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Abstract. This paper connects abstract theoretical ideas about trust,
grounded in Conscious Agent Theory (CAT), with probabilistic com-
putational trust models such as TRAVOS. Sufficient conditions for the
stability of trust dynamics in embodied multi-agent systems are derived,
where embodiment modulates both perception and cooperation. In par-
ticular, a convergence condition for trust updates is presented, incorpo-
rating an embodiment similarity function ¢(%, j). The theory is comple-
mented by simulations using learning agents that estimate trust across
varying levels of embodiment similarity. The results indicate that high
morphological and sensorimotor similarity leads to faster trust conver-
gence and higher asymptotic trust values, whereas low similarity pro-
duces lower plateaus. These trends align with cognitive bias analogs:
agents with high similarity quickly establish mutual trust (akin to in-
group bias), while agents with low similarity remain more skeptical (anal-
ogous to out-group bias), absent significant evidence. Overall, the find-
ings motivate integrating embodiment factors into trust models and pro-
vide theoretical and empirical support for their impact on trust dynam-
ics.
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1 Introduction

Trust is a foundational component of decision-making in autonomous multi-
agent systems, especially in contexts involving cooperation under uncertainty
[15,5,16]. Traditional computational trust models, including Beta-distribution
reputation systems and specific frameworks such as TRAVOS [25,24], estimate
trustworthiness from interaction outcomes [14,11,2]. In many real deployments,
agents are embodied [18,19], in large numbers [13,10], and can be heterogeneous:
they differ in morphology, sensors, and actuation. These differences influence
what agents can observe, how they interpret outcomes, and which interactions
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occur. When embodiment is ignored, trust formation and convergence can be
mischaracterized, particularly in heterogeneous systems [7,8].

In human societies and embodied agent teams, perceived similarity can bias
trust. An agent that looks or senses similarly to another may be treated as
more trustworthy even before sufficient interaction evidence accumulates. We
model this effect by introducing an embodiment-modulated trust update. The
core idea is to weight evidence by an embodiment-similarity function ¢(4, j) that
quantifies the compatibility between the embodiments of a trustor 7 and a trustee
j. We analyze how this weighting constrains equilibrium trust values and affects
convergence behavior, and illustrate the resulting dynamics through simulations
in which learning agents form trust estimates over time.

This perspective is relevant to human-robot collaboration, decentralized robotic
teams, and cyber-physical systems in which agents differ not only in performance
but also in form and perception [22,9]. Accounting for embodiment in trust up-
dates supports more robust coordination and yields trust dynamics that are
easier to interpret in heterogeneous open systems.

2 Related Work

Computational trust in multi-agent systems has a long history spanning for-
mal models of trust and delegation, Bayesian reputation systems, and proba-
bilistic trust estimation [15,5,14]. Within this line, TRAVOS-style approaches
[25,24,23] treat trust as an estimate of a trustee’s future reliability based on
evidence, typically aggregated via Bayesian updates. These models are effective
when interaction outcomes are observable and comparable across agents, and
when observational processes are aligned across the population.

A separate body of work in robotics and Human Robot Interaction empha-
sizes that embodiment changes the interaction dynamics and perception. Dif-
ferences in sensors, morphology, and action capabilities influence which events
are observed, how actions are interpreted, and what counts as success or failure
[8,9,22]. In heterogeneous teams, these differences can create systematic asym-
metries: two agents can experience the same world state but extract different
observations, which changes both decision-making and trust evidence.

Work on cooperation, repeated interaction, and game-theoretic learning clar-
ifies how trust-like variables shape equilibrium selection and the emergence of
cooperation in repeated social dilemmas [3,4,20,17]. In these settings, small bi-
ases in early interactions can lead to persistent path dependence, clustering,
and polarization. We treat embodiment similarity as a structured bias acting on
evidence integration rather than directly on partner selection.

Conscious Agent Theory (CAT) frames perception and action as fundamental
primitives and emphasizes that an agent’s experienced reality depends on percep-
tual mapping and internal dynamics [12]. We use CAT as a conceptual motivation
for making embodiment explicit in trust updates: if perception is embodiment-
dependent, then evidence incorporation should be embodiment-dependent as
well. We do not require full CAT commitments for the mechanics of the update
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rule; rather, CAT motivates a principled path for modeling perception-dependent
trust evidence in embodied open systems.

COINE emphasizes coordination, organizations, institutions, norms, and ethics
as governance elements for open multi-agent systems. Trust affects delegation,
compliance with norms, information sharing, and coordination under uncer-
tainty. In open systems where agents differ in form and capability, trust mech-
anisms that ignore embodiment can unintentionally produce systematic disad-
vantages for certain groups of agents. We return to this governance perspective
in Section 6.

3 Methodology and Approach

3.1 Mathematical Framework for Embodied Trust

We draw on CAT [12] to conceptually ground the modeling choice that embodi-
ment should shape the integration of trust evidence. In an embodied multi-agent
context, we represent each agent a; by

Ci = (X’L'a Ai7 W/a Mi7ﬂivﬂa El)a

where X is the experience space, A; the action space, W the world state space,
M,; and T; are perceptual and transition kernels, m; is the decision policy, and
FE; is an embodiment descriptor capturing physical and sensorimotor properties
(morphology, sensor modalities, autonomy level). This framing motivates explicit
embodiment dependence in trust dynamics.

We define directed trust T;;(t) as the trust that agent ¢ places in agent
j at time t. A standard Bayesian approach aggregates evidence with a Beta
distribution: after a;; successes and j3;; failures observed by i about j, trust can
be represented by Beta(a;;+1, 8;;+1) [14]. The expected value, azﬁjgw , is often
used as a scalar trust estimate and underlies TRAVOS-style approaches [25,24].

We introduce an embodiment similarity factor ¢(i,j) = ¢(E;, E;) € [0,1]
as a compatibility weight on evidence: when embodiments are similar, evidence
impacts trust more strongly; when embodiments differ, evidence is discounted.
Trust is updated as:

Tt +1) = (1—77)Tij(t)+n¢(i,j)m, (1)

where n € (0,1] is the step size. When ¢(i,5) = 1, (1) reduces to the classic
form. When ¢(i, j) = 0, evidence is ignored, and trust remains at its initial value
under this update.

3.2 Embodiment Similarity Functions

In the simplest scalar case, we use:

o(i,7) = max{0, 1 — |E; — E;|}. (2)
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For vector descriptors E; € R?, natural choices include a Radial Basis Function
(RBF) kernel or cosine similarity mapped to [0, 1]:

1+ cos(E;, Ej)

E; — E;|)3 .
B i) = BB

202

¢maaj>=exp(—

¢ is treated as a modeling choice that reflects the extent to which embodiment
alignment affects evidence integration.

3.3 Phenomenological Perspective

¢(i,7) is interpreted as a formal encoding of perceived similarity or identifica-
tion. High ¢ corresponds to settings in which the trustor treats the trustee as
“like itself” in relevant ways, mirroring similarity-driven trust effects in human
contexts. Low ¢ corresponds to otherness or misalignment, in which repeated
positive outcomes may be discounted and trust may plateau far below objective
reliability. This view suggests that improving inter-embodiment interpretability
can effectively increase ¢ over time and mitigate persistent mistrust [6].

3.4 Closed-Form Trajectory Under Stationary Evidence

Assume that, after sufficient interaction, the evidence estimate becomes effec-
tively stationary in expectation:

(1)

@y () + By () P

where p;; € [0,1] is the long-run probability of success as perceived by i. Then
(1) becomes

with a closed-form solution

Tij(t) = (1=0)'T5;(0) + (1 = (1 —n)") (i, j)pi- (4)

Equation (4) implies an embodiment-limited plateau at ¢(¢, j)p;; and geometric
convergence governed by 7.

Theorem 1 (Embodiment-Limited Equilibrium). Under stationary evi-
dence with success probability p;;, the trust sequence defined by (1) converges
to

Tf;' = ¢(iaj)pij
for alli +# j.

Proof. Taking the limit of (4) as t — oo yields (1 — n)! — 0, which implies
Ti; (t) = ¢(i, J)pij-
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3.5 Stochastic Evidence and Consistency
[e2%]
aij+PBij
outcomes. Under standard conditions, this estimator converges in probability
to p;; as interaction counts grow. The trust update (1) can be interpreted as a
stochastic approximation tracking the stationary recursion, so trust concentrates

near ¢(i,7)pi; as evidence accumulates.

is stochastic because it is estimated from Bernoulli

In finite simulations,

4 Data and Simulation Setup

To validate the theoretical behavior, we simulate a population of interacting
agents and track how embodiment similarity affects trust trajectories and final
trust values.

We simulate N = 20 agents. Each agent has a scalar embodiment feature
E; € [0,1] sampled uniformly at random. Embodiment similarity is defined as:

(i, j) = max{0, 1— |E; — Ej[}.

Each agent j is assigned an inherent reliability r; € [0,1], sampled uniformly
from [0.5,0.9].

Agents interact over discrete time steps. At each step, we sample a random
ordered pair (7, j) with ¢ # j. Agent i decides whether to trust j using an e-greedy
Q-learning rule [21,1]. If 4 trusts j, the interaction succeeds with probability r;
(reward +1) and fails with probability 1 —r; (reward —1). If ¢ does not trust j,
the reward is 0.

When a trust attempt occurs, we update a;; or 8;; and then update trust
using (1) with n = 0.1. We initializa T;;(0) = 0.5 for ¢ # j and set T;; = 0.
We run the simulation for 25,000 steps. To illustrate the effect of embodiment,
representative high-similarity and low-similarity directed pairs are logged, along
with the final trust matrix.

5 Results and Analysis

The simulations support the theoretical predictions. For high-similarity pairs
(Fig. 1), trust typically rises rapidly from 0.5 to a high plateau and stabilizes
after relatively few interactions. This aligns with Theorem 1: when ¢(¢,j) = 1,
equilibrium trust approaches p;;, the trustee’s effective reliability.

For low-similarity pairs (Fig. 2), trust grows slowly or decreases initially and
plateaus well below what would be expected without embodiment modulation.
This matches the equilibrium 77; = ¢(i, j)pi;: low ¢ caps achievable trust. Finite
sampling and e-greedy exploration produce small deviations, but the plateau
effect persists.

The final trust matrix (Fig. 3) shows consistent global patterns: directed
asymmetries due to stochastic interaction histories, high-trust regions when re-
liability and similarity are both high, and cluster structure in which agents with



6 K. Babashov and M. Gini

Trust Convergence: High-Similarity Pairs
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Fig. 1. Trust convergence for high-similarity pairs. Each curve shows T;; over
time for a selected directed pair (i — j) with ¢(4,j) &~ 1.0. Trust rises quickly and
stabilizes near a high plateau.

Trust Convergence: Low-Similarity Pairs
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Fig. 2. Trust convergence for low-similarity pairs. For pairs with ¢(, j) near 0,
trust grows slowly and plateaus at lower values. Early negative outcomes can cause
persistent decreases because low ¢ limits later positive recovery.
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Final Trust Matrix (Rows: Trustors, Columns: Trustees)
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Fig. 3. Final trust matrix heatmap. Cell (3, j) shows trustor 4’s final trust in trustee
j after 25,000 steps. The structure reflects both trustee reliability and embodiment
similarity, including clustering among agents with similar E.

similar embodiments develop mutual trust. This suggests a system-level con-
sequence: embodiment differences can induce persistent segmentation in trust
relationships even when objective reliability is moderate. In open systems, this
kind of segmentation can reduce coordination efficiency and lead to underuti-
lization of capable agents who happen to be dissimilar.

5.1 Sensitivity Analyses and Extensions

We evaluate several variations to clarify which components drive the observed
behavior.

Step size. Varying n changes convergence speed and smoothness. Larger n
yields faster adaptation but higher variance under stochastic evidence; smaller n
yields smoother curves with slower convergence. The plateau structure remains
governed by ¢(i, j) because the limiting value depends on ¢(%, j)p;;.

Population heterogeneity. Increasing the spread of embodiments increases
the frequency of low-similarity pairs and strengthens trust clustering. Decreasing
the spread increases average similarity and weakens segmentation. This connects
directly to open-systems governance, since heterogeneity can induce fragmenta-
tion even in the absence of explicit group labels.
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Non-stationary trustees. When a subset of agents changes reliability mid-
simulation, embodiment-modulated updates can be advantageous or risky de-
pending on evidence availability. High similarity can accelerate adaptation be-
cause evidence is weighted strongly, but sparse interactions can still yield tran-
sient over-trust. This motivates the addition of governance constraints, such as
minimum-evidence requirements for high-stakes delegation.

6 Governance Implications for Open MAS

COINE emphasizes governance elements — coordination, organizations, institu-
tions, norms, and ethics — in open multi-agent systems. Embodiment-aware trust
interacts with each element and can either improve diagnosability or introduce
bias amplification if left unconstrained.

6.1 Coordination and Delegation

In many coordination protocols, trust determines delegation: agents allocate
tasks, share resources, and accept commitments based on perceived reliability.
In heterogeneous embodied teams, observational misalignment can make certain
agents systematically less trusted, even when they are reliable. The similarity
term ¢(i,7) makes this effect explicit and measurable. When coordination fails
due to systematic distrust across embodiment gaps, the failure can be traced to
issues of compatibility and evidence integration rather than to malicious behav-
ior.

6.2 Organizations and Institutions

Organizations and institutions shape interaction patterns through roles, author-
ity, and structured communication. Embodiment can be broadly interpreted to
include interfaces and sensing modalities. Two agents can become institution-
ally compatible (e.g., through shared protocols, audit trails, and standardized
reporting) even if they are physically separated. In such settings, E; can include
institutional interface features, and ¢(%, j) becomes a measure of institutional in-
teroperability. Improving interoperability increases effective similarity and raises
the trust ceiling for cross-embodiment interactions.

6.3 Norms, Compliance, and Trust Calibration

Norm compliance depends on credible monitoring and enforcement. If moni-
toring capabilities differ across embodiments, compliance evidence can be sys-
tematically biased. The formulation highlights that trust depends on both the
quality of evidence and behavior. A governance mechanism can treat ¢(i,j) as
a proxy for evidence comparability and can require additional verification when
similarity is low.
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6.4 Ethics: Bias Amplification and Mitigation

Similarity-weighted trust can encode and amplify bias: dissimilar agents can
remain permanently under-trusted even when reliable, leading to fragmenta-
tion and reduced collective performance. This motivates mitigation strategies:
constrain how strongly similarity can suppress trust, increase interoperability
through institutional interfaces, impose minimum-evidence requirements before
extreme trust differentials are allowed, and explicitly monitor for segmentation
that is not explained by objective performance differences.

7 Limitations

The work presented has several limitations. First, we use a simplified embod-
iment descriptor and similarity function; realistic deployments require multi-
dimensional descriptors and careful measurement of interoperability and per-
ceptual alignment. Second, we treat similarity as exogenous and mostly static.
In real systems, communication and interaction protocols can adapt and ef-
fectively increase compatibility over time. Third, the simulation uses a simple
binary outcome and one-step rewards; richer tasks involve partial observabil-
ity, delayed credit assignment, and richer notions of success and failure. Finally,
trust is only one governance signal; effective open MAS design also requires
explicit norms, enforcement, accountability, and transparency mechanisms that
can override purely experience-based trust.

8 Conclusions and Future Work

We introduced an embodiment-aware trust model that integrates a CAT-motivated
embodiment perspective with TRAVOS-style Bayesian trust estimation. By in-
corporating an embodiment similarity factor ¢(,7) into the trust update, we
obtain an embodiment-limited trust plateau and an interpretable characteriza-
tion of the equilibrium. The simulations demonstrate that greater similarity leads
to faster trust formation and higher asymptotic trust, whereas lower similarity
leads to slower growth and lower plateaus.

We plan on extending the model in four directions: (1) learn ¢(i,j) from
interaction traces and cross-modal alignment signals rather than specifying it by
hand, (2) incorporate structured institutions that modify evidence quality and
auditing, (3) explore strategic trustees that manipulate trust under embodiment
constraints, and (4) evaluate the approach in richer embodied simulations where
sensing and actuation differences change what outcomes are observed and how
they are interpreted.

Code Availability

The code is available at the following link: GitHub Link
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