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Collective estimation is a variant of collective decision-making where agents reach consensus on a
continuous quantity through social interactions. Achieving precise consensus is complex due to the
co-evolution of opinions and the interaction network. While homophilic networks may facilitate
estimation in well-connected systems, disproportionate interactions with like-minded neighbors lead
to the emergence of echo chambers and prevent consensus. Our agent-based simulations confirm
that, besides limited exposure to attitude-challengingopinions, seeking reaffirming information entrap
agents in echo chambers. To overcome this, agents can adopt a stubborn state (Messengers) that
carries data and connects clusters by physically transporting their opinion. We propose a generic
approach based on a Dichotomous Markov Process, which governs probabilistic switching between
behavioral states and generates diverse collective behaviors. We study a continuum between task
specialization (no switching), to generalization (slow or rapid switching). Messengers help the
collective escape local minima, break echo chambers, and promote consensus.

Collective behaviors exhibited by animal collectives or groups of interacting
artificial agents are fascinating examples of self-organization. Through these
behaviors, groups can solve problems collectively that cannot be solved by
any individual alone. This phenomenon is often referred to as collective or
swarm intelligence1–3. While significant progress has been made over the
past decades in understanding the fundamentals of collective intelligence,
many questions remain open regarding actual mechanisms underlying
collectively intelligent behavior, in particular in spatially embedded systems
lacking the capability for global information exchange between individual
agents.

Among themany differentmanifestations of collective intelligence, the
wisdom of crowds effect4–6 stands out as a great candidate for studying
collective computational intelligence3. While the core idea–that the average
of many imperfect estimations can be remarkably close to the true
value–seems straightforward, achieving precise estimations depends on
meeting certain criteria5,7–10. Typically, it assumes global knowledge by
individuals, which is often not achievable in fully decentralized settings.
However, distributed consensus models, particularly DeGroot-like
models11, implement the wisdom of crowds effect without a centralization
assumption7,12. These models have also been used to model opinion
dynamics, by providing a mechanism for how opinions spread across the
interaction network13–16. Such models find applications in engineering

domains like distributed sensing, collective robotics, andmachine learning1
7–20, as well as provide insights into social systems for economics, politics,
and collective behavior7,14,21–23. In thiswork,we study a specific applicationof
opinion dynamics that leads to collective estimation20, where agents inte-
grate distributed information to arrive at accurate estimation.

To better understand the underlying interaction rules that drive the
group-level behavior, many studies rely on agent-based models. These
models capture how simple, local rules, when applied at the level of each
agent, can lead to emergent consensus or disagreement at the group level.
Common examples for opinion dynamics include the Voter models24,
bounded confidence25, and gossip methods26. Beyond the update rules
themselves, the structure of interactions plays a critical role in shaping the
outcome of opinion dynamics. The underlying interaction network is an
important determinant of collective behavior26,27. In particular, as the net-
work becomes sparser, there exists a sparsity threshold above which the
network fragments, making consensus unattainable. For example, in static
networks, connectivity governs a tradeoff between the speed and accuracy of
consensus formation: stronger connectivity leads to faster convergence but
can reduce decision accuracy due to premature agreement10,20. This tradeoff
becomes even more pronounced in spatially embedded systems, where
agents must physically spread out to access diverse information, but
increased dispersion risks breaking the network apart.
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Contrary to the assumption of static networks in early models of
opinion dynamics, many real-world systems exhibit dynamic networks, as
agents tend to constantly rearrange their connections with their peers,
making the collective behaviormore complex28. These adaptive interactions
introduce additional complexity into collective behavior, as the network
structure evolves along with other system states. A prominent mechanism
driving such rewiring is homophily: the disproportional tendency of agents
to establish links with like-minded neighbors29–31, which in turn reshapes
information flow in the network.

One notable consequence of homophily is the emergence of ‘echo
chambers’: clusters of agents that are internally homogeneous in their
opinions anddisconnected fromother clusterswithdifferent opinions. Echo
chambers reinforce only the locally dominating perspective, foster con-
firmation biases, and prevent exposure to attitude-challenging
information32–34. These structures disrupt the flow of diverse information
across the network and can lead to collective outcomes beyond simple
fragmentation. These effects have been linked to phenomena that are
considered threats to public discourse and human society35–37. For example,
in the spread ofmisinformation34,38, local information homogeneity acts as a
driver to the diffusion of misinformation32,35,39. Other consequences include
the formation of filter bubbles and network segregation22,39.

Despite their adverse effects at the collective level, echo chambers
function for a purpose on the individual level: comforting agents with
reaffirmation and protecting them from disagreement32. Although the
actual adversarial outcome of echo chambers in collective dynamics is
arguable40, their structural role is clear. In this paper, where reaching con-
sensus on distributed information is a key objective, echo chambers are
barriers that inhibit information exchange and reduce the precision of
collective estimation. In our collective estimation scenario, the presence of a
defined objective allows us to examine the effects of homophily and echo
chambers inmeasurable terms and toderive designprinciples formitigation
in artificial systems.

In this work, we explicitly consider the scenario of spatially embedded
opinion dynamics, as encountered in real-world groups of mobile agents
moving through physical space20,41. While many mechanistic models have
been developed to describe the co-evolution of homophilic networks and
opinion dynamics, leading to the emergence of echo chambers42–45, they
typically focus on the evolution of opinions through social interactions,
without considering where those opinions originate. In most of these
models, agents’ initial opinions are drawn from a random pool of discrete
options. Therefore, by design, these models do not take into account the
influence of external sources of information on the evolution of opinions,
e.g., information gathered from spatial distributions in the environment.
Hence, the results of such non-spatial models cannot explain the spatial
patterns exhibited in the systems37,46.

Contrarily, other models consider scenarios in which agents are
embedded in space and influenced by an external environmental signal,
either in a fixed ‘cell’, or grid-like environment47,48, or a jump-like influence
fromexternal information49.We assume that the information agents receive
is defined by an information landscape, for example, emitted by one or
multiple information sources, and the agent’s position determines the
information available to them, hence shaping their opinion. We already
know that the position of agents in the network matters50, but so does the
position within the information landscape. Compared to other discrete
models of initial opinions in homophilic networks, the information land-
scape can represent continuous information with arbitrary distributions.
This landscape represents external information available in space, not
directly determining internal opinions. Agents sample it locally and inte-
grate it with social input to form their opinion.

Given the agents in our model are embedded in an information
landscape, we define neighborhood as the local proximity of agents,
determined by a finite communication range. While not identical, this
definition is conceptually comparable to the thresholds in bounded con-
fidence models of opinion dynamics, where only sufficiently similar agents
influence each other25,51. However, here the threshold is implicit, emerging

from spatial distance instead of explicit opinion similarity, and is decoupled
through its embedding in physical space.

To implement homophily in this setting, we require new rules that
consider the spatiality of the network. In traditional, non-spatial models,
homophily can affect links between any pair of nodes, regardless of their
spatial distance42. However, in spatial systems, interactions are inherently
local and limited by proximity. Therefore, we propose a potential function
based on the dissonance value of agents’ opinions, where homophily acts as
a local, gravitational pulling force, driving agents to actively move and seek
sources of information that minimize this disagreement value. This way of
modeling homophily is in line with the aforementioned functional purpose
of homophily–reducing disagreement32. In abstract models of opinion
dynamics, such as bounded confidence models, it is well known that small
confidence bounds can result in echo chambers formation. In this work, we
raise a new question in a spatially embedded setting: does limiting com-
munication range lead to similar fragmentation, or does the added spatial
structure change the nature of consensus formation? Here, we extend that
framework to explore this question and test the conditions under which
spatial fragmentation occurs, and whether simple decentralized mechan-
isms can mitigate it.

Taken together, our approach allows us to study emergent phe-
nomena originating from the interplay between spatial dynamics in an
(information) landscape, and the distributed opinion formation process.
While we model a specific collective estimation scenario, our explicit
consideration of agent movements and interactions in space, with their
simultaneous impact on the information input, and the evolution of the
network, highlights the functional consequences of spatio-temporal self-
organization that is difficult to account for in abstract adaptive network
models.

Once clusters form, the reinforcing dynamics of echo chambers may
confine agents to their local clusters, limiting their access to diverse infor-
mation. Here, we ask whether introducing agents with different interaction
rules can help reconnect disconnected subgroups and restore collective
consensus.

Previous research has shown that stubborn (a.k.a. zealot) agents can
regulate the formation of echo chambers37,52–54. Inspired by this idea, we
propose a new role for agents in our spatial setting: Messengers. Compared
to the abstract models of stubborn agents, Messengers are active in space.
These agents serve effectively as data ferries that connect sub-populations
across wider distances beyond the communication range limits. Thus,
Messengers stand in contrast to the ordinary ‘Exploiter’ state, in which
agents continuously update their opinions by optimizing for both con-
formity and homophily.Messenger agents, by contrast,move freely in space
and share their current opinions with others, but do not acquire any new
information, i.e., they neither integrate the opinion of their neighbors nor
sample the information landscape.

We investigate if this approach can increase the effective commu-
nication range and restore collective consensus. A challenge, however, is to
define a decentralized mechanism that determines whether, when, and for
how long agents remain in the Messenger state. Here, we propose a simple
decentralized solutionbasedon theDichotomousMarkovProcess (DMP)55.
We study the effect of DMP parameters on individual and collective
behaviors, measured by two properties: the ratio of Messengers, and the
switching speed between the two states. By studying the phase diagram of
the collective behavior, we aim to identify the characteristic properties of
regimes that support consensus. In particular, we investigate how minimal
heterogeneity of roles modulates the system’s ability to break echo
chambers.

Methods
In the following subsections, we provide details, first on our agent-based
modeling approach to simulate opinion dynamics of collectives with
homophilic interactions in space. Then,we introduce themetricswe used to
evaluate the behavior and performance of the collective. Finally, we provide
information on the parameters used in our simulation.
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Modeling assumptions and design choices
We consider a finite set of N agents indexed by i ∈ {1,…,N}, evolving over
discrete time steps t 2 N. Each agent occupies a spatial position
xti 2 Ω � R2, where Ω is a compact, bounded (two-dimensional) arena
with reflective boundary conditions that prevent agents from leaving the
domain. Agentsmovewithin that bounded rectangular arenaΩ � R2, and
we apply reflective boundary conditions to ensure that agents remainwithin
the domain. Time evolves in discrete steps, and at each time step, agents
update both their opinions and spatial locations. The opinion of agent i at
time t is denoted by zti 2 R. Communication is spatially constrained by the
communication range rcomm: agent i’s interaction neighborhood Nt

i
includes all other agents j such that k xti � xtj k ≤ rcomm. The environment
contains a fixed scalar field f: Ω ! R, which defines the spatially dis-
tributed information landscape. Agents access this field through noisy local
sampling: the environmental signal available to agent i at time t is
sti ¼ f ðxti Þ þ ξti , where ξ

t
i � N ð0; σ2Þ. While the function fmaps intoR, it

is bounded over the compact domain Ω. This setup reflects our focus on
estimation tasks, where opinions represent real-valued quantities drawn
from a spatially distributed source. The model remains compatible with
bounded opinion spaces when required. All agents share the same rules of
motion and opinion update unless stated otherwise.

Building on this formal setup and our previous work20,41, we designed
the followingmodeling components to reflect the spatial and informational
constraints of natural and artificial collective systems:
• Spatially limited interaction network: Our model constrains inter-

actions by physical space and a limited range, resembling the spatial
limitations observed in both natural and artificial collectives. In bio-
logical systems, such as animal groups, proximity significantly affects
interaction likelihood due to sensory or cognitive constraints. In arti-
ficial systems, such as robotics or sensor networks, communication is
often restricted by signal range.

• Spatially continuous environment: The spatial distribution of infor-
mation in our model is represented in a uni-modal, radial environ-
ment. We chose a continuous environment because it reflects many
natural and artificial systems. This choice simplifies the analysis while
maintaining ecological and practical relevance.While we demonstrate
the generalization of our results to other environments, this founda-
tional framework enables systematic exploration of more complex,
rugged, ormulti-modal landscapes in future studies. In such scenarios,
we anticipate additional behaviors emerging, such as localized echo
chambers shaped by environmental topology.

• Pseudo-gradient descent movement: Agents in our model follow a
pseudo-gradientdescent strategy tomove in space inorder tominimize
thedissonancevalue as apotentialfield.Our previousworkproved that
even a minimal implementation of gradient-following behavior, such
as a phototaxis achievable with simple mobile robots (e.g., Kilobot), is
sufficient to produce the observed emergent patterns56.

• Random walk of Messengers: Messengers are agents that stop
updating their opinions and act as mobile information carriers
(described in more detail in the following). They traverse the envir-
onment via a stochastic random walk, simulating exploratory infor-
mation carriers. We chose this for its simplicity and ability to capture
exploratory behavior. Alternative movement patterns, such as ballistic
motion or deliberate navigation strategies, would ultimately serve the
same purpose and facilitate the diffusion of information over greater
distances. This reinforces the robustness of our approach, as the spe-
cific choice of movement mechanism does not fundamentally alter the
emergent diffusion dynamics.

In the rest of the section,wefirst present the componentsof thebaseline
model that simulates Exploiter agents, whose behavior is determined by two
factors: conformity and homophily (see also ref. 20). Then, we introduce a
new behavior role for agents, which we refer to as Messenger, with the
switching of agents between the two states implemented via a DMP.

Conformity as an opinion-updating rule
Agents are interconnected via the communication network and con-
tinuously exchange information with their local neighbors. Con-
formity, as a form of social influence, causes individuals to adapt their
opinions to reduce their disagreement with others when they are
exposed to their social neighbors’ opinions. Therefore, conformity
poses a constraint on the opinion of agents in the network. Following
the DeGroot social learning model11, this dynamic constraint describes
how agents modify their opinions based on the information they
receive from their neighbors. The updating rule of the opinion is for-
mulated as a weighted average of three different components41: private
memory of opinion ðzti 2 RÞ, environmental signal ðsti Þ, and social
signal ðPj2Ni

ztj Þ which are described in:

ztþ1
i ¼ αzti þ

1� α

1þ Ni
sti þ

X
j2Ni

ztj

0
@

1
A: ð1Þ

Theweighted average of these three components shapes the opinion of each
individual. The weights are defined explicitly by the self-weight (α), and
implicitly by the size of the i-th agent’s neighbor set Ni ¼ jNij. The scalar
environmental signal sti is derived from a function f that represents the
information landscape.

Homophily as a motion constraint
In our model, agents are not fixed in the information landscape but
actively move in it to search for sources of information matching their
opinions. Similarly, homophily can be seen as the effort to move and
find neighbors that match the information the agent receives. This
movement is determined by the information agents receive from the
environment and their local neighbors; therefore, their neighbors can
indirectly induce their movement in space. This adds to the formation
of opinions and drives more complex collective motions in space. To
model this, we used homophily as a mechanism for agents to change
their position in space so that the information they receive fits better
with the average of their local neighbors. This movement is considered
an extra step to increase consensus and is performed in the spatial
domain. To implement this movement, we defined an objective func-
tion based on the difference between two signals: what the input from
the environment is, and what the local neighbors agree upon. The
difference generates a potential-like function in space that biases the
agents to move to specific points where the difference is minimal. So,
homophily is an effort to minimize the dissonance as the difference
between two values:

dti ¼
1
2

sti � ztloc;i

� �2
; ð2Þ

with zloc;i ¼
PNi

i¼1 zi=Ni being the local collective average that agent i
observes. Agents need to optimize this objective function to satisfy the
homophily constraint. To implement it in a distributed way, we applied a
minimal sample-wise pseudo-gradient descent (same as in ref. 41), where
agents use the differentiation of the samples they measure, as an
approximation of the gradient. We used this optimization method since it
is independent of the gradient of the objective function, and requires
minimal capabilities, being applicable for engineering cases as we showed in
ref. 20.Agents constantly evaluate their dissonance valuewhile theymove in
space. To approximate the slope of the function at position sti ¼ xti ; y

t
i

� �T
,

agents calculate the difference of the objective function over the step they
took in the last time step. A decaying memory (weighted by β) of this
differentiation smoothens the approximation of the gradient:

∇sd
t
i ¼ β∇sd

t�1
i þ ð1� βÞ ∂dti

∂xti
;
∂dti
∂yti

h iT
; ð3Þ
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∂dti
∂xti

� Δdti
xti � xt�1

i
;

∂dti
∂yti

� Δdti
yti � yt�1

i
: ð4Þ

Toadd randomness to themovement of agents,we define a vector along this
gradient in addition to a random walk component:

λti ¼ ð1� rλÞ
�∇sd

t
i

k ∇sd
t
i k

þ rλη
t
i ; ð5Þ

in which, rλ and ηti are the weight of the random walk, and a vector of
uniform random variables in [− 1,+ 1], respectively. Based on this vector,
agents take a step (w) with a fixed size w:

w ¼ w
λti

k λti k
; ð6Þ

In cases where an agent does not have any neighbors, themovement follows
only the random walk. Solitary agents will continue walking randomly and
update their opinions based on the environmental information until they
encounter a neighbor.

Model extension: data ferrying by messengers
A potential solution to tackle over-exploitation and the formation of echo
chambers due to the limited communication range is to restore the
effective connectivity of the network, especially the inter-cluster links of
the network. The information can flow across clusters with different
opinions and diffuse throughout the network. From an engineering per-
spective, a trivial solution would be to scale the problem by increasing the
communication range, hence pushing the system into regimeswith higher
network connectivity. Improving the hardware, if possible, comes with
physical constraints and increases the cost of the designed system.
However, by harnessing themobility of the agents, an alternative solution
is to transmit information via the physical movement of agents carrying it
in space. This way, different clusters can exchange information over
distances that are possiblymuch larger than the communication range. To
achieve this, we introduce a new, so-called ‘Messenger’ state for agents to
transfer the information as theymove in space.AMessenger can be seen as
embodied data that moves around in space and shares the information
with its local neighbors that it encounters on its way. This is a similar
concept as Zealots or stubborn agents who do not change their
opinions57–59. A Messenger moves in space and establishes new links with
other agents. TheMessenger state should have the following fundamental
properties:
• AMessenger does notmodify its opinionwhile carrying it around. The

value of thedata is set to the last opinionof the agent, beforebecominga
Messenger.

• A Messenger moves randomly and independently of environment
measurements, the data it carries, or social signals received from its
local neighbors.

• AMessenger continually shares its fixed opinion value with the others
it encounters.In other words, a Messenger agent establishes long-
distance uni-directional links by broadcasting its opinion to local
neighborswhilemoving randomly in space. AMessengermigrating by
chance from one cluster to another resembles and implements long,
weak ties in a dynamic spatial network60. TheMessenger state contrasts
the “Exploiter" state. An Exploiter integrates the information following
the model we explained in the previous subsections, whereas a
Messenger behaves as a moving memory of information. A receiving
agent, whether Messenger or Exploiter, does not distinguish the
transmitter of the incoming information. An Exploiter receives social
information from other Exploiters or Messengers and integrates it
regardless of its source. In contrast, Messengers do not process the
incoming information and can be regarded as mobile carriers of
information; the information about the history of opinions. In this

regard, a Messenger provides a link to the history of its opinion or, in
some cases, the opinion of its cluster.
Agents can switch back and forth between the two states. When an

Exploiter turns into a Messenger, it carries its latest opinion. If this opinion
corresponds to the local consensus, then the data represents the opinion of
the cluster. Similarly, a Messenger can switch back to an Exploiter state. In
that case, the agent forgets its data and replaces it with the current infor-
mation it receives from the environment. This causes another functional
benefit of Messengers which is increased exploration.

Switching between states: DichotomousMarkov Process (DMP)
This specific type ofMarkov process provides a probabilisticmechanism for
switching between two contrasting states, Exploiter and Messenger in our
case. It can be easily implemented in a decentralized way and requires only
minimal computational capabilities per agent. We implement the DMP
such that each agent i at time step t either remains in its current state or
switches to the other state. An agent in an Exploiter state switches to
Messenger with a transition probability pM, and vice versa with probability
pE, per time step.The complementof each transitionprobability (1−pM, and
1−pE) determines the probability of remaining in the current state. The
process is illustratedas a statemachine inFig. 1.Note, in general, theDMP is
formulated in continuous time in terms of transition rates. The probability
of switching per time step is then simply the product of the corresponding
transition rate and the time step. We implement the process in a discrete-
time domainwithΔt= 1.Hence,we formulate theDMPdirectly in terms of
transition probabilities instead of transition rates55. The properties of the
behavior for each agent are defined by the two parameters pM, pE. Two
properties that are of interest in this paper are the sojourn time and the
expected ratio of Messengers. Assuming the stationary process, the sojourn
time61, denoted as the timebetween two consecutive switches, for eachof the
states is defined as follows:

E½τM� ¼
1
pE

; E½τE� ¼
1
pM

:

Then,wedefine average sojourn time (τS), as the average time spent in either
of the states before switching, as the average of the two sojourn times:

E½τS� ¼
1
2
pE þ pM
pEpM

: ð7Þ

In this paper, we assume all agents have identical parameters. None-
theless, due to the stochastic nature of the process, the collective properties
are probabilistic. Therefore, we provide the relation between the expected
values of the collective properties and the parameters of theDMP. The ratio
of times agents spend in either of the states determines the ratio of Mes-
sengers (and Exploiters) in the collective at a given time step. The expected

Fig. 1 | State-machine representation of agent role switching. Each individual
alternates between being an Exploiter (E) and a Messenger (M). Transition
probabilities are denoted by and , while and correspond to remaining in the
current state.
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steady-state Messenger ratio (m) follows the equation below:

E½m� ¼ E
M
N

� �
¼ pM

pE þ pM
: ð8Þ

Metrics and setup
Herewedefine evaluationmetrics to benchmark the collective performance.
We have metrics of two types: the first type evaluates the collective in the
opinion domain, i.e., by using the internal opinion of each agent; while the
second does not require access to the internal state of the agents, but their
position in the physical space. By quantifying the precision of the collective
opinion, the spatial arrangement of agents in space, and the connectivity of
the communicationnetwork, thesemetrics capture all relevant aspects of the
collective performance. To show howMessengers change the performance
of the collective, we normalize the absolute metrics to that of the baseline
setup, where there is no Messenger in the collective. Please note that in our
finite-size stochastic simulations, the expected ratio of Messengers for the
bottom right corner of the parameter space isE½m� < 10�8, which validates
the zero-Messenger assumption. We refer to these metrics as normalized
metrics.

Precision error is the first metric we used. Since the objective of the
problem is similar to ref. 41, we use the samemetrics and refer readers to the
original paper for further details. We decomposed the total accuracy error
into trueness and precision errors. In this paper, we assume that the initial
distribution of agents is diverse enough and the trueness error (collective
bias) is negligible (zcol ≈ zgt). Hence, we only report the precision error as it
contains the necessary information about achieving consensus. We obtain
the opinionprecision error as the variance of the opinionswith respect to the
collective (average) opinion (zcol ¼

PN
i¼1 zi=N ) as following:

EO
P ¼ 1

N

XN
i¼1

ðzi � zcolÞ2: ð9Þ

To show the precision of the spatial positioning of the collective, i.e., spatial
consensus, we use the same metric and take the position of agents instead.
This metric directly quantifies the performance in terms of contour
capturing20. The precision error in the space domain measures how close
agents are to the collective average with regard to the information dis-
tribution. We distinguish the two domains by a superscript and define the
precision error in the space domain as:

ES
P ¼ 1

N

XN
i¼1

ðsi � scolÞ2: ð10Þ

Number of clusters is anothermetric thatmeasures the cohesion of the
agents in the physical space, particularly considering their communication
network. To quantify the number of clusters, we identify and count the
connected components of the spatial communication network, determined
by the communication range of agents.

Simulation configuration
Asanextensionofourpreviouswork41,weused the sameparameters, except
for the communication range. To put the system in a regime where echo
chambers can potentially emerge, we set the communication range to rcomm

= 0.15. This is similar to the configuration of Kilobots56, a robotic platform
used to study collective behaviors, whichwe used to implement the baseline
setup in a real-world setting20. The environmental signal sti is treated with
equal weight as each neighbor (ztj ) to ensure that external and social
influences evolve on comparable time scales. Also, we distributed the
probabilities (pE, pM) exponentially, same as in Fig. 2. This way, we can
reveal a wide spectrum of the DMP dynamics on various scales. The results
that we report are the average of 24 independent Monte-Carlo simulations.
Otherwise noted, we used the parameters of the model as reported in
Table 1.

Results
In this section, first, we review consensus formation in the baseline model
withonlyExploiter agents and study the emergenceof echo chambers in low
connectivity regimes.We then investigate the ability to restore consensus via
the introduction of an additional state of individuals, which we refer to as
Messenger, and a DMP governing the stochastic switching between the
Exploiter and the Messenger states. The model details are given in the
Methods section.

Dissensus in space: the emergence of echo chambers
As shown previously in41, the coupling of the local information aggrega-
tion and homophily not only allows agents to estimate the mean value of
information distribution in the environment but also leads to an emergent
spatial collective pattern formation in the information landscape (see
Fig. 3). We refer to this spatial consensus as collective contour-capturing
behavior, i.e., the aggregation of agents at the average iso-lines of the
information landscape. The resulting patterns show that in seeking spe-
cific information sources, individuals actively move in space and form
communities based on the information they receive. Here, we explore the
result of such complex behavior in more detail and show that global
convergence relies on a sufficiently large communication range. In settings
with reduced network connectivity, however, global consensus breaks
down, and only local consensus can be observed. Due to reduced network
connectivity and homophily, the system becomes trapped in local
minima, leading to the formation of clusters that serve as echo chambers,
with negative consequences on the collective performance due to the
inhibition of information flow across the clusters with dissimilar opinions
(see Fig. 4).

Our results demonstrate that these clusters inhibit collectivemovement
and prevent the system fromachieving consensus in space, i.e., the collective
contour-capturing. The clusters form partial contours, each aligned locally
with the iso-line of the information landscape corresponding to the within-
cluster estimation of the average value of the information landscape. An
example of such cluster formation is shown in Fig. 5a, where the echo
chambers appear as concentric arcs of various radii, in this case for radial
information distribution; while in Fig. 5b we see a consensus pattern, where
agents form a single contour at the average value of the information
landscape.

To quantify how the consensus and the resulting contour-capturing
behavior, rely on sufficient connectivity, we measured the number of clus-
ters being formed as well as the precision of consensus (ES

P, for further
information, see “Methods”) at the end of the experiment. A consensus in
space is achieved when agents are precisely on the same contour line. We
illustrate these two metrics in Fig. 4. The number of clusters and precision
error decrease with the communication range after a critical value (rcomm ≈
0.3), highlighting a specific regime where the consensus breaks due to the
insufficient network connectivity. This critical value is the minimum
required for the initial network to be fully connected. By comparing thefinal
and initial state of the collective in Fig. 4, we observe that the basic method
still improves both the cohesion and precision of the collective. In the next
sections, we propose and investigate a solution for increasing effective
connectivity by utilizing information-carrying mobile agents, ‘Messengers’,
with the switching in and out of the Messenger state for individual agents
being governed by the DMP.

Dichotomous Markov process as a state switching mechanism
DMP is a simple stochastic process with the switching dynamics defined by
only twoparameterspMandpE. Fig. 2a illustrates the temporal dynamicsof a
single agent’s state. Changing the parameter pair influences two properties
of a single agent behavior: the ratio of time each agent spends in either of the
two states, and how quickly they switch between the two states. The latter,
known as the sojourn time (see “Methods”), refers to the time between two
consecutive switches. We illustrate the time spent in the Exploiter and
Messenger states in Fig. 2a by τM and τE, respectively. At the collective level,
changing the two parameters affects the collective average sojourn time (τS),
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and the ratio ofMessengers (m). These twoproperties are depicted in the 2D
parameter space in Fig. 2b, and c.

We evaluated the Markov process by running multiple independent
Monte-Carlo simulations and validated it by comparing the numerical

simulation results to the known analytical solution given in Eq. (7) (also
shown in Fig. 2b, and c). The switching speed reaches its maximum in the
top-right corner of the parameter space, where pM and pE are both large
(log10pE � 0 and log10pM � 0). It decreases bymoving toward the bottom-
left corner (small values of pE and pM). In the top-left corner of Fig. 2c, the
collective is mainly comprised of the Messengers, and the ratio decreases
diagonally toward the bottom-right corner. In the following sections,wewill
explore how the twoDMPparameters determine the collective performance
in terms of the consensus in the opinion domain, and consensus in the
information landscape, i.e., contour-capturing behavior. For the rest of the
paper, we will refer to the setup without Messengers as the baseline setup.

Opinion consensus with messengers
The ability to arrive at a consensus for the heterogeneous collective con-
sisting of bothMessengers andExploiters depends on two parameters of the
DMP (pM and pE) governing the switching process. A balanced set of
properties (m and τS) is required to enable Messengers to propagate
information efficiently beyond the limitation of the communication range.
This also applies to the Exploiters, who are needed to process the available
information in the collective.

We illustrate the normalized opinion precision error (EO
P ) across the

parameter space inFig. 6. Eachpoint in the 2D space of pMand pE represents
a pair of parameters corresponding to a specific configuration for the DMP.
The bottom-right corner point is analogous to the baseline setup, where the

Fig. 2 | Effect of DMP parameters on individual and collective properties. a An
example realization of the DMP with pE = 0.003, pM = 0.0004, showing the time
history of a single agent state switching between Exploiter (E) and Messenger (M)
states determined by the Markov process. The time duration of staying in either of

the states in the 2nd sojourn is denoted by τ2E and τ2M . bAverage sojourn time of the
DMP, and c the ratio ofMessenger population shownwith 5 percent intervals for the
analytical and numerical simulations with solid and dashed lines respectively.

Table 1 | Simulation Parameters

Name Description Value

N Number of Agents 100

A Arena Size 2 × 2

rcomm Communication Range 0.15

w Walking Step Size 0.002

tf Simulation Time Step Duration 50,000

σ Measurement Noise 0.001

δt Integration Interval 1

α Self-weight on Opinion Memory 0.99

β Decaying Factor for Gradient Descent 0.5

rλ Random Walk scalar 0.001

pE Probability of Switching to Messenger State expf�20 : �2g
pM Probability of Switching to Exploiter State expf�20 : �2g
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ratio of Messengers is zero. This serves as our reference for normalization,
with each point’s normalized performance being the ratio of its absolute
performance to that of the baseline. The figure shows that the baseline setup
(bottom-right corner), where all agents are Exploiters, is not optimal. The
higher performance of other regions indicates that introducing the Mes-
sengers promotes consensus.Changing theparameters canmove the system
across different regimes, with certain configurations being locally optimal.
The analysis of these local optimal regions increases our understanding of
the conditions necessary for achieving consensus and provides guidelines
for designing such systems. For ease of reference, we labeled different
regions of the parameter space exhibiting qualitatively similar behavior.

According to the properties of the DMP (see “Methods”), the bottom
and left parts of the parameter space correspond to the regions with slow
switchingof statesonaverage (large τS),with agents remaining in at least one
of the states for very long times. Given that agents in these regions rarely
switch their states (see Fig. 2-b), we can consider them as specialized indi-
viduals. This is in contrast to the top-right corner, where generalized agents
frequently switch between the two states, corresponding to short sojourn

times. The generalizedagents experience both states during the course of the
experiment. Additionally, if we divide the space off-diagonally into two
triangles, with the lower right triangle dominated by Exploiters.

Integration-vs-Information Tradeoff
In Fig. 6, as we go up diagonally from the bottom-right corner to the upper-
left corner, we encounter collectives with varying proportions of Messen-
gers. For instance, in region R1, Exploiters constitute the largest share of the
population on average, resulting in strongly clustered collectives, where
agents immediately get trapped in local echo chambers. The opinion con-
sensus performance in this region is deficient due to the prevalence ofmany
Exploiters, which makes the collective behavior greedy. We consider an
Exploiter agent to integrate and process information according to the
DeGroot model for social learning (see Methods section) Therefore, R1 is
dominatedby the integrationof the available information.Their exploitative
behaviorprevents theflowofnew informationacross clusters. In this setting,
the system exhibits themost conservative behavior in terms ofmobility and
tends to over-exploit in terms of information aggregation. For engineering

Fig. 3 | Collective contour capturing emerges as the result of collective opinion
dynamics andhomophily in space.The traces of agents start black andbecome blue
(and brighter) over time. Agents converge from the initial random distribution to
the mean contour lines of the environment for four different information land-
scapes. Each plot on the left side corresponds to an information distribution on the

right grayscale plot, with the iso-contour lines shown in light yellow and the mean
contour line (ground truth) in a thick blue line. The video of agents optimizing the
dissonance function following homophily is available via this link: https://doi.org/
10.6084/m9.figshare.26217539.v167.

Fig. 4 | Normalized number of clusters and opi-
nion precision error decrease by communication
range at the beginning and end of simulations for
the baseline setup without Messengers. The
information landscape shown here is a radial dis-
tribution centered in the arena.

Fig. 5 | Final position of agents in the information
landscape showing the emergence and resolution
of echo chambers. a Echo chambers form due to
limited connectivity and homophily in the baseline
setup, b consensus is achieved by introducing
Messengers (marked with red circles). Fill colors
agents opinions, green lines communication links,
and the width of the gray ring shade indicates the
spatial precision error. The dashed gray rings and
the blue ring show the contours of the information
distribution and the contour related to the mean
value of the collective, respectively.
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applications, especially where moving is costly or hazardous, selecting
parameters closer to this region might be preferred. Conversely, R3 repre-
sents an overly dispersed region where extreme exploration of Messengers
and inadequate processing of available information negatively impact per-
formance. In this region, too many Messengers, acting as moving infor-
mation, are redundant; while there are insufficient Exploiters to integrate
new information into the collective. In R3, collectives demonstrate the
highest network plasticity, meaning any two random agents are likely to
meet each other, irrespective of their opinions. R1 and R3 are extremes of
either exploitation or exploration, respectively. The high-performing
regions are situated between these two extremes, closer to the off-diagonal
line (the blue dashed line). We labeled this balanced region as R2. This
region contains all local optimabetween theblue and red contours confining
R1 and R3, respectively. Next, we examine different locally optimal regions
within R2, focusing on varying switching timescales.

Generalization-vs-Specialization Tradeoff
Moving from the bottom-left to the top-right corner of the parameter space
decreases the timescale (increases the frequency) of switching, as shown in
Fig. 2b (see also Eq. (7)). The change in the DMP timescale influences the
optimality of regionswithin R2.Near the bottom-left corner, R2-a is located
below the off-diagonal line. The corner represents specialized agents, that
effectively, due to the low switching probabilities, do not switch their state
during the simulation and maintain their initial Exploiter or Messenger
states. The tail of R2-a aligns with the iso-lines of Messenger ratios (see
Fig. 2c). This indicates that the system with static roles performs best for a
specific ratio of Messengers that is significantly less than half. Accelerating
the switching frequency (towards the top-right) increases the likelihood of
agents experiencingboth states, thusmaking themmore generalist. Aswe go
up in this space, the high-performing points gradually shift towards higher
Messenger ratios near the center of the parameter space. This pattern sug-
gests that, on average, more Messengers are needed in collectives of gen-
eralists compared to the specialized ones. Increasing the switching
frequency further results in the branching of R2 into two distinct sub-
regions: R2-b and R2-c.

R2-b, the lower branch of this fast-switching region, is not parallel to
the iso-lines ofm. This implies that the optimality of R2-b is caused by both
properties of the DMP. In this region, the points below the off-diagonal line
(lowerm) are associatedwith longer timescales.Whereas pointswith higher
Messenger ratios (above the line) favor faster switching. Longer timescales
forMessengersmean that they havemore time to transport the information
they carry, effectively lengthening the link they create. In other words,
smaller numbers of Messengers should move for longer durations. How-
ever, compared to R2-a, Messengers in R2-b switch back to the Exploiter
state much faster. Consequently, R2-b is an optimal region, especially in
scenarios where long random movements incur significant costs. Obser-
vations of agents’ behavior during simulations reveal that this configuration
indirectly enhances the collective’s exploration behavior.

UnlikeR2-b,R2-c comprises amajority ofMessengers and is elongated
parallel to the iso-lines of Messenger ratios. This pattern suggests that the
optimalparameter configurations inR2-cprimarydependonm, andarenot
significantly sensitive to τs. This region is distinguished by conservative
information mixing, promoted by the abundance of Messengers moving
randomly in space. The slower configurations outside of R2-c are less
optimal, as Messengers transport information across longer distances than
necessary. The superiority of faster dynamics in this region underscores the
significance of spatio-temporal coupling in the problem.We later show that,
compared to R2-b, convergence is achievedmore rapidly in the R2-c region
(see Fig. 7).

Temporal evolution of parameter space
By examining snapshots of the parameter space at different time steps, we
obtain insights into the temporal evolution of the various regimes in the
parameter space. Observing the system’s progression over time helps us
track the emergence and development of each of the optimal regions (as
shown in Fig. 7). This approach enables a comparison of the temporal
characteristics of each region and allows us to evaluate their performance in
scenarios with different time budgets available for the overall task. For
instance, the high-performing optimal region located at the bottom-left
quarter of the space demonstrates consistent performance, irrespective of
the time limit. It maintains its optimality across all time limits, suggesting a
more robust and reliable performance. This region is characterized by
agents that are specialized according to their initial states. The gradual slight
diagonal shift of this region’s tail to the lower right, observable from Fig. 7a
to e, indicates that a lower (specialized) Messenger ratio is favorable in
scenarios with longer time budgets.

In contrast, the local optimum for generalist Exploiters, located in the
top right narrow valley in the precision error (R2-b), emerges onlywhen the
system has enough time to process the task. It is important to note that this
region is advantageous as it minimizes precision error in both the physical
and opinion domains, as we discuss further below in Results. Additionally,
weobserve abifurcation in the fast-switchingparameter regime. Specifically,
the small head of the elongated R2 (see Fig. 7b) grows over time and
eventually branches into two distinct regions (R2-b and R2-c). The gap
between the two brancheswidens over time. Another notable temporal shift
occurs in the region with generalist agents and a time-averaged majority of
Messengers, the larger upper left branch (R2-c,) which gradually ascends
toward higher Messenger ratios. This suggests that in scenarios with higher
time budgets, increasing exploration efforts–by assigning more agents to
perform randomwalks–is advantageous. The final aspect to highlight is the
continuous improvement in the precision of the optimal regions. The
precision gain over time demonstrates the existence of a speed-accuracy
tradeoff in this scenario. In contrast, extreme parameter setups, such as
those characterized by excessive exploitation (R1) and random diffusion of
Messenger (R3), do not exhibit any significant improvement over time.

Contour capturing performance
We turn now to evaluating the precision error in the spatial domain,
measured by ES

P. This metric quantifies the collective performance in
contour-capturing tasks and is particularly useful when access to the

Fig. 6 | Regions of opinion precision error across the parameter space. Nor-
malized opinion precision error relative to the baseline setup highlights different
behavioral regimes. R1: Too fewMessengers (greedy collective behavior); R2: Set of
regions with a balanced number of Exploiters and Messengers, R2-a (Specialized
Exploiters): Specialized slow-switching agents with Exploiters in the majority, R2-b
(Enhanced Exploration): Fast-switching agents, R2-c (Generalized Messengers):
Majority being fast-switching Messengers; R3: Too many Messengers. The supple-
mentary video of the simulations for a sample of each region is available via this link:
https://doi.org/10.6084/m9.figshare.25982572.v168.
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internal opinion of agents is not possible. The results, as depicted in Fig. 8a
or b, donot offer any additional high-performing regions compared to those
already identified in Fig. 6. However, the local optimal regions above the
diagonal disappear. This is because excessive random walks by too many
Messengers do not contribute to spatial convergence. The difference
between the twometrics, ES

P and E
O
P , signifies that while consensus may be

achieved in the opinion domain, it does not necessarily translate to a spatial
consensus.

Unlike opinion consensus, successful contour capturing requires
agents to be more conservative. Indeed, the random movement of an
excessive number of Messengers in space increases the system’s spatial
precision error. Similar to the findings in opinion consensus, the same
narrow optimal region representing generalized Exploiters (similar to R2-b
in Fig. 6), and the long tail characterizing specializedExploiters (comparable
to R2-a) are again identified as high-performing regions in terms of spatial
consensus. This observation suggests that converging on similar sources of
information promotes the achievement of opinion consensus, but not
necessarily vice versa.

The effect of initial state distribution of the DMP
We already have established that the temporal properties of the DMP sig-
nificantly affect collective performance. Another important aspect to con-
sider is the distinction between theDMP transient and stationary behaviors.
Up to this point, we have assumed that the DMP begins with the expected
analytical ratio of Messengers, thereby initially placing the process in its
stationary state. However, any deviation from this stationary state puts the
system into a transient phase. The progression towards reaching the sta-
tionary state is time-dependent and the transient behavior of the DMP also
influences the collective performance. Specifically, we show that the tran-
sient behavior is linked to theDMPrelaxation time (τC)

55 (see Fig. S1 andEq.
S1 in the Supplementary Information). Next, we will explore how the sys-
tem’s behavior is affectedby its initial condition, particularly focusing on the

initial population of Messengers. To show this difference in Fig. 8, we
conduct a comparison to a case where the system starts without any Mes-
sengers.We know that, given fixed transition rates, the system requires time
to attain the expected analytical stationaryproperties, namely theMessenger
population ratio.

Theobserveddifferences are particularly noticeable inDMPswith slow
timescales (bottom-left corner in Fig. 8). A comparison of the two figures
shows that for slow-switching dynamics, the tail of the optimal region bends
upward under non-stationary initial conditions. This suggests that the
absence of initial Messengers is compensated for with higher pM values. In
such scenarios, the actual time-averaged Messenger ratio is below its
expected stationary value due to the transient behavior of the Markov
process.

Same as the temporal development studied earlier in Fig. 7, by com-
paring the parameter space at different time steps, we observe that systems
with different time-scales reach their stationary state with different speeds
(see Fig. S2). For example, systems with fast-switching dynamics in the top-
right corner reach their stationary states more quickly, which makes them
more robust to varying initial conditions within the same time constraints.
In contrast, slower systems require more time to gradually approach their
stationary states. Consequently, we observe that the horizontal tail of
R2 shifts downward, eventually aligningwith a shape similar to that depicted
in Fig. 7a. With these observations, we highlight the importance of
accounting for transient effects, particularly in scenarios where the prop-
erties of the system must dynamically change from one configuration to
another. They also provide insights into the robustness of each configura-
tion against variations of initial conditions and selecting parameters from
different optimal regions.

Different information distributions
Our main focus in this paper is on the specific case where the spatial
distribution of the information is radial, i.e., the iso-contour lines are circles.

-8 -7 -6 -5 -4 -3 -2 -1

-8

-7

-6

-5

-4

-3

-2

-1

-8 -7 -6 -5 -4 -3 -2 -1

-8

-7

-6

-5

-4

-3

-2

-1

-8 -7 -6 -5 -4 -3 -2 -1

-8

-7

-6

-5

-4

-3

-2

-1

-8 -7 -6 -5 -4 -3 -2 -1

-8

-7

-6

-5

-4

-3

-2

-1

-8 -7 -6 -5 -4 -3 -2 -1

-8

-7

-6

-5

-4

-3

-2

-1

0

0.2

0.4

0.6

0.8

1

1.2

EP
O

Fig. 7 | Time development of parameter space for opinion precision error.
a–eCorrespond to t = 1k, t = 2k, t = 4k, t = 10k, and t = 40k, respectively. Bifurcation
of the optimal parameters happens for the top-right side of the parameter regime

corresponding to fast dynamics, while the bottom-left corner does not undergo a
significant shift, showing a more robust performance by the time limit.

Fig. 8 | Impact of Messenger population initi-
alization on normalized spatial precision error for
different parameters of the DMP. a Initial state
with the expected number of Messengers, b initial
state without any Messengers.
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This configuration resembles many natural situations where a point-like
source isometrically emits a concentration into its surroundings, whichmay
then spread through diffusion or convection. To ensure generality, we also
tested our model’s performance in environments with various other dis-
tributions. The first row of Fig. 9 presents different information distribu-
tions, where agents (depicted as cyan dots) converge to the zero-bias
(ground-truth) contour line (indicated by a red dashed line). The intro-
duction of Messenger with tuned DMP parameters shows an improved
performance across all four environmental benchmarks. We observed that
in all four environmental scenarios, the baseline setup (withoutMessengers)
leads to the emergence of echo chambers, indicating that dissensus arises in
sparse regimes independent of the specific shape of the information
distribution.

In the second row of Fig. 9, we present the optimal regions within the
parameter space for different information distributions. While the shape of
these optimal regions varies slightly depending on the distribution, the
general features of the error landscape and the underlying mechanisms
discussed in previous subsections remain unchanged. Here, we restricted
our analysis to the top-right quarter of the parameter space, where themost
non-trivial optimal regions are located.

Furthermore, we selected a specific optimal parameter pair (marked
with the greendot) todemonstrate thefinal agent spatial distribution for this
particular DMP configuration. This visualization confirms that the chosen
parameter set results in a satisfactory spatial consensus across all tested
information distributions. Additionally, we also adapted our model to an
abstract 1-dimensional environment, with a few modifications, such as the
implementation of the random walk (see Appendix). The corresponding
results show only negligible qualitative differences compared to the 2D
environment.

Discussion
The integration of explicit spatial behavior into the collective opinion
dynamics model introduces a new dimension to the behavior’s complexity.
With this newdimension,we emphasize that collective dynamics unfoldnot
only in time but also in space. Collective behavior in real-world settings is
inherently organized in and through space. Abstracting away the spatial
dimension when modeling these systems risks oversimplifying or stripping
away relevant aspects of emerging collective behavior. By considering both
dimensions, we can capture their interplay and better understand these
dynamics. Our model demonstrates spatial dynamics through several
components: (a) initializing opinions based on spatial distribution, b)

defining the interactionnetworkaccording to spatial local proximity, and (c)
driving agents’ movement in space through homophily. The interplay of
these elements results in complex collective behavior, where homophily in
space leads to emergent patterns that trace featuresof the spatial distribution
of information, resulting in the so-called ‘contour capturing behavior.’
Unlike ad-hoc rules for modeling homophily, such as disproportional
rewiring probabilities, our approach shows that seeking reaffirming infor-
mation sources in space naturally leads to the emergence of echo chambers.
This eliminates the need to create artificial rules engineered to fit the spe-
cific data.

The insights gained from this modeling approach extend beyond
abstract theory with potential applications to engineering or even compu-
tational social sciences. On the one hand, understanding the challenges and
fail-prone configurations of a system enables the design of a more robust
collective robotics system, such as in the application of environmental
monitoring or contour capturing behavior as in our previouswork20. On the
other hand, a clearer understanding of the factors contributing to echo
chamber formation can, for example, inform strategies to mitigate polar-
ization. Humans continuously decide which locations, events, or activities
physically to attend. Some of these decisions will be driven in part by
homophilic interactions, and the attendance will contribute to the indivi-
dual’s information acquisition. However, real-world human dynamics are
undoubtedly more complex than the collective estimation scenario con-
sidered here. They occur in more complex and structured spaces, and
individual opinions are multi-dimensional. Nevertheless, the general con-
ceptual insights from our research remain relevant.

Recent work in epidemic modeling similarly highlights an increased
interest, enabled by technological advances, in moving beyond ad-hoc
assumptions on the structure of contact networks, towards using human
spatio-temporal mobility data to understand the origin of network struc-
tures constraining contagion dynamics62–64.

The collective pattern formation observed in our model represents a
type of spatial consensus, and we show that it is conditional on having
sufficient network connectivity. Our simulations for collectives with short
communication range indicate that the exploitativemechanisms lead to the
collective becoming trapped in local optima, a process we associate with the
emergence of echo chambers. A unique feature of these echo chambers is
their similar shapes, which mirror the spatial information distribution. The
spatial patterns constructed by the echo chambers reflect the properties of
the information landscape and are a consequence of the spatial dynamics of
the system, typically ignored in abstract opinion formation models. Also,

Fig. 9 | The performance of the collective in different environment distributions.
(First row) the information landscape, and its mean contour line (red dashed
line). The cyan dots show the scattered position of agents at the end of each

simulation for the specific parametermarked by the green dot in the respective figure
in the second row. (Second row) the precision error () for the corresponding
environment.
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our findings indicate that these echo chambers inhibit the flow of infor-
mation,whichprevents the collective’s ability to reach aprecise consensus. It
is important to clarify that the impactof the communication range is relative
to the length scale of the agents’ distribution. Low connectivity can stem
from either a limited communication range or a large initial diversity in
opinion space. This observation highlights a potential disadvantage of
excessive opinion diversity in a collective when the communication range is
limited.

We suggested that a method to overcome the local traps inherent in
low-connectivity networks is to indirectly extend the effective commu-
nication range. This is particularly relevant in systems comprising
mobile agents. By leveragingmobility and employing certain individuals
as embodied data carriers, individuals can interact beyond the physical
limits of their communication. To this end, we introduce a new beha-
vioral role for agents, the Messenger state. This state allows designated
agents to function exclusively as carriers of information. A Messenger is
a stubborn agent with a fixed opinion, sharing its opinion while moving
randomly in space. These agents can be viewed as mobile “quasi-
memory” of agents’ opinions, with their independent random move-
ment promoting broader exploration. We employed the Dichotomous
Markov Process (DMP) as a simple, distributed switching mechanism
between behaviors. The agents switch randomly at each time step,
whether they should switch to the other state or stay in their current
state. A key advantage of this approach is its decentralization, minimal
computation requirements, and scalability.

Still, the two parameters of the DMP add an additional degree of
freedom. Modifying the DMP parameters determines the temporal prop-
erties of the switchingmechanism for a single agent. This, in turn, indirectly
modifies the collective’s properties, such as the ratio of Messengers and the
average speed of switching (denoted as m, and τS). The expected value of
these two properties can be derived analytically as a function of the DMP
parameters. We showed that these properties significantly influence the
collective performance in achieving consensus in both the opinion and the
spatial domains.

Our numerical results identify several local optimal regions where the
collective achieves the highest precision in consensus, which is the ultimate
objective in this scenario. Each region exhibits unique characteristics,
reflecting a spectrum of collective behaviors derived from the DMP. We
distinguished these regionsbasedon the twokeypropertiesof theDMP.The
high-performing regions for achieving consensus vary depending on the
consensus domain (opinion or spatial) used to evaluate the system. By
adjusting the DMP parameters, agents can adapt their performance and
navigate the various tradeoffs we have identified.We elaborated on some of
these tradeoffs, such as information versus integration, and generalization
versus specialization. Generally, extremes in the number of Messengers
(either too fewor toomany) prove sub-optimal. Pushing the system towards
them results in either excessive exploitation or random behavior. The high-
performing settingswere located in the intermediate parameter regions.We
have categorized these regions into three distinct groups, eachdistinguished
by the switching frequency of the DMP.

The range of switching frequency spans from no switching to exces-
sively fast switching. Agents at these extremes are identified as being spe-
cialists or generalists, respectively. Compared to the Messengers ratio, the
dimension of switching frequency introduces amore nuanced trade-off.We
found that even aminimal number ofMessengers can reestablish consensus
in collectives of specialists, i.e., when agentsmaintainfixedstates throughout
the simulation.On the other hand, faster switching can result in two distinct
high-performing behaviors: improved exploration for lower Messenger
ratios; or conservation of information at higher Messenger ratios, resulting
in a slow update of opinions. In the former, the fast-switching Messengers
perform random walks long enough to help the collective escape the local
optima, corresponding toechochambers.The latter is the case for collectives
mainly composed ofMessengers, who update their opinion quite rarely and
integrate information only for a short duration. However, this duration is
sufficient for them to process information and reach a consensus.

We also highlighted the transient and temporal aspects of collective
behavior caused by the DMP. This perspective gives insight into under-
standing and studying the robustness of the performance against non-
stationary behavior or dynamic environments, particularly in scenarios
where the initial conditions of the system are different than the expected
stationary properties. For example, when the system starts with no Mes-
sengers and gradually increases the Messenger population to reach its
expected value. Such analyses provide insights for the design of corre-
sponding systems and the selection of parameters that are more robust
against transient behaviors. Moreover, we simulated the model in various
information distributions with both uni- and multi-modal shapes to assess
the dependency of behavior on specific cases. The results showed negligible
qualitative differences across different information distributions, demon-
strating the generality of our results.

To support our findings, we also conducted two analytical studies
under simplifying assumptions and without the effect of Messengers. First,
in the discrete case and disregarding the spatial configuration of the system,
we analyzed the fixed-point solution of the opinion dynamics. The analysis
confirms that a connected interaction network guarantees global con-
vergence, whereas limited connectivity leads to local consensus within
disconnected components. This fragmentation highlights the emergence of
multiple opinion clusters as a direct consequence of network sparsity.

Second, we investigated a continuous limit of the spatial opinion
dynamics to gain further insight into the conditions under which spatial
clustering arises. The analysis shows that under short communication
ranges and lowdiffusion, random localfluctuations cangrowandgive rise to
stable spatial clusters, i.e., echo chambers. These echo chambers emerge
even in homogeneous landscapes and are further amplified in hetero-
geneous environments, where the attractor landscape reinforces the
separation of opinions. Messenger agents do not experience homophilic
drift and instead move freely while retaining their opinions. This mobility
allows them to transmit information across spatial regions, effectively
increasing the diffusion of opinion. By introducing dissonance within
otherwise isolated clusters, Messengers weaken the positive feedback that
sustains fragmentation. This process promotes the merging of local echo
chambers andhelps the collective converge toward a global estimate, even in
heterogeneous environments.

While only varying the DMP parameters and keeping the other
parameters of themodel constant has allowed for an in-depth exploration of
the system, future research could expand on this by investigating the
influence of the other parameters of themodel. This includes aspects such as
collective density, arena size, or information noise. Also, investigating the
one-dimensional version, which resembles classical opinion dynamics
models, could provide valuable insights into a range of related issues in the
field. Another promising extension would be to introduce heterogeneous
communication ranges, enabling the emergence of centrality and direc-
tionality in the network, which are commonly studied in network-based
opinion dynamics50 but not yet explored in our spatial framework. An
important addition to the analysis of these systems is under dynamic
information landscapes, where the collective needs to rearrange itself and
adapt to the changing environment. We expect that in such settings, the
temporal properties of the system would be highlighted even more.

In summary, this work introduced a spatially grounded model of
collective opinion dynamics that reveals how local homophily and con-
formitymechanisms,whenoperating in sparse interaction regimes, can lead
to the emergenceof echo chambers.At the same time, the spatial embedding
enabled a new form of emergent spatial behavior in which agents self-
organize alongpatternsof the information landscape, aprocesswe refer toas
contour capturing. To break echo chambers, we proposed the use of het-
erogeneous agent roles, where a subset of agents, calledMessengers, serve as
mobile information carriers without updating their own opinions. While
our model is abstract and focuses on spatially constrained interactions and
mobility, rather than the long-range, algorithmically mediated dynamics
typical of online networks65, it offers complementary insights into how
opinion dynamics unfold when shaped by limited local proximity and
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environmental exposure. A key challenge lies in enabling such role differ-
entiation without centralized control. To this end, we introduced a decen-
tralized switching mechanism based on the Dichotomous Markov Process
(DMP). We demonstrated that varying the DMP parameters, and thus the
dynamics of role switching, gives rise to rich system-level behaviors and
revealed trade-offs, such as specialization versus generalization. These
findings suggest that controlled heterogeneity in agent behavior provides a
minimal yet powerful strategy for enhancing consensus in spatially
embedded collective systems.

Data availability
The datasets generated and analyzed during the current study are available
in this repository66: https://doi.org/10.14279/depositonce-21017.

Code availability
The underlying code for this study is available in the GitHub repository and
can be accessed via this link: https://github.com/mohsen-raoufi/
messengers.
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