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ABSTRACT

We study human-robot navigation under incomplete information,
where a robot with accurate local observations assists a human with
an inaccurate global map. We introduce CoNav-Maze and propose
Information Gain Monte Carlo Tree Search (IG-MCTS), which plans
actions to jointly optimize task reward and human information gain
using a learned human perception model. A 14-participant eye-
tracking study shows IG-MCTS cuts communication by over 97%
and reduces cognitive load relative to teleoperation and instruction-
following, while maintaining comparable navigation performance.
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1 INTRODUCTION

Effective collaboration between humans and robots in complex
environments requires efficient information exchange under uncer-
tainty. In many real-world scenarios—such as search and rescue,
exploration, or remote inspection—robots operate in partially ob-
served spaces where human operators possess complementary task
understanding but face limited communication bandwidth. Tele-
operation requires a high cognitive load [9]; instruction-following
allows robots to execute high-level human plans [1] but requires
substantial communication of accurate instructions. To address
these limitations, how can an autonomous agent selectively com-
municate or act to maximize shared situational awareness and task
performance without continuous supervision?
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This paper studies a cooperative navigation problem where a
human and a robot must jointly reach target locations under asym-
metric and incomplete information. The human operator possesses
a global but inaccurate map, while the robot acquires accurate local
observations. We formalize this setting in CoNav-Maze, a simulated
grid-based environment adapted from MemoryMaze [10]. The ro-
bot navigates adjacent cells while the human provides high-level
trajectory suggestions based on an evolving internal perception
state, refined through robot communication. The environment is
modeled as an MDP (S, A, T, Reny, ¥), Where states encode the ro-
bot’s position and remaining goals, actions include movement and
image transmission, transitions are deterministic, Re,y defines task
rewards, and y € [0, 1) is the discount factor. At each step, the
robot observes its local surroundings up to a distance d, optionally
receives a human-specified trajectory {;, and selects an action a;
to move or transmit an image. The human refines their initially
inaccurate perception state x; € X over time based on the robot’s
actions and communications to provide more accurate guidance.

Problem Statement. Formally, the robot plans over a finite horizon
H to maximize the expected cumulative reward that jointly accounts
for task progress and information gain:

H-1

Do¥ Rusk(Ti41, ) + s = x|
t=0

max E
ap:H-1

1)

where 7; denotes the robot’s history. The task reward encourages
goal reaching, while the information reward captures the degree to
which robot actions refine the human’s perception.

2 NEURAL HUMAN PERCEPTION MODEL

We model how the human’s perceptual state evolves in response
to robot communication. As the robot moves and transmits images,
the human revises their map by editing the walls. Formally, We
define the Neural Human Perception Model NHPM) as

xp+1 = Fo(xs, 71, 04),

where x; is the human perception state, 7; is the robot’s recent
trajectory, o, is the transmitted image, and 6 are trainable parame-
ters. NHPM is implemented as a fully convolutional network that
predicts probabilistic perception updates. Inputs are converted into
aligned 2D representations and concatenated channel-wise. The
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Figure 1: Overview for efficient human-robot collaborative navigation: Left: CoNav-Maze; Right: NHPM trained from crowd-
sourced human perceptual updates (Section 2), IG-MCTS (Section 3), and eye-tracked user study evaluation (Section 4).

network outputs two probability maps corresponding to adding
and removing walls. We train NHPM using a crowdsourced dataset
of 113 human mapping episodes in which participants updated a
maze map based on robot trajectories and images [4, 11, 13].

3 INFORMATION GAIN MONTE CARLO TREE
SEARCH

To solve Equation (1), we propose Information Gain Monte Carlo Tree
Search (IG-MCTS), which plans robot actions by jointly optimizing
task completion and informative communication [3]. IG-MCTS
integrates the following components:

Reward Augmentation. IG-MCTS maximizes Raug = Riask + Rinfos
where Ry,q promotes efficient navigation toward goals, and Riygo =
lxz+1 — x¢||1 measures the magnitude of changes in human per-
ception. Since the robot does not observe x; directly, Rixf, is es-
timated using NHPM. Under the model’s probabilistic outputs
(padds Premove), the expected information reward reduces to the sum
of predicted edit probabilities across all cells:

E[llxt+1 = x¢[l1] = [Ipagalls + llPremovell1-

Uncertainty-Aware Planning. 1G-MCTS follows standard MCTS
phases but incorporates uncertainty during simulation. Each tree
node represents a state (7, x), consisting of the robot’s trajectory
history and a sampled human perception state. Two action types
receive separate treatments:

(1) Movement actions follow the maze dynamics with partial
observability. Cells beyond the robot’s explored area assume
a 50% probability of containing a wall. During expansion,
they are assigned a feasibility score § = 0.5; during rollout,
feasibility is resolved via sampling.

(2) Communication actions follow the learned human per-
ception model.

During backpropagation, node values are updated using feasibility-
weighted returns. For a transition with feasibility ¢’ and child re-

turn ¢q’, the propagated returnis ¢ = r +y [8'q" + (1 - &) 1%((2)) ,
where 1%((11};)) provides a fallback estimate when transitions fail. This

mechanism enables robust planning under both environmental and
human-model uncertainty.
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4 EXPERIMENTS

We evaluate (i) the accuracy of the Neural Human Perception Model
(NHPM) in predicting human map updates and (ii) the effectiveness
of IG-MCTS in reducing human cognitive load and communication
while maintaining task performance.

4.1 Human Perception Model Evaluation

We assess NHPM’s ability to predict how humans update their
internal maps given robot trajectories and shared images. As a base-
line, we adapt a Logistic Psychometric Function (LPF) to operate
at the grid-cell level, modeling update probability as a function of
distance-based stimulus intensity[8, 12, 14]. This Grid-Based LPF
(GLPF) treats each cell independently and cannot capture spatial
context. Across held-out test environments, NHPM substantially
outperforms GLPF in both prediction loss and accuracy, even when
GLPF is fit directly on test data. These results demonstrate that
modeling spatial structure and contextual dependencies is critical
for accurately predicting human perceptual updates.

4.2 User Study

We conducted a within-subject user study comparing IG-MCTS
to teleoperation and instruction-following with 14 graduate stu-
dents (78.6% male, 21.4% female; age 26.8 + 3.17 years). Participants
navigated multiple maze layouts while wearing a Pupil Labs Core
eye tracker [7]. We evaluated task performance (robot steps and
communication) and human cognitive load using established eye-
tracking metrics, including pupil dilation, blink rate, and fixation
shifts between the robot’s egocentric view and a global map.

Across all tasks, IG-MCTS reduced indicators of cognitive load
relative to teleoperation [2]. Participants showed smaller pupil di-
lation [5] and fewer shifts of visual attention between the robot
view and the global map [6], indicating reduced visual and cogni-
tive effort when low-level control was automated. Blink behavior
further reflected lower mental workload under IG-MCTS compared
to teleoperation [15, 16]. At the same time, IG-MCTS dramatically
reduces communication—by over an order of magnitude—relative
to both baselines, while achieving comparable or fewer robot steps
than instruction-following. These findings support our hypotheses
that selective, information-driven communication enables efficient
collaboration without increasing human burden.
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