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ABSTRACT
The occurrence of echo chambers is a well-known phenomenon
in social networks. Echo chambers are groups of agents satisfying
three properties: homogeneity, i.e., sharing the same opinion, seg-
regation, i.e., listening primarily to agents of the same group, and
reinforcement, i.e., increasing opinion similarity over time. Opinion
dynamics models have been used to explain how echo chambers
occur through agents updating their opinions. However, social net-
work users also exchange beliefs supporting their opinions. Here,
we aim at identifying the effect of propagating beliefs together
with opinions on the formation of echo chambers. For that pur-
pose, we complement an existing opinion dynamics model with
classical belief merge operations. Beliefs and opinions are also main-
tained coherent guided by values that agents share. We introduce
measures, applying to either beliefs and opinions, to identify echo
chambers based on the three properties. This model is used to simu-
late opinion and belief propagation with varying initial conditions
and agent tolerance for different opinions/beliefs. Results confirm
the occurrence of echo chambers observed in previous opinion
dynamics studies in a different setting and with a stricter measure.
They also demonstrate the occurrence of echo chambers with be-
lief propagation. Finally, they show that connecting opinions to
beliefs and maintaining their coherence increases the number of
echo chambers, but that they involve a reduced number of agents.
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1 INTRODUCTION
Echo chambers are well-known phenomena in social networks.
They denote a situation in which a group of persons only interacts
with people who have opinions close to theirs, thus reinforcing
them [17]. They have unwanted effects in terms of social cohesion.

This work is licensed under a Creative Commons Attribution Inter-
national 4.0 License.

Proc. of the 25th International Conference on Autonomous Agents and Multiagent Systems
(AAMAS 2026), C. Amato, L. Dennis, V. Mascardi, J. Thangarajah (eds.), May 25 – 29,
2026, Paphos, Cyprus. © 2026 International Foundation for Autonomous Agents and
Multiagent Systems (www.ifaamas.org). https://doi.org/10.65109/PQIV4263

Opinion dynamics models have been applied to explain how
echo chambers arise by aligning agents’ opinions with those that
they receive from others. For example, it is shown that, similarly to
existing social networks, echo chambers in online social networks
are created through ignoring diverging opinions and modifying the
network to avoid them [22].

However, these models do not take into account the effect of
agents’ beliefs: people exchange and update their beliefs as well
as their opinions through interactions. For example, beliefs can be
communicated to justify opinions: “I am for constructing tram lines
(opinion) because I believe that this would reduce traffic jams (justifi-
cation by beliefs).” Hereafter, opinions and beliefs are different: the
opinions of an agent denote how positive or negative it is toward
a topic while beliefs represent what it considers as true based on
logical reasoning. The way in which beliefs can propagate has been
studied in the field of belief change [7].

Based on these observations, we aim at investigating the effect of
introducing beliefs on echo chambers: Does it increase or decrease
the number of opinion echo chambers? Do belief and opinion echo
chambers coincide? To achieve this objective, we introduce a model
defining interactions between opinions and beliefs. In this model,
opinions and beliefs are propagated through existingmodels [22, 24]
and a value-based mechanism is used to maintain their coherence
[15, 16]. Using the proposed model, we aim at studying whether
allowing agents to interact based on beliefs leads to more or less
echo chambers.

Various measures have been provided to identify echo chambers
in online social networks and simulations [3, 10, 12, 17]. However,
such measures do not necessarily cover all of the characteristics
of echo chambers. Thus, we introduce measures to capture echo
chambers based on their definition in existing work. Introducing
these measures allows us to provide new and more precise results
about the influence of belief introduction on echo chambers.

Experiments confirm that agents form echo chambers either
based on their opinions [22] or their beliefs [15]. In addition, they
show that performing belief and opinion propagation without main-
taining their coherence already generates more echo chambers.
Finally, ensuring coherence between agents’ opinions and beliefs
leads to even more, albeit smaller, echo chambers.

The remainder of this paper is organized as follows. Section 2
introduces notations used in this paper. Section 3 presents work
related to this problem. The new integrated model is defined in
Section 4. Section 5 defines a measure to identify echo chambers
and Section 6 draws hypotheses to be tested in this paper. Then, the
experimental settings are described in Section 7. Section 8 presents
and discusses the experimental results.
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2 PRELIMINARIES
We introduce concepts relevant to both related work and ours.

Let 𝐴 be a set of agents. Each agent 𝑎 ∈ 𝐴 has a non-empty
set of neighbors 𝑁 𝑡

𝑎 ⊆ 𝐴 \ {𝑎} at time 𝑡 . The directed network
that agents form at time 𝑡 is denoted as 𝐺𝑡 = ⟨𝐴, 𝑁 𝑡 ⟩ such that
𝑁 𝑡 =

⋃
𝑎∈𝐴{⟨𝑎, 𝑎′⟩;𝑎′ ∈ 𝑁 𝑡

𝑎}. For the sake of example, one can
consider a set of agents called Alice, Bob, Celia, and David. The
network they form is visualized in Figure 1 (left). Here, Bob and
Celia are Alice’s neighbors, i.e., 𝑁 0

Alice = {Bob,Celia}.
Each agent 𝑎 ∈ 𝐴 also has a cognitive state ⟨𝑂𝑡

𝑎, 𝐵
𝑡
𝑎⟩ at time 𝑡

made of its opinions 𝑂𝑡
𝑎 and beliefs 𝐵𝑡𝑎 .

An agent’s beliefs are a set of formulas held true by the agent.
Here we consider agents’ beliefs 𝐵 as sets of formulas in a proposi-
tional logic language LP , built from a set P of propositions. Such
propositions may be that ‘a tram be built’ (noted as 𝑝), ‘traffic jams
are low’ (𝑞) or ‘taxes are low’ (𝑟 ). If Alice believes that trams reduce
traffic jams, her beliefsmay be𝐵0Alice = {𝑝 → 𝑞}. Similarly, Bobmay
believe that ‘building tram lines increases taxes (𝐵0Bob = {𝑝 → ¬𝑟 })’
and Celia that if taxes should be kept low, then trams cannot be
built (𝐵0Celia = {𝑟 → ¬𝑝}).

The belief set 𝐵 can always be replaced by a single formula:
the conjunction of its elements. In this work, this set of beliefs
is expressed, without loss of generality, as a single formula [𝐵]
in full disjunctive normal form (FDNF), i.e. each literal appearing
exactly once in each disjunct. Hence, Alice’s beliefs are expressed
as (¬𝑝 ∧¬𝑞 ∧ 𝑟 ) ∨ (¬𝑝 ∧𝑞 ∧ 𝑟 ) ∨ (¬𝑝 ∧¬𝑞 ∧¬𝑟 ) ∨ (¬𝑝 ∧𝑞 ∧¬𝑟 ) ∨
(𝑝 ∧ 𝑞 ∧ ¬𝑟 ) ∨ (𝑝 ∧ 𝑞 ∧ 𝑟 ).

The set of models of a belief set 𝐵 ⊆ LP is denoted by M(𝐵).
There is a one-to-one correspondence between the disjuncts of the
formula [𝐵] and the models of the belief set M(𝐵). The symbol ⊤
(top) denotes the formula satisfied in by all interpretations (or the
empty theory), thus M(⊤) is the set of all possible interpretations.

Opinions are represented as numbers between 0 and 1, i.e.,𝑂𝑡
𝑎 ∈

[0, 1] ⊆ R with respect to topics. In this paper, we consider a single
topic 𝜙 which is a formula, i.e., 𝜙 ∈ LP . For instance, Alice, Bob,
Celia, and David may discuss whether the city they are living in
should construct tram lines or not. Hence they have opinions about
the topic 𝜙 = 𝑝 (‘a tram be built’). Initially, Alice is in favor of
the construction plan (𝑂0

Alice = 1.0), while Bob and Celia are less
favorable (𝑂0

Bob = 0.6 and 𝑂0
Celia = 0.4). Intuitively, opinions 0 and

1 represent extremely negative and positive opinions, respectively.
The distance between two opinions𝑂 and𝑂 ′ is measured by the

absolute difference between their values:

𝑑𝑂 (𝑂,𝑂 ′) = |𝑂 −𝑂 ′ |. (1)

Similarly, the distance between two belief sets 𝐵 and 𝐵′ is defined
as the Hamming distance between their models:

𝑑𝐵 (𝐵, 𝐵′) = |M(𝐵) \ M(𝐵′) | + |M(𝐵′) \ M(𝐵) |. (2)

Agents receive opinions and beliefs from their neighbors only. At
each time 𝑡 , agent 𝑎 can determine its set of concordant neighbors
𝐶𝑡
𝑎 as those neighbors having close opinions and beliefs by:

𝐶𝑡
𝑎 = {𝑎′ ∈ 𝑁 𝑡

𝑎 ;𝑑𝑂 (𝑂𝑡
𝑎,𝑂

𝑡
𝑎′ ) ≤ 𝜀 ∧ 𝑑𝐵 (𝐵𝑡𝑎, 𝐵𝑡𝑎′ ) ≤ 𝛿}

such that 𝜀 ∈ [0, 1] and 𝛿 ∈ {0, 1, . . . , |M(⊤)|} are thresholds for
opinions and beliefs, respectively. They determine the tolerance
of agents towards different opinions and beliefs. In the following

Alice Bob

Celia David

Alice Bob

Celia David

Figure 1: Visualization of a sample network before (left) and
after (right) rewiring. An arrow from a person 𝑝 to another
person 𝑞 means that 𝑝 has access to 𝑞’s opinions and beliefs.
Blue dashed lines circumscribe strongly connected compo-
nents; blue solid lines are echo chambers.

examples, unless stated otherwise, we always consider that 𝜀 =

0.4 and 𝛿 = 3. In this case, only Bob is concordant with Alice as
𝑑𝐵 (𝐵0Alice, 𝐵

0
Bob) = 2 ≤ 𝛿 and 𝑑𝑂 (𝑂0

Alice,𝑂
0
Bob) = 0.4 ≤ 𝜀. On the

opposite, 𝑑𝐵 (𝐵0Alice, 𝐵
0
Celia) = 2 ≤ 𝛿 and 𝑑𝑂 (𝑂0

Alice,𝑂
0
Celia) = 0.6 >

𝜀. Hence, 𝐶0
Alice = {Bob}.

3 RELATEDWORK
We first discuss the definition of echo chambers and the way to
measure them. Opinion and belief propagation have been consid-
ered from the standpoint of opinion dynamics and belief change.
Thus, related models in these areas are introduced in this section
as well as attempts to connect them.

3.1 Echo Chambers in Social Networks
Echo chambers in social networks describe a situation in which a
group of persons strengthen their viewpoints by interacting only
with persons who have opinions similar to theirs. Precisely, ‘An echo
chamber is [...] characterized by like-minded users predominantly
interacting with each other. Within these echo chambers, users express
and reinforce their beliefs on specific issues, thereby amplifying their
shared viewpoints’ [17]. We use the term ‘echo chamber’ following
the definition above and not as something inherently bad [4].

Following this definition, echo chambers are groups of people
satisfying three properties:
homogeneity: group members share the same or very close opin-

ions, or beliefs;
segregation: group members mainly listen to people in the same

group;
reinforcement: group members’ opinions or beliefs do not be-

come more distant over time.
There are various ways to attempt at measuring echo chambers

[10]: social network analysis measures, e.g., centrality, content-
based metrics comparing nodes attributes, e.g., their beliefs or opin-
ions, homophily and polarization metrics comparing if nodes have
common neighbors [12], or graph clustering and partitioning meth-
ods, also known as modularity measures [3].

Among the three properties above, homogeneity can be assessed
by content-based metrics, segregation is rather complementary to
homophily, but reinforcement is barely considered. In particular,
[22] uses homogeneity and segregation, but not reinforcement. To
identify echo chambers according to this definition, we will propose
a measure taking into account the three properties.
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3.2 Opinion Dynamics and Echo Chambers
How echo chambers arise has been explained using mathematical
models such as opinion dynamicsmodels. Opinion dynamics studies
how agents’ opinions evolve through interactions [6]. The basic
idea of such models is that agents’ opinions are affected by other
agents’ opinions. For example, if Alice has the utmost positive
opinion toward the construction of tram lines, when she listens to
Bob and Celia’s less positive opinions toward it, she may adopt a
lower opinion than before.

One classical model that can be applied to it is the bounded con-
fidence model [5, 11]. In [5], two agents 𝑎 and 𝑎′ exchange their
opinions asynchronously. They update their opinions if their dif-
ference, i.e., 𝑑𝑂 (𝑂𝑡

𝑎,𝑂
𝑡
𝑎′ ), is equal to or less than a threshold 𝜀 ∈ R.

The updating rule can be described as:

𝑂𝑡+1
𝑎 =𝑂𝑡

𝑎 + 𝜇 (𝑂𝑡
𝑎′ −𝑂𝑡

𝑎), and 𝑂𝑡+1
𝑎′ =𝑂𝑡

𝑎′ + 𝜇 (𝑂𝑡
𝑎 −𝑂𝑡

𝑎′ ),

such that 𝜇 is a constant between 0 and 0.5 [6]. For instance, if Alice
and Bob exchange their opinions, with 𝜇 = 0.5, 𝜀 = 0.4 and the initial
opinions previously mentioned, 𝑂1

Alice = 1 + 0.5 × (0.6 − 1) = 0.8
and 𝑂1

Bob = 0.6 + 0.5 × (1 − 0.6) = 0.8. Based on this model, it
is shown that low tolerance for dissimilar opinions, i.e., a small 𝜀,
prevents agents’ opinions from converging.

Nowadays, opinion dynamics models based on bounded confi-
dence have been proposed to explain how echo chambers arise [2,
22, 26]. A model with opinion threshold, timelines, and network
rewiring has been proposed to model online social networks, and
particularly Facebook, realistically [22]. In this model, each agent
follows at least another agent. At each iteration, one agent (𝑎) is
chosen randomly. Then, agent 𝑎 updates its opinions and then
can modify 𝑁 𝑡

𝑎 and submit new posts or reposts probabilistically.
The updating rule is a variation of the bounded confidence model
involving all the agent’s concordant neighbors:

𝑂𝑡+1
𝑎 =

𝜇𝑂
𝑡
𝑎 + (1 − 𝜇) ×

∑
𝑎′ ∈𝐶𝑡

𝑎
𝑂𝑡

𝑎′

|𝐶𝑡
𝑎 |

if 𝐶𝑡
𝑎 ≠ ∅

𝑂𝑡
𝑎 if 𝐶𝑡

𝑎 = ∅

Assume that 𝜀 = 0.4, 𝛿 = |M(⊤)| (so that beliefs do not matter)
and 𝜇 = 0.5 and only Bob is concordant with Alice, then as before,
𝑂1
Alice is 0.5 · 1.0 + (1 − 0.5) · 0.6 = 0.8.
It is observed that the smaller the 𝜀 threshold, the more echo

chambers are created.Moreover, it is reported that network rewiring,
i.e., unfollowing and following, accelerates their appearance.

With the advance of large language models (LLMs), some models
rely on LLM-based agents which explain reasons why they have
such opinions [20, 28]. However, how agents’ beliefs are changed
over iterations has not been analyzed.

3.3 Distributed Belief Change
In the field of belief change [7], many operators describe how to
revise or merge beliefs. For example, assume that Alice believes that
‘if tram lines are built, then there will be less traffic jams (𝑝 → 𝑞)’
and Bob, believes that ‘if tram lines are built, then taxes will increase
(𝑝 → ¬𝑟 )’. Then, after Alice listens to Bob, she may believe that the
construction leads to less traffic jams and higher taxes by taking
Bob’s beliefs into account. However, little work considers belief
propagation in a network.

Belief revision games (BRG) [24] define procedures, similar to
those of opinion dynamics, for merging beliefs. Such an operation,
𝑅, is defined as1:

𝑅(B) =
[
argmin
𝑚∈M(⊤)

∑︁
𝐵∈B

min
𝑚′∈M(𝐵)

𝑑𝐻 (𝑚,𝑚′)
]

(3)

such that B is a set of belief sets, those from the neighbors, to
be merged and M(⊤) is the set of all the interpretations on P. 𝑅
returns consistent beliefs [24]. For example, Alice can alter her
beliefs by revising her current beliefs by Bob’s beliefs. Hence, her
new beliefs are 𝑅(𝐵0Alice, 𝐵

0
Bob) = {𝑝 → (𝑞 ∧¬𝑟 )} or (𝑝 ∧𝑞 ∧¬𝑟 ) ∨

(¬𝑝 ∧ 𝑞 ∧ 𝑟 ) ∨ (¬𝑝 ∧ 𝑞 ∧ ¬𝑟 ) ∨ (¬𝑝 ∧ ¬𝑞 ∧ 𝑟 ) ∨ (¬𝑝 ∧ ¬𝑞 ∧ ¬𝑟 ) in
FDNF.

BeliefFlow [25] is another framework which enables beliefs to be
updated asynchronously. In this framework, agents reach a consen-
sus if the network they form is strongly connected. None of these
procedures allow agents to modify the network. Network rewiring
has been considered in the network knowledge base approach on
a simpler belief description language [9]. These work have not
considered the impact of belief change on the formation of echo
chambers, which are investigated here.

3.4 Models Evolving Opinions and Beliefs
In spite of socio-psychological evidence of their relation [21, 29],
there has been few models explicitly connecting changing opinions
and beliefs as defined in opinion dynamics and belief propagation.
Some models constrain Boolean public opinions with common
integrity constraints expressed logically [1]. Other work has used
an influence matrix between opinions in order to enforce their
dependencies [8, 19]. However, these constraints do not have the
status of beliefs and do not change.

In [27], the distinction is made between beliefs and experience.
Experience is modeled as data incompletely sampling the envi-
ronment. From samples, agents learn beliefs, under the form of
a classifier based on feature correlation. Then they explicitly ex-
change both data and classifier with their neighbors. They adopt
neighbor classifiers only if it is more accurate on their own experi-
ence. This procedure is called ‘epistemic rationality’, meaning that
agents try to maintain as much coherence as possible between their
beliefs and their experience. Although this work does not deal with
opinions, only belief and data, it provides the notion of internal
coherence of agents’ beliefs and experience.

We have introduced a way to combine and synchronise opinions
and beliefs [16]. This has been extended in [15] by using confidence-
bounded propagation and network rewiring in order to reproduce
results of [22]. It shows that the connection between the two pro-
cesses ‘reinforces’ echo chambers based on global measures such as
maximal distance between belief/opinion, number of ‘communities’
(disregarding the network structure) and average number of dis-
cordant neighbors [15]. Although the second may be considered a
measure of segregation, as in [22], reinforcement is completely left
aside. Moreover, this work does not introduce a precise definition
of echo chambers.

1𝑑𝐻 is the Hamming distance between two interpretations, i.e., 𝑑𝐻 (𝑚,𝑚′ ) = | {𝑝 ∈
P; (𝑚 |= 𝑝 ∧𝑚′ ̸ |= 𝑝 ) ∨ (𝑚 ̸ |= 𝑝 ∧𝑚′ |= 𝑝 ) } | .
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Here, we refine this model and introduce a precise definition of
echo chambers so that it is possible to count them and measure
properties respective to these echo chambers instead of global prop-
erties. This enables new observations on a comparable experiment
and more precision in the results. Moreover, we are able to con-
trast the results obtained when agents synchronize their beliefs and
opinions with respect to when they do not do it.

4 A MODEL FOR OPINION AND BELIEF
PROPAGATION AND INTEGRATION

We propose a model in which opinions and beliefs are distinguished:
opinions represent how positive or negative an agent considers a
topic, while beliefs describe what it regards as true.

Agents change their opinions and beliefs with respect to four
procedures (𝑂𝐷 , 𝑂𝐹 , 𝐵𝑅, and 𝐵𝐴). These functions map an agent’s
cognitive state to a new state. We separate them in two types of
functions: belief and opinion propagation (Section 4.1) and coher-
ence restoration (Section 4.2).

4.1 Propagation
Agents can revise their opinions by taking other agents’ opinions
into account: this corresponds to classical opinion dynamics models.
Similarly, beliefs can be revised based on others’ beliefs: this process
is formalized by classical belief revision. Hence, we simply use
existing procedures.

4.1.1 Opinion Dynamics. In the opinion dynamics process (𝑂𝐷),
agents update their current opinions using the current opinions of
their concordant neighbors. Thus, 𝑂𝐷 is defined as:

𝑂𝐷 (⟨𝑂𝑎, 𝐵𝑎⟩) =

〈
𝜇𝑂𝑎 + (1 − 𝜇)

∑
𝑎′ ∈𝐶𝑡

𝑎
𝑂𝑎′

|𝐶𝑡
𝑎 |

, 𝐵𝑎

〉
if 𝐶𝑡

𝑎 ≠ ∅

⟨𝑂𝑎, 𝐵𝑎⟩ if 𝐶𝑡
𝑎 = ∅

(4)

such that 𝜇 ∈ [0, 1]. This procedure corresponds to the opinion
updating process in [22] which is based on the bounded confidence
model (Section 3.2). Hence, if Alice performs𝑂𝐷 as first operation,
her cognitive state becomes ⟨0.8, 𝐵0Alice⟩.

4.1.2 Belief Revision. In the belief revision process (𝐵𝑅), agents
update their beliefs using the current beliefs of their concordant
neighbors. Thus, 𝐵𝑅 is defined as:

𝐵𝑅(⟨𝑂𝑎, 𝐵𝑎⟩) = ⟨𝑂𝑎, 𝑅(𝐵𝑎, 𝐵𝑎1 , . . . , 𝐵𝑎𝑛 )⟩ (5)

such that 𝐶𝑡
𝑎 = {𝑎1, . . . , 𝑎𝑛} are 𝑎’s concordant neighbors. 𝑅 is

the operation defined in Section 3.3, chosen as the most regular
operation among those of [24]. Accordingly, if Alice updates her
beliefs with concordant agents’ beliefs (here Bob’s beliefs) following
𝐵𝑅, her state would become ⟨𝑂0

Alice, {𝑝 → (𝑞 ∧ ¬𝑟 )}⟩.
Setting 𝛿 = |M(⊤)| (resp. 𝜀 = 1), in the definition of 𝐶𝑡

𝑎 , means
that agents do not ignore their neighbors based on beliefs (resp.
opinions), thus performing𝑂𝐷 (resp.𝐵𝑅) corresponds to the bounded
confidence model [5] (resp. BRG [24]).

4.2 Coherence Between Opinions and Beliefs
After propagation, agents’ opinions and beliefs may not correspond
to each other. For example, after Alice listens to Bob’s opinion,
she may have a less positive opinion toward the construction of

Table 1: A score 𝑉 is provided to each Boolean assignment of
three atoms.

𝑝 t t t t f f f f
𝑞 t t f f t t f f
𝑟 t f t f t f t f

𝑉 7
7

6
7

5
7

4
7

3
7

2
7

1
7

0
7

tram lines, but this did not affect her beliefs. Conversely, she may
have changed her beliefs from Bob’s without changing her opinions.
Hence depending on whether opinions (𝑂𝐷) or beliefs (𝐵𝑅) have
been propagated, she may found herself in a state, ⟨0.8, 𝐵0Alice⟩ or
⟨𝑂0

Alice, {𝑝 → 𝑞 ∧ ¬𝑟 }⟩, which may need to be adjusted. This loss
of coherence may be uncomfortable for agents as they may not be
able to justify their opinions from their beliefs.

In order to restore coherence, we use two synchronization oper-
ations: opinion formation from beliefs (𝑂𝐹 ) and belief alignment
with opinions (𝐵𝐴). The former can be used to adapt opinions when
beliefs have changed and the latter to adapt beliefs to new opinions.
Because opinions and beliefs are not direct translations of each
other, these operations are based on values that agents may hold.

4.2.1 Cultural Values. Cultural values help agents to determine
whether something is ‘good’ or ‘bad’ [18, 23]. They are used here
to determine preferences between different possible states of the
world. This is rendered as a map𝑉 from interpretations inM(⊤) to
real numbers between 0 and 1. Intuitively, the cultural values toward
an interpretation 𝐼 is close to 0 (resp. 1), if the agent considers 𝐼 as
bad (resp. good). For example, Table 1 represents values 𝑉 which
consider worlds consistent with 𝑝 , then 𝑞, then 𝑟 , as good. In the
example considered so far, these values mean that agents prefer
to build tram lines more than reducing traffic jams and reducing
traffic jams more than reducing taxes.

Such values allow agents to form their opinions from beliefs and
vice versa as discussed below.

4.2.2 Opinion Formation. In the opinion formation process, an
agent revises its opinions based on its beliefs. For example, Alice
may want to lower her opinions towards trams as she has altered
her beliefs after Bob’s. This consists first in generating an opinion
from the current beliefs (𝜙 is the topic on which to form an opinion):

𝑣 (𝐵) =
∑
𝑚∈M(𝑅 (𝐵,𝜙 ) ) 𝑉 (𝑚)
|M(𝑅(𝐵, 𝜙)) | . (6)

This means that an agent forms its opinion about the topic 𝜙 from
its beliefs 𝐵 based on how valuable the models of the revision of 𝐵
by 𝜙 are. The divisor of 𝑣 (𝐵) is never 0 since 𝑅 returns consistent
beliefs [24]. For example, after Alice has processed 𝐵𝑅 with Bob, her
cognitive state is ⟨1.0, {𝑝 → (𝑞 ∧¬𝑟 )}⟩ (see Section 4.1.2). To adapt
her opinions towards 𝜙 = 𝑝 from her new beliefs, she first revises
her current beliefs by 𝜙 : 𝑅(𝑝 → (𝑞 ∧ ¬𝑟 ), 𝜙) = 𝑝 ∧ 𝑞 ∧ ¬𝑟 . Assume
that her values 𝑉 are those defined in Table 1, she can compute
the mean of the values 𝑉 (𝑚) where𝑚 ∈ M(𝑅(𝑝 → (𝑞 ∧ ¬𝑟 ), 𝜙)),
hence 𝑣 (𝑝 → (𝑞 ∧ ¬𝑟 )) = 6

7 .

Research Paper Track AAMAS 2026, May 25–29, 2026, Paphos, Cyprus

1740



The generated opinion is then aggregated to the agent’s current
opinion. The function 𝑂𝐹 is thus defined as:

𝑂𝐹 (⟨𝑂𝑎, 𝐵𝑎⟩) = ⟨𝛼𝑂𝑎 + (1 − 𝛼) × 𝑣 (𝐵𝑎), 𝐵𝑎⟩ (7)

with 𝛼 ∈ [0, 1] controlling the inertia to the changing process.
This is a simple way to balance inertia and willingness to change
opinions. For example, if Alice had opinion 1.0 toward 𝜙 and 𝛼 = 1

2 ,
i.e., her new opinion is affected by her current opinion and beliefs
equally. Then, she could obtain the new opinion as: 0.5 · 1.0 + (1 −
0.5) · 67 = 13

14 ≈ 0.93. Hence, her new cognitive state is ⟨ 1314 , {𝑝 →
(𝑞 ∧ ¬𝑟 )}⟩. This result means that she considers the topic less
positively than before.

4.2.3 Belief Alignment. In the belief alignment process, agents
revise their beliefs based on their opinions. For example, after
Alice has changed her opinion as influenced by her neighbors, she
may want to alter her beliefs to align with her opinions. This is
achieved by filtering beliefs in two steps. First, agents select the
beliefs which minimize the distance between their current opinions
and the opinions based on beliefs from the function 𝑣 of Equation 6.
Second, agents adopt those consistent beliefs which minimize the
distance between their current beliefs and those beliefs selected in
the previous step. This assumes that agents only adopt consistent
beliefs.

Thus, the function 𝐵𝐴 is defined as:

𝐵𝐴(⟨𝑂𝑎, 𝐵𝑎⟩) = ⟨𝑂𝑎, argmin
𝐵∈LP (𝑂𝑎 )

𝑑𝐵 (𝐵, 𝐵𝑎)⟩ (8)

such that LP (𝑂) = argmin
𝐵∈FDNF∗ (LP )

𝑑𝑂 (𝑂, 𝑣 (𝐵))

and FDNF∗ (LP ) is the set of consistent FDNF formulas (excluding
the empty disjunction). If several beliefs minimize 𝑑𝐵 (𝐵, 𝐵𝑎) in
Equation 8, the aligned result is chosen randomly among them.

For instance, after having processed 𝑂𝐷 (Section 4.1.1), Alice’s
state is ⟨0.8, {𝑝 → 𝑞}⟩. To align her beliefs to her new opinions,
Alice first considers which beliefs are the best to support her opin-
ions, i.e., which beliefs minimize the distance between her current
opinion and the opinion which would be formed from her beliefs
(LP (0.8)). Then, she picks one of the closest beliefs 𝐵 ∈ LP (0.8)
to her current beliefs 𝐵0Alice as possible. In this case, 𝐵 = {𝑝∧𝑟 → 𝑞}
(in FDNF: (𝑝 ∧ 𝑞 ∧ 𝑟 ) ∨ (𝑝 ∧ 𝑞 ∧ ¬𝑟 ) ∨ (𝑝 ∧ ¬𝑞 ∧ ¬𝑟 ) ∨ (¬𝑝 ∧ 𝑞 ∧
𝑟 ) ∨ (¬𝑝 ∧𝑞∧¬𝑟 ) ∨ (¬𝑝 ∧¬𝑞∧ 𝑟 ) ∨ (¬𝑝 ∧¬𝑞∧¬𝑟 )) minimizes the
distance to 𝐵0Alice, as 𝑑𝐵 (𝐵, 𝐵

0
Alice) = 1. Hence, when Alice performs

belief alignment, her new cognitive state is ⟨0.8, 𝐵⟩.

4.3 Protocol
Agents behave following a procedure, adapted from [22], combining
these four operations. At time 𝑡 , the set 𝐴𝑡 ⊆ 𝐴 of activated agents
is determined by drawing agents in 𝐴 with probability 𝑝activate.
Each non active agent (𝑎 ∉ 𝐴𝑡 ) does nothing at time 𝑡 ; active agents
update their opinions and beliefs, and possibly their neighbors.

We distinguish four experimental processes to test our hypothe-
ses: (odonly) (resp. (bronly)) only performs opinion dynamics (resp.
belief revision); (both) performs both operations and (coherence)
applies, in addition, opinion formation and belief alignment to

synchronize them:

⟨𝑂𝑡+1
𝑎 , 𝐵𝑡+1𝑎 ⟩ =𝑂𝐷 ( ⟨𝑂𝑡

𝑎, 𝐵
𝑡
𝑎⟩ ), (odonly)

⟨𝑂𝑡+1
𝑎 , 𝐵𝑡+1𝑎 ⟩ = 𝐵𝑅( ⟨𝑂𝑡

𝑎, 𝐵
𝑡
𝑎⟩ ), (bronly)

⟨𝑂𝑡+1
𝑎 , 𝐵𝑡+1𝑎 ⟩ = 𝐵𝑅( 𝑂𝐷 ( ⟨𝑂𝑡

𝑎, 𝐵
𝑡
𝑎⟩ ) ), (both)

⟨𝑂𝑡+1
𝑎 , 𝐵𝑡+1𝑎 ⟩ =𝑂𝐹 ( 𝐵𝑅( 𝐵𝐴( 𝑂𝐷 ( ⟨𝑂𝑡

𝑎, 𝐵
𝑡
𝑎⟩ ) ) ) ) . (coherence)

All functions are executed synchronously among active agents.
Then, as in [22], with the probability 𝑝rewire, agent 𝑎 ∈ 𝐴𝑡 tries to

modify its set of neighbors. Intuitively, this is achieved by removing
from 𝑁 𝑡

𝑎 one agent 𝑎′ that is not concordant and adding one agent
𝑎′′ that is not a neighbor or 𝑎 itself to it. More formally, 𝑎 considers
the sets 𝐹 𝑡𝑎 ⊆ 𝐴 and 𝑈 𝑡

𝑎 ⊆ 𝐴 of agents that can be followed and
unfollowed at time 𝑡 , respectively. They are defined as:

𝑈 𝑡
𝑎 = 𝑁 𝑡

𝑎 \𝐶𝑡
𝑎 and 𝐹 𝑡𝑎 = {𝑎′ ∈ 𝐴;𝑎 ≠ 𝑎′ ∧ 𝑎′ ∉ 𝑁 𝑡

𝑎}.

If the two sets are non empty, 𝑎 can choose the unfollowed agent
𝑎′ ∈ 𝑈 𝑡

𝑎 and the followed agent 𝑎′′ ∈ 𝐹 𝑡𝑎 randomly, and update its
set of neighbors as follows:

𝑁 𝑡+1
𝑎 = (𝑁 𝑡

𝑎 \ {𝑎′}) ∪ {𝑎′′}.

Otherwise, the set of neighbors is not updated, i.e., 𝑁 𝑡+1
𝑎 = 𝑁 𝑡

𝑎 . This
entails that for each 𝑎 ∈ 𝐴, the size of 𝑁 𝑡

𝑎 remains constant over
𝑡 . For example, when Alice performs the rewiring, the unfollowed
agent 𝑎′ is Celia because𝑈 0

Alice = {Celia}. Moreover, in the network
presented in Figure 1 (left), David is the only agent who is not a
neighbor of Alice, i.e., 𝐹 0Alice = {David}. Hence, Alice can update
her neighbors as:

𝑁 1
Alice = (𝑁 0

Alice \ {Celia}) ∪ {David} = {Bob,David}.

Figure 1 (right) shows the network after the rewiring.

5 MEASURES
In [22], the emergence of echo chambers is shown visually using
plots of the evolution of message diversity, agents’ opinions, and
the network of agents over time. However, these plots are generated
from results of one single experiment.

In the same paper, the effects of 𝜀 on the number of final opinion
peaks and final opinion distance are presented based on 20 exper-
iments which share the same parameters. These measures show
how opinions are polarized and the network segregated. Although
polarization may be a measure of homogeneity, reinforcement is
ignored, so this should not allow us to conclude on echo chambers.
Results have been confirmed in [15] but still with measures not
explicitly identifying echo chambers.

The way to identify echo chambers is to partition the network
into groups and to count those satisfying the properties of homo-
geneity, segregation and reinforcement (see Section 3.1). Of course,
it is not practicable to test all partitions, thus we propose to use
strongly connected components to identify echo chambers. Bas-
ing measurements on strongly connected components make sense
because: (1) echo chambers are expected to be connected, (2) they
are maximal, and (3) reinforcement is usually obtained through
feedback, which needs strong connection. Nevertheless, strongly
connected components may be replaced by other structures, parti-
tions or not. The effect of this choice is left for further investigation.
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Table 2: Configuration of the parameters. eo𝑡
𝑋
and eb𝑡

𝑋
mean the measure eo𝑡 and eb𝑡 obtained in the setting 𝑋 , respectively.

Hypothesis H0 H1 H2 H3

Setting S0 S1 S2 S3

protocol (odonly) (bronly) (both) (coherence)
𝜀 {0.05, 0.1, . . . , 0.5} 1 {0.05, 0.1, . . . , 0.5} {0.05, 0.1, . . . , 0.5}
𝛿 8 {1, 2, . . . , 7} {1, 2, . . . , 7} {1, 2, . . . , 7}

#Sims 20 · 10 = 200 20 · 7 = 140 20 · 10 · 7 = 1400 20 · 10 · 7 = 1400

Test eo𝑇
𝑆0 > 0 eb𝑇

𝑆1 > 0 eo𝑇
𝑆2 ≥ eo𝑇

𝑆0 and eb𝑇
𝑆2 ≥ eb𝑇

𝑆1 eo𝑇
𝑆3 ≥ eo𝑇

𝑆2 and eb𝑇
𝑆3 ≥ eb𝑇

𝑆2

Hereafter, component denotes strongly connected components and
S𝑡 is the set of components at time 𝑡 .

During the experiments, the following measures are recorded.

Segregation. The segregation of a component is measured by the
ratio of the edges whose sources are in a component 𝐶 and whose
targets are not in 𝐶 to the edges whose sources are in 𝐶:

𝐿𝑡 (𝐶) = |{⟨𝑎, 𝑎′⟩ ∈ 𝑁 𝑡 ;𝑎 ∈ 𝐶 ∧ 𝑎′ ∉ 𝐶}|
|{⟨𝑎, 𝑎′⟩ ∈ 𝑁 𝑡 ;𝑎 ∈ 𝐶}| .

Hence, the lower this measure, the more segregated the network.

Homogeneity. To assess how homogeneous agents in a component
𝐶 ∈ S𝑡 are, we measure the maximal distance between opinions
(resp. beliefs) of agents which belong to the component:

𝑀𝑡
𝑂 (𝐶) = max

𝑎,𝑎′∈𝐶
𝑑𝑂 (𝑂𝑡

𝑎,𝑂
𝑡
𝑎′ ),

𝑀𝑡
𝐵 (𝐶) = max

𝑎,𝑎′∈𝐶
𝑑𝐵 (𝐵𝑡𝑎, 𝐵𝑡𝑎′ ) .

The lower these measures, the more homogeneous the component.

Reinforcement. To assess if a component𝐶 satisfies reinforcement,
we test whether its homogeneity measure (maximal distance be-
tween agents’ opinions or beliefs) decreases during its lifespan. Let
[𝑡𝐶 , 𝑡] be the maximal window during which a component 𝐶 ∈ S𝑡

exists, then, the measure is defined as:

𝐷𝑡
𝑂 (𝐶) ≡ ∀𝑠 ∈ [𝑡𝐶 , 𝑡 [, 𝑀𝑠

𝑂 (𝐶) ≥ 𝑀𝑠+1
𝑂 (𝐶)

𝐷𝑡
𝐵 (𝐶) ≡ ∀𝑠 ∈ [𝑡𝐶 , 𝑡 [, 𝑀𝑠

𝐵 (𝐶) ≥ 𝑀𝑠+1
𝐵 (𝐶)

Echo chambers. Based on the above measures, we can compute
the number of echo chambers at time 𝑡 as those components that
are segregated and whose opinions and beliefs are homogeneous
and reinforcing:

eo𝑡 = |{𝐶 ∈ S𝑡 ;

segregation︷      ︸︸      ︷
𝐿𝑡 (𝐶) ≤ 𝜃 ∧

homogeneity︷             ︸︸             ︷
𝑀𝑡
𝑂 (𝐶) ≤ 10−5 ∧

reinforcement︷ ︸︸ ︷
𝐷𝑡
𝑂 (𝐶)}|,

eb𝑡 = |{𝐶 ∈ S𝑡 ;𝐿𝑡 (𝐶) ≤ 𝜃 ∧ 𝑀𝑡
𝐵 (𝐶) = 0 ∧ 𝐷𝑡

𝐵 (𝐶)}|.

such that 𝜃 ∈ ]0, 1[. The measures are made independent of 𝜀 and
𝛿 , which vary in experiments, by choosing stricter thresholds (10−5
and 0) for the homogeneity property. In the following, we use 𝜃 =

0.5. Here, 𝐿𝑡 (𝐶) ≤ 0.5 indicates that at most half of the edges whose
sources are in 𝐶 , have their targets out of 𝐶 . This automatically
disqualifies singletons (components 𝐶 such that |𝐶 | = 1) as echo
chambers. In complement, we compute the proportion of agents
involved in echo chambers.

In Figure 1 (left), there are three strongly connected components,
but only Celia who does not listen to any one could be an echo
chamber, as Alice, Bob and David have significantly different opin-
ions and beliefs. After propagation and rewiring (right), Alice, Bob
and David form a strongly connected component that is an echo
chamber.

6 HYPOTHESES
We test the four following hypotheses taking into account the more
elaborate definition of echo chambers.

First, the proposed model is defined based on that of [22]. So, if
only opinions are updated, echo chambers should be observed:
H0 If opinions evolve independently from beliefs, opinion echo

chambers should arise.
Similarly with respect to [15], the same should occur for beliefs:
H1 If beliefs evolve independently from opinions, belief echo cham-

bers should arise.
Next, it is expected that independent opinion and belief propa-

gation reinforce each other, through the double constraint put on
concordant agents, and thus lead to more echo chambers:
H2 Connecting opinions and beliefs increases the number of echo

chambers.
Finally, keeping opinions and beliefs coherent is expected to tighten
the links between them and to induce more echo chambers than
without keeping the coherence:
H3 Connecting opinions and beliefs and keeping them coherent

increases the number of echo chambers.

7 EXPERIMENTAL SETTINGS
In order to test each of the four hypotheses of Section 6, we perform
four experiments under specific conditions described hereafter.

We fix P to {𝑝, 𝑞, 𝑟 } and the topic 𝜙 to 𝑝 . Moreover, we fix |𝐴| =
100 and |𝑁 0 | = 400 to follow the same conditions as those of [15, 22].
We always use 𝑇 = 5000 iterations.

In addition, 𝑝active = 𝑝rewire = 0.5 and 𝜇 = 0.5 to perform
experiments under the same conditions as the experiments used
to generate Figure 3 in [22]. We fix 𝛼 = 0.5 so that the effect of
an agent’s beliefs on its opinions is the same as the effect of other
agents’ opinions on it. Finally, the cultural values 𝑉 presented in
Table 1 is shared among all of the agents and does not change over
time.

The initial state is generated by drawing randomly |𝑁 0 | edges
among |𝐴| agents, so that each agent has at least one neighbor.
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Table 3: Overall results for the four experimental settings and the initial setting. In parentheses for components are the
percentages of agents belonging to such components. Raw results are aggregated by computing the mean.

Setting initial S0 S1 S2 S3

stabilized experiments – 200 (100%) 140 (100%) 1389 (99.2%) 1390 (99.3%)

components (|S𝑇 |) 3.35 (100%) 4.29 (100%) 7.48 (100%) 7.97 (100%) 8.29 (100%)
singletons 2.35 (2.35%) 2.35 (2.35%) 4.39 (4.39%) 4.25 (4.25%) 4.29 (4.29%)

opinion echo chambers (eo𝑇 ) 0.00 (0%) 1.71 (97.2%) – 2.70 (86.8%) 3.00 (81.7%)
beliefs echo chambers (eb𝑇 ) 0.00 (0%) – 2.03 (79.3%) 2.52 (74.9%) 3.00 (80.4%)

Test –
√ √ √

and
√ √

and
√

Agents are assigned random beliefs and opinions. We use 20 differ-
ent seeds to control the randomness of both the initial network and
the propagation process. Before starting interacting with each other,
all agents perform 𝐵𝐴 ◦𝑂𝐹 until their opinions and beliefs become
stable, i.e., each agent’s beliefs do not change and the difference
between opinions before and after the operation is less than or
equal to 10−5. Thus, agents are in a coherent state at the beginning.

𝛿 is taken from the set {1, 2, . . . , |M(⊤)|} = {1, 2, . . . , 8}. 𝜀 is
taken from the set {0.05, 0.1, . . . , 0.5} so that the experiments cor-
respond to those performed in [22] and [15].

Table 2 relates controlled parameters to hypotheses. The different
experiment sizes (#Sims) are the consequence of the controlled
variables with respect to the hypotheses: when a parameter is
frozen, all values lead to the same result.

8 RESULTS AND DISCUSSION
Results of the four experiments are summarized in Table 3. Thereby,
‘stabilized experiments’ is the number of experiments in which
agents’ opinions and beliefs did not change during the last 500
iterations, i.e., 𝐵𝑡𝑎 ≡ 𝐵𝑇𝑎 and |𝑂𝑡

𝑎 −𝑂𝑇
𝑎 | ≤ 10−5. Although agents’

cognitive states did not change, the network itself may change due
to network rewiring, albeit without affecting agent states.

Hypothesis H0. In each simulation with S0, eo𝑇 > 0, i.e., at least
one echo chamber is created. Thus, the results support Hypothesis
H0. In addition, all components (not only echo chambers) satisfy
reinforcement. Figure 2 (left plot, solid green curve) shows the
decrease of echo chambers with the increase of tolerance (higher
𝜀). Hence, although we applied a stronger measure, results confirm
those of [22].

Figure 3 (a) shows what happens on a specific case: a single
large component gathers most agents with the same opinion. A
few singleton components listen to the echo chamber. The echo
chamber effect is huge in this case, as in many, as all agents have
the same opinion.

Hypothesis H1. In each simulation with S1, but 8 out of 140 (94%),
eb𝑇 > 0. These results show that we can observe belief echo cham-
bers in most of the cases. Thus, Hypothesis H1 is supported.

As for opinions, Figure 2 (right plot, solid orange curve) shows
the number of echo chambers decrease with the increase of toler-
ance (higher 𝛿).

Figure 3 (b) shows the network scattered into many smaller
components, with more echo chambers and more diverse beliefs.
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Figure 2: Effect of 𝜀, resp. 𝛿 , on the number of opinion, resp.
belief, echo chambers. More tolerant agents lead to less echo
chambers, but connecting opinions and beliefs leads to more
echo chambers.

Hypothesis H2. Table 3 shows that, on average, connecting opin-
ions and beliefs (S2) increases the number of opinion (S0) and belief
(S1) echo chambers. This supports Hypothesis H2. In counterpart,
the number of agents involved in these echo chambers, especially
with respect to opinions, has decreased. Figure 3 (c) shows that this
is not only due to singleton components.

An interesting remark is that, the number of echo chambers
increases without directly synchronizing opinions and beliefs. This
is explained by the rewiring of the network, which generates seg-
regation. Segregation, because agents start with coherent beliefs
and opinions, tends to perpetuate coherence. In consequence, echo
chambers on both opinions and beliefs are closely related.

The echo chambers in Figure 3 (c) (and d) are indeed homoge-
neous in both opinions and beliefs.

Hypothesis H3.
Table 3 shows that simulations with S3 lead, on average, to more

echo chambers than those with S2 involving roughly the same
proportion of agents. This would support Hypothesis H3. However,
opinion and belief echo chambers increase or stay stable in only
78.86% of the experiments (1104 out of 1400). There is no direct
relation between S2 and S3: pairwise comparison does not indicate
a systematic increase, as shown in Table 4.

Figure 3 (c) and (d) show an increase of echo chambers (6 to 7).
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Table 4: Distribution of experiments with respect to the effect
of maintaining coherence (S3) compared to not maintaining
it (S2) on eb𝑇 and eo𝑇 (all other parameters being the same).

eo𝑇
eb𝑇 decreased did not change increased

decreased 258 (18.4%) 29 (2.07%) 3 (0.21%)
did not change 6 (0.43%) 482 (34.4%) 61 (4.36%)

increased 0 3 (0.21%) 558 (39.9%)

9 CONCLUSION
In social networks, symbolic beliefs are propagated as well as opin-
ions. To test their influence on echo chambers, we use a model
in which agents exchange and update their opinions and/or be-
liefs using those of their neighbors. Moreover, they maintain the
coherence between their opinions and beliefs using cultural values.

We identify echo chambers based on components satisfying seg-
regation, homogeneity and reinforcement of opinions or beliefs.
Experimental results confirm those obtained with different mea-
sures: the more tolerant agents are, the less echo chambers they
create. This also shows that joining opinions and beliefs generates

more echo chambers. This occurs even when agents do not explic-
itly maintain the coherence between their opinions and beliefs.

Hence, connecting beliefs to opinions indeed affects both types
of echo chambers, which consolidate each other. This does not
prevent echo chambers from arising. On the contrary, there are
more echo chambers, albeit smaller ones (see Figure 3), involving
slightly fewer agents. Thus, it is worth asking if this strengthens or
weakens echo chambers. This could be tested by evaluating how
the resulting echo chambers persist in the case of perturbations, i.e.
locally modifying the graph topology or agent states.
Data availability. All experiments were performed with the SOBA
simulator [13]. The experiment notebook is openly available from
[14]. It contains reference to software version, processing instruc-
tions, results, and analyses, including statistical tests.
Ethical statement. The authors declare no competing interests.
The authors are not aware of any ethical issue with this work.
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(a) Final network with S0 (Same color means same opinion). (b) Final network with S1 (Same color means same belief).

(c) Final network with S2 (Same color means same belief and opinion). (d) Final network with S3 (Same color means same belief and opinion).

Figure 3: Networks at 𝑇 from experiments using 𝜀 = 0.2, 𝛿 = 2, and the same seed.
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