally, consider the last term of (90).
Using Assumption [3] we obtain:
1 = T
—2u8(1 — 5)E[Tr( (g i ZMcj) AH)}
j=i-

= —2ud(1 —9)
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x E[Tr(]E(Ai_l (Ei — % i cj)T’}‘i_M_l) i 2%51@ Tr(l\l/l;lj ZAH
j=i—M J

<E(Ai|Fion) )| x (&Zgj—c)T) (106)

_2u6(1—5)E[Tr(]E< (E - Z ﬁﬁ) )

sz

<E(AalFiu) )] fy; ¥ o-gfi-gly 3 @-of]

—’L— —Z—A

Consider the ﬁrst norm:

B 50— 5)E[Tr(0(1/M)lE (211-71|E7M71) )} i1 i—1 T
:ETr(Al/[ )(1 (ﬁj—5)>

— 1d(1 — O)E [Tr(O(l/M)Ai_lﬂ PINCEIRIEY DS

i=j— M i=j—M
< ,u(l - 5)20(1/M2) T E| A2 it . .
5 4 — 5 > WE((£-£)(£-£)7)
= pO(1/6M?) + pE[|Ai—1 || - O(8%). (101) i=j—M
1
where in (83) the conditional expectation on F;_p;_1 is = HTr (Re) (107)

equal to the full expectation because (83) equals to zero
for both full and conditional on F;_j;_1 expectations.
Summarizing the derivations above, we can transform (90)

Let us study the second term of (TI06) using Assumption [3]
and Lemma [T} Conditioning on the history (31), we get

into:

g <o (o114 2 aele

E|Ai[lf < aE[|Ai1 || + pPy + pc, (102) _2_: i1 M-1
with v = O(8%), ¢ = 0(1/5M2) and « = 1 — pu(2v + , i ,
o8 O(u?). Thus, T2 1L | |
(6%)) + O(?). Thus i <e(E(|a ) “Mj;MAJ_l”F‘Fz_M_l
E[|A;|? < a'l|Ao|E + (1% + pc) Zai o
=0 =E|E (HA i—M—l)

. 1—
= o' [[Ao[lf + (i*y + pe) T— (103)

1 < 2
For small enough u, « is strictly less than one. Hence, we x E(HM Z Aj—lHF‘]:i—M—l)> (108)
obtain the following limiting MSD: j=i—-M

_ 9 According to @) we can bound:
lin sup B 4,2 < L
imoo - (H A, H Fiaa) <IA 109
= O(u) + 0 (1/6°M?) (104) M - Z i1 [ Fimvmr) < IAJE - (109)
Therefore, (TO8) can be bounded as follows:
Appendix D
PROOF OF THEOREM[2] H ~T
ROOF . . , E(E(]A ZAle‘:Fle
First, using recursion @) we rewrite (I8) as: P
o~ A . 2 .
Li1(A) = 5M Z (A —(1-08)ATA,_ 1) <E[ Al -O(1) (110)
j=i—-M Now, consider the trace term in (T06):
, . ~7 1 1 T AT
6MJZZ ( j—1+5ﬁj> (105) IETI'<14Z M;A]_l(M;EJ - L ))
Consider th deviation of £;: T
onsider the mfan squafe eviation o _erlE A;I’ 1 Z A
E[Li—1 — ﬁ||§

o S o] (hxee)

-7:¢M1>>
j=i—-M

i (1 - ]EH M Z A 1H @ ETr(E (A;r|fi—JV[—1)

Jj=i—M
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( ZAJ 1( ZL:T_ZT)‘:"—ifM71>
YE 1 (Ai ~O(1/M)I)

(111)

where (a) holds due to Assumption [3[and (b) holds due the
trick similar to @) Summarizing the derivations above, we
can upper bound the expectation (T06) as:

E|Li-1 — LII}
1
< —Tr(Re)
(1-0)2_ ~
+ ?EHAiHE :
L 1=0
)
1 1 .~
= 37 (Re) + EEHAZ.HI% -0 (1) +O(1/6M?).
By Theorem [T} we derive the following MSD in the limit:
limsup E|| £, — L||?

1—> 00

< %Tr (Re) + O(n/6%) + O (1/6°M?)

1~
<" SEIAF +0(1/M?)

S

o)
(EIAE + 00/M2)

(112)

(113)

Appendix E

In this section, we describe how we generate Bernoulli
likelihood model parameters. Under hypothesis 6, each agent
k receives observation 0 with probability px(6), and obser-
vation 1 with probability g (0) = 1 — py(8). For hypotheses
0o, we fix the probabilities as follows:

px(6o), ar(0o) = [0.3,0.7] (114)

And for all other 6; # 6y, we generate pg(6;) and qx(6;)
with the following procedure:

Eprs Eqr ~ G(0,1), (115)

and

pe(0:), qu(0:) = !

pr(0o) + ofep, + au(bo) + oiey,
x [pr(0) + orep,, ax(0o) + oreq,]

(116)
For “non-influential” agents, we take 0,3 = 0.05, while for
“influential” ones we use o7 = 0.5 to enlarge the KL-

divergences between different states. For additional compar-
ison in Fig.[5| we take o7 = 0.2 for “influential” agents with
smaller (but yet significant) KL-divergences.

REFERENCES

[1] V. Shumovskaia, M. Kayaalp, and A. H. Sayed, “Identifying opinion
influencers over social networks,” to appear in IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP),
pp. 1-5, June 2023.

[2] A. Jadbabaie, P. Molavi, A. Sandroni, and A. Tahbaz-Salehi, “Non-
Bayesian social learning,” Games and Economic Behavior, vol. 76,
no. 1, pp. 210-225, 2012.

(3]

[4

—

(51
(6]

(71

[8

—

(91

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

A. Nedi¢, A. Olshevsky, and C. A. Uribe, “Fast convergence rates for
distributed non-Bayesian learning,” IEEE Transactions on Automatic
Control, vol. 62, no. 11, pp. 5538-5553, 2017.

P. Molavi, A. Tahbaz-Salehi, and A. Jadbabaie, “Foundations of non-
Bayesian social learning,” Columbia Business School Research Paper,
no. 15-95, 2017.

——, “A theory of non-Bayesian social learning,” Econometrica,
vol. 86, no. 2, pp. 445-490, 2018.

V. Bordignon, V. Matta, and A. H. Sayed, “Adaptive social learning,”
IEEE Transactions on Information Theory, vol. 67, no. 9, pp. 6053—
6081, 2021.

——, “Social learning with partial information sharing,” in IEEE
International Conference on Acoustics, Speech and Signal Processing
(ICASSP), Barcelona, Spain, 2020, pp. 5540-5544.

A. Lalitha, T. Javidi, and A. D. Sarwate, “Social learning and dis-
tributed hypothesis testing,” IEEE Transactions on Information Theory,
vol. 64, no. 9, pp. 6161-6179, 2018.

X. Zhao and A. H. Sayed, “Learning over social networks via diffusion
adaptation,” in Proc. Asilomar Conference on Signals, Systems and
Computers, 2012, pp. 709-713.

D. Gale and S. Kariv, “Bayesian learning in social networks,”
and Economic Behavior, vol. 45, no. 2, pp. 329-346, 2003.
D. Acemoglu, M. A. Dahleh, I. Lobel, and A. Ozdaglar, “Bayesian
learning in social networks,” The Review of Economic Studies, vol. 78,
no. 4, pp. 1201-1236, 2011.

Y. Inan, M. Kayaalp, E. Telatar, and A. H. Sayed, “Social learning
under randomized collaborations,” in 2022 [EEE International Sym-
posium on Information Theory (ISIT), 2022, pp. 115-120.

M. T. Toghani and C. A. Uribe, “Communication-efficient distributed
cooperative learning with compressed beliefs,” arXiv:2102.07767,
2021.

J. Z. Hare, C. A. Uribe, L. Kaplan, and A. Jadbabaie, “Non-Bayesian
social learning with uncertain models,” IEEE Transactions on Signal
Processing, vol. 68, pp. 4178-4193, 2020.

C. A. Uribe, A. Olshevsky, and A. Nedi¢, “Nonasymptotic concen-
tration rates in cooperative learning—part i: Variational non-Bayesian
social learning,” IEEE Transactions on Control of Network Systems,
vol. 9, no. 3, pp. 1128-1140, 2022.

——, “Nonasymptotic concentration rates in cooperative learn-
ing—part ii: Inference on compact hypothesis sets,” IEEE Transactions
on Control of Network Systems, vol. 9, no. 3, pp. 1141-1153, 2022.
M. Kayaalp, V. Bordignon, S. Vlaski, V. Matta, and A. H. Sayed,
“Distributed Bayesian learning of dynamic states,” arXiv:2212.02565,
December 2022, under review.

J. Hkazla, A. Jadbabaie, E. Mossel, and M. A. Rahimian, “Bayesian
decision making in groups is hard,” Operations Research, vol. 69,
no. 2, pp. 632-654, 2021.

M. Kayaalp, Y. Inan, E. Telatar, and A. H. Sayed, “On the arith-
metic and geometric fusion of beliefs for distributed inference,”
arXiv:2204.13741, 2022.

C. Rudin, C. Chen, Z. Chen, H. Huang, L. Semenova, and C. Zhong,
“Interpretable machine learning: Fundamental principles and 10 grand
challenges,” Statistics Surveys, vol. 16, pp. 1-85, 2022.

A. Heuillet, F. Couthouis, and N. Diaz-Rodriguez, “Collective ex-
plainable AI: Explaining cooperative strategies and agent contribution
in multiagent reinforcement learning with shapley values,” IEEE
Computational Intelligence Magazine, vol. 17, no. 1, pp. 59-71, 2022.
J. J. Ohana, S. Ohana, E. Benhamou, D. Saltiel, and B. Guez, “Ex-
plainable AI (XAI) models applied to the multi-agent environment of
financial markets,” in Proc. Workshop on Explainable and Transparent
Al and Multi-Agent Systems, 2021, pp. 189-207.

Z. Juozapaitis, A. Koul, A. Fern, M. Erwig, and F. Doshi-Velez,
“Explainable reinforcement learning via reward decomposition,” in
IJCAI/ECAI Workshop on Explainable Artificial Intelligence, 2019, pp.
47-53.

J. Ho and C.-M. Wang, “Explainable and adaptable augmentation
in knowledge attention network for multi-agent deep reinforcement
learning systems,” in IEEE Third International Conference on Artificial
Intelligence and Knowledge Engineering (AIKE), 2020, pp. 157-161.
M. Brandao, M. Mansouri, A. Mohammed, P. Luff, and A. Coles, “Ex-
plainability in multi-agent path/motion planning: User-study-driven
taxonomy and requirements,” in International Conference on Au-
tonomous Agents and Multiagent Systems (AAMAS), 2022, p. 172-180.

Games

VOLUME ,

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Open Journal of Signal Processing. This is the author's version which has not been fully edited and
content may change prior to final publication. Cit<a' n information: DO{ 1)0.1109 OJSP.2023.3261132,
S

oclety logo

and publication title will appear here.>

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

A. Georgara, J. A. Rodriguez Aguilar, and C. Sierra, “Building
contrastive explanations for multi-agent team formation,” in Proc.
Inter. Conference on Autonomous Agents and Multiagent Systems,
2022, pp. 516-524.

V. Shumovskaia, K. Ntemos, S. Vlaski, and A. H. Sayed, “Explainabil-
ity and graph learning from social interactions,” IEEE Transactions on
Signal and Information Processing over Networks, vol. 8, pp. 946-959,
2022.

——, “Online graph learning from social interactions,” in Proc.
Asilomar Conference on Signals, Systems, and Computers, Pacific
Grove, CA, 2021, pp. 1263-1267.

J. Bisbee, J. Larson, and K. Munger, “# polisci Twitter: A descriptive
analysis of how political scientists use Twitter in 2019,” Perspectives
on Politics, vol. 20, no. 3, p. 879-900, 2022.

D. Quercia, J. Ellis, L. Capra, and J. Crowcroft, “In the mood for being
influential on Twitter,” in 2011 IEEE third international conference
on privacy, security, risk and trust and 2011 IEEE third international
conference on social computing, Boston, MA, 2011, pp. 307-314.

S. Jain and A. Sinha, “Identification of influential users on
Twitter: A novel weighted correlated influence measure for covid-
19,7 Chaos, Solitons & Fractals, vol. 139, p. 110037, 2020.
[Online]. Available: https://www.sciencedirect.com/science/article/pii/|
S50960077920304355

M. Akerlund, “The importance of influential users in (re) producing
swedish far-right discourse on Twitter,” European Journal of
Communication, vol. 35, no. 6, pp. 613-628, 2020. [Online].
Available: https://doi.org/10.1177/0267323120940909

M. Pennacchiotti and A.-M. Popescu, “A machine learning approach
to Twitter user classification,” in Proc. int. AAAI conference on web
and social media, vol. 5, no. 1, Barcelona, Spain, 2011, pp. 281-288.
J. Lin and A. Kolcz, “Large-scale machine learning at Twitter,” in Proc.
ACM SIGMOD International Conference on Management of Data,
Scottsdale, AZ, 2012, pp. 793-804.

A. Hasan, S. Moin, A. Karim, and S. Shamshirband, “Machine
learning-based sentiment analysis for Twitter accounts,” Mathematical
and Computational Applications, vol. 23, no. 1, p. 11, 2018.

S. Zervoudakis, E. Marakakis, H. Kondylakis, and S. Goumas, “Opin-
ionmine: A bayesian-based framework for opinion mining using
Twitter data,” Machine Learning with Applications, vol. 3, p. 100018,
2021.

D. Camacho, A. Panizo-LLedot, G. Bello-Orgaz, A. Gonzalez-Pardo,
and E. Cambria, “The four dimensions of social network analysis:
An overview of research methods, applications, and software tools,”
Information Fusion, vol. 63, pp. 88-120, 2020.

D. Kempe, J. Kleinberg, and E. Tardos, “Maximizing the spread
of influence through a social network,” in Proc. ACM SIGKDD
Conference on Knowledge Discovery and Data Mining, 2003, pp. 137—
146.

——, “Influential nodes in a diffusion model for social networks,” in
Proc. Intern. Colloquium on Automata, Languages, and Programming,
2005, pp. 1127-1138.

Y. Li, J. Fan, Y. Wang, and K.-L. Tan, “Influence maximization on
social graphs: A survey,” IEEE Transactions on Knowledge and Data
Engineering, vol. 30, no. 10, pp. 1852-1872, 2018.

M. Gomez-Rodriguez, L. Song, N. Du, H. Zha, and B. Scholkopf,
“Influence estimation and maximization in continuous-time diffusion
networks,” ACM Transactions on Information Systems (TOIS), vol. 34,
no. 2, pp. 1-33, 2016.

J. Qiu, J. Tang, H. Ma, Y. Dong, K. Wang, and J. Tang, “Deepinf: So-
cial influence prediction with deep learning,” in Proc. ACM SIGKDD
Conference on Knowledge Discovery and Data Mining, 2018, pp.
2110-2119.

W. Karoui, N. Hafiene, and L. Ben Romdhane, “Machine learning-
based method to predict influential nodes in dynamic social networks,”
Social Network Analysis and Mining, vol. 12, no. 1, pp. 1-18, 2022.
P. Domingos and M. Richardson, “Mining the network value of
customers,” in Proc. ACM SIGKDD international conference on
Knowledge discovery and data mining, 2001, pp. 57-66.

K. Saito, R. Nakano, and M. Kimura, “Prediction of information
diffusion probabilities for independent cascade model,” in Proc. Inter-
national Conference on Knowledge-based and Intelligent Information
and Engineering Systems, 2008, pp. 67-75.

M. Granovetter, “Threshold models of collective behavior,” American
Journal of Sociology, vol. 83, no. 6, pp. 1420-1443, 1978.

VOLUME ,

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

W. Chen, W. Lu, and N. Zhang, “Time-critical influence maximization
in social networks with time-delayed diffusion process,” in Proc. AAAI
Conference on Artificial Intelligence, 2012, p. 592-598.

L. Wu, P. Sun, Y. Fu, R. Hong, X. Wang, and M. Wang, “A
neural influence diffusion model for social recommendation,” in Proc.
ACM SIGIR Conference on Research and Development in Information
retrieval, 2019, pp. 235-244.

J. Goldenberg, B. Libai, and E. Muller, “Talk of the network: A
complex systems look at the underlying process of word-of-mouth,”
Marketing Letters, vol. 12, no. 3, pp. 211-223, 2001.

V. Kalofolias, “How to learn a graph from smooth signals,” in Artificial
Intelligence and Statistics. PMLR, 2016, pp. 920-929.

H. E. Egilmez, E. Pavez, and A. Ortega, “Graph learning from data
under laplacian and structural constraints,” IEEE Journal of Selected
Topics in Signal Processing, vol. 11, no. 6, pp. 825-841, 2017.

S. Vlaski, H. P. Maretié¢, R. Nassif, P. Frossard, and A. H. Sayed,
“Online graph learning from sequential data,” in 2018 IEEE Data
Science Workshop (DSW), Lausanne, Switzerland, 2018, pp. 190-194.
X. Dong, D. Thanou, M. Rabbat, and P. Frossard, “Learning graphs
from data: A signal representation perspective,” IEEE Signal Process-
ing Magazine, vol. 36, no. 3, pp. 44-63, 2019.

B. Pasdeloup, V. Gripon, G. Mercier, D. Pastor, and M. G. Rabbat,
“Characterization and inference of graph diffusion processes from
observations of stationary signals,” IEEE Transactions on Signal and
Information Processing over Networks, vol. 4, no. 3, pp. 481-496,
2017.

D. Thanou, X. Dong, D. Kressner, and P. Frossard, “Learning heat
diffusion graphs,” IEEE Transactions on Signal and Information
Processing over Networks, vol. 3, no. 3, pp. 484-499, 2017.

S. P. Chepuri, S. Liu, G. Leus, and A. O. Hero, “Learning sparse
graphs under smoothness prior,” in IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP), 2017, pp. 6508—
6512.

R. Shafipour, S. Segarra, A. G. Marques, and G. Mateos, “Network
topology inference from non-stationary graph signals,” in IEEE In-
ternational Conference on Acoustics, Speech and Signal Processing
(ICASSP), 2017, pp. 5870-5874.

S. Segarra, A. G. Marques, G. Mateos, and A. Ribeiro, “Network
topology identification from spectral templates,” in IEEE Statistical
Signal Processing Workshop (SSP), Palma de Mallorca, Spain, 2016,
pp. 1-5.

S. Sardellitti, S. Barbarossa, and P. Di Lorenzo, “Graph topology
inference based on transform learning,” in IEEE Global Conference on
Signal and Information Processing (GlobalSIP), Greater Washington,
D.C., USA, 2016, pp. 356-360.

H. P. Maretic, D. Thanou, and P. Frossard, “Graph learning under spar-
sity priors,” in IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP), New Orleans, LA, USA, 2017, pp.
6523-6527.

M. Cirillo, V. Matta, and A. H. Sayed, “Learning Bollobas-Riordan
graphs under partial observability,” in IEEE International Conference
on Acoustics, Speech and Signal Processing (ICASSP), 2021, pp.
5360-5364.

Y. He and H.-T. Wai, “Online inference for mixture model of streaming
graph signals with sparse excitation,” IEEE Transactions on Signal
Processing, vol. 70, pp. 6419-6433, 2022.

S. S. Saboksayr and G. Mateos, “Accelerated graph learning from
smooth signals,” IEEE Signal Processing Letters, vol. 28, pp. 2192—
2196, 2021.

G. Neglia, G. Calbi, D. Towsley, and G. Vardoyan, “The role of net-
work topology for distributed machine learning,” in /IEEE Conference
on Computer Communications, 2019, pp. 2350-2358.

S. Shahrampour, A. Rakhlin, and A. Jadbabaie, “Distributed detection:
Finite-time analysis and impact of network topology,” IEEE Transac-
tions on Automatic Control, vol. 61, no. 11, pp. 3256-3268, 2015.

P. Hu, V. Bordignon, S. Vlaski, and A. H. Sayed, “Optimal combi-
nation policies for adaptive social learning,” in IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP),
2022, pp. 5842-5846.

V. Matta, V. Bordignon, A. Santos, and A. H. Sayed, “Interplay
between topology and social learning over weak graphs,” IEEE Open
Journal of Signal Processing, vol. 1, pp. 99-119, 2020.

19

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/


https://www.sciencedirect.com/science/article/pii/S0960077920304355
https://www.sciencedirect.com/science/article/pii/S0960077920304355
https://doi.org/10.1177/0267323120940909

Shumovskaia et al.: Discovering Influencers in Opinion Formation over Social Graphs

This article has been accepted for publication in IEEE Open Journal of Signal Processing. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/0JSP.2023.3261132

[68]

[69]

[70]

[71]
[72]

[73]
[74]

[75]

[76]

20

J. Friedman, T. Hastie, and R. Tibshirani, “Sparse inverse covariance
estimation with the graphical lasso,” Biostatistics, vol. 9, no. 3, pp.
432441, 2008.

V. Matta, A. Santos, and A. H. Sayed, “Graph learning with partial
observations: Role of degree concentration,” in IEEE International
Symposium on Information Theory (ISIT), Paris, France, 2019, pp.
1312-1316.

A. Brovelli, M. Ding, A. Ledberg, Y. Chen, R. Nakamura, and
S. L. Bressler, “Beta oscillations in a large-scale sensorimotor cor-
tical network: directional influences revealed by granger causality,”
Proceedings of the National Academy of Sciences, vol. 101, no. 26,
pp. 9849-9854, 2004.

R. A. Horn and C. R. Johnson, Matrix Analysis. Cambridge University
Press, NY, 2013.

A. H. Sayed, Inference and Learning from Data. Cambridge
University Press, 2022, vols. 1-3.

——, Adaptive Filters. Wiley, 2008.

——, “Adaptation, learning, and optimization over networks,”
Foundations and Trends® in Machine Learning, vol. 7, no. 4-5,
pp. 311-801, 2014. [Online]. Available: http://dx.doi.org/10.1561/
2200000051

——, “Adaptive networks,” Proceedings of the IEEE, vol. 102, no. 4,
pp. 460497, 2014.

D. Loureiro, F. Barbieri, L. Neves, L. E. Anke, and J. Camacho-
Collados, “Timelms: Diachronic language models from Twitter,”
2022. [Online]. Available: jhttps://arxiv.org/abs/2202.03829

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

VOLUME ,


http://dx.doi.org/10.1561/2200000051
http://dx.doi.org/10.1561/2200000051
https://arxiv.org/abs/2202.03829

	INTRODUCTION AND RELATED WORK
	SOCIAL LEARNING MODEL
	INVERSE LEARNING FROM PUBLIC BELIEFS 
	Problem Statement
	Algorithm Development

	GLOBAL INFLUENCE IDENTIFICATION
	THEORETICAL RESULTS
	COMPUTER SIMULATIONS
	APPLICATION TO TWITTER DATA
	Network formation
	Obtaining user posts
	Obtaining the log-ratio beliefs of users
	Adjustments to the algorithm
	Experimental results

	CONCLUSIONS
	Appendix A: PROOF OF LEMMA 1
	Appendix B: PROOF OF LEMMA 2
	Appendix C: PROOF OF THEOREM 1
	Appendix D: PROOF OF THEOREM 2
	Appendix E
	REFERENCES

