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A Causal Approach to Predicting and Improving Human Perceptions
of Social Navigation Robots

Maximilian Diehl1, Nathan Tsoi2, Gustavo Chavez3, Karinne Ramirez-Amaro1, and Marynel Vázquez3

Abstract—As mobile robots are increasingly deployed in hu-
man environments, enabling them to predict how people perceive
them is critical for socially adaptable navigation. Predicting
perceptions is challenging for two main reasons: (1) HRI
prediction models must learn from limited data, and (2) the
obtained models must be interpretable to enable safe and effective
interactions. Interpretability is particularly important when a
robot is perceived as incompetent (e.g., when the robot suddenly
stops or rotates away from the goal), as it allows the robot
to explain its reasoning and identify controllable factors to
improve performance, requiring causal rather than associative
reasoning. To address these challenges, we propose a Causal
Bayesian Network designed to predict how people perceive a
mobile robot’s competence and how they interpret its intent
during navigation. Additionally, we introduce a novel method to
improve perceived robot competence employing a combinatorial
search, guided by the proposed causal model, to identify better
navigation behaviors. Our method enhances interpretability and
generates counterfactual robot motions while achieving com-
parable or superior predictive performance to state-of-the-art
methods, reaching an F1-score of 0.78 and 0.75 for competence
and intention on a binary scale. To further assess our method’s
ability to improve the perceived robot competence, we conducted
an online evaluation in which users rated robot behaviors on a 5-
point Likert scale. Our method statistically significantly increased
the perceived competence of low-competent robot behavior by
83%.

Index Terms—Social HRI, Human-Aware Motion Planning,
Acceptability and Trust

I. INTRODUCTION

ROBOTS are becoming more capable, bringing us closer
to a future where they will be commonplace in people’s

lives; however, robots still lack Theory of Mind capabilities [1]
that facilitate user adoption of the technology. Specifically,
it is crucial for robots to model how their performance
is perceived by their users during real-world deployments.
For example, consider a mobile robot that guides museum
visitors to exhibits [2]. When the robot is perceived as easy
to understand, competent, and predictable, its likelihood of
adoption increases [3].
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Fig. 1: Example of low-competence robot behavior (a). Our causal
model (b) predicts perceived competence by analyzing environmental
cues such as the robot’s trajectory. When low competence is pre-
dicted, the model identifies the minimal environment change (e.g.,
robot behavior) that is expected to lead to higher competence (c).

Traditionally, human perceptions of robots are measured by
surveying users (e.g., with the Robot Social Attribute Scale [4]
or the Perceived Social Intelligence Scale [5]), but conducting
surveys requires interrupting the flow of interactions and
is expensive and time-consuming [6]. As an example, the
SEAN Together dataset [3] with 2, 964 interaction samples
between a mobile robot and a human in a Virtual Reality (VR)
environment took months to collect. This number of samples is
considered large in Human-Robot Interaction (HRI), yet, small
for machine learning standards. These challenges motivated
recent work on building more scalable, data-driven models
that predict human perceptions of robots [3,7,8].

Unfortunately, existing supervised learning approaches used
to predict human perceptions of robots [3,7,8] only model
associations among observed features of interactions, making
them prone to spurious correlations in the data [9]. For exam-
ple, an associative model might suggest that high competence
ratings are correlated with a human standing close to the robot,
but moving the person closer may not actually improve their
perceptions of the robot.

We therefore propose a causal model to predict how humans
perceive robots in social navigation scenarios. Causal mod-
els are capable of incorporating domain knowledge in their
structure, which can reduce the amount of data needed for
learning. Moreover, causal models are interpretable and can
be used to explain the robot’s understanding of the interaction.
This allows identifying and reasoning about the causes of a
potential failure, as demonstrated in recent studies [10–12].
Our contributions are three-fold:
1. An interpretable Causal Bayesian Network (CBN) for
predicting human perceptions of robot navigation: Our
CBN maps a sequence of observations, such as the robot’s



2 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED 09, 2026

trajectory, to a person’s reported impression of the robot’s
performance along two dimensions: (i) perceived competence
and (ii) understandability of the robot’s intention. To our
knowledge, this is the first time causal modeling has been
used to predict human perceptions of robots.
2. A novel method for generating counterfactual robot tra-
jectories: When the CBN predicts low perceived competence
(Figure 1a), our method generates a counterfactual trajectory
via combinatorial search to identify the closest trajectory
expected to lead to high perceived competence (Figure 1b).
The robot can then execute this trajectory to preemptively
avoid low-competence behavior (Figure 1c). To accommodate
the time-series nature of the data (e.g. SEAN Together dataset),
we extend prior work on causal models [10,11] by integrating
trajectory clustering. We also refine the search process to
exclude infrequently observed, situation-specific behaviors via
thresholding.
3. Validation of our method’s ability to generate alternative
robot behaviors that improve perceived robot performance
through an online user study. The study shows that the
generated counterfactual behaviors can significantly enhance
the perceived competence of a mobile robot.

II. RELATED WORK

A. Causality in HRI

Prior work on causal discovery in robotics has primarily fo-
cused on manipulation tasks, including tool-affordance learn-
ing [13] and cube stacking using Causal Bayesian Networks
with physics simulations for next-best-action reasoning [14].
In contrast, causal modeling in HRI remains underexplored.
Existing work has applied causal time series analysis to
human–robot motion [15] or improving a robot’s causal under-
standing by allowing it to ask humans causal questions [16].
In contrast, our work predicts human perceptions of robot
navigation and further uses causal models to generate coun-
terfactual robot behaviors that can help prevent low perceived
competence.

B. Failure Prediction and Prevention in Robotics

Our work relates to failure prediction and prevention [17],
as low perceived competence and intention in robot behaviors
can be seen as interaction failures that we aim to prevent.

1) Predicting perceived agent performance: Recent work
utilized machine learning models such as Support Vector
Machines, Random Forests, K-Nearest Neighbors, and Multi-
Layer Perceptrons to predict a robot’s perceived perfor-
mance [3,8], user preferences for an agent’s helping behavior
based on nonverbal cues [7], or models that leveraged social
responses to robot errors for timely error detection in human-
robot interactions [18]. However, such models have limited
interpretability due to their black-box nature. Moreover, these
methods model correlations rather than causal relationships,
which can lead to incorrect predictions when used to in-
tervene in the environment to improve human perceptions
of robots [9]. We address this limitation by proposing an
interpretable Causal Bayesian Network (CBN) for predicting
how humans perceive a robot’s competence and intention.

2) Failures in Robot Manipulation: FINO-Net [19] pro-
posed a multimodal sensor fusion network to detect and clas-
sify failures during manipulation tasks using raw sensory data.
REFLECT [20] used multi-sensory data and a large language
model (LLM) to generate failure explanations and create cor-
rection plans. However, these methods did not consider human
perception of robot performance, which are Theory of Mind
constructs [1]. Closely related to our contrastive trajectory-
generation method, Brandão et al. [21] explained motion-
planning failures using contrastive, initialization-based, and
trajectory-contrastive techniques. However, their approach
lacks a causal model and cannot address perceptions of robot
performance in HRI, as it focuses solely on reachability. In
contrast, our approach explicitly models human perceptions
of robot performance by predicting perceived competence and
intention in social navigation scenarios.

3) Failures in Navigation: Robot motion planning is clas-
sically defined as finding a collision-free path [22]. Recent
approaches extend this definition with predicted human motion
to ensure safe navigation [23,24]. As robots increasingly
operate in human environments, it becomes important to
account for how humans perceive them [6]. We address this
by generating robot trajectories based on perceived compe-
tence and intention. Related work on legible motion also
incorporates human perception, but relies on hand-crafted cost
functions [25] or black-box learning models [26]. In contrast,
our CBN learns trajectory classifications directly from data,
remaining interpretable, and predicting perceptions along two
key dimensions for navigation (competence and intention).

III. NAVIGATION TASK

We study the Robot-Following task from the SEAN To-
gether dataset [3], in which a robot guides a VR-controlled
human through a warehouse environment with obstacles and
other moving agents. The dataset includes observations of
nearby autonomously controlled agents (within 7.2-m, typi-
cally considered the robot’s public space [27]) and the human
follower, whose states are represented by relative positions and
orientations (x, y, θ) with respect to the robot. In addition, it
contains the goal position, specified by relative (x, y) coor-
dinates, and a local occupancy map (a 7.2-m × 7.2-m crop
centered on the robot) encoding nearby static obstacles via a
ResNet-18embedding. Additionally, the human-follower was
asked to rate how competent the robot was at navigating and
how clear the robot’s intentions were during navigation on a
5-point Likert scale.1 To collect these ratings, the navigation
was paused at random intervals, and a rating screen was
displayed within the VR environment. In our work, we want
to modify the robot’s behavior when the person perceives
the robot as performing poorly (e.g., low competence). We
therefore transformed the 5-point format to a binary rating
(1–3 = low (0), 4–5 = high (1)). SEAN Together [3] has
2,964 samples from 60 people, D = (o1:T , yi). Each sample
has 8-second time-series data over all previously described

1The dataset also contains ratings for how surprising the robot’s navigation
behavior was, which is not considered in our work, as surprise can be
interpreted positively or negatively, depending on the context.



DIEHL et al.: A CAUSAL APPROACH TO PREDICTING AND IMPROVING HUMAN PERCEPTIONS OF SOCIAL NAVIGATION ROBOTS 3

observation variables (o1:T ) and a single performance rating
gathered at the end of that sequence (yi). We propose a CBN
to infer yi given o1:T .

IV. METHOD

A. Causal Bayesian Networks

Formally, CBNs are defined as Directed Acyclic Graphs
(DAG) G = (X, A), where the nodes X = {X1, X2,
..., XN} are a set of N random variables Xi ⊆ X , and
A is the set of arcs [28] that describe the causal connections
between the variables. We model the Robot-Following task as
a CBN, where X represents the task variables as specified in
Section IV-B. Based on the dependency structure of the DAG
and the Markov property, the joint probability distribution of
a causal BN can be factorized into a set of local probability
distributions, where each Xi only depends on its direct parents
PaXi

:
P (X1, X2, ..., XN ) =

n∏︂
i=1

P (Xi|PaXi
) (1)

Traditionally, CBNs are obtained in two steps: Structure
Learning and Parameter Estimation.

1) Structure Learning: With sufficient data, the causal
structure of a CBN G = (X, A) can be learned using
algorithms such as Grow–Shrink, constraint-based methods
that utilize statistical tests to identify conditional independence
relations [28]. However, learning plausible causal relationships
is challenging [29], particularly with limited data, as in our
HRI setting. In such cases, the causal graph is typically
specified by a domain expert. The advantage of the separation
in structure learning and parameter learning is that the expert
only needs to provide high-level causal relationships rather
than probability distributions.

2) Parameter Estimation: Once the structure G is defined,
the local conditional distributions P (Xi|PaXi) (Eq. 1) are typ-
ically estimated by Maximum Likelihood Estimation (MLE)
or Bayesian estimation [30]. In our case, all variables Xi are
multinomial, thus each local distribution can be represented
as a table of parameters θ. Each entry θx|u ∈ θ gives the
probability θx|u = P (Xi = x|PaXi

= u) of Xi taking value
x for a particular parent configuration u. The size of this
table grows with the number of parents and their number of
discretization intervals.

3) Preventing Robot Failures: Our method for preventing
low perceived competence builds on prior work that uses
CBNs to prevent robot task-execution failures [10–12]. The
core idea is to use the CBN to predict the probability of
a desirable outcome, e.g., high perceived competence, based
on the current values of the variables that causally impact
the competence. If this predicted probability falls below a
threshold ϵ, we search for alternative parent-variable values
that would yield high perceived competence. However, the
existing approaches cannot be directly applied to the SEAN
Together dataset for two main reasons. First, the dataset
contains time-series variables, such as the robot’s trajectory
and orientation, whereas prior methods assume all variables
are single-valued and discretized. Second, unlike the previous
work, which relied on large-scale simulated datasets to learn

both the causal structure and the associated conditional dis-
tributions, the SEAN Together dataset contains only a limited
number of real-world human-robot interactions. This makes it
substantially more difficult to infer a reliable causal structure
and to estimate the conditional distributions directly from data.
In the following subsections, we present our proposed method
and discuss how it addresses these challenges.

B. Proposed CBN for the Robot-Following Task
1) Data Preprocessing: Our modeling process had three

objectives: (1) limit the number of parent variables per node
to keep parameter estimation feasible, (2) ensure each node
has a clear semantic meaning for interpretability, and (3)
make nodes, particularly those influencing competence and
intention, actionable by the robot. To achieve this, we manually
applied three key modifications to the existing variables. First,
all distance variables originally measured in (x, y) coordinates
were combined into a single L2 norm, applied to both robot-
goal and human-robot distances. Second, we converted all
distances, originally measured as absolute values, into relative
changes with respect to the first measurement in each 8-
second time series. In this formulation, each distance time-
series trajectory begins at 0 (representing the current location)
and indicates how the distance changes over the 8-second
interval. This ensures all trajectories are physically executable.
For example, if our method were to recommend an alterna-
tive robot trajectory with a different initial distance to the
goal, executing such a trajectory would be infeasible without
“teleporting” the robot to a new initial state. Third, variables
related to autonomous pedestrians and map information were
removed. While this variable selection remains manual and
task-dependent, it reduces model complexity and improves
interpretability. The final set of variables is shown in Tbl. I.

2) Generalized Discretization through time-series cluster-
ing: A major contribution of our work is increasing the
flexibility of existing models to incorporate both time-varying
and static variables. To achieve this, we propose a generalized
discretization process (Alg. 1) that can discretize all variables
defined in Tbl. I.

The inputs to Alg. 1 are the training dataset D (consisting
of K IID samples ξ, each a fully observed instance of all
network variables X), and Λ, which specifies the number of
discretization intervals per variable. The output is a list of
discretization intervals Xint for each variable.

For time-series variables Di (Di denotes all observed values
of a specific variable Xi) we apply K-means clustering (Alg. 1,
Line 6), treating each sequence as a vector of data points
and grouping similar series by Euclidean distance into Λi

clusters {I1, . . . , IΛi
}. The cluster centroids {c1, . . . , cΛi

}
then define the discretization intervals, representing average
patterns. For continuous single-valued variables, we perform
quantile discretization [28] (Alg. 1, Line 8), dividing the
data into Λi intervals with equal numbers of data points.
Categorical variables are discretized by directly assigning the
unique values as intervals (Alg. 1 Line 10). For inference at
runtime, each time-series variable (trajectory over the previous
8 seconds) is assigned to the nearest cluster centroid using
Euclidean distance.
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Variable Name Formula Interpretation & Type

robot rotation change {|θrobot goal
0 | − |θrobot goal

0 |, . . . , |θrobot goal
8 | − |θrobot goal

0 }| Is the robot rotating towards/away from the
goal? (time-series)

total robot rotation
∑︁8

t=0 |θ
robot goal
t | Total robot rotation (over 8 second

observation) (continuous)
initial robot rotation θ

robot goal
0 Initial robot-goal angle (continuous)

robot pos change {distrobot goal
0 − distrobot goal

0 , . . . , distrobot goal
8 − distrobot goal

0 } Is the robot moving towards/away from the
goal? (time-series)

competence {0, 1}t=8
Perceived competence at the end of an
observation (categorical)

intention {0, 1}t=8
Perceived intention at the end of an
observation (categorical)

human pos change {disthuman robot
0 − disthuman robot

0 , . . . , disthuman robot
8 − disthuman robot

0 } Is human moving towards/away from the
robot? (time-series)

TABLE I: CBN variables X . θrobot goal
t denotes the angle between robot and goal and distt denotes the Euclidean distance at time t.

Algorithm 1 GETVARIABLEINTERVALS function

1: function GETVARIABLEINTERVALS(D, Λ)
2: Xint ← []
3: for each i ∈ |X| do
4: if Di is not categorical then
5: if Di is time-series then
6: Xinti ← ADD(Xinti , CLUSTER(Di,Λi))
7: else
8: Xinti ← ADD(Xinti , DISCRETIZE(Di,Λi))

9: else
10: Xinti ← ADD(Xinti ,Val(Di))

11: return Xint

3) Proposed CBN: Our proposed CBN structure G for the
Robot-Following task is visualized in Fig. 2. Its variables
X are defined as in Tbl. I and discretized via Alg. 1.Our
model includes three different aspects of the robot’s rota-
tion: The key variable describing the rotational trajectory is
robot_rotation_change. However, this alone is insuf-
ficient for reliably estimating competence or intention, as it
measures rotation relative to the start of an 8-second interval
and does not capture the initial misalignment toward the
goal as measured through initial_robot_rotation.
For instance, a robot already facing the goal should main-
tain orientation, whereas a misaligned robot should rotate
toward it. We also observed that our clustering struggled to
distinguish trajectories that maintain orientation from those
where the robot rotates around its own axis, since both have
similar net rotation toward the goal. We therefore introduced
total_robot_rotation, capturing the cumulative rota-
tion over the interval. Another key variable affecting perceived
competence and intention is robot_pos_change, which
represents the robot’s movement relative to the goal.

Human movement (human_pos_change) is modeled as
a consequence of perceived competence, perceived intention,
and the robot’s motion, where the ratings collected after each
8s interval represent the participant’s accumulated perception
during the interaction [31].

C. Proposed method to address low perceived performance

We propose a new method for failure explanation and
prevention (Alg. 2) that extends the approach of [10,11] to

total_robot_rotation

competence

human_pos_change

robot_pos_change

robot_rotation_change

intention

initial_robot_rotation

Fig. 2: Proposed CBN graph for the Robot-Following task.

generate counterfactual robot behaviors. When the current
behavior xcurrentint is predicted to lead to low competence,
Alg. 2 identifies alternative variable parameterizations that are
expected to improve human perception given the CBN.

Algorithm 2 Counterfactual Robot Behavior Generation
Input: discretized failure variable parameterization

xcurrentint , graphical model G, structural equations P (Xi|PaXi
),

discretization intervals of all model variables Xint, success
threshold ϵ, goal parametrizations Xgoal

Output: solution variable parameterization xsolutionint , so-
lution success probability prediction psolution

1: P ← GENERATETRANSITIONMATRIX(Xint)
2: q ← [xcurrentint]

3: v ← []
4: while q ̸= ∅ do
5: node← POP(q)
6: v ← APPEND(v, node)
7: for each child reachable from node in P do
8: if child ̸∈ q, v and |Pachild| > m then
9: psolution = P (competence = 1|Pachild)

10: if psolution > ϵ then
11: xsolutionint ← child
12: RETURN(psolution, xsolutionint)

13: q ← APPEND(q, child)

Line 1 of Alg. 2 initializes a matrix that defines all valid
transitions for each possible parameterization u of the parent
variables of the outcome (e.g., competence or intention). The
matrix guides the search by allowing only minimal changes,
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in line with the Occam’s Razor principle to find the smallest
necessary change. For example, with two parent variables X
and Y , each with four intervals (X = {x1, x2, x3, x4} and
Y = {y1, y2, y3, y4}), a valid transitions from node = (X =
x1, Y = y4) would be to child1 = (X = x2, Y = y4) or
child2 = (X = x1, Y = y3). These adjust only one variable
by one neighboring interval. In contrast, transitions that change
multiple variables simultaneously or skip intervals (e.g., x1

directly to x3) are disallowed.
In the context of our robot-follower task, a variable

parameterization refers to a specific combination of the
initial robot rotation interval, total robot rotation inter-
val, rotation cluster, and position cluster (Pacompetence).
In our implementation, we prioritize changes to the
robot_pos_change, robot_rotation_change, and
total_robot_rotation variables before modifying
initial_robot_rotation. This means our algorithm
first searches for possible interventions on robot behavior
within the subset of variables that maintain the same initial ro-
tational difference. Only if no successful alternatives are found
within this subset does the algorithm consider other initial
rotations. To identify the optimal counterfactual behavior, we
adapt a Breadth-First Search (BFS) procedure that explores
variable parameterizations in search of one that fulfills the
target competence or intention criteria. The search terminates
upon finding a parameterization child that satisfies the success
condition P (competence = 1|Pachild) > ϵ, where ϵ represents
a threshold indicating a sufficiently high likelihood of achiev-
ing the desired competence. This is done in Lines 4-13 of
Alg. 2. Critically, to more reliably deal with small datasets,
Line 8 introduces a modification where a parameterization is
only considered if it has been observed a sufficient number of
times in the training dataset D. Specifically, the search condi-
tion is entered only if the count of observations for the parent
configuration Pachild, denoted |Pachild| exceeds a threshold
m. This requirement ensures that the algorithm relies only on
parameterizations with sufficient support in the data, thereby
filtering out infrequent or anomalous behaviors that may not
generalize well. Based on a sensitivity analysis, we selected
m = 5, the smallest threshold yielding a stable number of
retained high-competence trajectories over several consecutive
values (m = 5–8), maximizing retained trajectories while
filtering low-support behaviors. We set ϵ = 0.9 to ensure a
high success probability among the counterfactual solutions.

The final output of Alg. 2 is a new variable parameteri-
zation, xsolutionint , for which the model predicts a high rating
(e.g., positive competence). This solution provides alternative
robot position and trajectory behaviors in the form of cluster
centroids and intervals. By implementing these behaviors on
the robot, it is expected to be perceived more positively.

V. CLUSTERING AND PREDICTION PERFORMANCE

In this section, we first describe the clusters obtained from
the time-series data provided by SEAN Together [3] and then
compare the prediction performance of our Causal Model with
that of a Random Forest classifier. The Random Forest was
previously identified as the best-performing baseline model

among several alternatives for this data [3], including a Graph
Neural Network and a Multi-Layer Perceptron.

We evaluate all models using F1-Score, Accuracy, Precision,
and Recall. These metrics were computed using Leave-One-
Out Cross-Validation (LOOCV). In each run, we held out all
samples from one participant for testing and trained the model
on the remaining participants. The final performance values
are the macro-averaged results across all participants. For the
Causal Model, we performed an additional hyperparameter
search over the number of intervals Λ using nested LOOCV.
With 60 participants, we exhaustively iterated over all splits
of 58 for training, 1 for validation, and 1 for testing. The best
hyperparameters were selected based on the macro-averaged
F1-Score. The final reported results were obtained by running
LOOCV once more using these selected hyperparameters.

We obtained four intervals for initial_robot_rot,
total_robot_rot, and ten and eleven clusters for
robot_pos_change and robot_rotation_change,
respectively (Fig. 3) and ordered them according to the sum
of their centroid trajectory values. The position and orienta-
tion clusters capture intuitive motion patterns, ranging from
increasing (Cluster 9, Fig. 3a), constant (Cluster 7, Fig. 3a),
or decreasing distance to the goal (Cluster 0, Fig. 3a) to
maintaining orientation (Cluster 5, Fig. 3b), rotating toward
(Cluster 0, Fig. 3b) or away from the goal (Cluster 10, Fig. 3b).
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Fig. 3: Cluster means: robot pos change and robot rotation change.

In Tbl. II, we compare the prediction performance of our
causal model with the best-performant Random Forest (RF)
classifier (Nav. + Facial features) from [3]. Measured by
Accuracy, our model outperformed the baseline by 0.021 for
Competence and 0.029 for Intention. Measured by F1-Score
our method outperformed the baseline by 0.047 and 0.044 for
Competence and Intention, respectively. Statistical significance
was assessed using the Nadeau–Bengio corrected paired t-
test [32], which accounts for the dependence between cross-
validation folds due to overlapping training sets. The causal
model significantly outperformed the non-causal baseline in
F1 score for both competence (t(59)=3.29, p=0.0017) and
intention (t(59)=2.58, p=0.0125), as well as in classification
accuracy for competence (t(59)=2.53, p=0.0142) and intention
(t(59)=2.22, p=0.0302).

In conclusion, on average, our method outperformed the
prior state-of-the-art, black-box machine learning approach.
Our causal model has the additional benefit that it is inter-
pretable and simpler, using only a subset of the full feature
set from SEAN Together. Moreover, the model encodes causal
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information, which is crucial for generating behaviors for
improving the robot’s perceived performance.

Method F1 Accuracy Precision Recall
Competence

Causal (ours) 0.777± 0.09 0.835± 0.08 0.811± 0.12 0.768± 0.14
RF 0.73± 0.12 0.814± 0.09 0.816± 0.13 0.686± 0.16

Intention
Causal (ours) 0.751± 0.1 0.788± 0.10 0.823± 0.11 0.713± 0.15

RF 0.707± 0.12 0.759± 0.12 0.817± 0.11 0.654± 0.18

TABLE II: LOOCV evaluation (µ±σ) on binary F1-score, Accuracy,
Precision, and Recall. Our Causal Model is compared against the
best-performing RF baseline from related work (with feature set Nav.
+ Facial). Bold indicates the highest performance.

VI. USER STUDY OF COUNTERFACTUAL BEHAVIOR
GENERATION

We conducted an online user study to evaluate the capability
of our method to generate counterfactual trajectories with
greater perceived robot competence, using the Prolific crowd-
sourcing platform. Our study was reviewed and approved by
the Yale Institutional Review Board (IRB # 2000028891).

A. Hypotheses

We hypothesized that our method can improve the perceived
competence of robot navigation behavior, specifically:
H1: When our causal model predicts the perceived competence
correctly as low, our approach generates navigation behaviors
that are perceived as more competent than the original robot
behavior.
H2: When our causal model predicts the perceived competence
erroneously low, our approach still generates navigation be-
haviors that are perceived as more competent than the original
robot behavior.

To test both hypotheses, we implemented two distinct study
phases: One phase included 10 scenarios in which our model
correctly predicted low robot competence. The other phase
studied 10 scenarios where the model incorrectly classified
the robot as low competent. We recruited a different set of
participants for each study phase.

B. Study Phases and Conditions

Both study phases included two conditions: “Original”,
and “Counterfactual.” In the Original condition, participants
viewed videos directly from the SEAN Together dataset
(Fig. 4a). In the Counterfactual condition, videos were gen-
erated by modifying the robot’s behavior to follow the aver-
age cluster means of alternative robot_pos_change and
robot_rotation_change clusters as obtained through
our proposed method (Fig. 4b). The generated counterfac-
tuals represent abstract behavioral specifications rather than
executable robot trajectories, allowing the method to identify
desired behavioral changes independently of the robot platform
or motion planner. For the user study, these specifications are
visualized using a simplified playback procedure that abstracts
away embodiment and kinematic constraints: Position trajec-
tories (e.g., decreasing the robot’s distance towards the goal
by 4m as shown by Cluster 0 in Fig. 3b) were adjusted along

a straight line toward the goal. Rotations were down-scaled
if smaller than the cluster maximum but not increased; as a
result, in some cases, the robot moved toward the goal without
fully aligning its orientation. Position and rotation trajectories
were synchronized in time but applied independently. To
maintain visual consistency with the original videos, the robot
remained centered, while the map, pedestrians, and human
follower positions were adjusted. We could not predict how
the human follower and pedestrians would respond to the
counterfactual robot behavior and, thus, kept their movements
unchanged.

C. Experimental Procedure

Participants completed the online study using a standard
desktop web browser; mobile devices were not permitted.
After providing consent, they completed a brief demographic
survey and read study instructions, which explained the SEAN
Together dataset [3], the task of rating robot trajectories,
the expected duration (≈15 minutes) and payment (USD
$3.00). Participants were familiarized with the top-down video
perspective by viewing an example video. Each participant
viewed 20 videos in total: 10 showing the original robot be-
havior and 10 showing counterfactual behaviors. These videos
were generated from a random sample of 10 scenarios from a
120-scenario test set not included in training. All participants
saw the same 10 scenarios (both original and counterfactual),
but the order was randomized to reduce ordering effects. After
each video, participants rated how they believed the human
follower perceived the robot’s competence on a 5-point Likert
scale (from 1 = “very incompetent” to 5 = “very competent”).
The supplementary video provides a visual overview of the
study.

For each study phase, we recruited 40 participants (80
total) from North America, aged 18 or older, with normal or
corrected-to-normal vision, and fluent in English. Their mean
age was 37.21 ± 12.30 years, with 13 female and 27 male
participants. On average, participants reported near-neutral
familiarity with robots (2.94± 1.41 on a 7-point scale, where
1 = “Not at all familiar” and 7 = “Very familiar”).

D. Results

We fitted linear mixed-effect models for the competence
measure with fixed effects for the condition (Original or
Counterfactual). A linear mixed-effect model was used due
to the hierarchical nature of the data, i.e., Participant ID was
nested within Scenario ID and added as a random effect to the
model. This nesting associated the robot’s behavior across the
two instances of a scenario shown to each participant.

(H1) Competence of the Counterfactuals when the CBN
model correctly predicted the Original robot behavior as
low competent. We found a significant difference in partici-
pants’ ratings between the original trajectories and our model’s
proposed counterfactual trajectories when our CBN model
made a correct prediction, F (1, 399) = 338.36, p < 0.0001.
Overall, participants rated the competence of counterfactual
trajectories (3.59 ± .06) higher than the original trajectories
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(a) Original robot behavior

t = 0s t = 2s t = 4s t = 6s t = 8s

(b) Counterfactual robot behavior

Fig. 4: Image series of a navigation-task video for our user study (Sec. VI). The blue arrow represents the robot’s position and orientation,
the red arrow depicts the follower, and other agents are shown as grey arrows. The green rectangle at the top of the image is the goal. Black
areas indicate static obstacles, white areas are navigable space, and the surrounding grey region lies outside the 7.2m public space [27] where
the 2D map was recorded. The upper series shows the original robot behavior. The robot rotates around its own axis, which was classified
as low competence by our model. The lower series depicts the counterfactual behavior generated to address this low-competence trajectory,
where the robot rotates towards the goal and then proceeds along a straight line towards it. Images are best viewed in color.

(1.96±0.06). Therefore, on average, counterfactual trajectories
improved the perceived competence of the robot by 83%.
These results support H1, demonstrating our method’s poten-
tial to improve robot trajectories and enhance the perceived
competence of a robot.

(H2) Competence of the Counterfactuals when the CBN
model erroneously predicted the Original robot behavior as
low competent. We found a significant difference in partici-
pants’ ratings between the original trajectories and our model’s
proposed counterfactual trajectories when our CBN model
made an incorrect prediction, F (1, 399) = 76.32, p < 0.0001.
Overall, participants rated the competence of counterfactual
trajectories (3.42 ± .07) higher than the original trajectories
(2.69 ± 0.07). Thus, our counterfactual trajectories improved
the perceived competence of the robot by 27%. These results
support H2, demonstrating our method’s potential to improve
robot trajectories and enhance the perceived competence of
the robot, even when the model makes an incorrect initial
prediction regarding the robot’s perceived competence.

E. Discussion
Our results suggested that, across both study phases, the

counterfactual trajectories were rated significantly more com-
petent than the original robot behaviors. In terms of absolute
scores, the competence ratings for the generated counterfac-
tuals were consistent between the two study phases, with an
overall average rating of 3.51 over the 5-point competence
scale. Although the original robot trajectories in the second
study phase (2.69 ± 0.07) were rated higher than in the first
phase (1.96±0.06), their average ratings were below the mid-
mark of the competence scale. This suggests that the proposed
causal model is capable of identifying additional cases where
a correction of the robot’s trajectory may be needed for an
average user.

To isolate the contribution of the causal graph, we addi-
tionally evaluated a non-causal baseline by training an RF
predictor on the same causal parent variables of competence as
the causal model, with the addition of human_pos_change,
which is modeled as a downstream consequence rather than
a causal parent. We then applied the same BFS procedure
based on the non-causal RF to the 20 videos used in the
user study. In 11 of the 20 cases, the search recommended
modifying the human trajectory. This shows that while the
search procedure contributes to finding higher-rated alterna-
tives, the causal model provides the intervention semantics
required to distinguish actionable causal interventions from
purely associative variables. Additionally, while our current
implementation uses MLE, recent results show that using
an RF trained on the same causal parent variables improves
predictive performance (competence: F1-score 0.890± 0.085,
accuracy 0.871 ± 0.087; intention: F1-score 0.849 ± 0.129,
accuracy 0.845±0.107). Exploring more expressive predictors
is an interesting direction for future work.

VII. LIMITATIONS & FUTURE WORK

To enable our CBN model to effectively learn from small
datasets, we excluded environmental factors such as walls and
pedestrians from the causal graph. This simplification reduced
the model complexity but violated the assumption of no
unobserved confounding variables [9]. Our model captures the
relationship between robot motion and perceived competence
but does not explicitly model the environmental context, such
as obstacle avoidance. We observed only minimal negative
effects in our study: in one of the 20 evaluated scenarios,
the generated counterfactual rotated and moved towards a
wall instead of around it. Future work will investigate richer
causal graph structures that incorporate environmental context
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and more complex interaction dynamics, including cyclic
dependencies between human and robot behavior.

For the user study, we lacked ground-truth follower behavior
for the counterfactual robot trajectories and therefore reused
the original human trajectories (e.g., Fig. 4b), increasing the
gap between the robot and follower and potentially causing
participants to perceive the robot as moving too quickly or
not coordinating sufficiently with the human. Future work
will integrate the high-level counterfactual behaviors into a
robot motion planner, enabling high-competence robot be-
havior while respecting environmental constraints such as
obstacles, pedestrian flow, and robot kinematics. This will
also enable immersive VR and real-world evaluations with
naturally emerging human follower trajectories.

While previous work has learned causal graph structures
from sufficiently large datasets (e.g., 20,000 samples) [10],
we manually specified the causal graph while learning all
CBN probability distributions, preserving interpretability and
enabling causal reasoning in HRI. To reduce manual effort
when transferring the approach to new domains, future work
will explore using Large Language Models to propose can-
didate causal structures [33], particularly in the data-limited
settings common in HRI.

VIII. CONCLUSION

We proposed a Causal Bayesian Network for online predic-
tion of human perceptions of a navigation robot’s competence
and intention. The model outperformed the state-of-the-art
supervised correlative model in predicting perceived robot
competence and intention while remaining interpretable. We
also proposed a new method for generating counterfactual
robot behaviors that improved the perceived competence of
low-competence robot navigation by 83%.
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