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Abstract

Driver cognitive distraction is a major cause of road
collisions and remains difficult to detect. Unlike
manual or visual distraction, cognitive distraction
is diverted by thoughts unrelated to driving, even
when the driver appears visually attentive and ex-
hibits no explicit physical movements. In this work,
we propose EyeCue, a gaze-empowered egocentric
video understanding framework, to detect driver
cognitive distraction. A key insight is that cognitive
distraction manifests in the interaction between eye
gaze and visual context. To capture this interaction,
EyeCue integrates eye gaze with egocentric video
to enable context-aware modeling of the driver’s at-
tention over time. Furthermore, to tackle the lim-
ited scale and diversity of existing datasets, we in-
troduce CogDrive, a comprehensive multi-scenario
dataset that augments four existing driving datasets
with cognitive distraction annotations. Through
extensive evaluations on CogDrive, we show that
EyeCue achieves the highest accuracy of 74.38%,
outperforming 11 baselines from 6 model families
by over 7%. Notably, EyeCue can achieve an ac-
curacy of over 70% across various driving scenar-
ios (different road types, times of day, and weather
conditions) with strong generalizability. These re-
sults highlight the importance of modeling gaze-
context interactions and the effectiveness of cross-
modal interaction modeling for multimodal cogni-
tive distraction detection. Our codes and CogDrive
dataset resources are available here.! The online
technical report can be found here.?

1 Introduction

Distracted driving is a leading cause of traffic fatalities, ac-
counting for approximately 30% of all such cases, claiming
3,275 lives in 2023 [NHTSA, 2023]. It also causes significant
property damage, which requires $9.8 billion in direct infras-
tructure and road-maintenance costs [NHTSA, 2025]. Be-
sides these economic burdens, distracted driving places heavy

!Code: https://github.com/langzhang2000/EyeCue
>Technical report: https://arxiv.org/abs/2605.07859
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Figure 1: Is the driver cognitively distracted? This figure shows a
driver’s journey on the road, including distracted driving (top) and
attentive driving (bottom). Video frames come from the DR(eye)VE
dataset [Palazzi et al., 2018], which records the driver’s egocentric
views and corresponding gaze points over time. We added a green
dot to each raw frame to represent the driver’s gaze point at that time.

demands on both law enforcement and medical resources.
Therefore, a timely investigation into the problem of driver
distraction detection is crucial.

Distractions during driving can be classified into three
types: manual, visual, and cognitive distractions [Kashevnik
et al., 20211: (i) manual distraction occurs when the driver’s
hands are off the wheel (e.g., secondary task: holding a phone
or food while driving); (ii) visual distraction occurs when
the driver looks away from the attention areas covered by
the windshield or rear-view mirrors (e.g., looking at a nav-
igation system); (iii) cognitive distraction occurs when the
driver’s attention is diverted by thoughts unrelated to driving
(e.g., staring at a point while thinking about something else
unrelated to driving), even though their gaze remains on the
road. Both manual and visual distractions have been widely
studied, whereas cognitive distraction remains underexplored
because it is latent and non-observable [Guo et al., 2024]. De-
tailed discussion of these distraction types is in the technical
report [Zhang et al., 2026].

Since cognitive distraction is reflected in the driver’s inter-
nal mental state over time, it is often difficult to detect directly
from external behaviors alone. Even when a driver appears
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visually attentive (looking at the road) and manually atten-
tive (keeping their hands on the wheel), cognitive distraction
may still happen. Existing approaches mostly rely on intru-
sive methods that require attaching physiological sensors to
the driver or interrupting normal driving. For example, elec-
troencephalography (EEG) provides precise neural signals for
inferring cognitive state but requires direct physical coupling
between sensors and the body [Li er al., 2023]. Self-reported
questionnaires can be used to evaluate a driver’s perception
of the driving environment [Cooper et al., 2014], and detec-
tion response tasks are commonly used to assess their reaction
time to unexpected events [Al-Mekhlafi et al., 2024]. How-
ever, these methods may disrupt normal driving and only sup-
port post-hoc evaluations, limiting their practicality for con-
tinuous use. Therefore, a key research question is how to
design a non-intrusive method to detect driver cognitive dis-
traction over time without disrupting driving.

To answer this question, we leverage eye gaze as a behav-
ioral cue to understand the driver’s cognitive state, as eye gaze
reflects how the internal cognitive process allocates atten-
tion [Oyama et al., 2019]. Moreover, with the growing adop-
tion of lightweight augmented reality glasses such as Meta
Aria Gen 2, real-time eye-tracking data can be collected in a
non-intrusive manner without additional user effort [Engel et
al., 2023]. However, relying on eye-tracking data alone for
cognitive distraction detection is insufficient, as it lacks con-
textual scene information [Zhou et al., 2025]. The same gaze
pattern may reflect different cognitive states across driving
scenarios. For example, as shown in Fig. 1, in the first atten-
tive case, the driver fixates on the traffic light while waiting
at the signal; in the first distracted case, the driver fixates on a
parked vehicle along the roadside during straight-ahead driv-
ing. This naturally motivates a multimodal perspective that
adopts both eye gaze and contextual scene information to in-
terpret how attention is temporally allocated during driving.

To that end, we aim to infer the driver’s cognitive state by
analyzing temporal eye-gaze patterns and the visual targets of
attention using egocentric video, which captures the spatio-
temporal structure of the driving scene [Zhou er al., 2024].
Specifically, we leverage a key insight: detecting cognitive
distraction requires understanding how the driver’s gaze in-
teracts with the surrounding egocentric visual context over
time. This interaction is reflected both over a short driving
clip (i.e., global interaction) and in each frame (i.e., fine-
grained interaction). Despite this useful insight, a lack of
high-quality datasets suitable for modeling this interaction re-
mains a challenge. Datasets that provide both eye-tracking
information and egocentric driving videos with cognitive dis-
traction annotations are very limited, primarily due to the dif-
ficulty of data collection and annotation. Hence, we are faced
with three key challenges: (C1) How to learn both global and
fine-grained features from the driver’s egocentric videos and
eye gaze data, respectively? (C2) How to integrate eye gaze
information with egocentric videos to detect driver cognitive
distraction? (C3) Lack of scalable and generalizable datasets
for cognitive distraction detection.

To address C1 and C2, we propose EyeCue, a non-intrusive
framework that integrates temporal eye gaze with egocen-
tric video to detect driver cognitive distraction. EyeCue con-

sists of three core components: (i) a video encoder that pro-
cesses each egocentric video clip to understand the surround-
ing context of the driver; (ii) a gaze encoder that analyzes
eye-tracking data to extract the driver’s eye gaze patterns; and
(iii) a gaze-driven semantic query (GDSQ) module that lever-
ages gaze cues to dynamically select visual tokens from the
egocentric video, reflecting how the driver’s gaze is allocated
across the context over time. Then, we fuse the outputs of
these three modules to detect cognitive distraction.

As for C3, DR(eye)VE is the only publicly available
dataset that contains eye gaze, egocentric videos, and cog-
nitive distraction labels [Palazzi et al., 2018]. However, it
covers limited driving scenarios, and the annotated distracted
samples may be insufficient. Hence, we explore three other
existing driving datasets (along with DR(eye)VE) to create
CogDrive, an egocentric cognitive distraction dataset. We
select BDD-A [Xia et al., 2018], DADA-2000 [Fang et al.,
20211, and TrafficGaze [Deng et al., 2019] since they provide
gaze data and egocentric videos. Following the DR(eye)VE’s
annotation procedure, we create a dataset consisting of 3,662
samples with cognitive distraction annotations.

To the best of our knowledge, EyeCue is the first work
that integrates temporal eye gaze information with egocen-
tric videos to detect driver cognitive distraction. Our main
contributions are summarized as follows:

* We propose EyeCue, a gaze-empowered egocentric
video framework for cognitive distraction detection that
explores the interaction between eye gaze and the driv-
ing context. Specifically, EyeCue jointly learns repre-
sentations from egocentric video and eye gaze through
two encoders: a video encoder captures scene context
and local visual cues, while a gaze encoder models
temporal gaze behavior patterns (addressing Challenge
C1). Moreover, we use gaze to guide video preprocess-
ing and introduce a GDSQ module that directs cross-
attention toward gaze-relevant visual regions, model-
ing gaze-context interactions for cognitive understand-
ing (addressing Challenge C2).

We introduce CogDrive, a cognitive distraction dataset
consisting of 3,662 annotated egocentric video clips
with gaze signals (addressing Challenge C3). It covers
various driving scenarios, including diverse road scenes
and driving events.

Through extensive experiments on CogDrive, we show
that EyeCue achieves an accuracy of 74.38%, outper-
forming 11 baselines from 6 model families, includ-
ing gaze-only, classical video classification, egocentric,
foundation, gaze-with-image, and gaze-with-video mod-
els, by more than 7% in absolute gain. These findings
highlight the importance of modeling gaze-context inter-
actions and the effectiveness of cross-modal interaction
modeling for multimodal cognitive distraction detection.

2 Related Work

In this section, we first provide the background on driver
distraction detection, then discuss gaze-based analysis tech-
niques and video understanding models, and finally, examine
recent advances in gaze-empowered vision models.



Driver Distraction Detection. There are three main types
of driver distraction: manual, visual, and cognitive [Ka-
shevnik et al., 2021]. For manual and visual distractions,
recent approaches commonly use in-car cameras to detect
the driver’s observable body movements [Sonth et al., 2023].
Since cognitive distraction manifests in an individual’s men-
tal state, most research focuses on intrusive solutions to mea-
sure their cognitive loads. For example, Figalova et al. [2023]
use questionnaires to evaluate the driver’s cognitive state.
However, these methods could disrupt normal driving. This
motivates us to design a non-intrusive method to detect cog-
nitive distractions.

Gaze-based Analysis Techniques. The driver’s eye gaze
cues are valuable for driver attention assessments [Huang et
al., 2025]. For example, Maralappanavar et al. [2016] uses
the driver’s pupils to estimate the driver’s state, but it misses
the environmental context. Zhou et al. [2025] predict the
driver’s gaze area and generate text explaining why drivers
should focus on these areas. Bhagat et al. [2023] show that
driver gaze patterns and saliency can vary by driving tasks.
Recently, DCDD combines a single frame with eye-tracking
data for distraction detection [Qiao et al., 2025], but it lacks
temporal attention modeling.

Video Understanding Models. Video understanding mod-
els can understand the context perceived by the driver during
driving [Min et al., 2024]. Models like TimeSformer [Berta-
sius et al., 2021] and VideoMAE [Tong et al., 2022] cap-
ture the spatio-temporal relationship of visual content. Video
foundation models have enhanced reasoning ability when in-
tegrated with other modalities (e.g., text) [Wang et al., 2024].
This inspires us to consider the integration of eye gaze with
video understanding models.

Gaze-Empowered Vision Models. Current multimodal
models illustrate the superiority of integrating eye gaze with
visual content. For example, Voila-A [Yan et al., 2024] and
GazeGPT [Konrad er al., 2024] use eye gaze to help vi-
sual models recognize which objects the user is focusing on
in an image. GazeLLM reduces the computational load of
the model by using only the user’s fixation area [Rekimoto,
2025]. Egovideo captures the egocentric video for a better
perception [Pei er al., 2024]. However, these works focus on
the visual content in an image rather than the first-person state
understanding in a video. Recently, egoEmotion recognize
eye gaze as a critical perceptual modality to reflect human
states [Jammot e al., 2025]. Inspired by this, we design a
method that can fuse eye gaze and egocentric video to detect
driver cognitive distraction.

3 Key Insights and Challenges

In this section, we introduce the key insights and discuss the
main challenges in model design and dataset construction.

3.1 Key Insights

Research on safe driving shows that the driver’s perception
is reflected in how they allocate attention to different objects
over time [Du et al., 2020]. Musabini and Chetitah [2020]
find that during normal driving, the driver fixates on a wide

area of the environment, whereas when cognitively distracted,
their attention remains confined to specific regions. In addi-
tion, Ojstersek and Topolsek [2019] observe that the driver
looks at different objects in various contexts to maintain an
attentive cognitive state. From these studies, we draw the fol-
lowing key insight: detecting cognitive distraction requires
understanding how the driver’s gaze interacts with the sur-
rounding egocentric visual context over time. When the driver
is cognitively attentive, they exhibit more frequent interac-
tions with task-related objects [Bhagat et al., 2023]. In con-
trast, when they are distracted, their gaze is less likely to sup-
port driving task-related objects in the scene [Sarkar, 2022].

3.2 Main Challenges

Building on the aforementioned insight, designing a non-
intrusive driver cognitive distraction detection system re-
quires addressing two model design challenges and one data
construction challenge.

(C1) How to learn both global and fine-grained features
from the driver’s egocentric view and eye gaze? Specif-
ically, global features help us grasp the overall information
about the environment and the driver’s gaze throughout the
entire video clip. Fine-grained features reveal object features
in the scene and the gaze pattern at each moment. However,
global and fine-grained features operate at different temporal
and spatial scales. Therefore, we need a way to model these
features of gaze and video modalities separately.

(C2) How to integrate gaze information with egocentric
videos to detect driver cognitive distraction? We need to
leverage the driver’s eye gaze information to understand how
they perceive the environment. For example, the driver might
move their gaze from a traffic light to a pedestrian when they
are waiting for the red light. In this case, we should fuse gaze
information with egocentric video representations to capture
how the driver attends to different regions in the scene. How
to effectively integrate gaze cues with egocentric video repre-
sentations remains a major challenge.

(C3) Lack of scalable and generalizable datasets for cog-
nitive distraction detection. Designing datasets for driver
cognitive distraction detection remains challenging due to
limited data availability. Currently, DR(eye)VE is the only
dataset that provides egocentric driving videos, eye gaze, and
cognitive distraction labels. However, DR(eye)VE is col-
lected under restricted driving scenarios and geographic re-
gions, limiting its generalizability to other scenarios. Besides,
cognitive distraction is implicit, which makes reliable anno-
tation difficult without a concrete protocol. These challenges
highlight both the necessity and difficulty of constructing a
comprehensive dataset for cognitive distraction detection.

4 Our Design: EyeCue

In this section, we state our goal and discuss how our solution
addresses the aforementioned two design challenges.

Design Goal. Our goal is to detect the driver’s cognitive
distraction. Based on the driver’s egocentric video, we obtain
a sequence of preprocessed video clips F together with tem-
porally aligned gaze coordinates C. The task is formulated
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Figure 2: EyeCue architecture. (a) The video encoder extracts the global contextual information and fine-grained visual details. (b) The
GDSQ module captures the relationship between visual context and eye gaze. (c) The gaze encoder obtains global attention patterns and
frame-level gaze details. Finally, these three types of class tokens are concatenated and fed into a multilayer perceptron for classification.

as a binary classification problem, where the model predicts
whether the driver is cognitively distracted or attentive.

Architecture Overview. We propose EyeCue, a multi-
modal framework that jointly leverages egocentric video and
eye gaze to detect driver cognitive distraction. As illus-
trated in Fig. 2, EyeCue comprises three core components
specialized to address the design challenges outlined above.
To address Challenge C1, EyeCue employs two modality-
specific encoders: (i) a video encoder that extracts both global
and fine-grained spatio-temporal features from the egocentric
videos, and (ii) a gaze encoder that models global attention
patterns as well as frame-level gaze dynamics. These en-
coders enable the model to represent the driving scene and
the driver’s gaze behavior across the entire video clip. To ad-
dress Challenge C2, we further introduce (iii) a Gaze-Driven
Semantic Query module, which models the interaction be-
tween the gaze and the context. Finally, we concatenate the
video class token, gaze class token, and semantic class token
to form a unified representation. This representation is then
fed into a multilayer perceptron for classification.

In EyeCue, gaze information is utilized in three ways.
First, in the video encoder, gaze is used to guide video prepro-
cessing by emphasizing regions attended by the driver. Sec-
ond, the gaze encoder models both global attention patterns
over the entire clip and frame-level gaze dynamics. Third,
the GDSQ module aligns gaze with fine-grained visual con-
tent through gaze-guided patch selection and cross-attention.
Together, these designs enable EyeCue to fully exploit both

gaze and video modalities for cognitive distraction detection.
Among these strategies, video preprocessing and the GDSQ
are critical for modeling the interaction between the driver’s
gaze and the surrounding context.

Video Encoder. Given an egocentric video clip consisting
of n frames, we first apply gaze-based video preprocessing,
such as dot overlays, heatmap masks, and cropped frames, to
enhance the input videos. Let f; be the ¢-th frame. Then, we
can denote the preprocessed video clip consisting of n frames
by F := {fi}}—,. Next, we employ a pre-trained video en-
coder E,(+) to obtain rich spatio-temporal representations of
the driving scene[Bertasius ef al., 2021]. We prefer a video
encoder that can extract features from fine-grained regions
within each frame. The video encoder processes the driver’s
egocentric video to generate a single video class token vcr,g
and a sequence of video patch tokens P := {p;}!_,, where [
is the total number of video patch tokens, and p; denotes the
1-th video patch token. The video class token learns the global
representation of the driving environment. Also, each image
frame is divided into multiple patches, and each patch is en-
coded into a patch token to represent the fine-grained feature
of that small area in the environment scene.

Gaze Encoder. Let (x4, y;) be the aligned eye gaze coordi-
nates in frame f;. Then, for the entire video clip, we have
a sequence of coordinates C := {(x¢,y)}}_,. We use a
gaze encoder Fy(-) to embed these gaze coordinates into a
gaze class token gcrs and a sequence of gaze feature tokens
G := {g:}}_,, where g; denotes the ¢-th gaze feature to-



ken. Specifically, in the gaze encoder E,(-), we first project
each fixation coordinate to the same embedding space as the
video patch tokens through a learnable linear layer. This pro-
duces an embedded coordinates token sequence. Then, we
add a class token to this sequence. Next, we process them
through a customized lightweight transformer encoder to ob-
tain the gaze class token and the sequence of gaze feature to-
kens [Vaswani et al., 2017]. The gaze class token summarizes
the driver’s gaze pattern throughout the entire clip. The gaze
feature tokens capture the gaze pattern at the frame level.

Gaze-Driven Semantic Query. This module integrates the
driver’s gaze with egocentric videos, which is critical for
gaze-context interaction modeling. We aim to extract the
driver’s visual perception feature. First, we project a gaze
point to the corresponding area in the frame and select £ video
patch tokens around this area. Specifically, for each frame,
we select either a single patch (i.e., h = 1) where the gaze
point is located or multiple patches (i.e., h > 1) that contain
the surrounding area. We discuss gaze-based patch token se-
lection strategies in the technical report [Zhang er al., 2026].
Then, we repeat this operation for all frames, and can get
h x n video patch tokens in total. Gaze-based patch tokens
can be denoted by S := {s,,}",, where s, is the m-th
gaze-based patch token.

To capture the interaction between gaze and environment
at the frame level, we inject gaze feature tokens G and gaze-
based patch tokens S as input into the cross-attention block.
This cross-attention block allows the system to model the in-
teraction between the driver’s eye gaze and the environment.
We draw on the intuition that the driver uses eye gaze to per-
ceive and query the surrounding environment. Hence, we use
gaze feature tokens G as query inputs, and the gaze-based
patch tokens S serve as key and value inputs in the cross-
attention block. We repeat the cross-attention block M times
to iteratively refine the relationship between the gaze and the
environment features. Then, we apply a pooling strategy to
the output of the M-th cross-attention block to obtain a sin-
gle semantic class token scrs. The class token can represent
the overall interaction between the driver and the context.

Finally, we concatenate the three types of class tokens
(voLs, Scrs, and gcrs), which capture global information
for classification, and feed them into a multilayer perceptron
that predicts whether the driver is cognitively distracted.

5 Evaluations

In this section, we describe the implementation details and
experimental setup, introduce the CogDrive dataset, and
present evaluation results for EyeCue.

5.1 Implementation and Experimental Setup

Model Configuration. For the video encoder, we evaluate
two pre-trained backbones: TimeSformerggy [Bertasius et
al., 2021] and VideoMAExg4q [Tong et al., 2022]. The gaze
encoder consists of a Transformer with 8 attention heads and
1 encoder block to embed raw gaze information. The GDSQ
module has 2 cross-attention blocks (i.e., M = 2), followed
by a two-layer MLP. The hyperparameters of the model con-
figuration are chosen empirically, as this lightweight setting

Dataset Attentive Distracted Total
DR(eye)VE 1,485 (78.41%) 409 (21.59%) 1,894
BDD-A 424 (66.88%) 210 (33.12%) 634
DADA-2000 463 (73.84%) 164 (26.16%) 627
TrafficGaze 481 (94.87%) 26 (5.13%) 507
CogDrive 2,853 (77.91%) 809 (22.09%) 3,662

Table 1: Clip statistics of CogDrive datasets.

achieves strong performance. We discuss video encoder se-
lection strategies in the technical report [Zhang ef al., 2026].

Baselines. We compare EyeCue with 11 baselines from 6
model families (i) Gaze only: Heatmap-based SVM [Mus-
abini and Chetitah, 20201; (ii) Classical backbones: TimeS-
former [Bertasius er al., 2021] and VideoMAE [Tong et
al., 2022]; (iii) Egocentric video understanding models:
EgoVideo [Pei et al., 2024]; (iv) Video foundation models:
InternVideo2 [Wang et al., 2024], Video-LLaVA [Lin et al.,
2023], and VideoLLaMA3 [Zhang et al., 2025]; (v) Gaze with
images: GazeGPT [Konrad et al., 2024] and Voila-A [Yan et
al., 2024]; (vi) Gaze with videos: GazeVQA [Ilaslan et al.,
2023] and GazeLLM [Rekimoto, 2025].

Training and Inference. We conduct training and infer-
ence on an NVIDIA L40S GPU, fine-tuning the video en-
coder, and training the gaze encoder and GDSQ module from
scratch for 15 epochs. The remaining training configuration
settings follow the default specifications of the video encoder.
All trainable baseline methods are fine-tuned on the CogDrive
dataset for fair comparison, while training-free methods (e.g.,
GazeGPT and GazeLLM) are evaluated without fine-tuning.
We discuss prompt designs for language models in the tech-
nical report. Trainable baselines are averaged over five runs,
while training-free models are evaluated once.

5.2 CogDrive Dataset

To address Challenge C3, we introduce CogDrive, a compre-
hensive dataset built by integrating four existing driving video
datasets: DR(eye)VE [Palazzi er al., 2018], BDD-A [Xia
et al., 2018], DADA-2000 [Fang et al., 20211, and Traf-
ficGaze [Deng et al., 2019]. We select these datasets because
they provide both gaze and egocentric videos. We follow a
unified protocol derived from DR(eye)VE’s labels with do-
main expert guidance for consistency. Detailed annotation
procedures are provided in the technical report [Zhang er al.,
2026]. The protocol defines attentive vs. distracted criteria
based on gaze-context interaction. All clips are independently
labeled by two annotators and subsequently reviewed by a do-
main expert, achieving an inter-annotator agreement of over
98%. Following prior observations that cognitive distraction
clips are typically short, we segment each video into fixed-
length clips consisting of 16 frames.

Clip-Level Statistics. Table 1 reports the clip statistics of
CogDrive. The dataset contains 3,662 clips, including 2,853
attentive and 809 distracted samples. Attentive clips domi-
nate across all source datasets, which is in line with reality.



Leave-one-dataset-out

Aggregated

Methods Backbone BDD-A DADA-2000 DR(eye)VE CogDrive

Acc. F1 Acc. F1 Acc. F1 Acc. F1
Gaze-only Heatmap-based SVM 6195 0.57 6585 0.64 4939 0.14 66.12 0.64
TimeSformerg4gop  ViT-B/16 60.71 0.62 62.63 0.63 5540 0.55 6535 0.70
Classical TimeSformerggyy ViT-B/16 60.52 0.67 61.89 053 5541 0.61 66.80 0.71
VideoMAExg400 ViT-B/16 5738 0.62 6128 0.60 58.85 0.64 67.21 0.66
Egocentric EgoVideo ViT-B/14 5857 0.65 59.15 0.63 55.65 0.56 6529 0.68
InternVideo2;.1g  ViT-B/14 50.16 045 5051 045 5931 0.58 56.61 0.53
Foundation Video-LLaVA OpenCLIP-L/14 5243 037 52.09 047 5375 0.51 5506 0.55
VideoLLaMA3 ViT-B/16 5486 047 5326 0.38 51.17 039 53.17 045
Gaze w/ images GazeGPT* GLM-4.5V-AWQ 51.00 047 51.81 053 5129 042 51.69 0.48
& Voila-A CLIP ViT-L/14 58.81 0.57 67.68 0.67 5491 045 6281 0.58
GazeVQA CLIP ViT-B/32 59.15 049 5945 047 5197 0.65 67.77 0.68
Gaze w/ videos GazeLLM* Gemini-2.5-Pro 4453 0.02 49.09 0.28 49.14 0.08 4835 0.12
EyeCue (Ours) VideoMAEk400 6095 0.59 6250 0.62 54.67 0.62 70.83 0.68
EyeCue (Ours) TimeSformergggy 65.24 0.71 68.29 0.68 60.20 0.67 74.38 0.74

Table 2: Comparison of accuracy (%) and F1 score between EyeCue and baseline methods. Methods marked with * are training-free models.
Bold and underlined values indicate the best and the second-best results, respectively.
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Figure 3: Clip distribution of CogDrive across various scenarios.

For training, we use all 809 distracted clips and randomly se-
lect 809 attentive clips following the sub-dataset distributions,
then split the data into 70% for training and 30% for testing.

Scenario-Wise Distribution. Fig. 3 illustrates the clip dis-
tribution of CogDrive across four datasets under three com-
plementary conditions: road type, time of day, and weather.
This visualization highlights both intra-dataset composition
and cross-dataset heterogeneity.

5.3 Evaluation Results

Comparison Study. Table 2 reports the accuracy and F1
score (for the distracted class) of EyeCue and 11 compet-
itive baselines from 6 model families evaluated on the full
CogDrive dataset and its sub-datasets. We adopt a leave-
one-dataset-out protocol to assess cross-dataset generaliza-
tion (e.g., training on DADA-2000, DR(eye)VE, and Traf-
ficGaze when evaluating on BDD-A). We do not do leave-
one-dataset-out on TrafficGaze due to its severe class imbal-
ance. Overall, EyeCue achieves the best performance across
all settings. On the full CogDrive dataset, EyeCue with a
pre-trained TimeSformerggoy backbone achieves the highest
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Figure 4: Example of gaze-integrated video preprocessing methods.

accuracy of 74.38% and an F1 score of 0.74, outperforming
all baselines; it also demonstrates strong generalization un-
der the leave-one-dataset-out setting. Notably, models trained
with DR(eye)VE included in the training set generalize better
than those trained on BDD-A or DADA-2000, suggesting that
DR(eye)VE provides more informative samples for cognitive
distraction modeling. In contrast, gaze-only, classical video
methods, egocentric video models, video foundation mod-
els, and gaze-integrated vision approaches all show worse
performance, indicating that spatio-temporal visual model-
ing or gaze cues alone are insufficient. These results high-
light the importance of modeling gaze-context interactions
and demonstrate the strong generalizability of EyeCue.

Gaze-Guided Video Preprocessing. Beyond raw videos,
we explore several gaze-based video preprocessing strategies
(Fig. 4), including dot overlays, heatmap masks, and gaze-
centered cropping. As shown in Fig. 5, heatmap masks per-
form best, achieving the highest accuracy with a medium ker-
nel radius, as they emphasize gaze-attended regions while
preserving surrounding context. Dot overlays offer limited
gains and degrade accuracy when overly salient. Cropping
improves accuracy only within a narrow range of crop sizes,
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Figure 5: Accuracy (%) under different preprocessing methods.

Gaze-based Video Tokens

# of Frames
h=1 h=5 h=9 h =25
8 74.09 72.93 70.04 68.60
16 74.38 73.35 72.11 70.04

Table 3: Accuracy (%) under different number of input frames and
gaze-based video tokens.

reflecting a trade-off between local focus and global context.

Hyperparameter Analysis. We analyze two key hyperpa-
rameters in EyeCue: clip length and the number of gaze-
based video tokens. We compare clip lengths of 8 and 16
frames, and vary the number of gaze-based tokens as h €
{1,5,9,25} to control regional coverage around each fixa-
tion. As shown in Table 3, EyeCue achieves the highest accu-
racy at 74.38% with 16-frame clips and a single gaze-based
token per frame (i.e., h = 1). Overall, 16-frame inputs get
higher accuracy results, indicating the benefit of longer tem-
poral context. In contrast, increasing h leads to a gradual ac-
curacy drop, reaching its lowest value at h = 25. We attribute
this phenomenon to the foveated nature of human vision.
When h = 1, the fixation-centered token corresponds to the
single video patch that contains the gaze point in each frame,
providing a precise representation of the driver’s foveal vi-
sual focus. In contrast, larger h selects multiple surrounding
patches, expanding the representation beyond the fovea and
introducing spatial overlap across frames, which dilutes the
eye cue and weakens gaze-context interactions.

Ablation Study. We conduct an ablation study to analyze
the contribution of each component in EyeCue. The results
are shown in Table 4. Using only the gaze encoder yields lim-
ited performance as 54.13%, while the video encoder alone
achieves 67.53%, highlighting the importance of scene con-
text. Using the GDSQ module alone improves accuracy to
68.80%, suggesting that explicitly modeling gaze—context in-
teractions captures useful information for cognitive distrac-
tion recognition. Direct fusion of the video and gaze encoders
further improves accuracy to 72.31%, indicating that jointly
modeling the two modalities provides complementary cues.
Hence, both GDSQ and direct fusion highlight the impor-
tance of incorporating video and gaze information. Finally,

Gaze v v v v
Video v v v v
GDSQ v v v v
Acc. \ 54.13 67.53 68.80 69.36 70.25 7231 74.38

Table 4: Accuracy (%) of ablation study for EyeCue components.

Scene Time Weather
C H R D E N Su Cl Ra

Clips 368 50 66 366 44 74 253 147 84
Acc. 73.64 76.00 78.79 74.32 61.36 79.73 74.70 72.79 72.62

Table 5: Scenario-wise accuracy (%). “Clips” denotes the number
of samples. C=City, H=Highway, R=Rural; D=Day, E=Evening,
N=Night; Su=Sunny, Cl=Cloudy, Ra=Rainy.

the full EyeCue model, which combines direct multimodal fu-
sion with gaze-context interaction modeling through GDSQ,
achieves the best accuracy of 74.38%. In all settings with
GDSQ, both video and gaze encoders are executed, but their
class tokens may not be used. Overall, these results highlight
the importance of interactions between gaze and context.

Scenario Analysis. We report the scenario-wise accuracy
of EyeCue in Table 5 across different driving scenes, times of
day, and weather conditions. EyeCue performs more reliably
in rural scenarios. This may be because city driving involves
more distracting factors, while the monotonous highway en-
vironment makes the driver’s mind wander. Regarding time
of day, night driving yields higher accuracy, likely because
the scene generally includes fewer visible objects. As for
weather, sunny scenes yield the highest accuracy due to its
better visual quality. Overall, results suggest that the model
generalizes well across diverse real-world scenarios. See fail-
ure cases analysis in the technical report [Zhang et al., 2026].

Additional Evaluation Results. We provide additional de-
tailed confusion matrices, Receiver Operating Characteristic
(ROC), Area Under the Curve (AUC), computational com-
plexity, and gaze noise robustness analysis for EyeCue in the
technical report [Zhang er al., 2026].

6 Conclusion

We propose EyeCue, a gaze-empowered egocentric video un-
derstanding model, to detect the driver’s cognitive distrac-
tion in a non-intrusive way. By explicitly integrating eye
gaze with egocentric video, EyeCue models the interaction
between the driver and the surrounding context. Extensive
experiments show that EyeCue achieves strong performance.
Besides, the CogDrive dataset establishes a new benchmark
for cognitive distraction across diverse driving scenarios.

Despite these advantages, EyeCue has several limitations.
First, the additional datasets used to construct CogDrive are
not originally designed for cognitive distraction analysis,
which may lead to less consistent cognitive cues. Second,
EyeCue may fail in complex driving scenes and poor gaze
data quality situation. Addressing these limitations will fur-
ther improve robustness in real-world driving scenarios.
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