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Improving Trust Estimation in Human-Robot
Collaboration Using Beta Reputation at

Fine-Grained Timescales
Resul Dagdanov, Milan Andrejević, Dikai Liu, and Chin-Teng Lin

Abstract—When interacting with each other, humans adjust
their behavior based on perceived trust. To achieve similar
adaptability, robots must accurately estimate human trust at
sufficiently granular timescales while collaborating with humans.
Beta reputation is a popular way to formalize a mathematical
estimation of human trust. However, it relies on binary per-
formance, which updates trust estimations only after each task
concludes. Additionally, manually crafting a reward function is
the usual method of building a performance indicator, which
is labor-intensive and time-consuming. These limitations prevent
efficient capture of continuous trust changes at more granular
timescales throughout the collaboration task. Therefore, this
letter presents a new framework for the estimation of human
trust using beta reputation at fine-grained timescales. To achieve
granularity in beta reputation, we utilize continuous reward
values to update trust estimates at each timestep of a task. We
construct a continuous reward function using maximum entropy
optimization to eliminate the need for the laborious specification
of a performance indicator. The proposed framework improves
trust estimations by increasing accuracy, eliminating the need
to manually craft a reward function, and advancing toward the
development of more intelligent robots. 1

Index Terms—Beta reputation system, human trust, human-
robot collaboration, probabilistic model.

I. INTRODUCTION

HUMAN decisions are often influenced by their percep-
tions of how trustworthy they are perceived by oth-

ers [1], [2]. Research in human-robot collaboration (HRC)
indicates that when robots act in accordance with a human
co-worker’s trust, collaboration effectiveness is enhanced [3]–
[5]. However, to make trust-aware decisions, a robot needs to
accurately estimate how much its co-worker trusts it [6], [7].

Trust in a robot can change throughout a task, making it
essential for the robot to estimate trust in real-time at fine-
grained timescales. By continuously estimating trust during
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Fig. 1. Overview of a real-time estimation of human co-worker’s trust.
The objective of the intelligent robot is to autonomously transport tiles from a
randomly chosen starting position to a target position. While performing the
task, the framework continuously assigns a reward value at each timestep.
The proposed framework mathematically links the reward values to the
probabilistic trust estimation at fine-grained timescales. Doing so enables a
real-time estimation of human trust at each timestep throughout the task.

the task rather than only at its conclusion, the robot can adapt
its behavior immediately, either enhancing or reducing trust to
address the pitfalls of overtrust or undertrust [8]–[10].

There is growing HRC research interest in computational
models to estimate human trust toward robots [11]–[14]. These
models are based on robot performance, which is the most
significant factor influencing human trust [10], [15], [16].
Furthermore, probabilistic models that capture uncertainty
and bias in human subjectivity show great promise in this
context [17]–[20]. The framework in this letter entails a
probabilistic estimation of trust based on performance (Fig. 1).

The probabilistic models proposed in [17]–[20] fail to
capture the continuous changes in human trust as a robot
performs a task. This limitation arises because human co-
workers assess performance in a binary manner (e.g., success
or failure) only after task completion, neglecting performance
changes during the task. This results in a static estimation of
trust dynamics, often referred to as a “snapshot” view [19].

Formulating a task-specific performance function is labor-
intensive, time-consuming, and requires a deep understanding
of the task [21]–[23]. This process involves determining appro-
priate weights for the factors influencing task objectives and
aligning them with desired outcomes. This limits the autonomy
and adaptability of the robot to various tasks and highlights the
need for a framework that enables fine-grained estimation of
human trust, facilitating real-time trust-aware robot decision-
making with minimal labor-intensive effort.
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Fig. 2. Proposed framework for human trust estimation in HRC. Stage-1: A co-worker demonstrates the task objectives to an intelligent robot by physically
moving the robotic arm. Stage-2: In this stage, a reward function, rψ , and the robot’s decision-making policy, πθ , are optimized through maximum entropy
optimization and behavior cloning, respectively. Stage-3: The robot iteratively learns the trust dynamics of the human co-worker over multiple consecutive
tasks. For each task, the co-worker randomly sets a starting position for the robotic arm. The robot performs the task using the optimized decision-making
policy (πθ). After the robot completes the task (T = 20), the co-worker self-reports trust. The optimization objective is to minimize the difference between
the measured trust (τ ) and the estimated trust (τ̂ ) using maximum likelihood estimation. The parameters for optimization include success and failure weights,
initial probability distribution parameters, the success-failure reward determination threshold, and the trust history dependency constant, collectively represented
as λ = ωs, ωf, α0, β0, ε, γ. Stage-4: In the verification stage, the robot estimates the human co-worker’s trust in real-time at fine-grained timescales.

We propose a new framework for the accurate estimation
of human trust at granular timescales, as visualized in Fig. 2.
We construct a continuous reward function using maximum
entropy optimization, which enables us to efficiently capture
the underlying performance dynamics throughout the task.

This study focuses on trust estimation at fine-grained
timescales. The proposed framework establishes a mathe-
matical connection between continuous reward functions and
probabilistic trust dynamics. Although the current framework
does not yet incorporate robot behavior adaptation based on
estimated trust, we consider fine-grained trust estimation a crit-
ical foundation for enabling real-time behavioral adaptation.
To elaborate, in Section VI, we outline potential strategies for
trust-aware decision-making. For instance, if a human’s trust
declines following a task failure, the robot could communicate
an apology and a commitment to improve [9], [24]. Such
communications may help mitigate undertrust in real-time,
preventing disproportionate deterioration. Developing these
behavioral adaptations requires further research, which we
leave for future exploration.

II. LITERATURE REVIEW

A. Probabilistic and Deterministic Trust Models in HRC

A computational model is necessary for the estimation of
human trust. One straightforward way is to construct trust
estimation as a linear combination of performance features
that influence trust in HRC [13], [25]. Such models do
not incorporate uncertainty, which is advantageous in some
tasks. For example, in repetitive assembly tasks where the
robot’s reliability is consistent and predictable, deterministic
models of trust are applied [25], [26]. However, in cases
where it is important to capture human subjectivity, these
models fall short. This is because human perceptions and
decision-making typically involve uncertainty [1], [2], [27].
Therefore, human perceptions of trustworthiness most likely
include subjective uncertainty, which informs their decisions.

Similarly, for robots to adjust their behavior based on human
trust, they must capture uncertainty in their estimations.

To capture uncertainty in trust estimations, it is required
to apply probabilistic models. A typical model is a dynamic
Bayesian network. However, this model lacks a mathematical
framework to describe how human trust stabilizes over time
through repeated collaborations with the same robot [28]. A
more suitable alternative is the beta reputation, which has
been proposed to address this limitation [19], where a beta
distribution offers two main advantages [29]. Firstly, it limits
an estimation interval to 0 and 1, creating consistency with the
trust measurement scale. Secondly, this model accounts for a
historical reputation by accumulating the number of successful
and unsuccessful collaborations. These advantages make beta
reputation suitable for the probabilistic estimation of trust.

B. Robot Learning of Human Trust From Demonstrations
To reduce the laborious workload in designing trust models,

effective use of demonstrations is required. These demonstra-
tions provide insight into how a co-worker expects a robot
to perform tasks [30]. Note that trust dynamics in HRC
closely depend on the co-worker’s expectations of the robot’s
capabilities [15], [31]. Thus, these demonstrations are a critical
resource for modeling trust, as they reflect human expectations.

The maximum entropy optimization method can quantify
the similarity mismatch between co-worker demonstrations
and a robot’s capabilities [32]. It was applied to construct
reward and trust estimation models using demonstrations [18].
However, by clustering similar states into a fixed number of
decision-making policies, this method loses flexibility in envi-
ronments where decision-making parameters are not constant.
Furthermore, recent work in [20] has applied this method to
learn personalized weights in trust estimation. Similarly, the
work in [33] has used the preference-based optimization [34]
to capture individual differences. For example, one co-worker
may prioritize safety, while another may emphasize a robot’s
speed as a critical trust indicator.
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III. PROBLEM FORMULATION

A. Markov Decision Process

Let us consider a decision-making policy where an in-
telligent robot performs the task in alignment with human
demonstrations. The expression for this process is a Markov
decision process (MDP), denoted as M := ⟨S,A, r , f , T⟩. At
each timestep (step number) t in a task that concludes after a
total of T timesteps, st ∈ S represents a robot state vector,
and at ∈ A represents a robot action vector. An intelligent
robot performs an action under the decision-making policy
and then transitions to a new state st+1 = f (st , at) after
receiving a reward r(st , at), where f is a transition function.

B. Robot Operations and Human Demonstrations

Robot operations can take various forms, such as kines-
thetic navigation, audio, and visual communication. In this
work, operations performed by a robot are robotic arm
manipulations under the control of a decision-making pol-
icy. As a robot performs actions, it transitions to a new
state based on transition function dynamics, similar to those
described in [21], [22]. A consecutive sequence of these
transitions is a spatial trajectory, which is represented as
a finite set of T timestep state-action pairs and notated as
ξ = {(s1 , a1 ), (s2 , a2 ), . . . , (sT, aT)} ∈ Ξ. To simplify
the notation, as adopted from [21], a trajectory can be denoted
in a compact form as ς = (s1 , a1 , a2 , . . . , aT).

Human demonstrations refer to samples where a co-worker
physically shows the robot how to perform a task by manip-
ulating the robotic arm, like the kinesthetic interactions de-
scribed in [13]. The notation for a dataset of N demonstrations
is D = {ξH1, ξH2, . . . , ξHN}, where ξH is a sample trajectory
demonstration by a human co-worker.

C. Human Trust Definition

In this letter, a human is the trustor, and a robot is the
trustee. The concept of human trust is defined in [31] as “the
attitude that an agent will help achieve an individual’s goals
in a situation characterized by uncertainty and vulnerability”.
This definition of trust aligns with the engineering aspects and
the goal-oriented nature of a robot in HRC.

In HRC literature [7], models of human trust estimations
are categorized into relation-based and performance-based
models. Performance-based models estimate trust primarily
based on the capability and reliability of a robot. In contrast,
relation-based models use data on the societal and ethical
norms of a human as a trust estimation feature. This letter
presents a performance-based model of human trust because
the engineering objective is to enhance the ability of a robot
to perform physical tasks with high performance.

The performance of the robot in HRC is the most dominant
factor affecting human trust in the robot [10], [15], [16].
Trust depends on the successful and unsuccessful reputation of
collaboration with the robot. In this letter, a success metric of
collaboration is the compatibility between human co-worker
expectations and robot capabilities, which serves as a key
indicator of changes in trust [30]. Based on these findings,
we present a performance-based model of trust.
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Fig. 3. Measurement of human trust and numerical conversion. We utilize
a 7-point Likert scale to obtain human co-worker trust measurements, as this
self-reporting technique is well-established in the literature [7], [16].

The assumption in this letter is that the reward function
represents the robot’s task performance. To examine the rela-
tionship between the reward function and task performance,
Section V provides an experimental analysis.

At the end of each experiment, a human co-worker self-
reports their trust using a 7-point Likert scale. As shown in
Fig. 3, we numerically interpret the trust values as percentages.
This conversion to the percentage scale is kept constant
and is symmetrical around the midpoint (i.e., 50%, which
corresponds to the “Neutral” level of trust on the scale). This
allows the robot to estimate trust based on numerical data.

D. Robot Decision-Making Policy
To enhance the robot’s generalization capabilities, partic-

ularly in high-dimensional action spaces, a learning-based
method for robot decision-making needs to be implemented.
One common approach to doing this is to maximize the
similarity between expert demonstrations and robot operations,
also known as behavior cloning (BC). This approach comes
with a major limitation. Mimicking human actions may result
in a suboptimal decision-making policy for the robot, as
humans do not always act optimally. However, there is also a
big advantage to this approach. As discussed in Section III-C,
the similarity mismatch between co-worker demonstrations
and robot operations can serve as a key indicator of changes
in trust, which can be captured via the reward function.
For this reason, in our framework, the human co-worker’s
demonstrations are treated as optimal (i.e., expert).

A common practice in formulating a robot decision-making
policy is to assume that human demonstrations resemble a
Gaussian distribution [21], [23]. Consequently, a robot policy
is πθ(at | st) ∼ N (µθ(st), σθ(st)

2), where µθ(st) and
σθ(st) denote the mean and variance of the policy distribution,
respectively. In this manner, µθ and σθ serve as parameters of
a nonlinear neural network.

π∗
θ = argmin

θ

1

2
· E
ξH∼D

(st ,at )∼ξH

[
η · logσθ(st)2+

(at−µθ(st))2

σθ(st)2

]
(1)

Eq. 1 represents a minimization objective function for
optimizing a robot decision-making policy. The η coefficient
acts as a scaling factor for regularizing a policy variance.
When η is large, a policy optimization prioritizes minimizing
a decision-making uncertainty. In contrast, when η is small, a
robot performs more stochastic actions, leading to increased
exploration. Section IV-A provides a detailed description of
how η varies throughout this data-driven optimization process,
which occurs in Stage-2 of Fig. 2.
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E. Reward Function Optimization

Formulating a reward function that accurately captures the
context-dependent performance of a task is laborious and time-
consuming [21]–[23]. This complexity arises from the chal-
lenge of determining appropriate weights that align the reward
function with desired outcomes. One solution to this prob-
lem is to use a data-driven approach, specifically maximum
entropy (MaxEnt) optimization [32], to construct a reward
function that accurately captures the performance of robotics
applications [23], [35]. So, to eliminate the need for laborious
performance specifications, we use MaxEnt optimization to
construct a continuous reward function.

In the early learning epochs of BC in Stage-2 of Fig. 2,
a robot performs suboptimal actions. As the optimization
process in Eq. (1) proceeds, a decision-making policy gets
closer to an optimal policy. The main idea behind Max-
Ent optimization is to iteratively sample trajectories from
p(ξ) ∼ exp(R(ξ)). The goal is to match features between
robot trajectories ΞR and human demonstrations D.

The proposed framework does not focus on learning a robot
policy by maximizing cumulative rewards. Instead, the aim of
this letter is to learn a robot policy through BC by enabling
it to mimic demonstrations (see Section III-D).

Rψ(ξ) =
1

T

∑
(st ,at )∈ξ

rψ(st , at) | rψ : (S,A) → R[-1, 1] (2)

Formulating a linear reward function in high-dimensional
environments is challenging and often impractical. A nonlinear
approach is necessary to construct a reward function for these
environments. A widely adopted method for capturing perfor-
mance is the use of nonlinear neural networks, which provide
flexibility and adaptability in data-driven solutions [23]. There-
fore, we construct a reward function in Eq. (2) using a neural
network with parameters ψ.

LMaxEnt = − E
ξH∼D

[
logp(ξH|ψ)

]
= − E

ξH∼D

[
log

exp(Rψ)

Z(ψ)

]
(3)

Eq. (3) is a loss function of MaxEnt optimization. There
are infinitely many discrete possible states and actions for the
background partition function Z(ψ) =

∫
exp(Rψ) dξ to

calculate when S and A are both continuous.

Z(ψ; θ) ≈ 1

M

∑
ξRj∈ΞR

[
exp(Rψ(ξ

R
j ))

p(ξRj ; θ)

]
(4)

A stochastic sampling-based method is a popular technique
for approximating Z(ψ; θ), as proposed in [23]. This method,
as shown in Eq. (4), approximates close to the expectation of
the negative log-likelihood loss in Eq. (3). In this letter, D and
ΞR are the sets of N demonstrations and M robot trajectories,
respectively. Note that it is common practice to generate robot
trajectories from pθ(ξ) [21], [35].

To address the exploration-exploitation dilemma inherent in
a decision-making policy and to enhance the generality of a
reward function by approximating Z(ψ; θ) in Eq. (4), this
letter demonstrates an application of a dynamically anneal-
ing/interpolating linear weight η (see Eq. (1)). Section IV-A
comprehensively explains the rationale behind this choice.

IV. PROBABILISTIC FRAMEWORK FOR GRANULAR
ESTIMATION OF HUMAN TRUST

This section outlines the mathematical foundations for robot
learning of human trust in a probabilistic manner. The diver-
gence between human expectations and robot actions in HRC
are key factors influencing the dynamics of human trust [7],
[15], [30]. Accordingly, this section provides a mathematical
framework for the estimation of human trust at granular
timescales based on a continuous reward function.

A. Robot Decision-Making Policy and Reward Function

The denominator in Eq. (4) represents the MDP collection
of πθ(at | st , st−1, . . . ), which denotes the probability of
taking action at at state st according to the decision-making
policy πθ. Finding the exact value of the background partition
function Z(ψ; θ) with pθ(ξ) is infeasible, especially when the
ideal reward parameters ψ∗ are unknown.

η = ηmin +
k

K
· (ηmax − ηmin) (5)

In [23], researchers employed an iterative method for a
decision-making policy that explored the task environment by
performing random actions. To minimize the frequency of the
random actions, [35] investigated the use of annealing and
interpolation methods to determine the exploration weight fac-
tor. The framework in this letter utilizes a linear interpolation
method to find dynamic importance weight η. The method is
given in Eq. (5), where k is the current epoch and K is the
maximum number of learning epochs.

In order for a data-driven reward function to represent
task performance, it is necessary for a robot to explore
the task environment widely via random actions. During the
early epochs of learning, a decision-making policy under the
objective function in Eq. (5) prioritizes a wider exploration of
the task environment. Consequently, η gradually increases as
learning epochs increase. The selection of the hyperparameters
ηmin = 0.05 and ηmax = 1.00 in Eq. (5) is based on problem-
specific trials. It is important to note that increasing ηmax could
lead to a less generalized reward function.

The objective is to gradually increase the loss function
variance (uncertainty) factor during the learning process of
a robot decision-making policy. This strategy ensures the
robot exhibits significant uncertainty but explores more in the
early policy and reward learning epochs. Adequate exploration
is crucial for achieving a generalizable reward function in
MaxEnt optimization. This process of learning a decision-
making policy takes place in Stage-2 of Fig. 2.

The collection of human demonstration data occurs in
Stage-1 of Fig. 2. Subsequently, the learning processes for the
reward function and robot decision-making policy occur in
Stage-2. The total number of human demonstrations remains
constant throughout the proposed framework. The parameters
θ∗ and ψ∗ represent the optimized decision-making policy and
reward function obtained through MaxEnt optimization and
BC, respectively. Once optimized, θ∗ and ψ∗ remain fixed.
Therefore, for a given state st , the framework ensures that
the reward value rψ∗ is reproducible and the decision-making
policy πθ∗ always takes action at .
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Fig. 4. Trust estimation dynamics during Stage-3 experiments. Trust
estimations show narrower distributions in earlier experiments (darker shades),
reflecting lower variance due to limited measurements. As experiments
progress (lighter shades), distributions shift toward lower trust regions, and
variance increases. This characteristic results from lower self-reported trust in
Stage-3, which expanded the range of trust measurements (see Fig. 5).

B. Beta Reputation Model at Fine-Grained Timescales

An important theoretical part of the proposed framework is
an estimation of human trust by updating a beta probability
distribution at each timestep of the task.

Stage-3 of Fig. 2 involves a human co-worker testing the
capability of a decision-making policy and a reward function.
Each complete cycle in Stage-3 represents one experiment,
after which self-reported trust is collected based on a 7-point
Likert scale shown in Fig. 3. While a human co-worker reports
trust at the end of each task, a reward function continuously
assigns reward values to each state-action pair. This aspect
enables granularity in human trust estimation.

1) Probability Distribution: A beta reputation system [29]
is a beta probability distribution. It is a common choice to
estimate trust probabilistically [17], [19], [20], as it captures
subjective uncertainty and variability of human trust.

τq(st , at) ∼ Beta(αn , βm) (6)

Eq. (6) is a formulation of a continuous probability distri-
bution to represent human co-worker’s trust τq(st , at) at robot
state st and robot action at at timestep t ≤ T of trajectory
ξR. q is the total number of timesteps in all tasks.

τ̂q(st , at)
.
= E

(st ,at )∼ξR

[
τq(st , at)

]
=

αn

αn + βm
(7)

2) Beta Distribution Parameters: Through the experience
of a human co-worker with a robot, this letter presents the
mathematics of updating αn and βm of a beta probability
distribution based on a reward function rψ∗ := rψ∗(st , at) |
(st , at) ∈ ξR output at each timestep q . In Eq. (8), the
subscripts n and m indicate the total number of successful
and unsuccessful state-action counts, respectively.

αn =


n−1∑
i=0

(
γi · αn−i−1

)
, if rψ∗ ≤ ε

n−1∑
i=0

(
γi · αn−i−1

)
+ ωs

n · rψ∗ , if rψ∗ > ε

βm =


m−1∑
j=0

(
γj · βm−j−1

)
, if rψ∗ > ε

m−1∑
j=0

(
γj · βm−j−1

)
+ ωf

m · e|rψ∗ |, if rψ∗ ≤ ε

(8)

Fig. 5. Relationship between self-reported trust and reward in Stage-3.
Violin plots illustrate the distribution of reward values. Trust is self-reported by
the human using a constant scale (Fig. 3). Although experiments 6 and 10 had
high rewards, trust remained lower than in experiment 2. This suggests that
prior interactions influenced current trust, which underscores the importance
of incorporating historical context into trust estimation.

Unlike [13], which models trust as a deterministic linear
function of performance, the proposed framework uses a
probabilistic approach. This allows for trust estimation at
granular timescales with a more dynamic representation.

The works in [7], [36] highlight that human trust is history-
dependent. To account for this characteristic of human trust,
updating the αn and βm parameters with a weighted aging
technique is chosen, as shown in Eq. (8). This technique in-
cludes a discount factor (0 < γ ≤ 1), reflecting the importance
of previous timestep distribution parameters (αn−1, βm−1).
The primary reason for this interpretation is that human trust
is cumulative and interaction history-dependent [26]. Further-
more, the assumption in this letter is that rψ∗ > ε represents
success, whereas rψ∗ ≤ ε denotes failure. Therefore, in
Eq. (8), the constant number notation of the success factor
is ωs

n and the failure reward factor is ωf
m . Overall, trust

estimation depends on the parameter set (α0, β0, ω
s
n , ω

f
m , ε, γ)

and reward function rψ∗(st , at).
The mean of the beta distribution in Eq. (7) estimates human

trust at a given state st and action at . Unlike [19], the proposed
framework updates the trust distribution at each timestep rather
than only at the end of the task. Therefore, this results in an
estimation at more fine-grained timescales.

3) Maximum Likelihood Estimation: In Stage-3 of Fig. 2,
the iterative process improves the mapping between reward
values and human trust measurements τ∗q using a maximum
likelihood estimation (MLE) with a parameter set of λ =
{α0, β0, ω

s
n , ω

f
m , ε, γ}. Eq. (8) shows a threshold parameter

ε in the non-differentiable piece-wise function for the updates
at granular timescales. We use a popular derivative-free dif-
ferential evolution method [37] to optimize λ. The objective
is to minimize the negative log-likelihood between τ∗q and τ̂q
after each experiment in Stage-3.

C. Major Empirical Findings on Trust Dynamics
1) History Dependency: Trust at the previous timestep,

τq−1, influences trust at the immediate next timestep, τq .
Research in [26] highlights this history-dependent nature of
trust. The proposed beta reputation in Eq. (8) mathematically
captures this characteristic of trust with an aging factor γ.
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Fig. 6. Evaluation of the proposed framework. Each column (a-d) represents distinct and consecutive verification experiments in Stage-4 of Fig. 2.
The results show four tests to evaluate human trust estimation accuracy and observe corresponding reward function values. These experiments highlight the
granularity and history dependency of human trust estimation. After each experiment, the trust estimation builds on the previous experiment, reflecting the
cumulative nature of human trust. In contrast, reward function values are independent of collaboration history. Experiments a-b were successful; the robot
end-effector reached the target position. Experiments c-d were unsuccessful; the robot end-effector failed to reach the target position. Note that human trust
measurements are discrete, but human trust estimation is at granular timescales, which dynamically change at each timestep of the experiments.

2) Impact of Adverse Experiences: In inference experiment
3, the robot failed to bring the tile to the target position,
as shown in Fig. 6. Trust estimation at the first timestep of
this experiment was 30.19%, and it continued to decrease,
reaching 18.92% by the end of the experiment. For verifi-
cation, human trust was self-reported as “Moderate Distrust”
after inference experiment 2 and “High Distrust” at the end
of inference experiment 3. This suggests that the human trust
was affected by an adverse experience. This observation aligns
with previous findings in the literature, which indicate that a
negative experience significantly impacts trust [10].

3) Convergence of Human Trust: When n , m → ∞,∑n−1
i=0

(
γi · αn−i−1

)
and

∑m−1
j=0

(
γj · βm−j−1

)
in Eq. (8)

diminish due to a discount factor (0 < γ ≤ 1). As a result,
the contribution of earlier interactions gradually becomes
negligible. Additionally, the terms ωs

n · rψ∗ and ωf
m · e|rψ∗ |

in Eq. (8) only shift the beta distribution by a constant factor
without introducing instability in the proposed beta reputation.
Consequently, because parameters θ∗ and ψ∗ are constant in
Stage-3 and Stage-4, trust estimations converge to a stable
condition after repeated collaboration with the same robot, as
stated in the previous research in [28].

V. EXPERIMENTAL EVALUATION AND RESULTS

We conducted a case study to evaluate our framework for
fine-grained trust estimation in a tiling task, where a robot
transported a tile while avoiding an obstacle (Fig. 1). The
experiment included two stages: Stage-3 with iterative model
updates and Stage-4 using a fixed model. One participant (a
25-year-old male with prior technical experience in HRC)
completed multiple experiments, and after each experiment,
this participant self-reported trust using the scale in Fig. 3.

The state vector (st ∈ S) included distances to the obstacle,
the ground, and the target position, similar to [21], [22]. The
action vector (at ∈ A) represented the x, y, and z positions of
the robot’s end-effector at each timestep t .

A. Reward Function and Human Trust Measurements

In each Stage-3 cycle (Fig. 2), a human randomly set the
robot’s initial position at the start location. The robot then
executed a policy πθ(at | st) to transport a tile to a target
location while avoiding an obstacle.

Trust measurements did not always align with reward values
(see Fig. 5), as the reward function does not account for
the history of HRC. In contrast, the beta reputation captures
history-dependent trust through cumulative interactions.

With the proposed framework, the robot estimated decreas-
ing levels of trust in the subsequent experiments of Stage-
3 (see Fig. 4). This downward trend corresponds to the low
reward values and associated trust measurements in Fig. 5.
The distribution widens with increasing experiment number
in Fig. 4, while the opposite trend appears in Fig. 7. This
discrepancy arises because, during Stage-3, trust estimation
parameters are updated after each experiment, whereas in
Stage-4, the parameters are constant.

B. Analysis of Verification Results

In the Stage-4 experiments, the robot successfully com-
pleted the task in experiments 1 and 2 but failed in experiments
3 and 4. As shown in Fig. 6, its failure to bring a tile to
the target location led to lower trust measurements. Trust
estimation also declined in experiments 3 and 4, which aligned
with reduced reward values. These findings align well with
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Fig. 7. Comparison of trust estimation models. The binary performance-
based model only updates at the end of each experiment, as it relies on the
overall success or failure of the task, resulting in a static trust estimation that
remains unchanged throughout the experiment.

the assumption presented in Section III-C that human trust is
primarily affected by the robot’s performance.

1) History Dependency: At the end of inference experiment
1, trust was estimated at 20.68%, and reduced to 19.78% at
the start of experiment 2 (see Fig. 6). As shown in Fig. 7, the
model updates trust distributions at each timestep. It reflects
history-dependent continuity across all Stage-4 experiments.
This aligns with the view that trust in human-machine systems
should be continuously evolving [26].

2) Impact of Adverse Experiences: In Stage-4, the param-
eters λ∗, ψ∗, and θ∗ were fixed. After the MLE process in
Stage-3, the success and failure weights were ωs = 3.7897
and ωf = 4.5390, respectively. These results align with
prior findings [10], [19] that failures impact trust more than
successes (ωf ≥ ωs), as discussed in Section IV-C).

3) Nonlinearity in Trust Estimations: In experiment 1,
estimated trust decreased from 16.15% to below 10% by
timestep 10, then increased to 20.68% by the termination
timestep (T = 20) (see Fig. 6). This pattern results from
the piecewise beta reputation function, which depends on the
threshold parameter ε (Eq. (8)). A similar trend appears in
experiment 2, where trust decreased until the timestep 4 due
to the robot approaching the obstacle too quickly, resulting in
reward values below ε. In experiments 3 and 4, estimated trust
remained low because the robot failed to complete the task.
These results are consistent with prior work [19], [38].

C. Comparison with Binary Performance-Based Trust Model
To evaluate the granular trust estimation model, we con-

ducted comparative experiments in Stage-4 using the binary
performance-based trust model from [19]. As the source code
was unavailable, we implemented the baseline and optimized
both models via MLE using differential evolution [37]. We
calculated absolute error as the difference between the trust
measurement and the trust estimation at the final timestep
of each experiment (see Table I). A key advantage of our
framework is its ability to provide trust estimations at fine-
grained timescales without requiring labor-intensive, hand-
crafted performance indicator design. However, a limitation
is that the variance of the trust distribution tends to decrease
over time, as the beta reputation model becomes more con-
fident with each timestep. This suggests a future direction:

TABLE I
ABSOLUTE ERRORS AT THE END OF EACH INFERENCE EXPERIMENT.

Absolute Errors (%)

Inference
Number

Self-Reported
Human Trust

Binary
Performance
Based Model

Granular
Estimation of
Trust (ours)

µ σ2
max µ σ2

max

1 Moderate Distrust 5.61 15.39 9.31 15.12
2 Moderate Distrust 0.09 11.12 0.87 6.74
3 High Distrust 19.17 29.56 8.91 12.78
4 High Distrust 18.61 28.33 3.52 6.35
5 High Distrust 18.17 27.32 0.18 2.35

Bold values indicate which model has less error in each experiment.
µ is the absolute error between self-reported trust and the mean of the

estimated trust distribution; σ2
max is the maximum variance of the error.

exploring ways to regulate model confidence not only based
on interaction number but also on contextual dynamics.

VI. CONCLUSION

The proposed framework estimates trust at each timestep,
offering a fine-grained view of trust dynamics. It also avoids
manual performance metric design by using maximum entropy
optimization to generate a continuous reward function.

While this work focuses on estimating trust at fine-grained
timescales, it has three main limitations. First, the framework
does not yet integrate trust estimation with robot control.
However, this is a promising direction for future work. For
instance, prior research [39] adapted robot behavior based
on trust, while other studies [9], [24] explored trust repair
strategies, such as apology, denial, and transparency. Since
our framework estimates trust at each timestep, it offers the
potential for real-time behavioral adaptation during a task.
Second, the trust measurements in this study rely on self-
reports, which limits validation to discrete snapshots rather
than continuous measurement at every timestep. There are
ongoing works in the development of real-time measures of
behavioral, physiological, and neural signatures of trust [7],
[11], including electroencephalography, eye-tracking, and elec-
trodermal activity measures [40]. Third, using a Likert scale
comes with a key limitation. A Likert scale is an ordinal
measure, meaning the distance between response categories
may vary across points and individuals [41]. This variability
can introduce biases based on individual response styles.
Despite this limitation, the Likert scale remains a pragmatic
and cost-effective tool. It is widely used in psychology to
capture subjectivity and has demonstrated strong predictive
validity [42]. An alternative to address this limitation is
iterative optimization using preference-based data [33]. In one
study [34], participants provided their preferences to improve
the robot’s performance and thereby increase human trust.
However, this approach does not allow for the estimation
of trust dynamics throughout the interaction. In contrast,
accurately estimating the dynamics of human trust is necessary
before applying strategies to mitigate undertrust and overtrust
in the future [9], [24], [39]. While this work differs from
previous studies by focusing on the mathematical modeling
of trust at fine-grained timescales, future research will explore

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.



8

ways to incorporate individual differences in experiments
involving multiple participants.
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