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Abstract

Robot navigation in dense crowds requires understanding
social cues that humans naturally use, yet existing meth-
ods struggle with real-world complexity. We investigate two
questions: (1) Where do pedestrians look when navigating
crowds? and (2) Can eye tracking improve robot naviga-
tion? To answer, we introduce GazeNav, an egocentric dataset
collected via wearable eye trackers, featuring synchronized
video, gaze, and trajectories in crowded environments. Anal-
ysis reveals that the gaze of pedestrians is closely related
to the semantic presence and movement of other individu-
als, exhibiting distinct attention patterns across navigation
behaviors. Building on this, we propose Gaze2Nav, a mod-
ular framework that first predicts human gaze to infer so-
cially salient pedestrians, then incorporates the semantic at-
tention into motion planning alongside visual inputs. Our
method achieves 87.6% salient pedestrian prediction accu-
racy and reduces trajectory error by 15.4% over state-of-the-
art baselines. By aligning with human gaze, our framework
improves both performance and interpretability, advancing
toward human-like, socially intelligent robot navigation.

Introduction

Mobile robots are increasingly used for interactive tasks like
delivery and guidance in public spaces. A critical capabil-
ity is robust social navigation through dynamic pedestrian
crowds. This requires more than simple obstacle avoidance,
demanding the perception of social cues, prediction of hu-
man motion, and execution of safe, explainable, and human-
like paths (Kretzschmar et al. 2016).

Existing navigation methods struggle with real-world
crowds. Traditional rule-based planners, while interpretable,
are often too conservative and can cause robots to “freeze”
in dense situations (Van Den Berg et al. 2010). Learning-
based methods face their own challenges, often relying on
impractical inputs like unavailable global trajectories (Gupta
et al. 2018) or complex sensor setups (Chen et al. 2023).
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While reinforcement learning (RL) struggles with realis-
tic crowd simulation (Everett et al. 2021), behavior cloning
(BC) from egocentric video has emerged as a practical alter-
native. However, even these BC models lack explicit model-
ing of human social behavior and attention (Li et al. 2025).
This highlights the need for algorithms that can reason about
the environment using human-like social and semantic cues.

A fundamental question remains: Where do pedestrians
look when navigating dense crowds? Human gaze reveals
what is semantically and socially important to their decision-
making. However, raw gaze coordinates alone are insuffi-
cient. Humans use gaze not merely to look, but to think—to
extract semantics, encode temporary memory, and suppress
distractions. Replicating this high-level attentional reason-
ing is key for human-like robot navigation. This leads to our
core question: Can we improve robot navigation by engi-
neering an understanding of human gaze into models?

Answering these questions requires new data and mod-
els. Current navigation datasets are often limited by sparse
crowds and a lack of synchronized gaze data. To address
these gaps, we introduce GazeNav, an egocentric dataset
collected from humans navigating dense, real-world crowds
using wearable eye trackers (see example frames with gaze
points in Fig 1). Our analysis reveals that pedestrians spend
over 88% of their time looking at other people, with dis-
tinct gaze patterns that correspond to different navigational
behaviors and actions.

Building on these insights, we propose Gaze2Nav, a navi-
gation framework that integrates human-like attentional rea-
soning. Gaze2Nav first predicts where a human would look
in a scene. By matching this predicted gaze with semantic in-
formation about pedestrians, it generates semantic attention
that guides a Motion Planner to produce human-like nav-
igation actions. This process mirrors the human cognitive
function of first looking to identify what is important, then
deciding where to go. In summary, our contributions are

* An egocentric navigation dataset GazeNav featuring syn-
chronized egocentric video, gaze coordinates, and tra-
jectories from humans navigating high-dense, real-world
crowds, which we use to analyze human social attention.
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Figure 1: Example from our GazeNav dataset comparing a baseline method to our proposed Gaze2Nav. Top: A baseline model
ViINT (Shah et al. 2023b) produces an unsafe trajectory (red) that deviates from the ground truth (white). Bottom: By using
human gaze data, our Gaze2Nav model generates a safe and accurate trajectory. Its internal attention (heatmaps) correctly aligns
with human gaze (red dots), showing it has learned to focus on critical social cues.

* A modular gaze-augmented navigation framework Gaze-Augmented Learning
Gaze2Nav that mimics human cognition by using gaze Human gaze offers a powerful, predictive signal of attention
prediction to identify socially important pedestrians and and intent (Rodin et al. 2021), yet this cue is largely miss-
guide motion planning. ing from current navigation models. While prior work has
* Experiments show that Gaze2Nav achieves 87.6% accu- used recorded gaze for video analysis (Huang et al. 2018;
racy in predicting salient pedestrians and reduces trajec- Tavakoli et al. 2019; Shen et al. 2018) or as expert super-
tory error by 15.4% compared to state-of-the-art meth- vision in imitation learning (Zhang et al. 2020; Guo et al.
ods, paving the way for more socially-aware robots. 2021; Saran et al. 2021), we propose a model that learns
to predict human-like gaze in new scenes and, critically,
Related Work grounds this prediction semantically to socially relevant ob-
This section surveys prior work, highlighting that current Jects. To our knowledge, this is the first work to integrate
navigation methods lack the social awareness afforded by semantic gaze prediction into a real-world social navigation
human gaze, a gap due to the absence of suitable datasets. task, enabling an agent to perceive and respond to human-

centric cues in dense crowds.
Crowd Navigation

Conventional rule-based and optimization-based navigation Robot Navigation Datasets

methods (Helbing et al. 1995; Van Den Berg et al. 2010; Existing robot navigation datasets suffer from critical lim-
Curtis et al. 2014) often perform poorly in dense crowds. itations, such as perspective mismatch in bird’s-eye-view
Their conservative nature can lead to the “freezing” prob- data (Zhou et al. 2011; Yi et al. 2015), unnatural pedes-
lem, where the robot halts facing with a crowd. Learning- trian behavior elicited by teleoperated robots (Karnan et al.
based methods have been explored to overcome these limi- 2022; Bae et al. 2023), or a lack of dense crowds and syn-
tations. However, approaches that learn from pre-extracted chronized gaze data in other wearable setups (Nguyen et al.
global trajectories (Everett et al. 2021; Mohamed et al. 2023). To address these gaps, we introduce GazeNav, which
2020) are impractical for real-time deployment as this data captures naturalistic human navigation in dense, rqal—world
is not accessible in real-time robot deployment. Other meth- crowds. GazeNav provides synchronized egocentric video,
ods that fuse multi-modal sensor inputs like RGB and Li- gaze coordinates, and trajectories. This unique combination
DAR (Chen et al. 2023; Lai et al. 2025) also face significant of multimodal data across diverse scenarios enables new re-
deployment challenges due to complex sensor synchroniza- search into the joint apal}{sm of visual attention and action
tion and calibration requirements. for socially-aware navigation.

We adopt a behavior cloning (BC) framework with ego-
centric vision, as it is more practical for learning socially- The GazeNav Dataset
aware navigation from real-world demonstrations than rein- To investigate where do pedestrians look to navigate dense
forcement learning (RL), which struggles to simulate real- crowds, we introduce the GazeNav dataset. Collected in
istic crowds (Everett et al. 2021; Ling et al. 2024). While real-world environments using wearable sensors, it contains
recent egocentric models like GNM (Shah et al. 2023a), synchronized egocentric video, eye-tracking data, and 2D
ViNT (Shah et al. 2023b), and NoMaD (Sridhar et al. 2024) trajectories. The dataset captures naturalistic interactions for
have shown strong performance, they lack explicit mod- analyzing the link between social attention and navigation.
eling of human social behaviors or attentional cues. Our )
Gaze2Nav framework addresses this gap by using predicted Data Collection Procedure
human gaze to enable more interpretable and human-aligned We collected data from four participants (3 male, 1 fe-
navigation in crowded scenes. male; mean_age=22.1, SD=2.5) using a wearable recording
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| Trajectory | | Gaze
Scenario \ Time (min) Walk Dist (m) Avg. Speed (m/s) \ Avg. # people \ Dispersion (px) Saccade (Hz) On people (%)
Following 35.44 248791 1.240.2 28+6 15.17 1.78 88.4
Overtaking 48.37 4614.83 1.6+0.1 24411 16.30 1.90 95.2
Crossing 19.73 1243.11 1.040.1 1244 19.97 2.23 98.6
Total \ 103.54 8345.85 1.3+0.2 \ 23+7 \ 16.56 1.91 93.5

Table 1: Trajectory and gaze statistics by scenario (mean =+ std). Dispersion is the root-mean-square distance of gaze points
from their centroid (in pixels); higher values indicate more scattered attention. Saccade captures how frequently gaze fixation
shifts occur'. On people (%) denotes the percentage of fixations that fall on pedestrians.

-

(a) Pupil Neon Eye Tracking Glasses (b) UWB Positioning System
Figure 2: Data collection equipment. (a) Eye-tracking
glasses capture gaze data and egocentric RGB video. (b)
UWRB positioning system records participant trajectories.

b é =2
Gt oad

Figure 3: Illustration on Following, Overtaking & Crossing.

setup. This included Pupil Neon eye-tracking glasses for
egocentric RGB video (1600x1200, 30Hz) and gaze data
(200Hz) (Drews et al. 2024), and an ultra-wideband (UWB)
system to track the participant’s 2D position (200Hz, 10 cm
accuracy) (see Figure 2). All data was temporally synchro-
nized and downsampled to SHz.

To elicit diverse behaviors, we collected data across five
scenes (a university campus and four busy tourist streets)
using three defined scenarios. Participants were instructed to
either: 1) Follow a random pedestrian leisurely, 2) Overtake
others in a crowded area, or 3) Cross a perpendicular flow of
pedestrian traffic (see Figure 3).

Description Statistics

We collected approximately 104 minutes of recording from
four participants, covering a total distance of 8.35 km. A key
feature of GazeNav is its high crowd density. Using Mask R-
CNN (He et al. 2017), we detected an average of 23 pedestri-
ans per frame (with accuracy of 97%), ensuring complex so-
cial interactions. As shown in Table 1, the scenarios exhibit
distinct behaviors: Overtaking has the highest average speed

'Fixations are defined as stabilized gaze lasting > 70 ms, while
saccades are fast shifts > 1.0° and > 10 ms.
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(1.6 m/s), reflecting assertive motion. Following maintains a
moderate speed (1.2 m/s), while Crossing is the slowest (1.0
m/s), indicating cautious navigation across traffic.

Gaze Analysis

Previous studies show that gaze guides human locomo-
tion (Joshi et al. 2021). We analyzed its characteristics to
understand how it supports crowd navigation.

Spatial Temporal Characteristics. As shown in Table 1,
Following exhibits the lowest gaze dispersion and saccade
frequency, reflecting stable attention on a lead pedestrian.
In contrast, Crossing shows the highest dispersion and most
frequent saccades, indicating rapid environmental scanning.
Overtaking has moderate values, balancing forward tracking
and peripheral monitoring.

Semantic Characteristics. To understand what people are
looking at, we used Mask R-CNN (He et al. 2017) to iden-
tify objects at gaze locations. Across all scenarios, partici-
pants spent 88% to 98% of their gaze time on other pedestri-
ans (see last column Table 1). This confirms that pedestrians
are the most critical semantic objects for navigation, proving
that socially-aware models must prioritize them.

Coupling Gaze with Motion. To explore how atten-
tion influences action, we analyzed how gaze on different
pedestrian types affects the navigator’s subsequent motion,
(i.e., heading angle change and acceleration). We classified
pedestrians by proximity (near/far) and movement direction
(same/opposite/lateral). Figure 4 plots the distributions for
heading angle change (red) and acceleration (green), condi-
tioned on the context of the pedestrian the participant was
looking at.

In Following, gaze is used to maintain a safe distance. Fix-
ating on a nearby, same-direction pedestrian leads to slowing
down to maintain distance, while fixating on an oncoming
person triggers strong avoidance maneuvers. In Overtaking,
gaze is used to identify opportunities to advance. Fixating
on any nearby pedestrian often precedes a change in direc-
tion as the navigator actively seeks open space to pass. Con-
versely, when not fixating on any nearby pedestrians, par-
ticipants maintain a steady, straight trajectory. In Crossing,
gaze is used for collision avoidance and social compliance.
Participants tend to veer in the opposite direction of a fix-
ated pedestrian’s movement (e.g., turning left when looking
at a rightward-moving person, and vise versa) with slower
speed, allowing them pass behind moving pedestrians rather
than intercepting their path.
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Figure 4: Violin plots on distribution of participant trajectory Angle Change (red) and Acceleration (green), conditioned by the
attributes of the fixated pedestrian: proximity (Near/Far), relative direction (Same/Opposite), and lateral motion (Right/Left).
Each dot represents a data point. (a) In Following, participants significantly changed their direction and slowed down after
fixating on pedestrians walking toward them. (b) In Overtaking, fixating on any nearby pedestrian prompted significant changes
in direction. (c) In Crossing, participants tended to veer in the opposite direction of a fixated pedestrian’s movement (e.g.,
turning left (negative angle change) when looking at a rightward-moving person).

Our analysis is the first to investigate gaze in real-world
crowd navigation, and uncover systematic, task-dependent
links between gaze and motion. These findings provide the
empirical foundation for our Gaze2Nav framework, which is
designed to replicate this human-like process of using gaze
to identify salient pedestrians and guide motion planning.

Method

Inspired by our findings, we propose Gaze2Nav, a gaze-
augmented egocentric social navigation framework that
mimics human decision-making by coupling attention-
guided perception with socially-aware planning.

Method Overview

Our method, Gaze2Nav, generates human-like navigation
actions by imitating human gaze and subsequent decision-
making. As illustrated in Figure 5, the framework is trained
via behavior cloning and consists of three sequential mod-
ules: a Gaze Predictor, a Semantic Saliency Matching mod-
ule, and a Motion Planner. First, Gaze Predictor forecasts
human social attention from historical video frames and
gaze heatmaps. Next, the Semantic Saliency Matching mod-
ule identifies socially salient pedestrians by spatially align-
ing the predicted gaze with instance-level pedestrian masks.
Finally, Motion Planner uses the current frame and these
salient semantic masks to generate the future trajectory. This
modular design intentionally separates low-level perception
(gaze prediction) from high-level planning (action genera-
tion), mirroring the human cognitive process of first look-
ing to gather semantic saliency, then deciding where to go
(Joshi et al. 2021; Hollands et al. 2002).

Gaze Predictor

Though rich with social cues, raw human gaze data is in-
herently scene-specific and cannot directly guide a robot in
novel environments where this information is unavailable.
To address this, we propose a Gaze Predictor to learn the un-
derlying patterns of human social attention from our dataset.
By doing so, it can forecast gaze locations in real-time for
any given scene, providing the downstream navigation plan-
ner with crucial social attention.
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Gaze Predictor forecasts the gaze coordinate g, at time
step ¢, with input of a sequence of 7' historical video
RGB frames {I;};cq;—7,..,+—1}. together with current
frame I;, and their corresponding historical gaze heatmaps
{Gi}icgt—1,. t—13- The raw gaze data consists of 2D co-
ordinates g; = (x,y);, is rendered into a heatmap G; us-
ing a 2D Gaussian kernel (¢ = 10 pixels) to align spa-
tially with the image frames. The frames are processed by
an EfficientNet-BO backbone (Tan et al. 2019), while the
gaze heatmaps are processed by a lightweight 3-layer CNN.
Both visual and gaze features are passed into separate Trans-
former encoders. This step models the spatiotemporal de-
pendencies within each modality. The last MLP layer out-
puts the predicted gaze coordinates g; € [0, 1]? for time ¢.

Loss. Gaze Predictor optimizes for two goals: positional
accuracy and behavioral alignment with the navigation task.
First, we supervise with a standard gaze coordinate regres-
sion loss using the L2 distance: Leoord = ||Gt — g¢l|2-

Second, we argue that a purely historical model is insuf-
ficient. Human gaze is not merely a continuation of past
movements; it is also proactive and tightly coupled with fu-
ture navigational intent. For instance, the attentional pattern
required to aggressively overtake a group is fundamentally
different from that of leisurely following them. A good gaze
prediction must therefore be consistent with the intended fu-
ture action. To enforce this behavioral consistency, we intro-
duce an attention alignment loss as a regularizer, encourag-
ing the model attention from Gaze Predictor’s Transformer
(A$) to align with the that from Motion Planner’s Trans-
former (Ai"). We use Kullback-Leibler (KL) divergence
to measure the similarity between the two attention maps:
Lipg aign = KL(AF| AF™).

The final loss for Gaze Predictor is a weighted sum of
these two components:

Lowze = (1 = a)[|ge — gell2 + - KL(AF[AF) (D)
where a € [0, 1] trades off between gaze prediction accuracy

and learning motion-consistent attention.

Semantic Saliency Matching

Raw gaze coordinates are often too low-level and ambiguous
for direct use, as they can be noisy or misdirected. Our Se-
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Figure 5: Architecture of Gaze2Nav. The framework consists of a Gaze Predictor to encode and forecast human gaze, a Semantic
Saliency Matching module to identify salient pedestrians, and a Motion Planner to generate navigation actions. Attention
alignment losses (gray dashed arrows) regularize consistency between the gaze and motion modules.
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Figure 6: Semantic Saliency Matching. This module outputs
a saliency mask M;, by aggregating the masks of all pedes-
trians considered salient. A pedestrian is marked salient if
predicted gaze point falls on their mask or if they were at-
tended to within a recent time window [t — 7,¢ — 1].

mantic Saliency Matching module translates them into high-
level social understanding. By spatially aligning predicted
gaze with detected pedestrians, the module identifies salient
individuals, providing Motion Planner with a more robust
and interpretable input than a simple gaze heatmap.

Furthermore, human motion relies on more than just mo-
mentary glances; it involves short-term memory of rele-
vant individuals (Posner 1980). To emulate this, we intro-
duce a temporal matching mechanism that aggregates salient
pedestrian information over a short sliding window. This
creates a stable and continuous attention signal, ensuring
that key pedestrians remain “in focus” for the planner even
if the gaze momentarily shifts elsewhere.

Our matching process begins by tracking pedestrian
masks with MaskTrack R-CNN (Yang et al. 2019). As il-
lustrated in Figure 6, a pedestrian is marked as “salient” at
time step ¢ if either of two conditions is met: (1) the current
predicted gaze point p, falls within their segmentation mask,
or (2) they were marked as salient within a recent temporal
window [t —7, ¢ — 1] and are still visible in the current frame.
The masks of all salient pedestrians are then aggregated into
a single binary saliency map, M; € {0, 1}*W  providing
a robust, social-centric attention signal to Motion Planner.

Motion Planner

Our Motion Planner learns navigation actions from human
demonstrations via behavior cloning, using the Visual Nav-
igation Transformer (ViNT) (Shah et al. 2023b) as its back-
bone. Unlike the original VINT architecture, our Motion
Planner takes a history of video frames {/;};c;—r,... »} and
corresponding saliency masks {M;};c;—7,... ;} as input to
predict a future trajectory {ly41,...,l1x}. It enables ego-
centric navigation without a global positioning system.

The network uses two EfficientNet encoders to extract
features from the video frames and saliency masks. To dis-
tinguish these inputs, a unique modality encoding vector is
added to each feature map. The features are then tokenized,
concatenated, and processed by a Transformer that models
complex interactions. An MLP head then decodes the Trans-
former’s representation into the final predicted trajectory.

Loss. Motion Planner is trained with a dual-objective loss
that balances accurate motion prediction with human-like
visual attention. The first objective is a regression loss de-
fined as the mean squared error (MSE) between the pre-
dicted and ground-truth trajectory over future k time steps:
Lua = 3 30 Mews — L3

While trajectory loss ensures geometric accuracy, it
doesn’t guarantee attention to social cues. To encourage
more human-aligned behavior, we introduce an attention
alignment term that regularizes Motion Planner’s atten-
tion map (A') to match Gaze Predictor’s A;". This pro-
motes perceptual consistency and encourages the planner to
use human-like cues. The alignment loss is computed as:
Lopaatign = KL(AF||A).

The final loss of motion planning at time ¢ is a weighted
sum of both objectives:

k
1 ~ az
Laor = (1=F) 7 D lleri—legs[3+8-KL(AF [ AF) 2)
i=1
where 5 € [0, 1] controls the trade-off between reproducing
expert-like motion and learning gaze-consistent attention.
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Model ADE | FDE | Fréchet| CosSim 1
GNM 04139 0.7570  0.8244 0.8482
GNM+CGL 0.3775 0.7320  0.7965 0.8673
GNM+Foveated 0.3850 0.7241  0.8078 0.8792
VINT 0.3160 0.7220 0.7932 0.8584
VINT+CGL 0.3005 0.6994 0.7774 0.8731
ViNT+Foveated 0.3011 0.7034  0.7801 0.8799
w/o Semantic 0.2946 0.7213  0.7567 0.8946
w/o Gaze 0.2861 0.7059  0.7533 0.8846
w/o GazeReg 0.2768 0.6712  0.7349 0.9012
w/o MotionReg  0.2653 0.6704  0.7295 0.8971
SalientMaskPred 0.2915 0.6806  0.7630 0.8993
Gaze2Nav 0.2541 0.6536  0.7124 0.9150

Table 2: Trajectory performance across metrics. | indicates
lower is better; 1 indicates higher is better.

Model Following Overtaking Crossing
GNM 0.3296 0.5046 0.3151
GNM+CGL 0.3064 0.4512 0.3032
GNM-+Foveated 0.2945 0.4633 0.3247
VINT 0.2608 0.3750 0.2438
ViNT+CGL 0.2415 0.3601 0.2345
ViNT+Foveated 0.2398 0.3632 0.2322
Gaze2Nav 0.2289 0.2908 0.1910

Table 3: ADE| across three different navigation behaviors.

Experiments

This section evaluates the Gaze2Nav framework on gaze and
trajectory prediction. We present quantitative and qualitative
results to highlight the benefits of gaze-guided saliency.

Experimental Settings

Baselines We compare Gaze2Nav against two vision-only
behavior cloning based navigation network backbones and
two existing gaze-integration techniques.

e Network Backbones: GNM which is a lightweight
CNN (Shah et al. 2023a) and VINT which is a Vision
Transformer (Shah et al. 2023b) we also adopt.

* Gaze-Integration Methods: CGL which adopts KL
divergence loss to align feature maps with gaze
heatmaps (Saran et al. 2021) and Foveated which simu-
lates foveal vision by blurring periphery of input images
around gaze point (Zhang et al. 2020). Both applied to
GNM and ViNT for fair comparison.

To validate our design, we test several ablations:

w/o Gaze lets Motion Planner receive masks for all de-
tected pedestrians, with no gaze-based saliency filtering.
w/o Semantic directly feeds predicted gaze heatmaps into
Motion Planner without Semantic Saliency Matching.
w/o GazeReg removes the gaze regularization loss
L g2a-align in Motion Planner.

w/o MotionReg removes the motion regularization loss
Lapg-align in Gaze Predictor.
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Model Gaze MAE | Saliency F1 Score 1
w/o MotionReg 5.969 0.8556
SalientMaskPred - 0.5739
Gaze2Nav 3.876 0.8755

Table 4: Accuracy of gaze and semantic saliency prediction.

* SalientMaskPred is trained to directly predict the salient
pedestrian mask, which is then fed to Motion Planner.

Metrics We evaluate trajectory quality by:

* Average Displacement Error (ADE): The average L2 dis-
tance between the predicted future positions and the ac-
tual ground-truth positions over future k time steps.

Final Displacement Error (FDE): The L2 distance be-
tween the final predicted position and the final ground-
truth position at time step ¢ + k.

Fréchet Distance captures the overall shape similarity
between the predicted and ground-truth trajectories, ac-
counting for spatiotemporal alignment.

Cosine Similarity evaluates the average angular simi-
larity between trajectory vectors of k steps, assessing
whether the motion direction aligns with humans.

We also evaluate the accuracy of gaze prediction by

* Gaze Prediction MAE measures the average L1 distance
between predicted and ground-truth gaze coordinates.

* Saliency F1 Score calculates the F1 score for identifying
the correct salient pedestrian mask.

Implementation We use a history of 7' = 5 frames to pre-
dict k£ = 2 future steps (a 1.2-second horizon for real-time
robot control). The dataset is split 80/20 training/testing at
the trajectory level, i.e., 80% of trajectories for training and
20% for testing. Both Gaze Predictor and Motion Planner
are trained separately for 200 epochs using the AdamW op-
timizer with a batch size of 64, an initial learning rate of
1 x 1074, and gradient clipping with a max norm of 1.0.
The learning rate follows a cosine annealing schedule with
a 4-epoch warm-up. The hyperparameter o and /3 is tuned
using a grid search. All experiments were conducted on a
single NVIDIA GeForce RTX 3090 GPU.

Comparison Results

Motion Planning Performance. As shown in Table 2,
Gaze2Nav outperforms all baselines across every metric,
demonstrating superior trajectory accuracy, shape similar-
ity, and directional alignment. Compared to the strongest
gaze-augmented baseline (ViINT+CGL), Gaze2Nav reduces
ADE by 15.4% and Fréchet Distance by 8.4%, proving a
more effective use of gaze information. This strong perfor-
mance holds across all navigation scenarios (Table 3), with
Gaze2Nav achieving the lowest ADE in all three behav-
iors. The improvements are most significant in the challeng-
ing Overtaking (19% improvement) and Crossing (18% im-
provement) scenarios, where its ability to capture gaze cues
enables proactive decision-making.
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Figure 7: Case study of attention alignment in two challenging navigation scenarios Overtaking and Crossing. The attention
maps from Motion Planner are visualized as heat maps, with red dots of human gaze points, and planned trajectories (red)
comparing to the ground truth (white). Compared to the baseline ViNT, Gaze2Nav produces attention maps that more closely
align with human gaze, avoid irrelevant image regions (e.g., borders), and lead to more accurate action predictions.

While existing gaze-enhanced baselines like GNM+CGL
and ViNT+Foveated, improve upon their vanilla counter-
parts, they still underperform compared to Gaze2Nav. This
suggests that merely providing gaze data is insufficient;
Gaze2Nav’s superior performance stems from its fusion of
gaze with semantic information and the alignment of atten-
tion between its perception and planning modules, as vali-
dated in the following ablation study.

Gaze Integration Ablation. To isolate the contributions
of our core mechanisms, we compare Gaze2Nav with sev-
eral ablated variants. (a) Semantic and Gaze Input: Remov-
ing semantic matching (w/o Semantic) or the entire gaze-
based filtering mechanism (w/o Gaze) degrades performance
across all metrics (Table 2). This highlights that not all
pedestrian information is equally useful; gaze is critical for
focusing the model’s attention on socially relevant pedes-
trians and preventing suboptimal planning. (b) Gaze Pre-
diction Strategy: We also tested a model that directly pre-
dicts the salient pedestrian mask (SalientMaskPred) without
first predicting a gaze point. This approach proved far less
effective, achieving a much lower Saliency F1 score (Ta-
ble 4) and worse trajectory accuracy. This result validates
our cognitively-inspired strategy: first predict where to look,
then identify who to attend to. (c) Attention Alignment Loss:
Removing either the motion regularization from Gaze Pre-
dictor (w/o MotionReg) or the gaze regularization from Mo-
tion Planner (w/o GazeReg) hurts performance (Table 2).
Aligning motion attention improves gaze prediction accu-
racy, which in turn benefits planning. Conversely, aligning
gaze attention helps the planner focus on the most relevant
cues, improving trajectory accuracy.
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We further look at how gaze-informed semantic grounding
enables the model to avoid distractions, focus on socially rel-
evant agents, and produce more accurate, human-like navi-
gation behavior on two challenging scenarios, Overtaking
and Crossing. Figure 7 visualizes the attention maps from
Motion Planner for Gaze2Nav and the baseline ViNT, com-
paring the model’s focus and predicted path (red) with the
human’s gaze (red dot) and ground-truth trajectory (white).
1) Overtaking: When facing oncoming pedestrians, the
ViINT baseline gets distracted by irrelevant image borders. In
contrast, Gaze2Nav correctly focuses on the incoming peo-
ple, identifies collision risks, and executes a smooth avoid-
ance maneuver that matches the human’s path. 2) Cross-
ing: As a pedestrian crosses, VINT’s attention is too diffuse,
causing a delayed and misaligned reaction. Gaze2Nav, how-
ever, sharply focuses on pedestrians and performs timely and
precise evasive actions aligned with the ground truth.

Conclusion

In this work, we present GazeNav, a novel egocentric dataset
with synchronized gaze and trajectory data. Our analysis
shows that human gaze is a critical social cue, which led us
to develop Gaze2Nav, a framework that mimics human cog-
nition by using predicted gaze to identify salient pedestrians
and guide motion planning. Gaze2Nav achieves 87.6% ac-
curacy in predicting salient pedestrians and reduces trajec-
tory error by 15.4% over state-of-the-art methods, enhanc-
ing both performance and interpretability. Future work will
expand the dataset, include user studies on human-likeness
and trust, and deploy the system on physical robots.
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