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ABSTRACT

Gaze plays a fundamental role in human-robot interaction but is
often treated as a passive signal rather than an explicit decision
variable. We reframe robotic gaze as a decision-making problem un-
der uncertainty and propose a comparative framework contrasting
explicit decision-theoretic and implicit learning-based gaze strate-
gies. Our goal is to clarify how modeling assumptions influence
coordination stability, ambiguity resolution, and recovery behavior
in collaborative tasks.

1 INTRODUCTION

Gaze signals are essential for naturalistic human-robot collabora-
tion because they serve as a two-way channel: objectively, gaze
enables robots to infer human focus and intention, improving effi-
ciency in tasks such as object search and manipulation; subjectively,
gaze behaviors shape how intuitive, engaging, and socially natural
robots are perceived to be[1, 15]. When and where a robot directs its
gaze fundamentally shapes both what information it can perceive
and how it coordinates with humans during collaboration. Prior
work in HRI has shown that gaze supports natural coordination and
is widely used as an informative cue in robotic systems. However,
when gaze is incorporated into robotic decision-making, it is often
implicitly treated as a reliable signal. In practice, human gaze is
ambiguous and fallible, and gaze alignment does not guarantee task
correctness—shared attention can propagate shared errors rather
than resolve uncertainty.

This project aims to reframe robot gaze as a decision variable
under uncertainty, rather than as a passive signal or fixed commu-
nicative behavior. We aim to ask: when should a robot attend to
the human versus the workspace, and what should it look at to
reduce task ambiguity while maintaining smooth coordination?
We focus on non-humanoid robots that use camera orientation or
body pose as a proxy for gaze. We propose a comparative frame-
work that contrasts explicit, decision-theoretic gaze strategies with
implicit, end-to-end policies that exhibit planning-like behavior.
Rather than enforcing algorithmic equivalence, we compare these
approaches along shared interaction-level dimensions such as gaze
timing, robustness to misleading human cues, recovery behavior,
and coordination stability. This work aims to clarify the assump-
tions underlying different gaze modeling paradigms and to inform
the design of robust gaze policies for human-robot collaboration.

2 PROBLEM STATEMENT

We aim to study the question: when and what should a robot look
during human-robot collaboration to reduce task ambiguity and
support effective coordination under uncertainty?

Jason Xinyu Liu
Brown University
Providence, USA
xinyu_liu@brown.edu

Stefanie Tellex

Brown University

Providence, USA
stefie1l0@cs.brown.edu

Imagine a robot assisting a person with an assembly task in
which several tools are placed on a table but are out of the person’s
reach. The robot can observe where the person is looking, but must
still infer which tool the person intends to use next. To do this
effectively, the robot must decide when to attend to the human and
when to focus on the workspace—for example, whether to look at
the person’s face to assess attention or uncertainty, or to inspect
candidate tools to confirm its hypothesis. Importantly, human gaze
may be ambiguous or misleading: a person may glance at multiple
tools, hesitate, or look away while thinking. Blindly following gaze
cues can therefore lead to premature or incorrect alignment.

The challenge is to formulate a gaze control policy that de-
cides how to allocate visual attention between the human and
the workspace, balancing information gathering with smooth and
natural coordination. This leads to the following research questions:

This leads to the following research questions:

(1) When should the robot switch its attention? Under what
uncertainty, timing, or interaction cues should the robot
allocate gaze to the human (e.g., to interpret engagement or
confusion) versus the workspace?

(2) Where should the robot look in the workspace? Given
multiple candidate targets, which objects or regions should
the robot inspect to reduce ambiguity and verify its current
hypothesis about the human’s intent?

(3) How does gaze allocation affect collaboration dynam-
ics? How do different gaze strategies influence task effi-
ciency, coordination stability (e.g., alignment persistence
and jitter), and recovery from misleading or ambiguous hu-
man cues over time?

3 RELATED WORK

Current research in gaze focuses on five main areas: perception and
intention inference([2, 14], communicative gaze[11], joint attention
and coordination models[3, 4], multimodal fusion of gaze[9, 17],
and social and psychological effects of gaze[6, 8]. The proposed
project aims to bridge joint attention modeling and communicative
gaze control by focusing on timing and target selection policies
for non-humanoid robots in collaborative tasks. We aim to treat
gaze not only as perception or expression, but as a decision vari-
able for coordination. Prior work in human-robot interaction has
demonstrated that gaze and joint attention play a central role in
coordination, communication, and user experience. However, how
robots should reason about gaze under ambiguity—particularly
when gaze cues are misleading or incomplete—remains underex-
plored. In this section, we review relevant work on social gaze,
its limitations, and how gaze has been incorporated into robotic
decision-making and learning.
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Social Gaze in Human-Robot Interaction: A large body of
HRI research shows that robot gaze supports coordination, turn-
taking, and shared task understanding. Admoni and Scassellati
provide a comprehensive review demonstrating that gaze behav-
iors improve collaboration efficiency and social acceptance across a
wide range of tasks [1]. Mutlu and colleagues show that gaze timing
and mutual attention cues influence compliance, engagement, and
perceived fluency during collaborative tasks such as handovers
and instruction following [12, 13]. In collaborative manipulation
settings, gaze has also been shown to facilitate grounding and an-
ticipation. Martin-Martin et al. demonstrate that human gaze and
motion cues provide predictive signals that can improve object han-
dover and manipulation performance when interpreted correctly
[10].

Limits of Gaze: Despite its benefits, gaze is an inherently am-
biguous signal in both human perception and human-robot inter-
action contexts. Human fixation does not always reflect attention
or intention: gaze patterns can be influenced by factors such as
context, task demands, and perceptual biases [16, 21]. Experimental
studies in cognitive science show that perceived gaze direction can
bias observers’ inferences about others’ intentions, even when gaze
does not directly indicate a goal state [5]. Prior HRI work often
assumes correct interpretation of gaze cues, yet many models treat
gaze as a stable indicator of intent without explicitly modeling un-
certainty or error in gaze interpretation [1, 15]. Joint attention and
gaze alignment do not guarantee task correctness: shared attention
may propagate errors, particularly in cluttered environments or
when human gaze reflects exploration or hesitation rather than
communicative intent. These limitations suggest that gaze should
be treated as uncertain evidence whose utility depends on context,
and that robotic systems should explicitly model gaze unreliability
and ambiguity rather than assume gaze fidelity by default.

Gaze in Robotic Decision-Making and Object Search: In
robotics, gaze-related cues are often incorporated into object search
and manipulation systems as observational inputs. Decision-theoretic
approaches to collaborative disambiguation explicitly model uncer-
tainty over human intent using multimodal signals such as language,
pointing, head pose, and gaze [18, 19]. However, in most of these
systems, gaze is treated as an observation rather than as a control-
lable sensing action. The robot reasons about what gaze indicates,
but not about where it should look to acquire more informative
observations. As a result, the timing and target selection of robot
gaze are typically fixed or heuristic-driven, rather than optimized
as part of the decision process.

Learning Gaze Policies: Implicit and End-to-End Approaches:
Recent work in robotics has studied active perception and view
selection for efficient object search and task execution, including
learning where to look as part of a perception or control policy [7].
These approaches treat gaze or viewpoint selection as a means of
optimizing perceptual efficiency, enabling robots to acquire task-
relevant information more quickly or reliably. However, gaze in
these systems is primarily optimized for perception, and is not con-
sidered as a coordination signal in human-robot interaction. As
a result, such methods do not analyze how gaze allocation deci-
sions influence joint attention, miscoordination, or recovery from
incorrect alignment with a human partner.
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More recently, learning-based approaches have explored acquir-
ing gaze and perception behaviors directly from human demonstra-
tions. Vision in Action proposes an end-to-end visuomotor policy
that jointly predicts manipulation actions and head movements,
allowing robots to learn active perception behaviors implicitly from
data [20]. These results demonstrate that gaze-like behaviors and
planning-like perception strategies can emerge through learning
without explicit modeling.

Despite their effectiveness, end-to-end approaches do not explic-
itly represent uncertainty or decision trade-offs associated with
gaze. Planning-like behavior is encoded implicitly in the learned
policy, making it difficult to analyze when gaze helps, when it mis-
leads, and how a robot should recover from incorrect or ambiguous
gaze alignment. In contrast, our work focuses on comparing such
implicit, learned gaze strategies with explicit, decision-theoretic
reasoning, with the goal of understanding how different model-
ing assumptions shape gaze behavior, coordination dynamics, and
failure modes in human-robot collaboration.

4 METHODS & EVALUATION

We study robot gaze as a decision-making problem under uncer-
tainty through a comparative lens that contrasts implicit learned
gaze policies and explicit model-based gaze reasoning. Rather than
benchmarking performance or identifying a single optimal gaze
strategy, our goal is to examine how different modeling assump-
tions about gaze shape robot behavior and coordination outcomes
in HRI.

As concrete instantiations, we consider two representative paradigms

as shown in Fig.1. In the explicit paradigm, gaze is treated as a
controllable sensing action. The robot maintains an explicit repre-
sentation of uncertainty over the task and the human’s intent, and
selects where to look—such as attending to the human or inspecting
the workspace—to acquire informative observations. This approach
makes assumptions about gaze reliability and uncertainty explicit,
enabling analysis of information-seeking behavior and recovery
from incorrect alignment. We instantiate this paradigm using a
POMDP-based formulation for gaze allocation.

In contrast, learning-based approaches acquire gaze behavior
implicitly from data. Here, gaze decisions are encoded within a pol-
icy that maps observations to actions, and planning-like behavior
emerges without an explicit representation of belief or informa-
tion gain. Such policies can exhibit flexible and human-like gaze
patterns, but the underlying decision trade-offs are not directly
represented. We instantiate this paradigm using a diffusion-policy-
based visuomotor model that learns head and attention behaviors
from human demonstrations.

These paradigms are not algorithmically aligned; therefore, we
do not enforce a one-to-one comparison. Instead, we evaluate their
interaction-level consequences under matched task and sensing
conditions, focusing on dimensions such as gaze timing, robustness
to misleading human cues, recovery behavior, and coordination
stability. This evaluation is intended to expose qualitative differ-
ences in behavior and failure modes, rather than to determine a
universally superior method.
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Figure 1: Comparison framework for robot gaze modeling under uncertainty. We fix the task setting and sensing inputs, and
contrast two modeling paradigms.

5 EXPECTED CONTRIBUTIONS

This work aims to reframe robot gaze as a decision-making problem
under uncertainty in HRI. We distinguish joint attention from task
correctness, analyzing how gaze can both facilitate coordination
and propagate errors. We propose a comparative framework to
study how explicit and implicit gaze modeling assumptions shape
robot behavior, coordination dynamics, and failure modes.
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