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ABSTRACT. We study the evolution of opinions on a directed network with community structure. Individuals
update their opinions synchronously based on a weighted average of their neighbors’ opinions, their own
previous opinions, and external media signals. Our model is akin to the popular Friedkin-Johnsen model,
and is able to incorporate factors such as stubbornness, confirmation bias, selective exposure, and multiple
topics, which are believed to play an important role in the formation of opinions. Our main result shows
that, in the large graph limit, the opinion process concentrates around its mean-field approximation for any
level of edge density, provided the average degree grows to infinity. Moreover, we show that the opinion
process exhibits propagation of chaos. We also give results for the trajectories of individual vertices and the
stationary version of the opinion process, and prove that the limits in time and in the size of the network
commute. The mean-field approximation is explicit and can be used to quantify consensus and polarization.

1. INTRODUCTION

As the consumption of information through virtual social networks has grown, the number of news outlets
has multiplied, and individuals increasingly find ways to disseminate their opinions through online forums
and video sharing platforms, populations around the world have become heavily polarized on a number of
cultural and political issues [48, 9, 44, 46]. The asymmetry of the information from one source to another
has solidified positions into ideological bubbles with little in common with each other. The formation of
such bubbles occurs through a combination of cognitive biases that allow individuals to choose to listen
only to opinions that conform to their preconceptions, as well as reject people who espouse views contrary
to their own.

Our collective need to understand the mechanisms behind polarization and propose ideas to reduce its
negative effects has inspired much of the current literature in the social sciences [48, 9, 44, 46, 1, 27, 29].
Simultaneously, researchers in the mathematical and physical sciences have proposed models that can
capture and explain phenomena such as consensus and polarization, often focusing on one or two modeling
features at a time. In this work, we analyze a model based on the classical DeGroot [19] and Friedkin-
Johnsen [25] models, that can simultaneously capture features such as:

a.) Confirmation bias: the tendency to search for, interpret, favor, and recall information in a way that
confirms or supports one’s prior beliefs or values;

b.) Selective exposure: individuals’ tendency to favor information which reinforces their pre-existing
views while avoiding contradictory information;
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c.) Community structure: when a network divides naturally into groups of nodes with dense connections
internally and sparser connections between groups;

d.) Bots: software applications that run automated tasks over the Internet on a large scale, usually
with the intent of imitating human activity;

e.) Multiple topics: the analysis of the evolution of opinions on multiple (possibly correlated) topics at
a time.

A single-topic version of this model was recently analyzed in [22] on general complex networks without
community structure. This work focused on sparse (i.e., bounded degree) graphs, where the graph’s local
behavior determines the evolution of the opinion process. Its main results show the power that the media
has in framing people’s opinions, and how selective exposure alone can explain much of the polarization
that we observe in many societies today. One of the main features of the model in [22], as well as of
the model studied here, is that, due to its linearity, it produces computable formulas that can be used
to quantify the effect of various model parameters on the evolution of opinions, and potentially, of any
intervention one may want to propose.

The current work studies a more general opinion model than the one analyzed in [22] on sparse graphs, but
rather than focus on its explanatory/predictive power, it computes its limiting behavior on denser graphs
with community structure. From a modeling point of view, it is often hard to decide whether a real-world
network is sparse with a large average degree, or, say, semi-sparse, with an average degree that grows slowly
with the size of the graph. Given the lack of precise boundaries, we believe it is interesting to understand
the difference between sparse approximations and dense, or mean-field, approximations. At a high level,
sparse approximations are determined by the entire local neighborhood of each vertex, while mean-field
approximations are obtained by replacing the individual contribution of each neighbor with their average
behavior, which is justified only when vertices in the graph have a sufficiently large number of neighbors.

Our main interest in this paper is to show that there is a single mean-field approximation for our opinion
model that works for graphs with any density level other than sparse. However, the precision level of this
approximation does exhibit a phase transition when the average degree crosses the familiar connectivity
threshold logn (with n the number of vertices in the graph), and seamlessly explains how the model’s
behavior transitions into the sparse regime, where local approximations such as those found in [22] take
over. In fact, our analysis of the semi-sparse regime is based on the same local approximation that is
used for sparse graphs, which when the average degree grows with n further simplifies to the mean-field
approximation obtained in the dense case. The transition into the sparse regime can also be seen from
the point of view of the trajectories for different individuals, which in the setting of this paper exhibit
propagation of chaos (i.e., asymptotically independent trajectories). In contrast, on sparse graphs, only a
weaker form of propagation of chaos holds, which states that only finite sets of uniformly chosen trajectories
are asymptotically independent. The in-depth analysis of the model’s explanatory and predictive power
will be covered in a separate set of work.

This paper is organized as follows. In Section 2 we introduce our model for the evolution of opinions on a
large complex network with community structure, as well as the random graph family used in our analysis.
In Section 3 we present our main results, which give an approximation for the stationary opinion process
that is valid for any density level of the underlying graph other than sparse. In Section 4 we discuss
related models for opinion dynamics, as well as the technical aspects of our work, such as mean-field
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approximations and local approximations for random graphs. Finally, in Section 5 we give all the proofs
for the theorems in Section 3.

2. THE MODEL

Our opinion model consists of two parts: 1) the opinion process defined on a fixed directed graph, and 2)
the random graph model used to represent the underlying social network.

2.1. The opinion process on a fixed graph. Consider a directed graph G = (V, E'), where individuals
in the social network are represented by vertices in the set V, and a directed edge (i,7) € F means that
individual j listens to the opinion of individual 4; |V| denotes the cardinality of the set. Each individual
in the set V is assumed to belong to one of K communities, and has a set of attributes that will remain
fixed throughout the evolution of the opinion process. We assume we have ¢ topics, with £ a finite number,
and individuals’ opinions on each topic take values on the interval [—1,1]. The main object of study is the

)

opinion process {R®*) : k > 0}, taking values on [—1,1]IVI*¢, where RZ(Jk denotes the expressed opinion of

individual ¢ € V on topic j € {1,...,¢} at time k € N ={0,1,2,...}. We will use ng) to denote the ith
row of R which corresponds to the multi-topic opinion vector of individual i at time k.

Before we describe the updating rule for the process {R*) : k > 0}, we need to describe the vertex attributes
that determine how each individual engages with its neighbors and incorporates their own prejudices. To
start, each individual ¢ € V' has an attribute vector and an extended attribute vector of the form:

a; = (Jzaqz) € {177K} X [_171]6 and yi = (Jzaq17bz) € {lvaK} X [_171]€ X RL‘-/|7

where J; denotes the community to which individual ¢ belongs, q; = (gi1,- .- qi¢) is a row vector of pre-
conceived ideas or internal beliefs on each of the ¢ topics, and b; = (b;1, . . ., bl-|v|) is a nonnegative row vector
of “unnormalized” weights, where b;; is the weight that individual ¢ gives to individual j’s expressed opinions
(these weights will later be normalized to add up to one). The extended attribute vectors {y; : i € V'} do
not change throughout the evolution of the process, reflecting the reasonable modeling assumption that
they change at a much longer time-scale than the expressed opinions process. To make them easy to
identify, all vectors are written in boldface.

Given the set of edges F, we now construct the (normalized) weights according to:

bij1(j — i) (

Cij — . 1
! > tey bul(l — )

where j — ¢ indicates that (j,7) € E. The model also requires two parameters, ¢,d € [0, 1], such that
0<c+d<1andd>0. The parameter ¢ controls the amount of value that individuals give to the social
network, and d controls the amount of weight they give to external influences, e.g., media and political
leaders. Although one can easily make the parameters ¢ and d depend on each individual, for simplicity
we interpret them as average weights and keep them the same across all individuals. Our assumption
that d > 0 is important both to the explanatory/predictive power of the model, and to its mathematical
properties, as we will see later.

Zbill(l—m)>0,i7éj>, i,jev, (2.1)

lev

Having described the attributes of each individual, we can now describe the evolution of the opinion process.
At time zero, we initialize the process with a matrix R©® e -1, 1]|V|X€ chosen according to some initial
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distribution pg such that {RZ(-O) : J; = r} are identically distributed for each 1 <r < K. At each time step

k, each individual 7 listens to an external signal ng) € [~1,1]* (row vector), and updates their opinion
according to:

RV =N R+ Wi (1 —c—aRY,  k>0,ieV. (2.2)
JjeEV

The external signals {Wl(k) :1 € V,k > 0} are assumed to be independent of each other, and of the initial
opinion matrix R(®). In order to include the possibility of having vertices with no inbound neighbors, it is
convenient to assume that the external signals take the form:

W — az® 4 cqi1 (47 = 0), (2.3)
where d;” = 3 ;. 1(j — i) is the number of inbound neighbors of vertex i and {ng) : k> 0} can be
interpreted as media signals. This form of the external signals replaces the contribution of the neighbors
with the vertex’s internal belief when it has no inbound neighbors. For a vertex ¢ € V having attribute
vector a;, the media signals {ng) : k > 0} are assumed to be i.i.d. with some distribution v(a;). If needed,
one could make v depend on the extended attribute vector of each vertex, and even add more vertex
properties to the extended attribute vector, but for simplicity we omit this extension here. We use W)

to denote the |V| x ¢ matrix whose ith row is ng).

Under the assumption that d > 0, we will see that the process {R(k) : k > 0} has a stationary distribution,
ie., R® = R as k — oo, where = denotes weak convergence on [—1,1]/VI*¢, This paper focuses on the

behavior of both the trajectories {ng) : k> 0} and the stationary opinion matrix R.

2.2. The network. Although the opinion process itself is defined on a fixed directed graph, our results
are based on analyzing the process on a random graph sequence {G,, : n > 1}, where G,, = (V,,, E},). From
a modeling point of view, one can think of the fixed social network of interest as simply one realization
from the random graph model being used. For simplicity, we assume |V,,| = n.

In order to model the community structure and individual-level confirmation bias, we use as the basis for
our model a directed stochastic block model (dSBM) with K communities. Each individual in ¢ € V,, has
a community label J;, and given the community labels #, = {J; : i € V,,}, edge (7,7) is present in the
graph with probability:
k(J;, J;)0 ..

i) = ulCILILIN 1,  i,jeV, (2.4)
n
independently of everything else, where k is a nonnegative kernel (equivalently, a nonnegative matrix in
REXEY “and 6, is a density parameter.

Since our interest in this paper is to obtain approximations for semi-sparse to dense graphs, it is not
important to incorporate degree-corrections into our model other than those produced by the kernel . In
the sparse setting, where one can closely model the inhomogeneity of the network (e.g., scale-free degree
distributions), using a degree-corrected dSBM would be more appropriate.
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The proportion of vertices belonging to each community is controlled by the probability vector (71'5”), e ng)

so that a proportion 7T7(1n) of the vertices in V,, belong to community . The main assumption on the dis-

tribution of the community labels is given below.

Assumption A. There exists a probability vector w = (m1,...,7x) with m, > 0 for all 1 < r < K, such
that

n

1
Wﬁn) = n;l(Jz = 7’) i Ty

as n — oo, for each r € {1,..., K}.

Next, for each r € {1,..., K} let F, be a distribution on [~1, 1]*. For each vertex i € V;, sample its internal
belief vector Q; according to F'y,, where J; is the community label of vertex .

Finally, to complete the description of the model on a random graph, we sample each of the unnormalized
weights {B;; : i,j € V,,} conditionally independent of each other given the community labels {J; : i € V,},
with B;; sampled from a distribution Gj, j; on the interval [0, H], with H a finite constant. Note that the
distribution of the unnormalized weights is allowed to depend on the communities to which each vertex
belongs, which means one can give less weight to opinions coming from members of a different community.
This is a form of confirmation bias [38, 39, 20], applied to the individual rather than the opinion itself.

Remarks 2.1. We end this section by explaining how one can choose the various parameters to model many
of the features that social scientists believe influence the evolution of opinions. Since the full explanatory
and predictive power of the model will be discussed in a future companion paper, we give here only a
high-level description of what our model can be used for.

a.) The kernel x and the unnormalized weights {B;; : ¢,j € V;,} can be used to model a form of confir-
mation bias that affects the individuals directly, i.e., by both controlling the number of neighbors
that an individual has who belong to communities different from their own, and by discounting their
opinions. Note that this form of confirmation bias depends on neither the topic nor the specific
expressed opinions being shared at any point. Other ways of modeling confirmation bias directly
applied to the expressed opinions being shared are discussed in Section 4.

b.) A direct way in which our model incorporates selective exposure is through the choice of the dis-
tribution v(A;) for the media signals, where A; = (J;,Q;). For example, if we believe that each
community has its own preferred media outlets, e.g., news and political commentators, then we can
choose the distribution v to depend on the community label J;. Moreover, if we want to model the
human tendency to reject information that contradicts our internal beliefs or pre-existing views, we
can do so by allowing v to depend on the internal belief vector Q; (e.g., a person who listens to an
outlet that has extreme views on topics 1 and 2, but only agrees with the outlet on topic 1, may
choose to ignore the media signal for topic 2).

c.) The dSBM can also be used to model the presence of bots, targeted or not, by creating additional
communities. A targeted bot chooses who to send its messages to based on their community
label. Since bots are not real people, they are not influenced by what they hear from their inbound
neighbors, so we can model them to have no inbound neighbors by adjusting the kernel x accordingly.
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3. MAIN RESULTS

We are now ready to present the main results of the paper. We assume from here onwards that we
are working on a probability space (€2, F, P) where we can construct the entire random graph sequence
{G,, : n > 1} along with their vertex marks, as well as all the external signals needed to define the opinion
process on each of the graphs in the sequence. We use E[:] to denote the corresponding expectation. The
opinion process {R(k) : k > 0} is constructed on a fixed random graph G,, = (V,, E,) from the sequence,
but for simplicity the dependence on n is not explicit in the notation.

As mentioned earlier, our work shows that there is a unique approximation for the opinion process {R(k) :
k > 0} under the large graph limit n — oo, that works for all choices of the density parameter 6,,.
The phase transition occurs only in the precision level of the approximation, around the threshold 6,, =
logn. Interestingly, the proof technique is also significantly different above and below the threshold logn,
reflecting the fact that as the density parameter 6,, drops below the threshold, a vertex’s entire neighborhood
becomes increasingly important. To be able to drop the minimum in (2.4) and simplify our results, we
assume throughout the paper that

50 _ |

limsup max
n—oo 1<rs<K n

The process {R*) : k > 0} will be approximated by another process {R*) : k > 0} whose main char-

acteristic is that its rows {’ng) : k> 0,i € V,} are conditionally independent of each other given the

community labels. We will now describe the approximating process, leaving an intuitive derivation of how
this process is obtained to Section 5.

To start, define the matrix M € [0,1]5>*% whose (r, s)th component is given by
TsBrsk(S, 1)
m1Brak(l,7) + -+ TR Bk (K, T)
where f, s = E[B;j|J; = r,J; = s]. Note that since one may want bot communities to have no inbound
neighbors, M may have zero rows. Define also v, s = E [B%\JZ =r,J; = s]. Recall that the media signals,
given by {ng) ik > 0,1 €V,}, are independent of each other, with {ng) : k > 0} conditionally i.i.d. given
A;, with distribution v(A;). The external signals {Wz(k) 1k >0,i € V,} follow the form in (2.3). We will
use W € [—1,1]5%¢ to denote the matrix whose rth row is E[Wl(-o)\Ji =r], and R € [—1,1]5*¢ to denote

the matrix whose rth row is E [REO)\Ji =r].

Mypg = -1 (77167“,1/1(177') +---+ FKﬁr,Kﬁ(Ka 7’) > 0) 3 (31)

The approximating process {R®*) : k > 0} is given by: R(®) = R and

k—1 k—1 t k

RO =31 d)WE 116> 2) 3 ag (MW) 0+ asu(MPR) g0+ (1 —c— d)*RL”, (3.2)
t=0 t=1 s=1 s=1

for k > 1 and i € V,,, where as; = (2)(1 — ¢ —d)"*¢* and Hj, denotes the jth row of matrix H (Ha,

denotes the jth column). Note that conditionally on the vertex attributes {A; : i € V,}, (3.2) takes the

form of an autoregressive process of order one, without any interactions among different vertices. Before

stating the main theorems, we will need a few additional definitions.
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For a vector x € R", we use the standard l,-norm || - ||,, p > 1, namely,

n 1/p

— P — :
pr<;mq and [ i= max i

1=

Applied to a matrix A € R™, | - [|, is the induced norm
Ax
|All, :== sup M.
Ixl0 1%llp

We will also use the notation

K K
W =3 Bna(s,r)  and v =3 v (s, ),
s=1

s=1
as well as
U(n) M(n)
A, = max ———— and A, = max —,
rel (/M(”n))2 rel Vﬁ”)

where Z = {r € {1,...,K}: Zﬁil mys > 0} is the set of non-zero rows of M. Note that both A, and
A, converge to positive constants as n — oo under Assumption A. We use E,[-| = E[|_#,] to denote
the conditional expectation given the community labels, and P, to denote its corresponding conditional
probability. The first main result of the paper is given below.

Theorem 3.1. Define the process {R™) : k > 0} according to (3.2). Suppose 6, > (6HA,)?A,logn.
Then, there exists a constant I' < oo such that

sup E, [HR(’“) - R("‘)H(J <T < logn | 5n> , (3.3)

k>0 0,,
(n) (n)

s T —TsTy
(n)

where £, 1= max<, s<K
- = Ty T

’. Moreover, for any sequence 0, satisfying 0,, — 0o as n — oo,

sup max [k, [

: (ng) - ng)H ] =0, (3.4)
k>0 1€Va 1

as n — oQ.

Remarks 3.1. a.) Since max;ey, E, [HREk) — ’R,Z(k)HJ < E, [HR(k) — R(k)HOO], Theorem 3.1 shows

that the approximation is stronger when 6, /logn — oo, and it gradually weakens as the rate at
which 60,, grows drops below the critical rate logn. Intuitively, this can be explained by noting that
the average number of neighbors that any vertex has grows with the density parameter 6,,. The larger
the number of neighbors, the more their aggregate contributions behave as the average opinion. The
weakest result is valid for any 6, — oo, regardless of how slow the growth is. However, it is worth
pointing out that when 6,, is bounded, the approximation fails, and the correct approximation is the
sparse approximation, which is determined by the local neighborhood of each vertex (see Theorem 2
in [22]). The threshold logn determining the strength of the approximation also appears in [11, 10]
and [3], where the authors study other processes on graphs with various edge density levels.
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b.) For each i € V,,, the sequence {ng) : k > 0} is called the trajectory of vertex i. Since the rows
in the limiting process {R®*) : k > 1} are independent of each other, Theorem 3.1 yields that the
trajectories of the process {R(k) : k > 0} are asymptotically independent; in other words, the process
exhibits propagation of chaos (note that only particles in the same community are exchangeable).
Since

1 n
— Zsup E, [HRZ(k) — T\’,Z(k)H } < supmax[E, H‘ng) — ’ng)H } Eif 0, n — 00,
n 1 k>0 1 k>0 1€Va 1

the second statement in Theorem 3.1 implies pointwise propagation of chaos in the sense of Defi-
nition 4.1 in [13], throughout the entire range of k. We point out that this is not the case in the
sparse regime, where the local approximation given by Theorem 2 in [22] corresponds to a process
whose trajectories are not independent of each other, and the trajectories of vertices close to each
other may in fact have significant dependence.

c.) Note that since HR(’“) — R(k)HOO is bounded, Theorem 3.1 implies that for logn/6, — 0, we have
that for each k£ > 0,
HR(’“) - R(k)H KR 0, n — oo.

[e.e]
An alternative way of understanding the approximation is to look at the empirical measure

lzmgm,...,Rg@) € A),

n <
=1

for any measurable set A C ([—1,1])**1. Written in this way, one can identify this measure as the
conditional law of a typical opinion, understood as the trajectory of a uniformly chosen vertex I,, € V,,,
given the underlying graph G, = (V,, E,) and the entire process {R(") : 0 < ¢t < k}. In our model, the
distribution of the typical trajectory converges as n — oo to a law that depends only on the community
label. Since in the random graph literature the typical vertex converges to the distribution of the root of
a rooted graph (usually a branching tree), the notation we use in the following theorem is consistent with
that used in the sparse regime, where () denotes the root of the limiting graph. We point out that in this
paper, the limiting graph is not locally finite, so the notion of local weak convergence (see [49]) does not
apply.

Theorem 3.2. Fiz k > 0 and define the random variables ({’Rém) :0<m <k}, Jy) according to:
P(Jy = s) = s, 1<s<K,
P(RYRY, R €Al Gy =) =Pu (RO RV, RI) e a),  Ac (1,1,

where {’R,Z(k) : k> 0} is given by (3.2) and i is any vertex belonging to community s. Define Vi,; €

[—1, %G+ to be the matriz having jth column (Vi ;)ej = (jo_l))T, and let Vy, € [—1,1]*+D) pe the

matriz having jth column (Vi)ej = (’R,((aj_l))T. Then, for any 1 <r < K and any bounded and continuous
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(with respect to the || - |1 operator norm) function f : [—1,1]*+D 5 R, we have
1 n
SO F R =) 5 B[ (V) U = 1)
i=1

as n — oo. Furthermore, for any arbitrary collection of vertices {i1,...,im} C Vy, having community labels
{r1,...,rm}, m > 1, and any set of continuous (with respect to || - ||1) bounded functions {fi,..., fm} on
[—1,1]¢+D k>0, we have

m

Hfj (Vii, ) H Lfi Vi)l Ty =74l n — 0o.
=1

Remark 3.1. The last statement in Theorem 3.2 is closely related to Theorem 2.6.B in [23], which states
that trajectories of a finite set of vertices uniformly chosen at random are asymptotically independent of
each other, a limited form of propagation of chaos that holds only for vertices that are likely to be far from
each other. However, the last statement in Theorem 3.2 allows the vertices to be chosen arbitrarily.

The last set of results in the paper refers to the stationary behavior of the Markov chain {R(k) : k> 0}.
Recall that R denotes a matrix in [—1,1]"*¢ having the stationary distribution of the chain, and Ry,
denotes a uniformly chosen row of the matrix R. Note that Ry, represents the typical stationary opinion
on the graph, across all £ topics. Our last theorem provides a characterization for R, when n is large, by
establishing the existence of a random variable Ry € [—1, 1] such that

R;, = Ry, n — 00,

where = denotes weak convergence on [—1,1]. Since Ry also turns out to be the weak limit of {’Rék) :
k> 0} as k — oo, our results show that we can exchange the limits in &k (time) and n (number of vertices).

Theorem 3.3. Define the random variables (Ry, Jpy) according to:

P(R@eA\j@:r):Pn<Z(1—c tWt)—i—ZZastMW eAJ—r>, AC[-1,1),
t=0 t=1 s=1

P(Jy=r)=m, 1<r<K.

Then, there exists a coupling (Ry,,Jr, , Ry, Jp), such that for any continuous (with respect to || - 1) and
bounded function f :[—1,1]* — R, we have for any 1 <r < K,

P 1o P
nllBr, = Rolh] =0 and =% f(R)1(Ji =7) = E[f(Rg)1(Tp = 1)]
i=1
asn — o0o. Furthermore, for any arbitrary collection of vertices {i1,...,im} C Vi, having community labels
{r1,...,mm}, m > 1, and any set of continuous (with respect to || - ||1) bounded functions {fi,..., fm} on

[—1,1]), we have

E, ([T5@®:)| = TEL R T =731, n— .
j=1 J=1
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Remark 3.2. Note that the shape of Ry is simply the limit as £ — oo of ’Rgi) after a time reversal of the

external signals, i.e., Wyz*t) s ng)

The proofs of all the theorems are contained in Section 5.

4. RELATED LITERATURE

Interest in the evolution of opinions on social networks dates back to the 50’s, with the work of French
[24] and DeGroot [19]. The model in [19] corresponds in our notation to the recursion R+ = AR®),
for a given R and A = c¢C + (1 — ¢)I, with C = (¢;;) as in (2.1) (the model is for a single topic, hence
the vectors instead of matrices). The main question studied in [19, 8] was the existence of consensus,
seen as a limit R = limj_,oo R*) whose components are all equal to each other (a consequence of the
Perron-Frobenius theorem when the matrix A is irreducible and aperiodic). In [25], Friedkin and Johnsen
extended the model to allow disagreement by considering the recursion R**Y = AR®*) + Q, with Q a
deterministic vector, which is a special case of our model. The models in [51] replace the deterministic
Q with a sequence of random signals {W(k) : k > 0}, as we do, although they are independent of the
underlying network, since they are used to model miscommunication. A more recent generalization of
the DeGroot model was given in [16], where the authors introduced the concept of biased assimilation,
namely the tendency of individuals to pull their opinion towards their initial opinion once presented with
inconclusive evidence, in order to make the repeated averaging scheme of DeGroot lead to polarization.
Another closely related model that is capable of introducing confirmation bias by rejecting an opinion from
a neighbor when it is too different from their own expressed opinion is the Hegselmann-Krause model [42],
which due to its non-linear updating rule is not covered by our analysis. All these models are defined on a
fixed graph, so the stochastic matrix A is deterministic, unlike ours, where we use both the updating rules
of the opinion process and the properties of the underlying graph to explain complex phenomena. Other
variants of the DeGroot and Friedkin-Johnsen models that incorporate multiple topics and time-varying
self-weights (e.g., d in our model is allowed to be different for each vertex and change with time) are given
in [31, 41, 47].

While all the models mentioned above are defined on discrete time with synchronous updating rules, there
is a different family of popular opinion models where interactions occur one at a time, at either random
or deterministic times. Among those are the bounded confidence models, such as the Deffuant-Weisbuch
model [50, 18, 17]. In this model, at each time step a pair of neighboring individuals is randomly selected.
Then, the two neighbors update their opinions according to a simple linear equation if, and only if, the
difference of their current opinions is less than a specified threshold. This model, like the Hegselmann-
Krause model, is meant to explain fragmentation and polarization through a direct confirmation bias. Its
non-linearity and lack of an external signal means that its analysis is usually done using the methods of
interacting particle systems or numerical stochastic simulation [30, 6, 34, 15, 28, 37]. A more recent analysis
of the Deffuant-Weisbuch model that takes into account the network’s topology is [21]. Our model is not
meant to tackle confirmation bias at the level of the opinions being shared, but rather at the level of the
individuals who share them, and the main appeal of our model is that it accounts for the combined effects
of the network topology, the media framing effect, and people’s selective exposure, while still producing
computable formulas for means and variances for the opinion process.
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As mentioned in the introduction, the main focus of this paper is not the explanatory and predictive
power of our model, but rather its behavior on graphs of various levels of edge density. So, before we
discuss that aspect of the related literature, we just want to mention that there is yet another family of
classical opinion models taking values on finite sets (rather than continuous intervals), like the voter model
[36], where opinions can be either 0 or 1, or the Axelrod model [4], where each vertex has a fixed set of
features and traits, leading to a notion of “similarity” between vertices. The former can be used to model
consensus through asynchronous updates, whereas the latter achieves a diversity of opinions by using a
trait updating rule that depends on how similar the features of the two interacting vertices are, a concept
known as homophily. The underlying graph in both of these models is usually a lattice, although the
voter model has also been analyzed in heterogeneous graphs in [45]. The work in [43] contains a review of
interesting variants of the voter model.

Our opinion model falls in the category of interacting particle systems in discrete time with synchronous
updates and continuous state space, although only vertices in the same community are exchangeable.
The approximating process {’R(k) : k > 0} is a classical mean-field approximation, where the complex
interactions between neighboring vertices are replaced with their average behavior. Our main theorem
proves propagation of chaos by coupling the trajectories, as described in the surveys [13, 12]. The literature
on mean-field approximations is so vast, and covers such a wide range of fields, that it would be impossible
to mention all the related models for which results similar to ours have been derived. The closest work to
the techniques used in this paper is the analysis of the personalized PageRank algorithm done in [3], where
a stochastic block model is the only source of randomness in what otherwise would be a deterministic
linear recursion. The main results in [3] are closely related to our Theorem 3.1 for density parameters
0,/ logn — oo, albeit for a different recursion and under an ly-norm (rather than the l,-norm we use).
Our work shows that the approximation itself continues to hold beyond the log n threshold, for any 8,, — oo,
but with lesser precision (a weaker norm). Relative to the majority of mean-field results in the interacting
particles literature, our work is different in the explicit role that the underlying random graph plays, its
ability to seamlessly cover the entire range of edge densities (other than the sparse case), the explicit
characterization of the limiting process as the number of particles goes to infinity, and the exchange of
limits with the stationary version of the limiting process. Other works that analyze stochastic processes
on graphs with various levels of edge density are [11], which studies the supermarket model on graphs, and
[10], which analyzes weakly interacting diffusions on time varying random graphs. It is also worth pointing
out that mean-field approximations for bounded confidence models such as the Deffuant-Weisbuch model
and some of its variants have been given in [34, 15, 28].

Finally, we would like to point out that the analysis of our model in the semi-sparse regime, i.e., 6,, below
the logn threshold, is based on a coupling of the underlying random graph with a marked multi-type
branching process. This technique is based on the notion of local weak convergence of random graph
sequences [7, 2] (see also [49]). Although for non-sparse random graphs the local weak limit is not a locally
bounded graph, the dSBM can still be coupled with a marked multi-type Galton-Watson tree (with average
degree that grows with n). In fact, a strong coupling, in the sense of the intermediate coupling in [40], still
holds, which is what enables the work in this paper. For sparse graphs, local weak convergence or strong
couplings have been used to study the PageRank algorithm in [14, 26, 5], general discrete-time stochastic
recursions on sparse graphs in [23], and interacting diffusions in [32, 33]. The techniques in this paper
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will likely extend to more general classes of stochastic recursions on random graphs with growing edge
densities.

5. PROOFS

This section contains the proofs for all the theorems in Section 3. The proof of our main result, Theorem 3.1,
requires two different approaches depending on the speed at which 6,, — oo, however, both approaches start
with the same intermediate approximation. We will start by presenting the intermediate approximation in
this section, and then complete the analysis for the two different density regimes; in Section 5.1 for the case
when 6,, > ~vlogn for some v > 0, and in Section 5.2 for the case when limsup,,_,. logn/6, > 0. Finally,
as mentioned earlier, Theorems 3.2 and 3.3 are consequences of Theorem 3.1, so we give their proofs in
Section 5.3.

Recall that the opinion process will be constructed on a fixed directed graph G, sampled according to
Section 2.2, where each vertex i € V,, has an attribute A; = (J;,Q;) and an extended attribute Y; =
(Ji, Qi, By), with B; = (Bjj)1<j<n the unnormalized weights.

In order for us to derive the intermediate approximation, we first note that the opinion recursion (2.2) can
be rewritten in matrix notation as

R = ARG Ly k), (5.1)

where R) € [—1,1]"*¢ and W) € [—1,1]"*¢ are the matrices having (4, j)th components Rg?) and Wi(]k),
respectively, and A € [0,1)"*" the matrix satisfying

Aij=c-Cij, i#j, Ai=1-c—d,

with Cj; constructed according to (2.1) using the random unnormalized weighs {B;; : i,j € V,,} (the use
of upper case is to remind the reader that these are random). Iterating (5.1) gives the explicit solution

ZAt (k=t) 1 Ak R(O),

Using the observation that A = ¢C + (1 — ¢ — d)I, where C' is the matrix having (7, j)th component C;j,
and I is the identity matrix in R™*™, we get

t
At—(cC—i—(l—c—d)I)t—Z(i)(l—c A2 Ce = ZastC t>0,

s=0

and, therefore,
k—1 t k
Z > a CWED LN "6, RO, k> 1 (5.2)
t=0 5=0 5=0
Now, construct the matrix M € R according to
- 7.k(J5, J;
M” — (n) BJwJJ ( J 74) (n)
n (BJi,17T1 K(1,J;) + -+ B kT KK, ;)

1(i # j),
)
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and recall that 8, , = E[B;;|J; = r, J; = s|, with Mij = 0 if the denominator is zero. The intuition behind
this definition of M is that it is the “approximate” conditional mean of C' given the community labels ¢,
meaning that for ¢,j € V,,, i # j, and n sufficiently large (so that the minimum in pg’)
we have

can be dropped),

(n) . .
- BJ“ijij En[Bijl(] — Z)]

Mij - - n 7
n (Bl + o+ m DB aepll))  En [0 Bird(r = )]

Define W = E, [W(O)], R=E, [R(O)], and construct the new process {R(k) : k > 0} defined by

RO = RO
_ k—1 k—1 t ~ k ~
RM =>"1-c—d) Wk 41k >2)> "> ag MW+ ag M R+(1—c—d)*RY, k>1. (5.3)
t=0 t=1 s=1 s=1

Intuitively, R*) replaces all neighbor contributions with their approximate means, i.e., every term of the
form C°X with s > 1 and X a random matrix is replaced with M*E,[X]. It is important to point out

that the rows of R*), which we will denote {fil(k) i € V,,}, become independent as a consequence. Our

first result computes a bound for E,, { (k) — R(*) H } and max;ecy, E, { k) _ f{Ek) ] .

Theorem 5.1. For any k > 1, we have
k—1 ¢

k)H } 1(k > 2) ZZastmax]E {
k
+ 3 o pcEn

(C’—M)XH }, we have

max E,, [
i€V

(CW )y — (MW ;e

J

|

9}

(C°R©);4 — (M°R);4

Furthermore, for h(X) = E, [

B 7 - 29 _] < ma ) S0 - a4 B [ow® - 5w ] a1
t=0 t=0

+max h(M"R) k(1 — d)F ! + E, [HCR(O) - MRHOJ (1 - d)*.

r>1

Proof. Recall that as; = (2)(1 —c¢—d)'*c® and note that for any i € V,, we have
-1t
1(k > 2) Z Z s, (Csw(k—t) NV ) i Z as i (CsR(o) M5R>
1
t
0SS0 5 (om0 ),

70

) .
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To obtain the first statement of the theorem simply take expectations on both sides to get

k—1
_ ~(k)H < > sti7(k—t) _ x7sti
maxE, | ’Y| ] <106 > 2);;ast%§E |[(cow aw) || |
crmaxBy [[|(c*RO - ar°R) | |.
+ Za k?éaf ielll
To continue to the second statement, note that from the properties of the norm || - ||, we obtain that
HR(k) _R(k)H 1(k > 2) ZZ@St ’C’S (k=) MSWH —|—Za3kHC RO MSRH

t=1 s=1
Furthermore, since for any matrices X, X e R and any s > 1 we have
C*X — M*X =C*"HCX — MX) 4+ (C* = M HMX
s—1
=C" N CX - MX)+ ) " HC - M)M'X,
r=1
then

lewx -t <3 o — i+ [eriex - )|

< St - x|+t ox - x|
r=1
_ZH MTXH -|—HCX MXH

where we used the fact that [|C| = 1. We conclude that

E, | H )
1(k > 2) tZZastE [

1(k > 2) Zzt:ast <ZE lit

t=1 s=1

k
SV ) ars sp0) _ arsp
s s |+ e, Jonn - ieal

(€= v ]+, [ews - MWHOO])

+3 o (S - MRHJ)
s=1 r=1
k—1 t

k—1 t
< maxh(MW)1(k = 2) 3 Y ails = 1) + E, [ MWH } k=233 ay
= t=1 s=1 t=1 s=1

] ] e
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+ max h(3 R) Zask (s—1) +E, [

R~ itk ]S e
1

To compute the double sums more explicitly, let Bin(n, p) denote a binomial random variable with param-
eters (n,p), and note that for k > 1,

k t k t ¢ k k
Z Z as 1S = ZZ <S> (1—c—d)5c’s = Z(l —d)'E[Bin(t,c/(1 — CZ A, (5.4)

t=1 s=1 t=1 s=1 t=1 t=1
and
k t k t ¢ k
_ P t—s s __ _ t : _
D ae=> > (8) (1—c—d)! =Y (1—d)'P(Bin(t,c/(1—d)) >1)
t=1 s=1 t=1 s=1 t=1
k k
=> (1-d) (1—c—d)t => (@ —(1—c—d)"). (5.5)
t=1 t=1

Similarly, the single sums can be computed to be

k k k
dags =) <S> (1—c—d)" s = (1 — d)*E[Bin(k,c¢/(1 — d))] = ck(1 — d)*! (5.6)
s=1

k k Ek
Za&k = Z ( )(1 —c—d)f e =1 - d)*PBin(k,c/(1-d) >1)=1-d)} - (1—-c—d)*. (5.7)

Consequently,

e

E, [HRW - R<k>Hoo] < max h(MTW)1(k > 2) _1(1 — )t

r>1 -
En[ MWH} (k>2)3°(1 - d)i+
1

4 max h(MTR) k(1 — d)*! +E, [HOR“) - M]—?HOJ (1— d)*,

r>1

o
I
z’r

-1

-
Il

0

Once the intermediate approximation {R®*) : k > 0} given by (5.3) is obtained, its connection to the final
approximation {R*) : k > 0} given by (3.2) becomes apparent, since for all s > 1 we have
(W)~ (MW)ye  and  (1°R)je ~ (M°R) 1,

for large n. The following result provides a bound for the norm between these two processes.
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Theorem 5.2. For any 6,, — oo,

sup | R - =W < L og,
k>0 [e'e} d
o

(n)
Tp " Ts

where g = mMaXj<rs<K ‘

Proof. Note that for any 1 < j < K,

-]
¢ k-1 t )
:121?<Xn k>2 ZZa&t MSWU—I-Zask
7j=1 t=1 s=1
k=1 t
1k >2) YN a0 (MoW) g5 — Zask MR)
t=1 s=1 s=1
¢ k-1 ¢ - k - _
= 2, 2) 323 aer ((A1W)ig = MW ) + 3 aus (B By = MRy )
- = =1 t=1 s=1 s=1
k-1t k
< > 3 S S
SUELDMHNH &%Z’M +Zl“skf£1%2’M ~ OB,

Note that M € R™*™ is such that all the rows S, = {M;, : .J; = 7'} are equal to each other, all the columns
{M.] J;j = r} are equal to each other, and the cardlnahty of the S, is mr,(a " for 1 <r < K. Similarly, the
vector W.] € R" satisfies that all the components {VVZJ Ji = r} are equal to each other and the order in

which the vertex labels appear is the same as the columns of M. Define the matrix M € RE*K according

to
AL — ﬁmwgn)ﬁ(s,r)
ﬁr’lﬂ’gn)/’i(l,’r) 4+ 4 Br,Kﬂg)/{(K, r)’

with MTS = 0 if the denominator is zero, and note that

1<rs<K, (5.8)

M,s = Z Mijl(Jj =3) for any ¢ such that J; = r.
It follows that for any ¢ € V,,,

n K n K
(MW)iy=> MWy => > MyWil(Jy=r) = My, Wy = (MW),,;. (5.9)
=1 r=1 =1 r=1

Now suppose that (M5~ 1W),] (MS W) . for s > 2, and note that

(MW, _ZM,l (M*=1W), ZZle (MS=YW) j1(J =7) = ZMM(MS—IW)M:(MSW)M,
=1 r=1 =1 r=1
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therefore, by induction, we conclude that
(M*W);j = (M*W),,;  foralls>1and alli €V,

The same arguments also yield (M*R);; = (M*R) 7;j for all s > 1 and all ¢ € V,,. Hence,

¢
e 3 |5 = (W) | = maoe 37|15 = (M) 5] = T = M)W
and
max Z\ M R)ij = (M*R) g | = |(M° = M*)R s
The first inequality now becomes
~ k-1 t k
|BO =R\ <10k 22) 303" awall (1 = MW oo+ asll (7 = M) R
o t=1 s=1 s=1
k 1 ¢

MS||OOHWHO<>+ZaskHMS M°[|oo || Rl oo
t=1 s=1 s=1
t

k
SOY0D sl M= Mo,
t=1 s=1
where in the last step we used the observation that ||[W || < ¢ and ||R||s < ¢. For the remaining norm,
note that
25 = ||M° = MPloo < ||M° — M7 M|oo + |7 M — M|
< MM = Moo + M7 = M* Yoo M floo < M = Mloo + @51

< s[|M — Ml|cc,
since 29 = 0 and || M ||oe = ||M||sc = 1. Finally, note that for Z the set of non-zero rows of M (same as the
non-zero rows of M), we have
K
||M M”oo = max ﬁr’sﬂ-‘gn)ﬁ(s’ T) _ ﬁr,sﬂ'sﬁ(& 7")
R 2 B (L) + ot B (I r) B ) -+ B 7)
Ay Brari(s,) [ (rmy = man™) Bram(L,r) + -+ (n e — manl) B (K, )
= max

'€l (Bam k(1) 4+ @,KWK%(K, M) Bramik(1,r) + - + Brxcmck(K, )

(n
SE | B aman(s,r) K |7 B ™ (l,7)
= Imax

s T — 7rs7'rl
(n)
e S BT w(m, ) znzl Brnnti(n,7)
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7, — g™
S T sir
< max =&n.
1<r,s<K 7T7(«n)71'5
Combining our estimates, we deduce
o
. l
HR(’“) — R H < (8, ZZasts — 08, Z A< €3 (1—d) < di &,

t=1 s=1 t=1

where the last equality comes from (5.4). Taking the supremum over k completes the proof. ]

The proof of Theorem 3.1 is based on the estimation in Theorem 5.1 of the expected norms
E, [H(C—M)XH } and E, [HCX—MXH } (5.10)
[e.e] o0
for X conditionally independent of C' given .%, = o (Y;:i € V,) and having mean X = E,[X], when
0, > vlogn, and of the expected norms

{ré%i(En [H(CSX)Z‘. - (MSX)u

1] (5.11)

for s > 1, when 6,,/logn — 0 as n — co. This is done in the next two sections.

5.1. The semi-sparse to dense regimes. When the edge density in the graph is sufficiently large, the
concentration of the matrix C' around the matrix M is very strong. It is worth pointing out that M is
not the mean of C, but rather, its more tractable asymptotic mean. For the norm involving RO the
concentration occurs around its mean matrix R, and the strength of this concentration is determined by
the matrix M. The main result in this section provides estimates for the two expected norms in (5.10).
Its proof relies on the following concentration inequality for Binomial or Poisson random sums, and its
consequence on ratios of random sums.

Proposition 5.1. Let {Y;(T) 1> 1,1 < r < K} be independent random wvariables on [—H, H|, with
{Yi(r) 24 > 1} dad. for each 1 < r < K, and E[(Yl(r))2] < vp. Let {N, : 1 < r < K} be independent
random variables on N, independent of {Yi(r) i >1,1<r <K}, and satisfying E[e*Nr] < ePIN(e=1) for
s € R. Define S, = 25\21 Yi(r). Then, for any € > 0,

K
=1

. v 202
where p =S5 EINJEIY"|) and v = K| B[N, v,

Proof. Start by conditioning on {N, : 1 <r < K} and use Chernoff’s bound to obtain that for any 6 > 0,
K K
P (Z(Sr —E[S)]) > e,u) =FE|P (Z(Sr — E[S,]) > eu| Ny, .. NK>]

r=1 r=1
K N
Nr}] _ e—@eu H e—GE[ST}E |:E |:€9y1<T)i| r:| '
r=1

<F

o0 ﬁ E [eH(ST—E[ST])
r=1
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Using the third order Taylor approximation for e?*, we obtain

(r) . < okp Y(T) k . gk [rk—2 .
B[] <14 0B+ Y ”kﬁ” <1+0EY"]+ (Z o ) E[(v{")?
k=2 ’ k=2 '
<1+0E[Y"]+ %(e”f —0H — 1) =1+ A (0).

It follows from the assumption on the moment generating function of N, and the observation E[S,| =
E[N,]E[Y,"], that

K K K
P (Z(sr — ElS) > eﬂ) < 0 T e P9I E [(1 4 A, (6)¥] = ¢~ [] 0157 p [ ostirn(0)

r=1 r=1 r=1
K

< o ben H efGE[ST}JrE[NT}(ek’g(l*M("))fl) _ 6796u+2£(:1E[Nr](/\r(G)fGE[YfT)})

r=1
_ 6796u+ﬁ(69H79H71) )

Picking 6 = % log (1 + Hep/v) > ep/v — (He* %)/ (20?), we get

K (e _HER p 2,2 H3,8
P (Z(ST —E[ST]) > €’u> < e—@eu—‘r%(eu/u—e) <e (5 2,,5 )(eu+zx/H)+H — e = +H2y5 .
r=1

0

Next, we use Proposition 5.1 to bound the event that ratios of random sums are far from the ratios of their
means.

Lemma 5.1. Let {BZ(T),XZ(T) c1> 1,1 <r < K} be independent random variables, with BZ-(T) € [0, H],
Xi(r) € [-1,1], and such that {(Bfr),Xi(r)) 24> 1} are i.i.d. for each 1 <r < K. Let {N, : 1 <r < K}
be independent random variables on N, independent of the {(Bi(T),Xi(r)) c1>1,1 <r < K}, and satisfying
E[esNr] < PN =1 for s € R. Define S, = 3237, BZ»(T) and S, = SN, XZ.(T)BZ-(T). Then, for any € > 0,

b ( S+ 8k ES] 4+ ElSk]| ) < tewy (_(6/2)2u2 N H(6/2)3u3) |

Si+---+Sg  E[Si]+---+ E|[Sk] 2v 202
wh@r@ n= Z"["(:l E[N,,.]E[BY')] and vV = Zf’(:l E[NT]E[(BY'))Q]

Proof. To start, note that since |S,| < S, for each r € {1,..., K}, then

S+ +8k  E[Si]+- -+ E[Sk]
Si+-+Sk  E[Si]+ -+ BE[Sk]

> D ESIS - 0> SE[S)

r=1 t=1 r=1 t=1

1
(S1+--+Sk)E[S1+ -+ Sk]

M=
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ZZE iis@ + iisTSt—iier[St]

)

<
_<Sl+ +SK (

r=1 t=1 r=1 t=1 r=1t=1 r=1t=1
K K
=5 +SK ( 3 2_; ] — Sy) +;sr ;(St—E[St])>
1 Ko N
g( (E[S:] = S|+ D> (S — J))-
K r=1 t=1

Next, define the events

F= { > eu/Z} and G= {

and use the union bound to obtain that

K

Z(Sr - E[Sr])

r=1

K

Z(gr - E[gr])

r=1

> 6#/2},

s 5 5 ) p B
P ( T >e> <P ( (i) - 5)| + 36 - £15) >w>
< P(F°) + P(G°).
Finally, let fi = 3,2, E[N,]E [|X E [BY)}, and use Proposition 5.1 with Yi(T) - Bz‘(T) and Yi(r) _ 7Bi(7")
to obtain that
Py < dnp (L2 B

and then again with YZ-( " = X(T)B(r) and Y( " = XZ(T)B(T) to get
200))? i (2 2)2u?  H(e/2)3u3
(ep/(2/1))* L Hlew/( 1)’ ) Sexp <_(6/ it Hle/2) )

v 202 2u 202

P(G°) < 2exp <_

This completes the proof. O

Now, we are able to prove the main result of this section. Recall that 8, = E[By|J; = r,J; = s],
Upg = E[B%]Jz =rJ;= slfor1 <rs<K,

K K
plm) = Zﬁr,sﬂgn)&(s, T) and v = Z UT7SW£")&(5 r
s=1 s=1

for 1 <r < K and large enough n, A,, = max i / (u&”))z and A, = max ,ugn) / yﬁn), where 7 is the set of
re

rel
nonzero rows of M.

Theorem 5.3. Let X € R be a random matriz conditionally independent of C given %, and having
mean X = E,[X]. Furthermore, suppose X has conditionally independent rows {X; : i € V,} given %,
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and satisfies | Xilloo < 1 a.s., and for each 1 < r < K, its rows {X; : J; = r} are identically distributed.
Then, for 0, > (2HA,/v)?Anlogn and 0 <y < 1/2, there exists a constant I' < oo such that

HCX MXH }<r’,/1°6gn”,
[(C MXH }<r’1/109gn”

Proof. To start, note that since C and M have the same deterministically zero rows (if any), we can simply
ignore them throughout the proof. Now let Z, denote the set of non-zero rows of M, fix € > 0, and define
the events

Fi = {|(©X)it - (31%),

§26}, ieT., 1<t<L.

Next, note that

L
ma Y| (CX)i = (VLX) ]
t=1

5|

’C’X _ MXHOO] _E,

<E, maxZ’ (CX)ig — (MX)it| 1 (Fy)

16*7

+E, mIZ (1CX )il + (AT X)) 1 (F5)
<E, rlléaiqz2el Fit)| +E, rzléai(2zl (F})
¢
<2e+2) E, Z (FS)|
1€Ly t=1

where in the last step we used the observation that

L l
ZI CX)it 1(Fg) < ZZCZJIXJt\l (Fiz) < Z ICialn L(F) < D 1(EF),
t=1 t=1

t=1 j=1

and similarly, thl (M X)) 1(FS) < thl 1(F5). It follows that

E, [HCX - M)“(HOJ <2l +2)° XZ:M (F5).

To bound P, (Fj), start by noting that

_ Cii X ; M Xo| = i XpByl(G —d) i thﬁ‘]i"]jpg?)
= D0 CuXi = D MyX| = |\ S p o o e W
— Zr:l w (T*)Z) ZTZI’BJiv‘]Tp

i

(CX)iy — (MX)y
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Next, note that we can rewrite

ZXJtBUl §— i) ZZXJthl jo =)= 8%
j=1 r=1 j=1 r=1
and
n K n K
Y Bil(j— i)=Y Bil(j o)l =r)=> S,
j=1 r=1 j=1 r=1

Moreover, conditionally on J;, we have that .S; t) L Z Nir X (&) (l " and Sir £ Z;V:Zf BJ(.Z"T), with V;

a binomial with parameters (mr,(n ), k(r, J;)0y, /n), mdependent of the ii.d. sequences {Bj(-i’r) :j > 1} and
(x4 j > 1}, which satisty B 2 (By|Ji, J; = r), X\"" 2 (XulJ; = r), and 7; = X for J; = r. It
follows from Lemma 5.1 that

s+ 80 EISH 4+ BIS

P, (F5) = P - == > 2
(Fit) Sig+-+ Sk E[Sia]+ -+ E[Si k] -
A5 HEOup)? 0 (15)? Hepy!
< dexp ot DICE A S Rl e oy
205, 2(0nv;")? %3 vy,
where
K .
zw (1, J)Bar = 0" D B[N E[B]™)
r=1
K
ZW (r. J)osr = 6,03 B[N JE[(BY)).
r=1
Therefore,

E. [[[ox - nix|| ]<2ee+gzzexp< €20, (g)) <1_H;;%,;)>>

€L, t=1 :
(n)
Hepiy
—266—1—8527177 exp 12K
2V I/(n)
rel T T
§2€e+8€Zmr l—HeAn)
rel QVT

< 20e + 8n exp < — HeA ))

n
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where A,, = max,c7 qun)/ (;A«”))? and A, = max,cz u&”)/ I/qgn). Next, choose € = y/4A,, logn /0, to obtain

20 2HA, A, 1
n exp (—;An (1—H€An)> = nexp <—2logn (1— 42 ogn>>

4HA /Ay logn
=exp | —logn|1-— 172 ,
On

which in turn yields

r - 4HA AR L
E, HCX—MXH } < 4/ Aplogn/6, + 8 exp (—logn (1 7z ogn))
L 00 0,
Since the second norm corresponds to the case when X is deterministic, the same argument also yields
r - 4HA AR
E, H(C—M)XH } < 4l\/ Ay logn /6, + 8Cexp (—logn (1 72 ogn))
L 00 0,

To complete the proof, note that if (2HA,/v)?Anlogn < 6, < (logn)3, then

(1 4HA A, logn>>
1/2

Ay logn /6, + exp (— logn

<A1/2,/00g"+exp( (1-27)logn) = AY? 109gn 1427 _ ( 105‘%”)

as n — oo, while for (logn)? < 6, < n/k., with k. = max) <, s<x £(r, s),

AHA, A Togn
vV Ay logn/0, + exp <—logn<1— 72 ogn))
O

< AL/2 logn +n—1€4HAn\/E -0 logn
L VAN 0,,

as n — 0o. The statement of the theorem now follows. O

We can now give the proof to the first part of Theorem 3.1.

Proof of Theorem 3.1. Suppose 0,, > (6HA,)?A,, logn. We will prove that

1
supE,, | R(k)H }:0( Og”+5n>
k>0 o) 0,
(n) (n)
as n — 00, where &, = maxj<, s<i %’ To start, use the triangle inequality to obtain

== T T
supE, [ — R(k)H } <supkE, [ — R(k)H ] + E, [sup HRUf) — R(k)H ] .
k>0 oo k>0 k>0 oo
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Theorem 5.2 yields
sup HR(’“) - R(k)H < C—sgn.
k>0 [e%S) d

For the remaining term, use Theorem 5.1 to obtain that

k-1 k—1

‘R(k) ~ R® HOJ < max h(M" 1) 2(1 — )R, | ‘CW(O) . MI/T/HOO] :0(1 — )t

: |

~+
~

~ v

+ max h(VI"R) k(1 — d)" ! + B, [HCR(O) - MRHOJ (1— d)*

where h(X) = E, [

‘(C— M)XH } Now use Theorem 5.3 to obtain that, since HMTVVH < ¢ and
HMRH < ¢ for all 7 > 0, then

o {0 g, 2 e ][] < B
Therefore,
R L N W\/loeﬂ (gﬂ —d)" kf(l Cd) k(- ) (1 d)k> |
"o\t=0 =0

and since the supremum over k is finite, there exists some other constant I' < oo such that

(e - o0 < (57 )

k>0 n

This completes the proof for the first part of the theorem. O

We now move to the density regime where logn/6, may not converge to zero. In that case, we can still
prove concentration of the opinion matrix R*) to the mean-field limit R*) as n — oo, but in a weaker
mode of convergence.

5.2. The subcritical to sparse regimes. In this section we complete the proof of Theorem 3.1 by
analyzing the expected norms (5.11). When limsup,,_,,(logn)/6, > 0, the number of neighbors is not
enough to provide a full concentration of the matrix C' around its asymptotic mean M , since up to an o(n)
number of vertices will not be sufficiently close to their limits. Instead of using the supremum norm as in
the denser case, we use an averaged [;-norm, which is what we typically use in sparse graphs where the
local limiting structure of the dSBM is what enables the analysis. The key observation in this section is
that for any matrix X € R"*¢, (C*X);; is a function of the inbound neighborhood of vertex ¢ € V;, of length
s, which is approximately equal to (M *X)i;. In order for us to make this connection, we need to describe
the local behavior of neighborhoods in the marked graph G,, = (V,,, Ey; %,), where o, = {Y,; : i € V,,}
are the extended vertex attributes.
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5.2.1. Coupling with a multi-type Galton-Watson tree. Pick a vertex I,,, chosen uniformly at random from
the vertex set V,,. The idea behind local weak convergence is to couple the exploration of the inbound
neighborhood of I, with the construction of a rooted graph, whose root () corresponds to I,,. We point
out that in our setting, the local weak limit of the dSBM is a non locally-finite graph, so the coupling we
need is one between the exploration of the inbound neighborhood of I,, with a branching tree whose degree
distribution grows with n. We start by introducing some terminology for trees.

We enumerate nodes in a rooted tree using the Ulam-Harris notation, which contains the ancestry path
of any node all the way to the root. For that, let any node in generation k& > 1 of the tree have a label
of the form i = (i1,...,ix) € N¥, and define the concatenation operation (i,j) = (i1,...,ix,j) for a
node in generation k + 1. The root is always denoted by (), but is omitted from the label of any other
node; to simplify the notation, we omit the parentheses for nodes in the first generation. We denote by
U= {@% U U, N% the set of all possible node labels. The generation of a node i € U is denoted by |il,
for i # 0.

The local weak limit of a sparse dSBM with K communities is a marked K-type Galton-Watson tree.
Recall that our network is not a sparse graph, so instead we are using an intermediate coupling (see [40]
for a detailed description of the construction). In order to obtain a description of the coupled tree, we
start by reminding the reader that vertices in G,, have extended attributes:

Y; = (J;,Qi,Bi) € {1,..., K} x [-1,1]* x [0, H]", (5.12)
and Z, =0 (Y;:i € V,). In the K-type Galton-Watson tree, each node i will have an attribute:
= (@) e {1, K x 21,11
and a full mark of the form:
X = (i Qu AN UL B} ) € (1 K x 1,1 5 NF [0, ™
where J; is the type of node i, Ni( "
"+Ni(K).

We will construct the tree conditionally on the community labels ¢, = {J; : i € V,,}. The unmarked tree
will be denoted T = (Jy—y Ar C U, where Ay, is the set of nodes in its kth generation, and each node i e T
will have a type J;. To start, set Ay = {0} and choose the type of the root §) according to:

n (j@ :T‘> = %Zl(Ji =r)=naM,

From here on, any node i € Ay, will have an offspring vector (N.(l), cee Ni(K)), conditionally independent
of everything else given its type, and having distribution:

o < E (") sr
IPn(N.(l):nl,...,Ni(K):nK|Ji:r) Heq q ,

1

is the number of type r offspring that node i has, and N; = N (1)

where qg,rf) = K(s, r)ﬂgn)Q In other words, given J; = r, the numbers of offspring of each type s of a node

of type r are independent Poisson random variables with means qg,«), 1 < s < K. To prevent the labels
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from conveying any information, we usually permute the N; offspring uniformly at random, and then set
AkH:{(i,j):ieAk,lgjgNi}.

Note that the conditional distribution of j(i’j) for |i| = k, k > 0, depends on J; and is given by

()1 (N (n) (n)
~ N71(N; > 0)] - sr )
Ji = 7“) =K, [’ (A ) Ji = 7“] a = Fd(s )T
N;

SE ¢ K k)

Moreover, conditionally on J;, the {JA(i,j) : j > 1} are independent of each other.

P, (j(i,j) =s

Now that the unmarked tree 7 = (J;—, A has been constructed, we assign to each node i € 7 a mark
(Qi, {E(i,s)}é\[:il)' The internal belief vector Qi depends only on J; and is distributed according to F' i
Finally, the unnormalized weights satisfy for z € R,

P, (B(i,j) < x‘ Ji, j(iﬁj)) =G, (@), (5.13)

independently of everything else.

Definition 5.1. Two simple vertex-marked directed graphs, G = (V, E; <) and G' = (V', E'; &), whose
vertices have marks a;, i € V, and aj, ¢ € V', respectively, are said to be isomorphic if there exists a
bijection ¥ : V' — V' such that (i,7) € E if, and only if, (¢4(:),9(j)) € E’, for nodes i,j € V, and for all
1 € V the vertex mark a; = 329(1')' We write G~ G’ to express that the graphs G and G’ are isomorphic.

For each i € V,,, the intermediate coupling will construct a marked tree %(i)(j ) 2 (T(J)|Jy = J;) using as
marks in Definition 5.1 the types, which correspond to the community labels in the dSBM (we do not need
the internal opinions nor the unnormalized weights for this purpose, since their distribution is determined
by the types). Note that the subscript ()(i) emphasizes that the root of the tree corresponds to vertex i in
the graph. For any fixed s > 0, let gi(s)(J ) denote the induced subgraph of G,, determined by the vertices
in V,, that have directed paths of length at most s connecting them to vertex ¢, including their community

labels, and let ’76)((‘?)@ ) denote the restriction of Ty(;)(J) to its first s generations. Then, using the same
type of intermediate coupling as in [35], one obtains the following theorem.

Theorem 5.4. For the dSBM under Assumption A, with 6, < (logn)® for some b > 0, and any fived

k > 0, there exists a sequence of marked K-type Galton-Watson trees {Tyuy(J) : i € Vp} such that
A 'D A A

Towy(J) = (T(N)|Jg = Ji) and

BN (k) ®) )

- _X;Pn (6P # e ) Lo, oo

Note that when the coupling holds for a vertex ¢ up to generation s, i.e., Qi(s) (J) ~ 76)((2 (j), we can copy the

internal belief vectors and the unnormalized weights from the graph, so Qi = Qy(j) and B(i,j) = By(i)9((1.5))
where ¢ is the bijection defining the isomorphism. When the coupling fails, we simply sample them
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independently according to F'; and (5.13), respectively. Once we have the unnormalized weights, we
define

A B
Con = ma— ZBIS

Zs 1B15 s=1

On the tree, the weights {C’l ;1€ T} are used to construct the weights

Oy =MChyy,  Ty=1.

5.2.2. Proof of Theorem 3.1 for semi-sparse graphs. Our goal is to bound the norm
t

J = max E, [

1€V, <
=

max E,, { (C*X )i — (M*X )i

max (C°X)ij — (M*X);5

4

for X € [—1,1]"*¢ a random matrix, conditionally independent of C' given .%,, and having mean X =E, [X].

To simplify the notation, note that if we set X = X,; and X = X'.j = E, [X], then

| =] |

so it suffices to analyze expectations of this form. We start by defining for each ¢ € V}, and any s > 1, the
event that the coupling with the K-type Galton-Watson tree holds:

Dy ={0(1) = T} (D)}

7

E, [ (C*X)ij — (M*X)y;

(CX); — (M%)

Lemma 5.2. Let X = (X1,...,X,)" € [=1,1]* be a random vector such that X; has distribution Ha,,
independently of everything else; let X = (Z1,...,%,)" = E,[X] denote its mean. Furthermore, suppose
T; =, for all i such that J; =7, 1 <r < K. Then, for anyi €V, and s > 1,

B

where M is defined in (5.8), x = (21,...,2x)", the II; are defined on the marked tree T(J), and X; is
distributed according to HAi> independently of everything else.

(CX); — (M%)

}gEn S TIGX; — (Mx) g, || Jy = Ji| + 2P, (D),

li|=s

Proof. We start by considering one vertex i € V;, and construct its coupled tree %(i)(j ) 2 (T(D)|Jg = Ji).
Note that on the event D, ; there is a unique path connecting vertex i to each of its neighbors at distance
s, and these paths are the same as those in the tree, so

(C°X); = Z Z CijiCign -+ Cja1ju Xy Z 1I; Xh (5.14)
n=1 js=1 li|=s

with X; = Xy(i), with ¥ the bijection determining the event Dg ;. Since the distribution of Xy;) depends
only on Ay and Ay = A;, then (Xj|A4;) is distributed according to Hy.
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The induction proof given within the proof of Theorem 5.2 shows that
(M°R); = (Mx).1,.

|

(C°X); — (M°R);

Consequently,

. [ (C5X); — (M°R); (C°X); — (M°%);

| =]

n [1(Ds,z')

| + B [10D5,) (1CX)i] + (317541

<E, | DX — (Mx) || Jg = Ji | + 2P, (D),

li|=s

where the weights II; and the terminal values X; are defined on the marked tree Tow) (J ) and we have used
the observation that |[C*X||s < 1 and [|M*%||s < 1. O

Next, define the vector a, := (as(1),...,as(K))" given by:
as(r) =By | | Y IX; — (M%) || Jy=r] . (5.15)
li|=s
Before proving the main theorem of this section, we give a bound for ||a;|/c.

Lemma 5.3. For a; defined according to (5.15), and provided 0,, — oo as n — oo, there exists a constant
IV < oo that does not depend on the choice of {X;} such that

a0 < IV6, /2.

Proof. Note that if the rth row of M is zero, then ai(r) = 0, and since the non-zero rows of M coincide
with those of M, it suffices to consider r € Z. For r € Z,

ZCX (Mx),|| Jy =],

and let
N@ N@
Sj = ZBlel(Jz =7) and Sj = ZBzle( i =17),
i=1 =1
so that
N, N, ~ ~ ~
e e B o &+ +5k
CiXi= &N g i
=1 =1 Zs*@lB 1 K

Define the event
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and condition on j@ to obtain that

N@ N(I]
<En |UF) Y CiXi — (Mx),|| Jy=71| +Ep | 1(F) | Y Cil Xi| + [(Mx),| || Jy =7
=1 =1

2/(3HA) No .
:/ P, ZC’X (Mx),| > t|Jy=r dt+2]P’n<FC
0 :

j@:T),

where we used the observation that Zf\;@l Ci|Xi] <1 and [(Mx),| < [|Mx|lso < [|M|lss|%[loc < 1, and
therefore, the integrand is bounded by one.

Next, note that conditionally on j@ = r, we have that Sj L 25\21 Bi(m )Xi(j ), where IN; is a Poisson random

variable with mean q](-f) = k(j,r) J(-n)ﬁn, and is independent of the i.i.d. sequences {BZ»(r’j ) > 1} and

(XY i > 1y, with B™ 2 (By|Jy = r, J; = j) and X7 2 (X,]J; = j). Similarly, §; 2 >N B™) | and
all the random variables {S],S : 1 < j < K} are conditionally independent of each other given j@. It
follows from Lemma 5.1 that for r € Z,

2 (n)y2 3 (n)\3
P, Z C X MX >t JQ) =r| <dexp|— (t/2) ( n fr ) + H(t/Q) (Qn,ur )
20, ") 2012

2
< 4exp <—(t/22A)n9n (1- HAnt/2)> )

as in the proof of Theorem 5.3, and

P, (F ‘j@ = r) < dexp (— (1/(31;[2:))29” (1- HAn/(SHAn))) = dexp <_27An?;IAn)2> .

Since the bounds do not depend on j@, we obtain that

2/(3HAn) 2
la1 oo §4/ exp (—(t/;A)Hn (1—HAnt/2)> dt + 8exp (—9">
0 n

2/(3HAR) (t/2)29n 0,
<4 - -
< /0 exp< 3N, >dt+8exp( 27An(HAn)2>

23/0m [ (65m)/(3HAR) s 0
,Z d _ n
,/771/ 6A / 2+ 8exp < 27An(HAn)2>
< 8VBANT [ e dz + 8exp < On )

N \/ﬂ 0 V2T _27An(HAn)2
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_ 4VBALT On _ —1/2
=~ sew ( 27AH(HAn)2> 0 (en )

as n — oo. Noting that the last estimates do not depend on the choice of the {XZ} completes the proof. [
As a corollary to the previous lemma, we obtain the following bound for ||a||so-

Corollary 5.1. For s > 1 and as defined according to (5.15), and provided 6, — 0o as n — oo, there
exists a constant I < oo that does not depend on the choice of {X;} such that

llas]|co < F's@;lﬂ.

Proof. To derive a recursion for a,, s > 1, note that for each j € {1,..., K},
Ny . . Ny Ny
as(j) = En Z Cr Z g;l) X(r,l) Z CT(M571X)J + ZCT(M871X)J (MSX)J Jp =17
r=1 |(r,i)|=s r r=1 r=1
R M
< E, o Xy — (M%) 5 | Jy =
< Z Z o e ( )i || Jo =17
r=1 |(r,3)|=s
Ny i
+En || Co(M T x) ;5 — (MPx); || Jy = j
r=1
N@ ]j A
A i) o s— SO A L AN B .
=E, |Y GE, || 3 X5 — (1'% || N ACr, J 300 | | o = 5
r=1 |(ri)|=s r
K Ny A K
HEn | DY Gl = M%) = Y M (M x),|| g = j
=1 r=1 =1
N@ K N@
=B | > Crasa(J)| Jyg=3| +En || D M%) [ D CA(r =1) = My ||| Jy = j
r=1 =1 r=1
N@ K NQ)
< p— / 871 o 7 = —_ Y - 7 = 1
max as- 1(j ;C Jp=j| +E, ;(M X); ;Crl(Jr 1) — My ||| Jy =37

To simplify the bound, recall that 21{\21 C, = 1. To bound the second expectation, let Y, = Yy = (Ms_lx)l
for all 7 such that J, = [, define y = (y1,...,yx) ", and note that

K N
En | > (M 'x), 201 ~ My ||| =3j| = ZOY illdo=3dl,
=1 r=1
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so by Lemma 5.3 we get

Ny
A 7o r.n—1/2
11%[%)%{153“ ZIC’Y (My);||Jg=3| <T's0,
T

for some constant I that does not depend on the {Y;}. Therefore,

as]loo < llas—1lloo + F,€;1/2~

Iterating the recursion gives
as]loe < TVs01/2.

We now state the counterpart of Theorem 5.3 for this regime.

31

Theorem 5.5. Let X = (X1,...,X,,)" € [-1,1]" be a random vector such that X; has distribution Ha,,

independently of everything else; let & = (Z1,...,Z,) = En[X] denote its mean. Furthermore, suppose
Z; = x, for all i such that J; =7, 1 <r < K. Then, there exists a constant I'" that does not depend on the

choice of X such that for anyi € V,, and s > 1,
al

Proof. By Lemma 5.2 and Corollary 5.1, we have that

B

/

~ r
(C*X); = (N°R)|| < 5 + 2P0 (D5)

(C*X); — (M%)

lil=s
< as(Ji) + 2P, (D5;) < [las]loo + 2Py (DS;)
<T's0, /% + 2P, (D) .

We can now give the proof to the second part of Theorem 3.1.

Proof of Theorem 3.1. Suppose 6, — co as n — 00, and recall that we need to prove that

sup i [ R ] 5o

}gEn ZHX (Mx) .|| Jp = J; + 2P, (D5;)

as n — co. Note that by Remark 3.1(a), it suffices to assume that 6,, < (logn)® for some b > 1. To start,

note that by Theorem 5.1, we have that for any fixed & > 0,

0RO | < [[R 8O ] e |
1 i€Vn ! €Vn

<1(k> 2)Z;as,trr€1%x E, [

max E,, [
1€Vy

R =]

(CWO)g — (MW )4

1< Vn
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k
+ZaskmaXEn[
. eV,

s=

(C°R©);4 — (M°R);4

1} En [ i

_R(k)HOJ ,

Moreover, by Theorem 5.2,

E, [ R (k)

Now use Theorem 5.5 to obtain that

v | J->e

and

R <

k>0 = a2

_Rac)H ] e

(C*W O,y — (MW

(Wi = (W1 Way);

J < (F’SH;W + QPn(Dg,i)>

E, [ (C*RO);0 — (M*R)s

< ropn—1/2 ¢y
| = e(rsor12 42, (D)
It follows that

k=1 ¢
(k) _ (k)H < > rop—1/2 c
max E, [ R; R; J <1k >2) - ;ast%af 14 (F s6, %+ 2Pn(Ds,z)>
+zk:a kmaxé(l“’se—l/%rzp (DC.)> +€£.g
ER eV, n n\s 2 n

='o- 1/2ZZa5t5+2ZZastmaXP )+2 o

t=1 s=1 t=1 s=1
le
= ' 12 1—d t 42 Qs maxIP -En,
e 33 e oL+

where in the last equality we used (5.4). Since Zf_l(l —d)i='t <d=? for all k > 0, and

Zk:zt:a ¢ T P Z{gafjlf” i(i)(l—c—d)t_s

t=1 s=1 t=s

k
_s_l?é%lp (DS (e + d) ™ 1%(m;8>(1—c—d)m(c+d)5“
<Z P, (D) ¢ ¢ _E, |maxP,(D5,)
m = n X1 i)l
iV (ctdst — (crdyd ™ [iev, »oT

where T is a geometric random variable on {1, 2, ...} with success probability p = d/(c+d), we have shown
that

sup max [E, [
k>0 1€V

R R | < G (000 80) + (3 75 (a0
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It only remains to show that max;cy, P, (D5 ) L0 as n — oo for any fixed T', since then the bounded
convergence theorem would complete the proof. To see this is the case, note that all vertices {i € V,, : J; =
r}, 1 <r < K, are exchangeable, so for any ¢ € V,,,

1 (I =)
n(Dfi) = ZP (DE )L = 1) Z ZE” (D10 =) = £ 3 Bu(D,) 3 1022,
m=1 r=1
and therefore, by Theorem 5.4 and Assumptlon A,
1 n K 1 P
max B (Df,) < 3" Ba(Dfin) -3y 220
1€Vn n “— —
m=1 r=1 r
as n — oo. This completes the proof. O

The last section of the paper contains the proofs of Theorems 3.2 and 3.3, which are a consequence of
Theorem 3.1.

5.3. Proofs of Theorems 3.2 and 3.3. We start by proving Theorem 3.2, which focuses on the trajec-
tories of the process {R*) : k > 0}.

Proof of Theorem 3.2. Fix k > 0 and recall that V;,; € [—1, 1]%(k+1) is the matrix having jth column
(Vii)ej = Rl(j_l), and Vj, € [—1,1)*+1) is the matrix having jth column (Vi)e; = 'Réj_l). Assume
f:[=1,1]%*+) - R is bounded and continuous with respect to |- ||; (the induced operator norm) . Since
f is continuous on a compact set, it is also uniformly continuous, so for every € > 0 there exists a 6 > 0

such that
lf(X)—f(Y)|<e whenever |IX =Y <é.

Let Vi, € [—1,1]** 1 denote the matrix having jth column Vii)ej = ’R,(j_l), and let
) J 1
ff=_ max [f(X)].

Xe [ 1, 1 £x (k+1)
It follows that for any 1<r<K,

*Z’f Vk’L Vk'L ’1 )
1 n
- Zl (Vi = Vil < 6) +2f*- gz L([Vki = Viiilly = 9)
=1 =1

2f* 1
< .fE Vi —
Se+ 5 ni:1|| ki

=ec+ 2 izn: max HRgm) —’R,(m)Hl

) 0<m<k ¢

NS » | ae ]

mOzl
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Take expectations on both sides to obtain

Z|f Viei) = f Ve 1(Ji = 1)

% k n
< LR
m=0 i=1

Rl

2f* m m
<e+ . maX]EnHRZ( )—R§ )H]
1) L=t i€Vn 1
2(k+1)f (m)
+ =y sup e |[RY - R .

From Theorem 3.1, we have that sup,,>omax;cy, Ep [

(m) _ Rl(-m)HJ 2.0 as n — 0o. The bounded
convergence theorem then gives

lim F

n—oo

Z|f Viei) = f Ve 1(Ji = 1)

-lim F [sup max E, [
o) n—o00 m>0 1€Va

R - R™| H —,
1
which in turn implies that
*E |f Vi) — f V)| 1(J; =) — 0, n — 00.

Moreover, Kolmogorov’s strong law of large numbers gives

= S (V)i =71) = E[f (Vi) 1(Ji = r)])| =0  as.

n
=1

as n — 0o. Since
E[f(Vki)1(Ji = )] = E[f (Ve)|Ji = r]E[x{"] = E[f (V)| Ty = r|E[x"] = E[f (Vo) LTy = )| E[x] /7,

we have shown that

- > =)~ Bl 01 =)
é1Z:If(vk,i)—f(vm)ll(ﬁ—r)+ ;ilf(\/kﬂ)l(Ji—r)—E[f( ) 1Ty = 7))
< fZIf Vii) = f )| 1(Ji = 1) + ;ﬁ;(f(vk,znui_r)—E[f(vk,z)uJZ_r)])‘
B V1T = 7)) E[:fn)] I

as n — oco. Since € > 0 was arbitrary, the first statement of the theorem follows.
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For the second statement, let {fi,..., fi} be bounded and continuous (with respect to || - ||1) functions on
[—1,1](+1) | Recall that we may assume that the functions are uniformly continuous. Now note that

and since the {V; : i € V,,} are conditionally independent given the community labels ¢#,, then

m

Hfj (Vklg H fj Vk ’jQ) Hfj sz] - E, Hfj (Vk,ij)
Jj=1 j=1

lIE

where fF = maxyc_ exv+) [f5(X)], and we have used the inequality

m m m
- Hyz < H(|ﬂﬁi| V yil) Z |z — yil-
=1 =1 =1

To complete the proof, note that the random variables {|f; (Vi) — f; V)| - J¢ = r} are exchangeable, so
if J;. = r;, then
i 7o

B 165 (Ves,) — 55 Vi)l = —g 30 Enllfs (Vo) — f5 (Vi)

71—7'] t:Ji= =r;

]

- Z 15 Vi) = f5 Vi) | 1(Je = 7“j)] :
t=1

Now apply the same arguments used in the first part of the theorem to obtain that for any € > 0 there
exists a § > 0 such that

1 2(k+1)fF m
En [|f; (Vii,) = fi (Vi,)|] < ﬁ <5+5 J 311;%1;2%1@ [ —’Rg )HlD )
J
We conclude that
B Hfj (Vkvij) - HE [fj Vi)l Ty = Jij]
j=1 j=1
< fi — <E+]SupmaXE H ) f =
jrzll J ]Z:; 7_‘_7(,?) J m>0 *€Vn |: ] ]1;[1 ; 7Trj
as n — oo. Taking ¢ | 0 completes the proof. ([l

We now prove Theorem 3.3, which refers to the stationary behavior of the process {R(k) : k> 0}.
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Proof of Theorem 3.3. We will start by constructing a coupling of two matrices, R € [—1,1]"*f and R €
[—1,1]™*¢, the first one with rows Rje = R; and the second one with rows Rje = R, as well as of the
random variable 7, such that R has the stationary distribution of {R® : k > 0},

R = Z tw”MZZast M°W)y,, i€ Vn,
t=1 s=1
and
maxE, | R — Rill,] =0, n - oc.
1€EVn

Note that exactly the same arguments used in the proof of Theorem 3.2 (set k = 0) will then yield

Zf(Rz')l(Jz‘ =) D Ef(RYUTy=7)] and E, H fiRi) | 5 HE[fj(Rw)U@ = Ji,l,

as n — oo. Hence, we only need to exhibit the coupling.

Define {B®) : k >0}  [~1,1]™*¢ to be the process defined according to

k—1
Bk — ZAtw(t)

and let B =32 AW, To see that B is well-defined, recall that HAHOO =1—d < 1, and therefore,

HB — B(’“ ||Z Atw®

< Z AW D o < € (1 —d)' =1 ~d)"/d 0,

as k — oo, which yields B = limy_,o, B%).
Going back to the original opinion recursion (5.1), note that it satisfies

k—1

k) — ZAtw(k—t) + AFRO) 2 p(k) | AFRO),

r=0

from where we obtain
R® = B, k— .

It follows that B 2 R. The coupling we need is given by (B R). It remains to show that

max E, [[|B; — Ri||;] = n — 00,
1€V
where B; is the ith row of B.

To this end, define the matrix B*) € [~1,1]"*¢ having rows (B*));, B(k) given by
k-1

k—1 t
BY=S"1-c- W +1(k>2) Y Y ac(M
t=0 t=1 s=1

1
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Next, note that for any k£ > 1 and any i € V,,,

B o0+ 8] [

(
’ 1
< 1B - B9l + [BY - BY|| + 8% - Rl

We have already computed HB B) H < (1 —d)*/d, and the last norm can be computed as follows:

|8 -=|| <Zl—c VWO + 303 e AW

t=k s=1
co t
<031 cd) +€Zzast_gz (1—c V“ZZO (1 e di-se
t=~k t=k s=1 t=k s=1 s
:52(1—(;— +£Z 1-d)f —(1—c—d))=0> (1- (1 —d)*/d,
t=k t=k

where in the second inequality we used the observation that |[W® | o < ¢ and | MW || < £.
We have thus shown that for any ¢ € V,, and any k& > 0,

1B = Rill, < [BY = B +2000 - a)f/a.

Taking expectations on both sides, followed by the maximum over ¢, we get

maxE,, [|B; — Rill,] < 2¢(1 — d)*/d + sup maxE,, [ (m) _ Bf.m)H ] . (5.16)
1€Vn m>0 1€Vn 1
Finally, note that by Theorem 3.1,
sup max E, [ —B(m)H ] = sup max E, [ (m)—Rgm)H } £>0, n — o0.
m>0 1€Vn 1 m>0 1€V 1
Taking k — oo in (5.16) completes the proof. O
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