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Abstract

We develop a model of social interaction in which agents hold private beliefs
but communicate public statements. We distinguish between two networks:
an audience network shaping statements through social pressure, and an in-
fluence network governing belief updating. This separation drives a wedge
between public statements and underlying beliefs, so that agents may per-
sistently communicate opinions they do not hold. We provide necessary
and sufficient network conditions for the emergence of such hypocrisy. The
model generates rich patterns of opinion propagation, including the amplifi-
cation of messages that agents themselves do not believe, and sheds light on
phenomena such as propaganda diffusion, the spiral of silence, and political
correctness.
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1 Introduction

People often publicly express views they do not privately hold. In political debate,
online communication, and organizational life, individuals may repeat prevailing
narratives despite privately disagreeing with them. We refer to such persistent
discrepancies between public statements and private beliefs as hypocrisy. While
hypocrisy is commonly associated with strategic deception or manipulation, these
discrepancies may also arise without any intent to mislead.

This paper studies how hypocrisy emerges, persists, and affects opinion prop-
agation as a consequence of the network structure. We develop a tractable model
of social interaction in which agents form private beliefs but communicate public
statements. The key idea is that these two objects stem from distinct processes:
statements are shaped by social pressure, while beliefs evolve through learning
from observed statements. Belief formation therefore relies on a communication
layer that may be systematically distorted relative to the distribution of private
opinions. We characterize the conditions under which such distortions persist in
the long run and illustrate how public narratives and aggregate outcomes can be
shaped by statements that do not reflect agents’ private beliefs.

Belief formation in economics is typically studied through two broad tradi-
tions. The first is Bayesian social learning, in which agents use Bayes’ rule to
infer information from signals, actions, or choices observed within a social struc-
ture. The second is DeGroot-style dynamics, in which agents repeatedly update
their opinions by taking weighted averages of others’ views[| Bayesian models
provide a rational benchmark, while DeGroot models offer a behaviorally simple
and analytically tractable framework for opinion dynamicsE]

We retain the tractability of averaging-based opinion dynamics, but introduce
two departures from the standard setting. First, we distinguish between privately
held beliefs and publicly communicated statements. Second, we distinguish be-
tween the audience network, through which social pressure shapes statements, and
the influence network, through which observed statements shape belief updating.
These departures allow public communication to affect belief dynamics in ways

that are absent from the standard DeGroot learning.

!Canonical contributions to Bayesian social learning include Banerjee| (1992) and |Bikhchandani
et al.| (1992), while network-based models include, among others, |Bala and Goyal (1998) and
Acemoglu et al.| (2011)). The original averaging model is due to [DeGroot| (1974). Important
early network-based extensions include [DeMarzo et al.| (2003); |Acemoglu et al.| (2010)); |Golub
and Jackson| (2010}, 2012)). See also |Golub and Sadler| (2016) for a comprehensive survey of
Bayesian and non-Bayesian models of social learning in networks.

2Experimental evidence comparing the two approaches suggests that individual behavior in
networked learning environments is often better described by simple averaging heuristics than
by fully rational Bayesian updating (e.g.,|Chandrasekhar et al., 2020; |Grimm and Mengel, 2020).



These distinctions are motivated by evidence from social psychology showing
that private beliefs and public statements are shaped by different social forces. In
the classic conformity experiments of |Asch| (1955), subjects often reported judg-
ments that contradicted their own perceptions after being exposed to unanimous
but incorrect statements of others. To explain these observations, Deutsch and
Gerard| (1955) distinguished between normative social influence, which induces
conformity in public expression, and informational social influence, which affects
the updating of private beliefs. This distinction maps naturally into our frame-
work: the audience network captures normative pressure, while the influence net-
work captures informational influence.

The main contribution of the paper is a network-theoretic characterization of
the origins of hypocrisy. We show that hypocrisy is a structural property of the
multi-layer network induced by audience and influence relations. The distinction
between these two layers can generate persistent public-private divergence even
under simple averaging dynamics. In particular, whether an agent is hypocritical
or not depends on how distinct long-run sources of influence enter belief updating
and statement formation through the two interaction channels. We derive neces-
sary and sufficient conditions for hypocrisy and show that an agent is generically
hypocritical unless all relevant information either originates from a single indepen-
dent source or loops back to the agent through an echo chamber in the audience
network or influence network.

Our results imply that hypocrisy does not arise in standard DeGroot settings
in which communication and influence coincide, but emerges naturally, though not
always, once these channels are separated. More broadly, the analysis shows that
persistent discrepancies between what agents believe and what they say can be
generated by the topology of social interaction itself, without strategic manipula-
tion, reputational signaling, or biased belief updating.

Beyond its characterization of hypocrisy, the model has implications for the
propagation of opinions in networks. Because agents tune their statements to
their audience, they may transmit narratives that differ from their own beliefs.
As a result, public messages can spread without being privately adopted by the
agents who pass them on. We show that this mechanism can amplify the reach
of particular viewpoints: agents who do not believe a message may nevertheless
communicate it, allowing it to influence individuals far from its original source.
This provides a simple theoretical explanation for phenomena such as propaganda
diffusion, the spiral of silence, and political correctness. More generally, the frame-
work suggests that public opinion, as reflected in observed narratives, may shape

aggregate outcomes while systematically differing from private opinion.



An important implication of the model is that hypocrisy can arise even in
a non-strategic environment. Agents do not attempt to manipulate others or
influence future beliefs, yet they may systematically communicate statements they
do not hold, even after beliefs have converged. By isolating a minimal mechanism
through which hypocrisy emerges and shapes the propagation of opinions, we show
that failures of information aggregation may arise not from biased updating, but
from distortions in the communication layer itself. Abstracting from strategic
or forward-looking behavior allows the model to highlight the role of multi-layer
network structure in sustaining discrepancies between private beliefs and public

narratives. We discuss our contributions to the literature in detail below.

Related literature. Belief formation in networks has been extensively stud-
ied in the literature on non-Bayesian social learning and opinion dynamics, often
through DeGroot-style averaging dynamics (see, e.g., Grabisch and Rusinowska,
2020, for a survey). Recent contributions have extended this framework to incor-
porate heterogeneous initial information (Banerjee et al., 2021), individual learn-
ing (Della Lena, 2024), endogenous network formation (Bolletta and Pin} 2025),
endogenous information acquisition (Riscol 2025)), and signed or group-based in-
teractions (Della Lena et al., 2026). These and many other papers assume that
agents communicate their beliefs truthfully.

Closer to our approach are the papers by Buechel et al.| (2015)), Arifovic et al.
(2015)) and Anufriev et al. (2023), which relax this assumption and explicitly study
the role of conformity motives in opinion dynamics, belief aggregation, and con-
vergence. Similarly to these papers, we distinguish between privately held beliefs
and publicly communicated statements. Unlike them, however, we model beliefs
and statements as outcomes of separate interaction processes operating through
distinct networks. This multi-layer structure gives rise to persistent discrepan-
cies between private beliefs and public statements, a phenomenon that we call
hypocrisy and that cannot emerge in those models.

By establishing conditions of such hypocrisy, our paper also relates to the
literature on conformity and social image. Classical contributions such as |Akerlof!
(1980), Bernheim! (1994)), and Bénabou and Tirole| (2006) study how social norms,
reputational concerns, status incentives, and image considerations shape behavior.
In this literature, discrepancies between private preferences and publicly observed
behavior arise as equilibrium responses to social incentives. In our model, agents
also face a trade-off between expressing views close to their privately held beliefs
and conforming to social pressure. Our mechanism, however, is different. Unlike in

this literature, private beliefs in our framework evolve endogenously through social



learning from publicly observed statements, so that public expression feeds back
into future beliefs. While agents optimally resolve the static trade-off between
conformity and expressing their privately held beliefs, they do not internalize the
dynamic consequences of their current statements for future belief evolution.

In this respect, our paper is closer to models of norm conformity and assimila-
tion dynamics in social networks, in which agents respond to social pressure or peer
influence. For example, Buechel et al.| (2014) studies norm conformity through the
distinction between intrinsic and displayed traits, while |Olcina et al. (2024) an-
alyzes assimilation dynamics in social networks. Although our setting and focus
differ, the distinction between privately held and publicly displayed characteristics
in these papers parallels our distinction between beliefs and statements.

Our paper is also related to the literature on preference falsification, political
correctness, and distorted public communication. Kuran| (1987, |1995) study envi-
ronments in which individuals publicly misrepresent privately held views because
of social or political pressure. In Kuran’s framework, public expression affects
beliefs about the distribution of private opinions in society and may generate plu-
ralistic ignorance, as well as sudden shifts in public opinion once hidden views
become publicly revealedE] Relatedly, [Morris| (2001) studies how concerns about
political correctness distort strategic communication and information aggregation
when agents account for the social consequences of their statements. While Kuran
emphasizes active misrepresentation of views, the spiral of silence theory empha-
sizes the suppression or self-censorship of publicly expressed minority opinions
because of perceived social pressure (Noelle-Neumann, 1974, [1984). As in this
literature, agents in our model face a trade-off between expressing views close to
their privately held beliefs and adapting statements to social pressure.

Our contribution is to embed this mechanism into a network model of social
learning. In contrast to Kuran (1987) and [Morris (2001), agents in our framework
do not infer hidden private opinions from observed statements. Instead, publicly
communicated statements directly enter the process of belief updating, so that
distorted communication propagates through the network and affects long-run be-
lief formation. We demonstrate that this mechanism can generate qualitatively
related phenomena, including the amplification of perceived majority views, sup-
pression of minority opinions, and propagation of narratives through indirect com-
munication channels. These findings are broadly consistent with emerging empir-
ical evidence showing that social pressure substantially affects publicly expressed

opinions (Bursztyn et al.| 2020; Ho and Huang, 2026)), while media influence and

30ur current model does not feature such phenomena, since agents do not form higher-order
beliefs about the private opinions underlying observed statements.



interpersonal communication may generate large network spillovers (DellaVigna
and Kaplan| 2007; [Bond et al. 2012; [Yanagizawa-Drott} 2014)).

The paper is organized as follows. Section [2| introduces the model and formal-
izes the roles of audience tuning and influence in belief formation. Section [3]solves
the model and characterizes its long-run outcomes. Section 4| studies the emer-
gence of hypocrisy and provides conditions for its occurrence. Section [5| discusses
the implications of the model and illustrates its mechanisms through applications.

Section [0] concludes. The proofs of all results are relegated to the Appendix.

2 The model

Society consists of a set of agents, N = {1,..., N}, who communicate and ex-
change information regarding a given subject. Time is discrete. In each period
t > 0, agent ¢ makes a public statement s;(t) about the subject and subsequently
forms a belief b;(t) based on the statements of others[]

Each period t begins with a round of communication. During this stage, each
agent chooses a statement to minimize dissonance, which arises when their state-

ment deviates from

(i) their own previous belief, reflecting the cost of personal inconsistency (pri-

vate dissonance); and

(ii) the statements observed in their audience, reflecting the cost of social dis-

agreement (social dissonance).

Formally, communication occurs on a faster timescale 7 within period ¢. Given
the previous belief b;(t — 1), which remains fixed at this timescale, agent ¢ at each
instance 7 chooses a statement s7(¢) to minimize dissonance with their previous

belief and the preceding statements of others:

min { (570 = bt = 1)+ 3 dig(s7(0) = 577 (0)*} (1)

57 ()

The parameters d;; > 0 capture the sensitivity of agent ¢ to dissonance with

agent 7 and are summarized in the audience dissonance matric D = {dij}fj:l,
which has a zero diagonal. If d;; = 0, agent 7 does not take j’s statement into
account when choosing a statement, whereas if d;; > 0, disagreement between 7

and j generates a cost.

4In our context, beliefs are broadly interpreted as private opinions, judgments, estimations,
norms, or values, while statements correspond to publicly expressed opinions, narratives, or
observable actions. We use the term belief to emphasize that our results apply even when
agents aim to estimate an objective truth.



The matrix D defines the audience network: there is a directed edge from ¢ to j
whenever d;; > 0, indicating that agent j belongs to the audience relevant for agent
i’s statement choice. This network captures normative social influence (Deutsch
and Gerard), [1955)), whereby individuals experience dissonance when their public
statements diverge from those observed in their audience. Importantly, this influ-
ence need not be symmetric. For example, in authoritarian regimes, individuals
may experience dissonance when their statements contradict those of a dictator,
whereas the dictator may feel no dissonance in return. Similarly, employees may
experience dissonance when their messages diverge from those of their supervisors,
while supervisors may not face the same pressure when addressing subordinates.
Note that the matrix D captures both the direction and intensity of social pressure.

It follows from standard results (e.g., Lemma 2 in Anufriev et al., 2023)) that
statements converge in the fast timescale to a vector s(¢) whose components solve,

for each i,

min{(si(t) (t— 1)) +Z dij(si(t sj(t))Q}. 2)

S; (t)

The resulting statements satisfy

1 N d;; .
si(t) = 1+5ibi(t— 1)+Zj:1 1+]5isj(t), i=1,...,N, (3)

where §; = ; dij. Thus, each agent’s statement is a weighted average of their
own previous belief and the statements observed in their audience. This process,
known as audience tuning (Echterhoff et al., |2005), reflects the role of normative
social influence in shaping public expression.

The statement formation process admits a game-theoretic interpretation (see
also Bindel et al., |2015). Given previous beliefs {b;(t — 1)}, the profile of
statements {s;(t)}¥, coincides with the unique Nash equilibrium of a static game
in which agents simultaneously choose statements to minimize the quadratic loss
in . Each agent trades off fidelity to their own belief against conformity with the
statements of others in their audience. Uniqueness follows from strict convexity,
and the resulting equilibrium is characterized by .

After communication, agents update their beliefs based on observed statements

(see Fig. [1). An agent chooses a new belief b;(¢) by minimizing

min { ((6) = it = D+ 32 g (bit) = 5(6)*}. (4)

b;(t)

The parameters g;; > 0 represent the sensitivity of agent 7 to the statements of



Communication Belief updating

(audience network) (influence network)
D e G
b(t —1) s(t) b(t)
Previous beliefs Statements New beliefs

Figure 1: Timing of the model within period ¢. A round of communication is followed
by belief updating.

agent j and define the influence matric G = {g;;}1;,_,, which also has a zero
diagonal. If g;; = 0, agent 7 ignores j’s statement when updating beliefs, whereas
if g;; > 0, disagreement generates a cost.

The matrix G defines the influence network: there is a directed edge from i
to j whenever g;; > 0, meaning that agent j influences agent ’s belief. Thus, G
captures both the direction and intensity of informational social influence, whereby
agents use others’ statements as inputs for belief formation. Agents treat observed
statements as primitives when updating their beliefs and do not attempt to infer
the underlying beliefs that generated them. Accordingly, statements constitute
the effective informational inputs in the learning process.

As in the case of the audience network, G need not be symmetric: individuals
may rely on media outlets, public figures, or official sources of information when
forming beliefs, even though these sources are themselves unaffected by the beliefs
of ordinary individuals. Similarly, employees may update their beliefs based on
the views of supervisors, experts, or mentors, while these figures may place little
or no weight on the public opinions of those they influence.

The solution to is given by

b;(t)

ht-10)+> " P, i=1,.. N, (5)

T 14 =114

where v; = ; gij- Similarly to , each agent’s belief is a weighted average of
their own previous belief and the statements from their influence network.

The model is thus fully characterized by two matrices, D and G, capturing nor-
mative and informational social influences, respectively. In general, these networks
need not coincide, reflecting the fact that the agents who shape an individual’s
public statements may differ from those who influence their private beliefs. This
distinction is central to our analysis and will be shown to generate systematic

discrepancies between beliefs and statements.



dashed: audience network D

solid: influence network G 913 g31

Figure 2: Tllustrative four-agent example. Dashed arrows represent the audience net-
work D and solid arrows represent the influence network G. Equivalently, the only
nonzero entries are di2 and d34 in D, and ¢13 and g31 in G.

Illustrative four-agent example. Before turning to the formal analysis, it is
instructive to consider the four-agent society in Fig. 2] which highlights the key
ingredients of the model.

Suppose that in the audience network, agent 1 takes agent 2’s statement into
account and agent 3 takes agent 4’s statement into account, so that dis and ds3q4
are positive and all other audience weights are zero. In the influence network,
agents 1 and 3 listen to each other, so that g;3 and g3; are positive and all other
influence weights are zero. Thus, agents 2 and 4 affect statements but do not
directly influence beliefs [’

At an intuitive level, this configuration already suggests the main mechanism of
the model. Agents 1 and 3 update their beliefs based on each other’s statements,
but these statements are themselves shaped by audience tuning toward agents
2 and 4. As a result, the beliefs of agents 2 and 4 indirectly affect the beliefs of
agents 1 and 3, even though neither agent directly influences them in the influence
network. Moreover, agents 1 and 3 may communicate statements that differ from
their own beliefs, as they adjust their statements toward their respective audiences.

Thus, the example suggests both indirect opinion propagation through the
audience network and discrepancies between beliefs and statements. These obser-

vations will be formalized in the next section.

5This configuration can be interpreted, for instance, in a political context in which agents 1
and 3 represent politicians or commentators who form their beliefs about the subject of interest
through interaction with one another, while agents 2 and 4 represent their respective voter
bases. These constituencies may not directly determine beliefs, but they shape how positions
are publicly expressed. As a result, political discourse may reflect audience-driven narratives
rather than underlying private beliefs.



3 Belief and statement dynamics

We now characterize the joint dynamics of statements and beliefs and study their
long-run behavior. This clarifies how communication and learning jointly shape
the relationship between private beliefs and public statements. A key implication

is that these objects need not coincide in the long run.

3.1 Statement formation

Using and , the joint dynamics of statements and beliefs can be written as:
b(t—1)= I+ A —-D)s(t), b(t—1) = (I+T)b(t) — Gs(t), (6)

where b(t) is the column vector of beliefs, s(¢) is the vector of statements, I is the
identity matrix of size N, A is the diagonal matrix with entries 6; = > ;dij, and
I is the diagonal matrix with entries 7; = 3, gi;. Initial beliefs b(0) are given.

We first recall several standard notions. Let A = (a;;) be a square matrix
with non-negative entries, i.e., a;; > 0 for all 7,j (denoted A > 0). A path from
i to j in A is a sequence iy,...,1; with i1 = ¢, i; = 7, and a4, , > 0 for all
k=1,...,J —1. The matrix A is strongly connected if for any i, j there exists a
path from ¢ to j. The matrix A is row-stochastic if 3 _; a;; = 1 for all .

The following result characterizes the formation of statements.

Proposition 1. (i) The evolution of statements is given by s(t) = Pb(t — 1),

where the row-stochastic matriz P is defined as

P=(I1+A-D)". (7)
1) For any i, p; > 0. For any ¢ and any j # 1, p;; > 0 if and only if there
J
exists a path from i to 7 in D.
(i1i) P is strongly connected if and only if D is strongly connected.

Proof. See Appendix [A.] [ |

Proposition [1| shows that communication leads to statements that are weighted
averages of previous beliefs. In particular, agent j’s belief may affect agent i’s
statement not only directly, when d;; > 0, but also through chains of audience

interactions.

10



3.2 Belief dynamics

We now turn to belief formation. From ({]), we obtain b(t) = Qs(t), where
Q=(1+I)"(I+A+G-D).

Combining this with Proposition [I} we obtain b(¢) = Tb(t — 1), where T = QP.

Proposition 2. The matriz T defined as
T=(I+T)"'I+A+G-D)I+A-D)" (8)
1s row-stochastic, and beliefs evolve according to
b(t) = Tb(t —1).

Proof. See Appendix [A.T] [ |

Thus, belief updating follows an average-based process of DeGroot-style learning.
Each agent’s new belief is a weighted average of previous beliefs, where the weights
t;j depend on both the audience network D and the influence network G [

The interaction of the two networks suggests considering the multi-layer net-
work induced by D and G, denoted by D V G. Its adjacency matrix is defined
by
DV G), = 1 if max{d;;, g;;} >0,

0 otherwise.
We say that agent ¢ is linked to agent j if there exists a path from i to 7 in DV G.

The next result characterizes the structure of T in terms of D and G.
Proposition 3. Let T be given by (§).
(i) For any i, t; > 0.

(i) For any i and any j # i, t;; > 0 if and only if either g;; > 0 or there exists
k such that g;, > 0 and there is a path from k to 7 in D.

(1it) t; =1 if and only if g;; = 0 for all j.

(iv) Suppose that for each i there exists j such that g;; > 0. Then T is strongly
connected if and only if DV G is strongly connected.

SWhen G = D, we obtain Q = I and hence b(t) = s(t), corresponding to the “saying is
believing” effect (Higgins, [1999)). This special case is studied in [Anufriev et al.| (2023]).

11



Proof. See Appendix [A.2] [ |

First, Proposition (3| implies that each agent places a positive weight on their
own previous belief. It is well known that this guarantees convergence of beliefs
(see, e.g., Theorem 2 in |Golub and Jackson, |2010)).

Second, beliefs may be influenced indirectly through the audience network. If
agent ¢ listens to agent k in the influence network and the statement of £ is itself
shaped by agent j (possibly through a chain of audience links), then j’s belief
enters the updating rule of agent ¢ even when j is not connected with 7 in the
influence network, and may not even be known to i. While indirect influence is
a familiar feature of network learning models, here it arises within a single period
and operates entirely through public statements shaped by audience tuning.

Third, agent ¢ does not change their belief if and only if 7 is not influenced (i.e.,

if and only if the ith row of G is zero). This motivates the following definition.
Definition 1. An agent ¢ with t;; = 1 is called stubborn.

As we show below, stubborn agents play a key role in generating discrepancies
between beliefs and statements.

Finally, when there are no stubborn agents, the matrix T is strongly connected
if and only if the multi-layer network DV G is strongly connected. This highlights
that the relevant structure governing belief dynamics is the combination of the

audience and influence networks.

The illustrative example continued. We illustrate the matrices for the four-
agent example from Section [} see Fig. 2] Agents 2 and 4 neither adjust their
statements nor update their beliefs, and are therefore stubborn.

The matrix of statement formation is

1 d
12 0 0
14+dis 14+dia
P 0 1 0 0
0 0 1 d34 ’
T+dgs 1+dsy
0 0 0 1

so that agents 1 and 3 tune their statements toward agents 2 and 4, respectively.
The belief-updating matrix T reflects this structure. Since agents 2 and 4
are stubborn, the second and fourth rows of T have a 1 on the diagonal and 0

elsewhere. The first row of T is

< 1 0 913 1 g13 dsq )
1+qgis° 7 14+gis 1+dsy 1+qgis 1+dsy)’

12



where the weights on agents 3 and 4 arise because agent 1 listens to agent 3, whose
statement is shaped by agent 4. A similar decomposition holds for agent 3.
Thus, agent 1 assigns positive weight to agent 4, and agent 3 assigns positive
weight to agent 2, even though agents 2 and 4 are neither directly observed nor
influential. Audience tuning therefore enlarges the set of agents whose beliefs

affect long-run outcomes.

3.3 Long-run behavior
Finally, we study the long-run properties of the model. From the belief dynamics,
we have b(t) = T'b(0). Since t;; > 0 for all 4, beliefs converge: there exists

b* = lim T'b(0).

t—o00

Since s(t) = Pb(t — 1), statements also converge, and we denote

s* = tlggo s(t).
The following simple example illustrates that long-run beliefs need not coincide

with long-run statements.

Two-agent example. Consider a two-agent society shown in Fig. [3| There are
no influence links, so both agents are stubborn and b} = b;(0) for i = 1,2. Agent
1 accounts for agent 2’s statement with dissonance sensitivity dio > 0, while agent
2 does not adjust their statement. Thus, agent 2 states their belief, s5 = b3(0),

whereas agent 1’s statement is a weighted average of the two beliefs:

1 di2

= b1(0) +
o1 1+ dyo 1(0) 1+ dyo

b (0).

Hence, agent 1’s limiting statement differs from their limiting belief unless b,(0) =
b2(0), a condition that holds only on a zero-measure set of initial beliefs and is

therefore non-generic.

This simple example highlights the possibility of persistent discrepancies between

beliefs and statements, which we refer to as hypocrisy.
Definition 2. Agent i is hypocritical if b # s;.

The possibility of long-run hypocrisy is a distinctive feature of our framework.
In previous models of social interaction incorporating conformity or dissonance ef-
fects (Arifovic et al., 2015; |Buechel et al.| 2015; Anufriev et al.| 2023)), discrepancies

13



dashed: audience network D

Figure 3: Two-agent example. Agent 1 takes agent 2’s statement into account in the
audience network, while both agents are stubborn. Agent 1 is generically hypocritical.

between beliefs and statements may arise within a single period but vanish in the
long run as the dynamics converge. By contrast, in our model, such discrepancies
may persist once the audience and influence networks are disentangled.
Understanding when hypocrisy emerges requires characterizing the model’s
long-run outcomes as a function of the network structure. In our framework, the
belief-updating matrix T is generated by the interaction of two networks, D and
G. To express the relevant structure directly in terms of the multi-layer network

DV G, we recall and extend the standard notion of closed communication classes.

Definition 3. A set € C N is a closed communication class (CCC) in D V G if
for all i,5 € C there exist paths from i to j and from j to i (i.e., C is strongly
connected), and there are no paths from any i € C to any k ¢ C. A closed com-

munication class without stubborn agents is called a pure communication class.

CCCs are maximal strongly connected subsets of agents with no outgoing links to
the rest of the network. They play a central role in shaping long-run outcomes in
standard models (see, e.g., Chapter 8 of |Jackson|, 2008)).

A key difference in our framework is that CCCs in D V G do not generally
coincide with those in T, which govern long-run beliefs. In particular, such a class
may contain stubborn agents (through the audience network), whereas under T
each stubborn agent forms a singleton class. This observation motivates the notion
of pure communication classes. Lemmal[A.T]in Appendix shows that the CCCs
in T consist precisely of singleton stubborn agents and the pure communication
classes in D V G.

We refer to pure communication classes and singleton stubborn agents as in-
dependent classes. Accordingly, with respect to D V G, the agent set N can be
partitioned into (i) the pure communication classes C,,, m = 1,..., M, (ii) the set
8 of stubborn agents, and (iii) the set R of remaining agents. Under this parti-
tion, T admits a canonical block form, which determines the limiting beliefs. We
characterize the long-run outcome below (see Proposition in Appendix

for the formal analysis).
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Limiting beliefs. First, all agents in a pure communication class €, converge

to the same long-run belief

b = Zieem mb;(0),

where the weights {7 };ce,, form the unique positive left eigenvector of the sub-
matrix of T restricted to €, associated with eigenvalue 1, normalized to sum to
one. Therefore, b*™ is a weighted average of the initial beliefs of agents in C,,,
where the weight 7" corresponds to agent i’s eigenvector centrality within the
class. Generically (i.e., except on a zero-measure set of initial beliefs and pa-
rameter values in D and G), different pure communication classes have different
limiting beliefs[]

Eigenvector centralities within C,, satisfy the following system of equations:

I+~ 1 Z Ghi Th
i v 146 he@m(h+7h> T+, " (9)

Thus, eigenvector centralities reflect both normative and informational social in-
fluence: an agent’s centrality increases when others tune their messages toward
that agent or form their beliefs under that agent’s influence. Conversely, an agent’s
centrality, and hence their impact on the limiting belief within the class, decreases
when the agent strongly tunes their statements to others or is highly influenced
by others’ views[

Second, stubborn agents never update their beliefs:
br = bs(0), s € 3.

Third, each remaining agent r € R converges to a weighted average of the
long-run beliefs of the independent classes that influence r. In particular, if r is
linked to a single independent class in D V G, then r’s belief converges to the

long-run belief of this class.

Limiting statements. Long-run statements satisfy s* = Pb*. For a non-

stubborn agent ¢, taking limits in (5| yields

b = Zj et (10)

“In the language of the social learning literature, each pure communication class reaches con-
sensus. However, society as a whole fails to reach consensus whenever there are at least two
independent classes.

8Formally, the eigenvector centrality of agent ¢ within C,,, increases with d,; and g5,; and decreases

with d;; and g,; for any h, j € C,, (see Proposition in Appendix |A.4]).
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Similarly, taking limits in gives

= b; 9, 11
e AP rw a

These relations reflect the two-stage structure of the model: beliefs are updated
based on observed statements through the influence network, while statements are
formed based on the audience network. Together, and define a system
of linear equations that jointly determines the long-run beliefs and statements.

The illustrative example completed. We now complete the analysis of the
four-agent network introduced in Section [2 see Fig. Agents 2 and 4 neither
adjust their statements nor update their beliefs. Hence, they are stubborn and
non-hypocritical: b5 = s5 = by(0) and b} = s} = b4(0).

Agents 1 and 3, by contrast, are non-stubborn. The set {1,3} is not a CCC
in D vV G: although the two agents are mutually reachable through the influence
network, the set is not closed, as there are paths from 1 to 2 and from 3 to 4.
Hence, the only independent classes are the singleton stubborn agents {2} and
{4}, while agents 1 and 3 belong to the set of remaining agents.

For agents 1 and 3, it follows from that

* * %
by = s3, by = s,

while implies

. _ bf + diabs(0)

. b3+ dssby(0)
%1 1+d B
12

s S
3 1+ dsy

?

so that we obtain

d12b2(0) + ds4(1 + d12)b4(0) b di2(1 + d34)b2(0) + d34b4(0)

bt = ,
! dyg + d3s + diadss 3 dyo + dsa + diadsa

While both long-run beliefs are weighted averages of b3(0) and b4(0), they generally

differ, so both agents are hypocritical. In particular,
81( — b; = R(bQ(O) — b4(0)>, S; — b; = —R(bQ(O) — b4(0)>,

where k = diadss/(dia + dzq + di2dss). Thus, the two agents exhibit hypocrisy
of equal magnitude but in opposite directions. Each agent’s statement is pulled
toward their respective audience, agent 1 toward agent 2, and agent 3 toward

agent 4, while their beliefs are shaped by each other’s statements. Differences in
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the audiences’ beliefs therefore generate a systematic wedge between statements
and beliefs, with magnitude governed by audience weights.

This example highlights three features of the model. First, separating the audi-
ence and influence networks can generate persistent discrepancies between beliefs
and statements. Second, even when agents influence each other’s beliefs, they
may fail to reach consensus because statements are tuned to different audiences.
Third, agents who do not directly influence beliefs (such as agents 2 and 4) may

still affect them indirectly through the statements of intermediaries.

4 Hypocrisy

A central contribution of the model is that it rationalizes hypocrisy, defined as
a discrepancy between agent’s limiting beliefs and statements. Importantly, this
phenomenon arises in a simple, non-strategic environment: agents do not attempt
to manipulate others or influence future beliefs, but instead update their beliefs
based on observed statements, which may not fully reflect underlying beliefs due
to dissonance minimization. While discrepancies between beliefs and statements
naturally arise within a period, the key question is whether they persist in the
long run and how they depend on the structure of the multi-layer network.

The two examples discussed above (see Figs. [2and [3) may suggest that separat-
ing the audience and influence networks is sufficient to generate long-run hypocrisy.
However, this intuition is incomplete: separation alone is not sufficient. We present
two examples in which hypocrisy is absent, showing that persistence depends on
how agents are connected to different independent classes in the multi-layer net-

work D V G. We then provide formal results.

Illustrative cases of no hypocrisy. Fig. 4| presents two modifications of the
four-agent example introduced earlier. In both cases, the same set of agents is
considered, but the structure of audience and influence links differs.

In the left panel, agents 1 and 3 influence each other, while only agent 1 adjusts
their statement toward agent 2. Agent 4 is stubborn and no longer influences agent
3. Thus, within the connected component consisting of agents 1, 2, and 3, the
singleton set {2} is the only pure communication class. The distortion in agent
1’s statement toward agent 2 feeds into agent 3’s belief updating and then back
to agent 1. As a result, both agents’ beliefs shift toward agent 2’s initial belief.
In the long run, these three agents share the same belief, and statements coincide

with beliefs, so there is no hypocrisy.
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Figure 4: Two variations of the four-agent example without hypocrisy. Dashed arrows
denote the audience network D, while solid arrows denote the influence network G.

In the right panel, the audience structure from the baseline example is pre-
served, but agents 2 and 4 now influence each other and form a pure communica-
tion class. They converge to a common belief, which propagates to agents 1 and 3.
In the long run, all agents share the same belief (a weighted average of the initial
beliefs of agents 2 and 4), and there is no hypocrisy.

These examples show that separating the audience and influence networks is
not sufficient to generate long-run hypocrisy; rather, the emergence of hypocrisy

depends on the structure of the multi-layer network D V G.

4.1 Sufficient conditions for no hypocrisy

In general, the presence or absence of hypocrisy depends on initial beliefs and on
the weighted networks D and G. The multi-layer network DV G determines which
independent classes can affect each agent, while the weights determine how these
classes enter long-run beliefs and statements. Our objective is to relate hypocrisy
as directly as possible to the structure of D V G.

We begin with a structural sufficient condition for the absence of hypocrisy.

Proposition 4 (No hypocrisy within pure communication classes). If agent i

belongs to a pure communication class in DV G, then b} = s}.

Proof. 1f agent ¢ belongs to a pure communication class C,,, then all agents in C,,
share the same long-run belief b*™. If p;; > 0, then, by Proposition 1} there exists
a path from ¢ to j in D, and hence also in D V G. Since C,, is closed in D V G,
it follows that j € C,,. Using s* = Pb*, we obtain s7 = >, p;;b; =0 =b;. B

Proposition 4] reflects the fact that agents within a pure communication class
reach consensus: their beliefs converge to a common value. Since statements are

weighted averages of beliefs, they coincide with this common belief. Thus, if the
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entire society forms a single pure communication class, hypocrisy cannot emerge.
More broadly, discrepancies between beliefs and statements can arise only outside

pure communication classes, that is, among stubborn or remaining agents.

We next turn to a complementary condition based on interaction weights.

Proposition 5 (No hypocrisy under aligned interaction weights). If, for agent 1,
either ; =0 or 6; >0, v; > 0, and d;;/9; = gi;/v: for all j, then b} = s.

Proof. 1f §; = 0 (i.e., d;; = 0 for all j), then s;(t) = b;(t—1) for all ¢, hence s} = b}.

Otherwise, letting o,; = d;;/0; = gij/vi, Eas. and imply b = Zj S5
and thus s} = (b; +6; Y2 au;s7) /(1 +6;) = (b +6:67) /(1 + 6;) = b;. [ |

Proposition [5|implies that hypocrisy is driven by audience tuning. Agents are non-
hypocritical if they either do not adjust their statements to the audience (§; = 0)
or their audience and influence weights coincide up to normalization. In particular,
there is no hypocrisy when D = 0 (standard DeGroot learning) or when D = G

(the “saying is believing” case studied in |Anufriev et al., [2023).

4.2 Characterization of generic hypocrisy

The previous results identify two reasons why hypocrisy may fail to arise. First,
as illustrated by the two-agent example (see Fig. , discrepancies between beliefs
and statements may vanish for particular initial beliefs. Second, Proposition
shows that hypocrisy may also be absent when the relative weights governing an
agent’s statement formation coincide exactly with those governing belief updating,
even though the two sets of weights come from distinct interaction networks.

To abstract from such knife-edge cases, we use the term generic with respect
to both initial beliefs and parameters, while preserving the zero pattern of DV GE]

Proposition 4| implies that only stubborn and remaining agents can be hypo-
critical. We characterize these agents separately. The following two statements are
the main results of the paper: they provide graph-theoretic necessary and sufficient

conditions for hypocrisy among stubborn and remaining agents, respectively.

Proposition 6 (Generic hypocrisy of stubborn agents). A stubborn agent s € 8
is generically hypocritical if and only if there exists an agent j with dgs; > 0 such

that j belongs to, or is linked to, an independent class in DV G other than {s}.

Proof. See Appendix [A.6] [ |

9Formally, agent i is generically hypocritical with respect to initial beliefs and parameters if
b # s¢ for all initial beliefs outside a proper linear subspace of RY and for all values of the
nonzero parameters in D and G, except on a zero-measure subset, conditional on a fixed DV G.
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The condition for stubborn agents has a simple network interpretation in terms of
the audience network D. A stubborn agent becomes hypocritical whenever their
public statement is tuned to agents whose long-run beliefs are influenced by a
different independent class. In that case, the limiting belief of another class reaches
the agent through the statement-formation process, so the limiting statement no

longer coincides with the agent’s own belief.

Proposition 7 (Generic hypocrisy of remaining agents). A remaining agentr € R

1s generically hypocritical unless at least one of the following conditions holds:
(i) agent r is linked only to a single independent class in D V G;

(i) all agents reachable from r in the audience network D are remaining and
are linked only to r in DV G;

(#i) all agents reachable from r in the influence network G are remaining and
are linked only to r in DV G.

Proof. See Appendix [A.6] [ |

This result admits an interpretation parallel to Proposition [6] based on the mis-
match between the audience and influence networks. A remaining agent becomes
hypocritical whenever the flow of information through the audience network, which
affects statement formation, differs from the flow of information through the in-
fluence network, which affects belief updating. In that case, distinct independent
classes influence the agent through different channels, so the agent’s limiting state-
ment does not coincide with the limiting belief.

Proposition [7] identifies three exceptional network topologies under which this
mismatch disappears. Condition (i) corresponds to a single source of influence:
all relevant information originates from the same independent class. Conditions
(#) and (1ii) correspond to echo chambers in the audience and influence networks,
respectively. In these cases, the agent effectively interacts only with agents whose
public and private opinions ultimately trace back to that same agent, so statements
and beliefs coincide in the long run.

Thus, a remaining agent is hypocritical if and only if these conditions fail. More
broadly, hypocrisy generically arises whenever agents either learn from individuals
toward whom they do not tune their statements, or tune their statements toward
individuals from whom they do not learn.

Taken together, these results imply a key insight: the presence of multiple
independent classes is necessary but not sufficient for generic hypocrisy. In the

presence of echo chambers, when the audience or sources of influence merely repeat
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the same discourse, beliefs and statements coincide. By contrast, discrepancies
arise when different classes affect an agent through distinct channels (the audience
and influence networks), and are therefore weighted differently in belief updating
and statement formation.

A simple sufficient condition for such discrepancies, and hence for hypocrisy,
follows from Proposition [7] Suppose there exists an agent m reachable from r
in the audience network D whose long-run belief places positive weight to one
independent class, and an agent n reachable from r in the influence network G
whose long-run belief places positive weight to another independent class. Then r
is generically hypocritical. Conversely, if all such agents place unit weight on the
same independent class, then r is non-hypocritical.

This sufficient condition is satisfied in the four-agent example in Fig. [2| for
agent » = 1. Agent m = 2 belongs to the audience of agent 1 and assigns full
weight to its own independent class {2}. Agent n = 3 influences the belief of agent
1 and tunes the statement to another independent class {4}. This distortion feeds
into agent 1’s belief updating and propagates back to agent 3 (cf. the discussion
of the left panel of Fig. . Thus, agent 1’s long-run belief is influenced by both
independent classes {2} and {4} (through agent 3), but audience tuning shifts
agent 1’s statement more toward {2}, making agent 1 generically hypocritical.
The converse case arises in the variation of Fig. {4 (right panel). Here, agents 2
and 4 form a single independent class € = {2,4}. All agents assign unit weight to
this class, and there is no hypocrisy.

An important implication of Proposition [7] is that these examples admit a
natural generalization. Agents 2 and 4 can be interpreted not as single individuals,
but as representatives of broader groups of agents (recall the interpretation in
footnote [5). Formally, each of them can be replaced by a collection of agents
forming a pure communication class. In this interpretation, an independent class
aggregates a set of agents whose views converge to a common long-run belief and
therefore acts as a single source of influence.

Thus, hypocrisy arises from the interaction between heterogeneous informa-
tion sources and distinct social channels. It emerges generically when society is
sufficiently heterogeneous (there are multiple independent classes) and sufficiently
interconnected (different classes affect agents through different pathways). Con-

versely, hypocrisy disappears in benchmark cases of consensus or echo chambers.
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solid: influence network G
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Figure 5: Propagation through audience tuning. Agents 2 and 4 do not observe agent
6, but transmit statements affected by agent 6, allowing beliefs to propagate beyond
the influence network.

5 Discussion and applications

Our results show that discrepancies between beliefs and statements are not merely
a short-run phenomenon but can persist in the long run as a consequence of the
structure of social interactions. A key implication is that belief formation oper-
ates on a distorted layer of communication: agents update their beliefs based on
statements that are themselves shaped by social pressure. When the networks gov-
erning communication and learning differ, the aggregation of information through
statements does not coincide with the aggregation of underlying beliefs.

A useful interpretation of the model is that beliefs represent private opinions,
while statements represent publicly expressed opinions or narratives. Agents do
not observe private beliefs, but instead respond to narratives, which may system-
atically differ from the underlying beliefs. We illustrate the implications of this

mechanism through various examples.

Propagation through audience tuning. The first example illustrates how
audience tuning amplifies the spread of beliefs beyond the influence network. Con-
sider the six-agent chain shown in Fig. Agents 2, 4, and 6 are stubborn and
are the only ones who influence agents 1, 3, and 5, respectively. In the audience
network, agent 2 tunes statements toward agent 3, and agent 4 toward agent 5F_U]

We have bf = s§ = bs(0) and bf = si = bg(0), so neither agent 6 nor agent 5

100ne interpretation is inspired by reactions to official media influence in authoritarian regimes,
where individuals may repeat state-sponsored narratives even while explicitly stating that they
do not rely on state-controlled media. Agent 6 may represent a state TV channel, and agent 5
a viewer. Agent 4, who holds a different view, is a close acquaintance of agent 5 and moderates
their public statements (e.g., on social media) to avoid dissonance. Agent 3 listens only to agent
4. Agents 2 and 1 play analogous roles with respect to agents 4 and 3.
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is hypocritical. Agent 4, however, tunes their statements toward agent 5, so s
is a weighted average of b} = b4(0) and bf = bg(0). Agent 3 listens only to agent
4; hence b3 = s; = s;. Agent 2 tunes their statements toward agent 3, so s3 is a
weighted average of by(0) and s5. Agent 1 listens only to agent 2, so that

1 das

— hy(0) +
1+ dos 2(0) (14 da3)(1 + dys)

d23d45
(14 da3)(1 + dy5)

* *
bl = s] =

bs(0) +

b6 (0).

Thus, agent 1 is affected by agent 6 despite not being connected to them in
the influence network. The key mechanism is that intermediate agents transmit
statements that are shaped by their audiences rather than by their own beliefs.

More generally, audience tuning creates indirect channels of influence: beliefs
propagate along paths that combine influence links with audience links. As a
result, the effective reach of an information source is determined not only by the
influence network G, but by the multi-layer network D V G. In longer chains,
this mechanism allows influence to travel arbitrarily far, even when the influence
network itself is locally sparse.

This mechanism provides a simple foundation for the spread of propaganda. A
source can influence agents far removed from it, not because they directly observe
or trust it, but because others relay its message while adapting their statements
to their audiences. Importantly, these intermediaries need not believe the message
they transmit, so narratives can diffuse even when they are not widely believed.

At the aggregate level, this mechanism can also distort how information is
weighted in society. In the absence of audience tuning, beliefs would reflect the
independent sources of information (here, all three stubborn agents). With audi-
ence tuning, however, agents may place disproportionate weight on sources that are
amplified through communication chains, so that certain narratives may dominate

collective outcomes even when they originate from a small part of the networkﬂ

The next two examples show how the direction of audience pressure shapes

which beliefs are amplified in the population.

"While direct causal evidence on the micro-level mechanisms of propaganda transmission is lim-
ited, a growing empirical literature shows that its effects extend beyond directly exposed individ-
uals. [Yanagizawa-Drott| (2014) shows that exposure to radio propaganda during the Rwandan
genocide increased participation in violence not only in areas with direct signal coverage but also
in neighboring regions, consistent with spillovers through interpersonal communication. Related
evidence shows that social influence can propagate through networks at scale (Bond et al.l 2012),
and that media exposure has substantial persuasive effects (DellaVigna and Kaplan, 2007)). In
parallel, work on social pressure in opinion expression shows that individuals may adjust their
publicly expressed views in response to their social environment (Bursztyn et al., 2020). Taken
together, these findings are consistent with a setting in which narratives propagate through
audience network and need not coincide with underlying private beliefs.
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(a) Spiral of silence: reinforcement of the (b) Political correctness: change of a
perceived majority belief. social norm in favor of a minority group.

Figure 6: Audience (dashed lines) and influence (solid lines) networks in the spiral of
silence (left panel) and political correctness (right panel) examples.

Spiral of silence. This example is inspired by the spiral of silence theory
(Noelle-Neumann|, 1974, |1984), according to which individuals who perceive their
views to be socially unpopular may refrain from expressing them due to social
pressure. Recent work provides empirical support for this mechanism, emphasiz-
ing the role of self-censorship and limited attention to silence in shaping beliefs
and public discourse. |Ho and Huang| (2026)) show experimentally that individuals
holding socially inappropriate views are significantly more likely to self-censor, and
that inattention to silence leads others to overestimate the prevalence of socially
appropriate views. This generates a self-reinforcing dynamic in which distorted ex-
pression and biased inference amplify each other over time. In our framework, this
mechanism is captured through audience tuning, which distorts public expression
without affecting underlying beliefs.

Consider the four-agent network in Fig. [6al Agents labeled m and M are
stubborn, with b,,(0) # by (0). Although there are two agents with belief m, they
perceive their views to be in the minority and adjust their statements toward those
of agent M through audience pressure. The parameter d captures the strength of
this pressure. Agent f is a follower who forms beliefs based on the statements of
the other agents.

While the private beliefs of the m agents remain unchanged, their statements
are shifted toward M. As a result, the follower observes a distribution of state-

ments that overrepresents the M position. The long-run belief of agent f is

2

b} = bM(O) + m

(b1 (0) — bas (0)). (12)

As d increases, the influence of the m agents diminishes, and the follower’s belief

tends to bar(0)[7]

121f there are k agents with belief m, each subject to dissonance d toward a single M agent, then
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Thus, even without any change in private beliefs, social pressure can generate a
misperception of consensus in favor of M. Although the m agents are in the actual
majority, their views are underrepresented in public discourse, so the follower
observes M as the dominant statement. The dominant view is therefore shaped
not by the distribution of private beliefs, but by the direction of audience pressure,

which suppresses the expression of perceived minority Views.ﬁ

Political correctness. We now consider a closely related mechanism underlying
political correctness, which reverses the direction of perceived social pressure. In
contrast to the spiral of silence, where agents behave as if their views are in
the minority, here agents behave as if expressing the majority view is socially
discouraged. As a result, social pressure operates in the opposite direction: agents
holding the majority belief adjust their statements toward a minority position.

Consider the network in Fig. [6b] Agents labeled M and m are stubborn, with
brr(0) # b, (0). Although agents with belief M are in the majority, they perceive
society as discouraging the open expression of this view and consequently adjust
their statements toward those of agent m in response to audience pressure. The
parameter d captures the strength of this pressure. As before, agent f is a follower
who learns from the statements of the other agents.

While the private beliefs of the M agents are not updated, their statements are
shifted toward m. As a result, the follower observes a distribution of statements

that overrepresents the minority position. The long-run belief of agent f is

2

b = b (0) + S0

(bar(0) = b (0)).
As d increases, the influence of the M agents falls, and the follower’s belief tends
to b,,(0). Thus, even without any change in private beliefs, social pressure can
generate a distortion in favor of a minority position.

Together with the previous example, a common conclusion emerges: the domi-

nant view is shaped not by the distribution of private beliefs, but by the direction

the coeflicient in Eq. becomes k/(k + 1)/(1 + d). Thus, regardless of how numerous the
agents with minority beliefs are, for sufficiently large d the follower’s belief is arbitrarily close
to that of the M agent. If some of the m agents remain silent, this effectively removes their
influence on f (i.e., the corresponding influence links), further accelerating convergence toward
bar(0). The same conclusion holds if agent M is replaced by a pure communication class.
13This example is a static snapshot of a dynamic spiral. In a dynamic setting, agents like f may
update their beliefs and adjust their own statements, reinforcing the perceived dominance of M.
As in [Ho and Huang] (2026)), the interaction between self-censorship and inference can generate
self-reinforcing dynamics, in which distorted expression leads to biased beliefs, which in turn
further suppress dissent. Our example captures the cross-sectional distortion induced by this
mechanism, while a dynamic extension would generate the full spiral of silence.

25



of audience pressure. The same underlying mechanism, audience-driven distortion
of statements, can amplify either minority or majority positions, depending on the
direction of perceived social pressure induced by the audience network.

The above two examples suggest that communication distortions can affect not
only individual beliefs but also aggregate outcomes. We now illustrate this point

by extending these settings to a simple voting framework.

Collective decisions under distorted communication. Consider a binary
state of the world, u € {0,1}, and suppose that agents interpret their beliefs as
subjective probabilities that u = 1. After beliefs have converged, each agent casts
a vote according to v; = 1{b; > 1/2}, that is, an agent votes for alternative 1
whenever their belief assigns probability at least 1/2 to p = 1, and votes for 0
otherwise["] The winning alternative is determined by majority rule. The analysis
in Section |3 implies that the collective outcome depends on how the beliefs of
independent classes are transmitted to the rest of the population.

To make this explicit for the spiral-of-silence and political-correctness exam-
ples, suppose the population consists of three groups: a share A, of stubborn
agents with belief by,(0), a share A, of stubborn agents with different belief b,,(0),
and a share Ay of followers, who place equal weight on all stubborn agents in their
influence network, with Aps + A, + Ap = 1.

The long-run belief of the followers is

Ao
(Ar + Ao)(1 +d)

by = br(0) + (bO(O) — bT(O)),

where 7' = M and O = m in the spiral-of-silence example, and T'=m, O = M
in the political-correctness example, so that b7(0) and bo(0) denote the belief of
the position toward which statements are tuned and of the opposite side, respec-
tively. When d is close to zero, the follower’s belief reflects the weighted average
of observed positions. As d increases, however, the follower’s belief shifts toward
br(0), reflecting the growing distortion in communication.

The aggregate vote share for alternative 1 is then
V= A 1{bn(0) > 1/2} + X 1{b,n(0) > 1/2} + A 1{b} > 1/2}.

This expression makes clear that communication distortions matter whenever fol-

lowers are electorally relevant. Even if the long-run beliefs of the independent

14The function 1{-} denotes the indicator function, which takes the value 1 if the condition inside
the braces is satisfied and 0 otherwise.
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classes themselves remain unchanged, audience tuning can move b} beyond the
threshold 1/2. If A, is sufficiently large, this can reverse the majority outcome.

In the spiral-of-silence example, followers’ beliefs move toward the position rep-
resented by M, even though agents with belief m are more numerous. If followers
form a sufficiently large share of the population, stronger audience pressure can
shift the collective decision toward the perceived majority position. This, in turn,
can reinforce the perceived dominance of M, further discouraging the expression of
opposing views and amplifying the distortion over time. In the political-correctness
example, the same logic works in the opposite direction: stronger audience pres-
sure can shift followers” beliefs toward the minority position and thereby tilt the
aggregate outcome in its favor.

Thus, our framework shows that the social consequences of hypocrisy arise
through distorted aggregation: society may act on beliefs that reflect the structure

of communication rather than the underlying distribution of private opinions.

Wisdom of crowds. While the preceding discussion of collective decisions as-
sumes a binary state of the world, the impact of communication distortions on
information aggregation is particularly salient when the state is a continuous vari-
able. A standard measure of the efficiency of social learning is the proximity of
agents’ views to the true state in the long run, commonly referred to as wisdom
(see, e.g., (Golub and Jackson|, 2010; Buechel et all |2015). Since our framework
highlights the discrepancy between private beliefs and public statements, we can
compare the efficiency of information aggregation along both dimensions.

Suppose that there is a true state of the world u € R, which is unknown to
the agents. Initial beliefs are independent and unbiased signals of the true state:
each b;(0) is a random variable with expected value y and variance o? > 0, and
the random variables {b;(0)}Y, are pairwise uncorrelated.

The dynamics of the model imply that the limiting beliefs and statements
are also random variables. We introduce belief wisdom (respectively, statement
wisdom) as the mean squared error of the limiting belief (respectively, statement)
as an estimator of the true state. Formally, for each agent 7, belief wisdom &, and
statement wisdom &, are defined as

&, = E[(bf — p)?], and & =E[(s] —pn)?].
Wisdom depends on the partition of agents into closed communication classes

in D vV G. We discuss belief and statement wisdom for different agents below (see
Proposition in Appendix for the formal analysis).
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Since agents in a pure communication class €, reach consensus, they are non-
hypocritical, and hence their belief and statement wisdom coincide, €5, = &, .
Nevertheless, since the consensus belief is a weighted average of initial beliefs
within the class, agents in C,, become collectively wiser in the long run than they
were initially. Unless the belief of €, is fully determined by a single influential
agent, the limiting belief is closer to the truth than the initial beliefs. Intuitively,
averaging independent signals causes idiosyncratic errors to partially cancel out,
reducing the variance of the aggregate belief.

Since stubborn agents s € 8 never update beliefs, their belief wisdom equals the
variance of the initial belief, &,, = 0. At the same time, hypocrisy improves the
informational quality of public communication. Although a hypocritical stubborn
agent retains a noisy private belief, their public statement aggregates the long-run
belief of a different independent class (see Proposition @ Thus, for stubborn
agents, audience dissonance makes statements more informative than beliefs and
the public statement becomes a more accurate estimator of the truth: &,, < &,.

Using stubborn agents as an example, we can illustrate the two effects that
push wisdom in opposite directions. First, the information diversification effect:
when stubborn agents have identical dissonance sensitivities to their audiences,
statement wisdom improves with the number of independent classes to which they
tune their statements. In a homogeneous society, the more independent sources of
information are incorporated into the statement of a hypocritical stubborn agent,
the closer that statement is to the truth.

Second, the influence concentration effect: statement wisdom deteriorates as
the distribution of audience weights becomes more unequal. If a hypocritical
stubborn agent experiences disproportionately strong audience dissonance toward
some independent class, the accuracy of their statement is lower than when the
weights are distributed equally, minimizing the variance of a weighted average.
The interplay between these two effects, which depend on both the direction and
intensity of social pressure, determines the statement wisdom of stubborn agents.

By similar logic, a remaining agent r € R also becomes wiser in the long
run than initially, unless r is linked to a single stubborn agent in D V G or to
a single pure communication class whose belief is determined by a single agent.
Generically, agent r’s belief and statement wisdom coincide if and only if agent
r is non-hypocritical; otherwise, there is no systematic ordering between the two.
Intuitively, beliefs and statements of hypocritical remaining agents are affected by
different independent classes (reflecting the information diversification effect) with
different audience and influence weights (reflecting the influence concentration

effect). Whether agent r’s belief is more accurate than their statement or vice
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versa depends on the network structure and the parameter values in D and G,

making the comparison between belief and statement wisdom ambiguous.

Polarization and echo chambers. Finally, we consider how the relationship
between beliefs and statements depends on the structure of social interactions
in polarized environments. A natural interpretation of polarization is that the
influence network becomes segmented into groups, so that agents primarily learn
from others within their own group. In our framework, such groups correspond to
independent classes with distinct limiting beliefs.

In the extreme case of echo chambers, both the influence and audience networks
are aligned and segregated across groups. Each group then forms an independent
class, and beliefs and statements coincide within groups. In this case, polarization
is not associated with hypocrisy: agents express views consistent with their beliefs,
but disagreement persists across groups.

A different pattern arises when beliefs are polarized but communication re-
mains cross-cutting. Suppose that agents update their beliefs within their own
group, but adjust their statements in response to a broader audience that includes
members of other groups. As a result, the networks governing belief formation
and communication are misaligned. As shown in Propositions [0 and [7] in this
case agents face pressure to adapt their statements to audiences whose beliefs
differ from their own, generating discrepancies between beliefs and statements.

Thus, polarization does not necessarily increase hypocrisy. Rather, hypocrisy
arises when polarized belief formation coexists with cross-group communication.
When communication is also segregated, polarization leads to divergence in beliefs

without distorting their public expression.

Discussion. The above examples highlight a common mechanism: statements
aggregate information through the audience network, while beliefs aggregate in-
formation through the influence network. When these networks differ, belief for-
mation operates on a distorted layer of communication, so that agents respond to
narratives rather than directly to private opinions.

This distortion can amplify particular views, extend the reach of influence,
and generate persistent discrepancies between beliefs and statements. It can also
affect aggregate outcomes, as society may act on beliefs shaped by communication
rather than by the underlying distribution of opinions. More generally, the model
implies that the structure of social interactions determines both how information

spreads and how it is ultimately aggregated in society.
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6 Conclusion

In this paper, we develop a model of social interaction that distinguishes between
audience and influence networks and explicitly separates privately held beliefs
from publicly expressed statements. We show that when audience and influence
networks differ, discrepancies between beliefs and statements may persist in the
long run. Thus, audience tuning in conversations may lead agents to communicate
opinions they do not hold, even after private beliefs have converged. We refer to
this phenomenon as hypocrisy. Our main contribution is to provide a network-
based characterization of conditions under which such hypocrisy arises.

We demonstrate how the structure of the multi-layer network combining au-
dience and influence relations determines long-run beliefs and statements. We
show that hypocrisy is not an exceptional phenomenon but emerges naturally
when these two channels of interaction differ. In particular, hypocrisy arises when
agents rely on different sources for belief formation and public expression. There
is no discrepancy between private beliefs and public statements whenever agents
ultimately rely on a single independent source of information or when the sources
involved in belief updating and statement formation form an echo chamber that
reinforces previous opinions.

Our model provides a unified perspective on several social phenomena. Since
agents adjust their statements to their audience, opinions may spread indepen-
dently of belief adoption: agents may transmit messages they do not believe, and
these messages may shape the beliefs of others, potentially over long distances in
the network. The same mechanism also helps interpret the spiral of silence and po-
litical correctness. In both cases, social pressure distorts public statements, which
then feed into belief formation, so that collective outcomes may reflect perceived
or socially acceptable narratives rather than underlying private beliefs.

The analysis abstracts from several important considerations. First, the model
does not incorporate reputational concerns, signaling motives, or strategic manip-
ulation of information, which are central in many environments. At the same time,
demonstrating the emergence of hypocrisy in such a simple setting is meaningful,
as it shows that these phenomena do not require sophisticated strategic behavior.
Second, when updating their beliefs, agents take observed statements as primitives
and do not attempt to infer the underlying beliefs or audience pressures that may
have generated them. In many real environments, however, individuals do try to
“read others” minds” and discount messages that appear strategically or socially
distorted. Third, we take the network structure as given, whereas in practice

audience and influence networks may evolve endogenously.
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These limitations suggest several directions for future research. One extension
would be to embed audience tuning into a richer informational setting in which
agents make inferences about the motives and beliefs behind others’ statements.
This would allow one to study how far strategic sophistication reduces or ampli-
fies individual hypocrisy. Our results provide a natural foundation for such an
analysis. Another promising direction is to endogenize network formation; see, for
example, |Anufriev et al.| (2023) and Bolletta and Pin (2025) for recent work in
related settings. It would also be valuable to study settings with private signals
and misinformation, along the lines of Della Lena| (2024), where individual and
social learning interact, and better private information need not improve aggre-
gate outcomes, due to audience tuning. Such extensions would facilitate a closer
connection between the model and empirical settings, for instance by allowing one

to quantify the extent of belief vs. statement divergence in real-world networks.

Appendix

A.1 Proof of Propositions [1] and

Proposition follows from Propositions 1 and 2 in|Anufriev et al.| (2023)). To prove
Proposition [2] recall that s(t) = Pb(t — 1), where P = (I+ A — D)~'. By (§),

b(t)=(I+T)"(b(t—1)+Gs(t)) = I+T)"'I+ GP)b(t —1).
Therefore b(t) = Tb(t — 1), where T = (I+T')"}(I+ GP). Since
I+A+G-DP=(I+A-D)P+GP=I+GP,

this expression for T coincides with .
It remains to show that T is row-stochastic. Clearly T > 0 since P > 0 and
G > 0. Moreover, P1 = 1, where 1 denotes the vector of ones, and G1 =T'1, so

Tl=I+D)"'"I+GP)1=(I+0)"'1+G1)=1I+0D)'I+T)1=1.

Thus T is row-stochastic.
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A.2 Proof of Proposition

Since T = (I+T')"(I+ GP), we have

_ Lg—jy + D) GikDPrj
L+

tij ) (A.1)

where 1;—;, is the indicator function, equal to 1 if i = j and 0 otherwise.

Part (i). From (A.1)),

1 ) 7
14+

Part (ii). Let i # j. By (A.1)),
tiy >0 <= Jk suchthat g; >0 and pg >0.

By Proposition , pj; > 0, and for k # j, pr; > 0 iff there is a path from k to j in
D. Hence t;; > 0 iff there exists & such that g;; > 0 and either & = j or there is a
path from k to j in D.
Part (ii1). 1f g;; = 0 for all j, then 7; = 0 and gives t; = 1. Conversely, if
gix > 0 for some k # i, then by Proposition 1} py, > 0, so tix > gigprr/(1+7;) > 0.
Thus row ¢ of T has a positive off-diagonal entry, so ¢; < 1.
Part (iv). Suppose T is strongly connected. Let i and j be arbitrary, and let
i = vg,...,0, = j be apath in T. By part (ii), each edge v, — vpy1 induces a
path in DVG: either a G-edge or a G-edge followed by a path in D. Concatenating
these paths yields a path from ¢ to j in D V G, so D V G is strongly connected.
Conversely, suppose each row of G is non-zero and DV G is strongly connected.
Fix 7,7, and choose k& with g¢;, > 0. Since there is a path from £ to j in D V G,
appending ¢ — k yields a path from i to 7 whose first edge lies in G. Partition this
path into blocks, each consisting of one G-edge followed by D-edges. By part (ii),
each block induces a positive edge in T between its endpoints. These endpoints

therefore form a path in T from ¢ to j, so T is strongly connected.

A.3 Characterization of long-run beliefs

We first characterize the closed communication classes of T.
Lemma A.1. The closed communication classes of T are exactly:
(i) the pure communication classes in DV G; and

(ii) the singleton sets {s} for stubborn agents s.
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Proof. Let € be a pure communication class in D V G. Fix 4,5 € €. Since 7 is
non-stubborn, there exists £ with g;, > 0. As Cis closed in DV G, k € C. Since C
is strongly connected, there is a path from k£ to j in D V G within C. Prepending
i — k, we obtain a path from 7 to j starting with a G-edge. By Proposition [3[(ii),
this induces a path in T contained in €, so T|e is strongly connected.

To show closedness, let i € € and ¢;; > 0. By Proposition [3(ii), there exists &
with g; > 0 and either k = ¢ or a path from k to £ in D. Since ¢ — k is in G and
C is closed, k € C, and thus ¢ € C. Hence C is closed in T.

Conversely, let € be a closed class of T. If € = {i}, then t; = 1, so i is
stubborn by Proposition (iii). If € contains more than one agent, then it contains
no stubborn agents, since each stubborn agent forms a singleton closed class of T.

We first show that C is strongly connected in DV G. If i, j € €, there is a path
from i to j in T. Each positive edge of T induces a path in DV G by Proposition
(ii), so concatenating these paths yields a path from 7 to 7 in D V G.

It remains to show that € is closed in DV G. Fix i € C. If gy > 0, then
tie > 0, so £ € C by the closedness of € in T. If d;y > 0, choose any v € €\ {i}.
Since € is a communication class of T, there exists a path from v to ¢ in T. Let
u be the predecessor of ¢ on that path. Then u € € and t¢,; > 0. By Proposition
B[ii), there exists k such that g,x > 0 and either k = ¢ or there is a path from k
to 7 in D. Appending the edge i« — ¢ of D, we obtain a path from k to ¢ in D.
Proposition [3[(ii) then implies ¢, > 0, so £ € €. Thus € is a pure communication
class in DV G.

Let s be stubborn. By Proposition (iii), row s of T has a single nonzero entry

equal to 1 on the diagonal, so {s} is a closed class. |

We can now partition N into pure communication classes Cq,...,Cy in DV G,
stubborn agents 8, and remaining agents R. Let their sizes be C1,...,Cy, S, and

R, respectively.

Proposition A.1. For any initial beliefs b(0), the limit b* = lim;_,o, b(t) ezists
and can be written as
* * * * * T
b :{b17"'7 M7b87bR} .

For each m,
by, =b""1¢,, = [7"b(0)[e,.] 1c,,,

where 1¢,, is the Cy,-dimensional vector of ones and w™ satisfies © = 7™ T|e,,,

normalized so that its entries sum to one. For s € 8, bi = bs(0), and forr € R,

=3 ™ Y @b0),
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where the weights {wWem }M_, and {©,s}5_, are non-negative, sum to one, and are

positive only for classes reachable from r in T.

Proof. Since t; > 0 for all 4, the matrix T is convergent (see, e.g., Theorem 2 in
Golub and Jackson, [2010). Thus, for any initial beliefs b(0), the limit

b* = lim T'b(0)

t—o00

exists and satisfies Tb* = b*.
By Lemma [A ] after a permutation of indices the matrix T admits the block

form

T, -~ O 0 0
T=| o0 --- Ty O 0o |,

o --- 0 Io 0

Tri -+ Tay Tas Tax

where the blocks T, = T|e,, correspond to pure communication classes, the iden-
tity block corresponds to stubborn agents, and R indexes the remaining agents.
It follows that for each ¢ > 1,

T! 0 0 0

T =| o ™, 0o o0 |
0 - 0 I, 0
Tqi(t) -+ Taum(t) Tas(t) Thy

where Tg,,(t) and Tgs(t) denote the corresponding blocks of T, capturing the
influence of class C,, and stubborn agents on the remaining agents after ¢ steps:

t—1 t—1
Trm(t) = ZT:o To3Ten T, 7,  and  Tas(t) = ZT:o Tz Txs.

We use this block form to characterize the long-run beliefs of different agents.
Fix m € {1,...,M}. By Proposition [2J T,, is row-stochastic, and by
Lemma the set €, is strongly connected. Moreover, Proposition [3(i) im-
plies that all diagonal entries of T, are positive. Hence, by the Perron-Frobenius
theorem, lim; ,,, T! = 1o, ™, where 7™ is the unique positive left eigenvector
of T,, associated with eigenvalue 1, normalized so that 7w™1s,_ = 1. Therefore,

b:n = lim Tfnb(O)‘em = 1C'm ﬂ'mb(O)’@m = b*mlcm,

t—o00
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with 6™ = ©™b(0)|e,,

For each stubborn agent s, row s of T has a single nonzero entry equal to 1 on
the diagonal. Hence b4(t) = b5(0) for all ¢, and bg = b(0)]s.

Finally, consider remaining agents. Since no agent in R belongs to a closed
class of T, it follows (see, e.g., Theorem 10 in DeMarzo et al., [2003) that

tliglo The =0, and Zio Thy = (Ig — Tag) "
Using the block form of T, we obtain
thm ngm(t) == (IR_TfRfR)_leRm]_CmTrm, and thrn ngg(t) = (IR—TfRfR)_nggg.
—00 —00

Therefore, the long-run beliefs of remaining agents are weighted averages of

the long-run beliefs of stubborn agents and pure communication classes:

1 Tymlomb*m + Tj{gb;) .

b;::aR—-Tﬁw*l(EjM

m

Define Q = (Ig — Tgm)*l(Tmlcl <o Taule,, ngg), with entries {wrm}R’M

rm=1

— JR.S . . . . .
and {w,s},.2;. All these coefficients are non-negative. Since T is row-stochastic,

M
Zm:l Trmlc,, + Trsls + Tarlg = 1g,

so multiplying by (Iz — Tgz) ™! yields Q1 = 1. Thus each row of 2 sums to one.
Finally, from the series representation of €2, a weight w,,, or W, is positive

only if there exists a path from r to the corresponding independent classin T. W

A.4 Eigenvector centralities

To simplify notation, suppose that DV G is strongly connected and that there are
no stubborn agents (otherwise, our analysis applies to a single pure communication
class in DVG). By Proposition[3[(iv), T is strongly connected. By Proposition[A.1]
agents reach consensus and their limiting belief is given by b* = wb(0), where 7

satisfies m = 7T and consists of eigenvector centralities. Using Eq. , we have

7=n(I+0) "' I+A+G-D)I+A-D)"' —
7(I+A-D)=7n(I+T7)"'I+A+G-D) —
7(I-1I+0))(I+A-D) = n(I+I)'G =
7(I+0)'T(I+A-D) = n(I+I)'G.
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The above equality can be written as
a(I+D) ' TI+A)=rI+T)'T(D+I'G),

which yields Eq. @ componentwise.
The following result characterizes the comparative statics of eigenvector cen-

tralities with respect to audience and influence weights (elements of D and G).

Proposition A.2. Suppose that D V G is strongly connected and that there are

no stubborn agents. Let w = {m; };en denote the eigenvector centralities.

(1) Suppose that max{d,;, g;;} > 0. If either d;; or g;; increases, then m; strictly

decreases and m; strictly increases.

(i) The relative change in eigenvector centrality of any other agent is no greater

than that of agent j and no smaller than that of agent 1.

Proof. 1t follows from Eq. @D that 7 is the positive unit left eigenvector of the

non-negative, strongly connected matrix X with z;; = 0 and

Lty 1 ( gij) Vi .
Tig = —————=— dl—i—— Pa— 7 .
Ty 144 \Y ) T #J

Let max{d;;, g;;} > 0. If d;; increases to dij > d;;, this perturbation increases
the element z;;, thereby increasing the j-th column of X. Simultaneously, it
increases the sum ;. Because §; appears in the denominator of every element
in the i-th column, the entire i-th column strictly decreases. All other columns

remain unchanged. Similarly, increasing g¢;; to g;; > gi; directly increases x;;
I+

i

(increasing column j) and increases «;, which decreases the factor present in
ZThi, again strictly decreasing the entire i-th column of X.

In both cases, the perturbed matrix X is formed by strictly increasing elements
in column j and strictly decreasing elements in column i. Let 7t be the normalized
left eigenvector of X. Part (ii) follows from Lemma 1 in Dietzenbacher (1990),
stating that for any agent k, the relative changes in eigenvector centrality satisfy

T Ik T (A.2)
T M T

To prove part (i), note that since X is strongly connected, the non-trivial
column perturbations guarantee that 7 and 7 are not proportional; hence, the
inequalities in are strict for at least one k. Rearranging the first inequality

yields m/m; > 7 /7;. Summing over all £ and using ), 7, = >, 7 = 1, we
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obtain: ~
1 . Tk Tk . 1

j Ly by

which implies 77; > 7;. Applying the same logic to the second inequality in (A.2))
yields 77'1 < ;. [ |

A.5 Wisdom of crowds

The following result compares belief and statement wisdom for pure communica-

tion classes, stubborn agents, and remaining agents.

Proposition A.3. 1. For agents in a pure communication class C,,, &, < o2,
with equality if and only if " =1 for some i € C,,,. Moreover, &, = &,

m *

2. For a stubborn agent s € 8, &,, = 0. Moreover, &,, < &,,, with equality if

and only if stubborn agent s is non-hypocritical.

3. For a remaining agent r € R, &, < o* and &,, < o®. Moreover, generically
Es, = &y, if and only if agent r is non-hypocritical. If agent r is hypocritical,

then either €5, < &, or &, > &, depending on the parameter values.

Proof. Recall that b* = T*b(0) and T is row-stochastic. Moreover, s* = Pb*
and P is row-stochastic. Therefore, both limiting beliefs and statements are un-
biased: Eb* = Es* = 1. Since the mean squared error of an estimator equals the
sum of its squared bias and variance, belief wisdom of agent i equals the variance

of the limiting belief:
&, = (E[B; — p])” + Vaxlt;] = Var(b;]

The same holds true for the statement wisdom: &, = Var|s}].
Part (i). All agents in a pure communication class C,, converge to the same

limiting belief o*™ = > o 7;"b;(0), where 77" is the eigenvector centrality of

agent ¢ within C,,. Since the initial beliefs are pairwise uncorrelated, belief wisdom

of each agent in C,, is the same and is given by

€, = Var | abi(0)] =Y Var[mrn(0)] =Y | (x)

Since m* € [0,1] and ;. m" = 1, we have

&y = g 7m™M2%52 < E 7"g? = o2
bm ie@m( i) - i€Cm ’
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with equality if only if 7" = 1 for some 7. Moreover, since agents in C,, are
non-hypocritical and share the same limiting statement, we have &, =&, .

Part (ii). Since for a stubborn agent s € §, b¥ = bs(0), their belief wisdom is given

by &, = o?. Furthermore, their limiting statement can be written as

Sy = Zj ijb;j = Z Pscbe(0) + Zm 1 Z@ee psim; bi(0)
+ Zreﬂz Per (Zmzl Wrm Zieem Z Wrebs )
= Z <psg ZreRpSTwK) bc<0)+Zi\n4:1 Zieem (psi + Zrekpsrwrm> ﬂ'zmbz(ox

Again, given that the initial beliefs are uncorrelated,

Ess = ngl [psg + ZrEfR psrwrc} i 02+ZZ:1 [Zieem <psz + ZrEfR psTme) 7sz] i 02'

Since the sum of weights is equal to 1, we have &, < o?. Moreover, since py, > 0,
equality holds if and only if pss 4+ >, cq Perlrs = 1, that is, if and only if s7 = b}.
Part (iii). Since the limiting belief of a remaining agent r € R is a weighted
average of the limiting beliefs of the independent classes that influence agent r
(see Proposition , we have by = A%b;(0), where > Ab = 1. Moreover,
since s* = Pb*, we have s} = Y, A;b;(0), where >, A} =1 as well. Hence,

&y, = Zj()\?)%z, and &, = Zk(Az)%ﬂ

Clearly, &, < o2, with equality if and only if either \? = 1 for some s € § or
A\ =1 for some G, such that b*™ = b;(0) for i € €,,. The same holds for &,,
We have &, = &, if and only if Y7 (A\3)* = 37, (A})?, which generically holds if
and only if )\?- = Aj for all j, that is, if and only if by = s;. Otherwise, &, = &, if
and only if 7 .(A})* < 37, (A})?, and which sum is larger depends on the network

structure and the parameter values in D and G. |

A.6 Proof of Propositions [6] and

Without loss of generality, and to simplify notation, suppose that all independent
classes in DV G consist of stubborn agents. From the perspective of other agents,
a pure communication class in the long run reduces to a single unified source of a
fixed statement, behaving exactly like a stubborn agent.

Let 8§ be the set of stubborn agents of size S, and R be the set of remaining
agents of size R. Without loss of generality, it is sufficient to consider the case

where R is strongly connected within R: for all 7, 7 € R there exist paths in DV G
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from 7 to j and from j to i. Agents that are not reachable do not affect the
long-run beliefs and statements of the remaining agents.

The relevant matrices D and G admit the following block form:

D D 0 0
D= 58 5% , and G = )
Dgs Dagx Gzs Gaz

where R x S matrices Dgg and Ggg represent the interaction of remaining agents
with stubborn agents, and R x R matrices Dy and Ggx represent the interaction
of remaining agents among themselves.

We begin by deriving the statements of remaining agents s} via statements of
stubborn agents s3. In the matrix form, Eq. reads

by = T3 Gags s; + ;' Gag sh,

where 1"1_%1 is the R x R diagonal matrix whose r-entry is 1/, corresponding to

remaining agent r. Similarly, Eq. in the matrix form is given by
S;{ = HR (F]_;{leRS + Dggg)Sg + HR <F1_%1G5Rgz + nggq) S?;Za

where Hp = (I4+ Ag) ™' is the R x R diagonal matrix whose r-entry is 1/(1+4,).
Multiplying both sides by H;ll and rearranging the terms, we get

(I ~T;'Gag + Ag — Dm> sy = (rlglG% + Dys)sg.

Since R is strongly connected, the matrix I—I‘}’zngm—l—A r—Dag is irreducible.
Moreover, it is diagonally dominant, and hence invertible. Then s} = ¥sg, where
the R x .S matrix ¥ is given by

—1
v — (1 —T3'Gag + Ap — Dm> (r;;c.% i DRS).

Note that ¥ is such that its (r, s)-entry 1, is determined by all paths in D V G
from remaining agent r to stubborn agent s of all lengths ¢t = 1,2,.... Moreover,
W is row-stochastic, since (I — I‘EIGRR + Agp — Dm) 1z = (I‘Engqg + ngg) 1s.

Thus, long-run statements of stubborn agents are generically independent.
Since b* = P~ 's* = (I+ A — D) s*, and D has the block form, we have

b = (I+ Ag —Dgs)sg — Dgz sk = (I+ Ag — Dgs — Dsg W) s5.

Since W is row-stochastic, the right-hand side matrix is strictly diagonally domi-
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nant. Then it is invertible, the columns of its inverse form a basis in R®, and its
inverse uniquely transforms (generically independent) b§ into sg.

We now prove Proposition [f} A stubborn agent 4 is non-hypocritical if and
only if b} = s;. Using Eq. (11), this condition takes the form

% dz % dis * di?” *
% = Zj (S_Zsj - ZSES (5_1'85 * ZTG(R 6_1-87“

Taking into account that sf = > 1,,s%, the above condition can be written as

(0= 3 o) st =30 (D i) st =0, (A3)

Since long-run statements of stubborn agents sg are independent, holds
generically if and only if each coefficient is zero. Since W is row-stochastic, this
is possible if and only if either §; = 0 (agent ¢ has no audience) or d;; = 0 for all
s # i and ¢,; = 1 for all r with d;. > 0 (that is, there is no path in D V G from i
to any other independent class). In all other cases, i is generically hypocritical.

We now turn to Proposition . Using Eqgs. and , and the definition of

W, the condition b = s} for a remaining agent ¢ can be written as

9ij « dij . Gis Gir _ dis diy
S e T (e T ) X (e D)
J j sES reR SES reR
Since sg are independent, agent 7 is generically non-hypocritical if and only if for
all s p p
Gis Gir 1S ir
I + _wrs - < + _wT'S' (A4)
Vi TGZR Vi 0i TGZR 0;

Generically, (A.4) holds only in three cases. First, when agent 7 is linked
only to a single independent class {s} in D V G. In this case, for all reachable
remaining agents r, ¥, = 1 and ¥,s = 0 for all other stubborn agents s. By the
row-stochasticity of W, (A.4)) reduces to 1 =1 for 5 and 0 = 0 for all other s.

Second, when agent ¢’s audience consists only of remaining agents who are

linked exclusively to ¢ in D V G. In this case, the statements of all agents to

whom ¢ tunes their message replicate agent ¢’s statement: s;

sf for all j such
that d;; > 0. Thus, agent ¢’s statement satisfies
1 0

£ _ b
S5 1_‘_5Zz+

*

1+, 0

implying that s; = b}. It follows that the elements of W satisfy 1;, = ;s for all j
such that d;; > 0, and hence the right-hand side of (A.4]) simplifies to ;s for each
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s. Moreover, the left-hand side of , which represents the weight of agent s’s
statement in agent i’s belief, also coincides with ;5 as s7 = b}.

Third, when agent i’s sources of influence are only remaining agents who are
linked to ¢ in D V G. This case can be analyzed similarly to the one above.

Suppose that conditions (7)—(éi7) from Proposition [7|do not hold. Since condi-
tion (i) fails, there are at least two independent classes reachable from i in D V G.
Then one of the following must hold. First, the set of independent classes affecting
agent ¢’s statement differs from the set of classes affecting ¢’s belief. In this case,
there exists a stubborn agent s whose statement receives positive weight on one
side of and zero weight on the other, implying that fails for this s.

Second, the same set of independent classes (say, {5} U {s}) affects both agent
1’s belief and statement. Then the coefficients can be perturbed so that equality
in fails. Indeed, since conditions (ii)—(#ii) fail, both sides of for both
s =5 and s = s must be strictly between 0 and 1. Moreover, either 0 < d;5 < 1
and 0 < d;s < 1, or there exists a remaining agent r, reachable from 7 in D V G,
who is linked to {5} or {s} not through i. In the former case, perturbing d;s
changes the two sides of differently. In the latter case, either 1,5 varies
independently of d;s or 1,4 varies independently of d;,.

Thus, outside the cases described in conditions (7)—(éi7), Eq. may hold
only on a zero-measure set of parameters, implying that agent 7 is generically

hypocritical with respect to initial beliefs and the parameter values in D and G.
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