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Abstract

Human-machine interaction technology requires not only
the distribution of human visual attention but also the pre-
diction of the gaze point trajectory. We introduce PILOT,
a programmatic imitation learning approach that predicts
a driver’s eye movements based on a set of rule-based con-
ditions. These conditions—derived from driving operations
and traffic flow characteristics—define how gaze shifts oc-
cur. They are initially identified through incremental syn-
thesis, a heuristic search method, and then refined via L-
BFGS, a numerical optimization technique. These human-
readable rules enable us to understand drivers’ eye move-
ment patterns and make efficient and explainable predic-
tions. We also propose DATAD, a dataset that covers
12 types of autonomous driving takeover scenarios, col-
lected from 60 participants and comprising approximately
600,000 frames of gaze point data. Compared to existing
eye-tracking datasets, DATAD includes additional driving
metrics and surrounding traffic flow characteristics, provid-
ing richer contextual information for modeling gaze behav-
ior. Experimental evaluations of PILOT on DATAD demon-
strate superior accuracy and faster prediction speeds com-
pared to four baseline models. Specifically, PILOT reduces
the MSE of predicted trajectories by 38.59% to 88.02% and
improves the accuracy of gaze object predictions by 6.90%
to 55.06%. Moreover, PILOT achieves these gains with ap-
proximately 30% lower prediction time, offering both more
accurate and more efficient eye movement prediction.

1. Introduction
With the continuous development of autonomous driving,
human-machine interaction(HMI) is becoming a key tech-
nology to improve driving safety, efficiency and user ex-
perience. HMI technology relies on accurately perceiv-
ing and predicting the driver’s state, and driver eye move-
ment is one of the most critical indicators. Predicting
driver visual attention is gaining increasing recognition and
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importance[11, 16, 20]. Accurate prediction of driver’s
gaze trajectory not only helps to understand the driver’s
cognitive state[19, 23] and driving behavior[17, 42], but
also provides important support in a variety of advanced
driver assistance and autonomous driving application sce-
narios. For example, in the intelligent cockpit, eye move-
ment prediction can help the vehicle system to actively ad-
just the information display according to the driver’s at-
tention distribution, and improve the naturalness and re-
sponsiveness of HMI[15, 37, 38]; in advanced driver as-
sistance systems (ADAS), utilizing driver eye movement
information helps distinguish between critical distractions
and natural attention shifts, reducing unnecessary alerts
and improving the accuracy and reliability of the warning
system[5, 39]; In automatic driving systems, eye movement
prediction can be used to assess the driver’s trust in the au-
tomatic driving behavior[2, 41] and adjust the driving style
accordingly, provide accurate auxiliary information in ac-
tive/passive takeover scenarios, and improve the smooth-
ness and safety of HMI.

Eye movement sequences refer to the dynamic patterns
of eye motion during visual information processing, con-
sisting of alternating fixations and saccades, often accom-
panied by micro-movements such as tremors and drifts[24].
In the context of HMI for autonomous driving, predict-
ing driver eye movements requires not only analyzing the
spatial distribution of attention but also tracking its tem-
poral evolution. Unlike static fixation distributions, se-
quential eye movements reveal how attention shifts over
time, providing insights into the driver’s cognitive state and
intent[18]. For instance, in an emergency takeover scenario,
the order and manner in which a driver observes surround-
ing vehicles or stationary objects play a crucial role in a
successful response. If a driver struggles to quickly identify
potential hazards, a stronger and clearer alert is necessary.
Conversely, if the hazard is readily detected, the ADAS can
delay or suppress alerts to minimize unnecessary distrac-
tions.

Despite significant progress in gaze point prediction[6,
10, 14, 22, 34, 46, 48], several challenges remain. (1) Lack
of temporal consistency: Most existing methods rely on
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saliency prediction based on single-frame image features,
failing to capture the temporal continuity of eye move-
ments. While some approaches incorporate optical flow or
neural networks with temporal structures (e.g., RNNs[21],
LSTMs[47]) to model dependencies between frames, they
primarily focus on feature extraction rather than explic-
itly constraining the consistency of predicted gaze trajec-
tories. As a result, these methods struggle to accurately
reflect the dynamic shifts in driver attention, limiting their
applicability in HMI scenarios. (2) Insufficient integra-
tion of dynamic context: Traditional gaze prediction mod-
els often depend solely on static visual information, over-
looking critical dynamic factors such as vehicle interac-
tions and driving tasks. These elements significantly in-
fluence eye movements but are difficult to capture from a
single image or a small set of frames[3, 10]. In autonomous
driving, however, such real-time contextual data is readily
available and should be leveraged[8, 44]. (3) Lack of in-
terpretability: Most gaze prediction models rely on deep
neural networks, treating gaze distribution as a black box.
This limits their utility in designing effective HMI strate-
gies, where interpretable eye movement patterns are crucial
for system adaptation. (4) Slow response to environmental
changes: Some 3D convolutional models exhibit latency
ranging from 0.2 to 0.64 seconds [3, 34], referring to the
delay from the moment a frame is input until it is fully pro-
cessed and utilized for gaze prediction. At highway speeds
(e.g., 90 km/h), this delay translates to a travel distance of
5 to 19 meters—potentially lead to untimely HCI system
responses to risks, triggering serious consequences.

Many researchers have released publicly available driver
attention datasets[10, 22, 46], but these datasets still have
certain limitations that restrict their usability in real-world
applications: (1) Limitations of data collection methods:
Some datasets rely on participants watching driving video
replays to collect eye-tracking data. However, this method
prevents natural interaction with the environment, poten-
tially leading to distorted eye-tracking results. (2) Safety
constraints in real-world experiments: Some datasets,
such as DR(eye)VE, collect data through real-world driv-
ing experiments, ensuring higher authenticity. However,
due to safety concerns, these experiments are limited to
low-risk driving scenarios, excluding critical high-risk situ-
ations. Notably, 23.9% of autonomous driving accidents are
caused by driver takeover failures[29], yet currently avail-
able drivable datasets primarily focus on safe driving con-
ditions, making them unsuitable for studying safety-critical
human-machine interactions in autonomous driving. (3)
Lack of eye-tracking data in exploratory scenarios: In
many experiments, participants remain highly focused un-
der the guidance of researchers throughout the study. As
a result, these datasets fail to capture eye movement pat-
terns associated with humans rapidly “exploring” an un-
familiar environment from scratch. This makes them un-
suitable for human-machine interaction studies, particularly
those focusing on eye-tracking during emergency takeover
situations in autonomous driving.

Figure 1. We extract the screen seen by the driver from the dataset,
perform instance segmentation, and restrict the instances to which
the driver’s gaze point can move to. Using the PILOT model, an
rule-based eye movement prediction framework, we predict the
next driver eye movement based on instance features and map it
to the original image to visualize the possible distribution of gaze
points.

To address the above problems, our contributions can
be summarized as follows: (1) We employ programmatic
imitation learning to model sequential eye movements as
programmable and verifiable rule-based expressions, en-
abling interpretable predictions and efficient inference
while ensuring temporal consistency under a Markov De-
cision Process (MDP) framework. (2) We utilize instance
segmentation to constrain eye movement within meaningful
object boundaries, filtering out irrelevant distractions and
ensuring that attention prediction focuses on critical risk-
related elements. (3) By integrating driver behavior data
and surrounding traffic flow information, our approach
significantly enhances attention prediction accuracy, out-
performing four baseline models. (4) Using a high-fidelity
driving simulator, we conduct the first large-scale collec-
tion of driver gaze behavior during emergency takeovers in
autonomous driving, introducing DATAD. It is a more real-
istic and comprehensive dataset, specifically designed for
human-machine interaction research in autonomous vehi-
cle scenarios. Dataset is available at https://github.
com/OOPartsfili/DATAD-driver-attention-
in-takeover-of-autonomous-driving.

2. Related Works

Visual Attention Prediction: Using neural networks to
map image features onto saliency maps for attention pre-
diction is currently the mainstream research approach. Re-
cently, several outstanding studies have attempted to incor-
porate spatiotemporal dependencies into prediction mod-
els to enhance performance. For example, MTSF[14] em-
ploys a dual-backbone network combining 2D and 3D con-
volutions to extract spatiotemporal features of the driving
scene, simulating the driver’s perception accumulation and
decision-triggering process. Compared to methods that
consider only single-frame images, this approach signifi-
cantly improves attention prediction accuracy. Similarly,
FBLnet[6] draws inspiration from closed-loop control the-
ory in cybernetics, abstracting the driver’s bottom-up per-
ception of images as an accumulatable knowledge quan-
tity, which is then integrated into the model’s parameter up-
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dates. This allows the model to leverage inter-frame corre-
lations to enhance gaze prediction. However, such efforts
still fall short of directly explaining the logical changes in
gaze shifts between frames, and most of them suffer from
systematic delays. For instance, 3D convolutions require
the accumulation of multiple time steps to form a spatiotem-
poral representation[36, 45], while optical flow-based mo-
tion estimation typically depends on computations across
multiple consecutive frames[27]. These processing delays
pose significant challenges for models in high-temporal-
sensitivity tasks, such as real-time driving scenarios, where
any delay can severely impact driving safety[30, 35].

Imitation Learning: Learning human visual attention
patterns from real gaze trajectories can be framed as an imi-
tation learning problem[33]. Several classic imitation learn-
ing methods, including Inverse Reinforcement Learning
(IRL[7]), Generative Adversarial Networks (GANs[26]),
and Behavior Cloning(BC), have been applied to eye move-
ment prediction[1, 3, 6, 22]. MEDIRL[3] employs Max-
imum Entropy Deep Inverse Reinforcement Learning to
model driver eye movements as state-action pairs. Rather
than directly predicting fixation points, it guides high-
resolution regions to move across the scene, simulating
foveal vision. As a result, its output is essentially a saliency
map rather than eye movement sequences. PathGAN[1]
leverages GAN-based adversarial training to generate hu-
man gaze scan paths. However, it focuses on the sequen-
tial scanning of fixation points on static images, making it
unsuitable for dynamic scenes or real-world driver interac-
tions. GRIL[32] applies behavior cloning with gaze regular-
ization to predict both the eye fixation points and control ac-
tions of UAV operators. By using predicted control actions
from homogeneous data, it improves the accuracy of gaze
prediction, but it also predicts the eye gaze points rather
than the eye movements. Additionally, most of these meth-
ods, including MEDIRL, PathGAN, and GRIL, encapsulate
reward or discriminator functions as black boxes, limiting
their interpretability.

Driving Datasets with Visual Attention Information:
DR(eye)VE[22], BDD-A[46], and DADA[10] are among
the primary datasets for studying driver visual attention dis-
tribution in traffic environments. As analyzed earlier, these
datasets have notable limitations in autonomous driving.
Additionally, while these datasets provide images and gaze
point coordinates, they lack surrounding traffic flow infor-
mation beyond the foreground, as well as driver behavior
data, both of which are crucial for comprehensive Visual
Attention prediction in dynamic driving environments.

3. Method

3.1. Overview

Our work can be summarized as F = N (I,D, T ), where
the input consists of the raw image I , driving data D, and
surrounding traffic data T , and the output is the visual atten-
tion prediction F , as shown in Fig. 1. The process involves
semantic feature extraction from the raw image, capturing

driving and surrounding vehicle features, feature fusion, im-
itation learning of driver eye movement pattern, and finally,
visual attention prediction.

3.2. Semantic Feature Extraction Module

Semantic features. Semantic features are denoted as
IISM,x, IISM,y = NISM (I). The goal of this step is to
process the raw input image I using instance segmenta-
tion (IS) to extract foreground features IIS . These features
encode the center coordinates (xi, yi) of interactive vehi-
cles and static obstacles in the scene, which contain crit-
ical and interpretable semantic information. We conduct
our experiments in a simulated driving environment built on
CARLA[9] (detailed in Supplementary Material S-1). To
achieve instance segmentation, we employ YOLOv8[40],
a widely used object detection model in traffic image pro-
cessing. To further optimize segmentation accuracy, we
fine-tune YOLOv8 using CARLA-generated images with
ground-truth instance segmentation labels.

We explored two methods to quantify vehicle positions
in the foreground. The first approach extracts the center
coordinates of all vehicle segments detected in the fore-
ground. However, we observed that some small segments
were in close proximity to each other. As illustrated in
Fig. 2, a vehicle farther from the ego vehicle (Carfar) is al-
most entirely occluded by a closer vehicle (Carclose). Due
to the peripheral vision effect[25, 28, 43], a driver focus-
ing on Carclose is likely already aware of Carfar in their
peripheral vision. Consequently, gaze transitions between
Carclose and Carfar are less likely to occur, meaning that
drivers are unlikely to fixate on each vehicle separately. If
Carclose and Carfar are treated as independent objects,
the trained gaze prediction model may fail to accurately
capture the eye movement sequences (as further analyzed
in Sec. 5.2). To address this issue, we adopt a second ap-
proach: if two or more vehicle segments are connected, we
treat them as a single entity(IISM = NM (IIS)) and extract
a unified center coordinate, denoted as IISM,x, IISM,y =
Ncoor(IISM ).

Figure 2. Schematic Diagram Considering the Effect of Peripheral
Vision

Driving Feature. Driving features are denoted as
D(positionego, steer, brake, acc) = N (sensor).In highly
interactive scenarios, there is a strong correlation between
a driver’s operational behavior and their eye movemet pat-
terns. For example, in cases of hard braking versus
gentle braking, different eye movement patterns corre-
spond to variations in the driver’s decision-making pro-
cess. To account for this, we incorporate key driv-
ing features—including position of ego car driven by the
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driver(positionego), steering wheel angle (steer), brake
pedal position (brake), and accelerator pedal position
(acc)—into the model for training. These features are col-
lected from vehicle-mounted sensors in real-time.

Surrounding Vehicles Feature. Driving features are de-
noted as T (disti, Vi, ai, θi) = N (Carla/Lidar) .The dy-
namic traffic environment significantly influences a driver’s
eye movement patterns. Specifically, a driver’s visual at-
tention is often directed toward nearby traffic objects that
are relevant to their driving decisions. This effect is par-
ticularly pronounced in high-speed or complex traffic sce-
narios, where changes in surrounding traffic flow impact
driving decisions and, consequently, eye movements pref-
erences.To capture these effects, we utilize the Carla-UE4
simulation platform to directly extract the positions (disti)
,velocities (Vi) ,accelerations (ai) and yaw angles (θi) of
surrounding vehicles. These features are then incorporated
into our model for training. In real-world driving scenar-
ios, such data can similarly be obtained in real time through
specialized autonomous driving sensors.

3.3. Programmatic Imitation Learning Module: PILOT

For ease of reference, we name the proposed model PI-
LOT (Programmatic Imitation Learning for Ocular Track-
ing). This work can be summarized as AIL =
πIL(D,T,A), i.e., fPILOT : S × A πIL→ A. Unlike pre-
vious end-to-end approaches, we are inspired by a recent
imitation learning method[12, 49] and model the eye move-
ment prediction problem as an imitation learning problem
within the Partially Observable Markov Decision Process
(POMDP) framework. The input to the model consists
of foreground semantic features, driving features, and sur-
rounding vehicle features. The core of the model employs
Programmatic Imitation Learning to derive the policy πIL

for predicting high-level eye movement actions (e.g., sac-
cades to the left). The model’s output is the current action
at time t, given the current state and the previous action at
time t-1.

Action Space. Considering that in the driver’s fore-
ground view, most vehicles are searched via left-right sac-
cades, while vertical movements primarily serve as aux-
iliary functions, we focus on lateral scanning behavior.
Thus, the model’s action space is defined as {STAY, LEFT,
RIGHT}, representing gaze fixation on the current object,
shifting gaze to the left object, and shifting gaze to the right
object, respectively.

State Space. The state space of the model is encoded as
four types of gaze objects and their attributes, including: the
distance, speed, and heading angle of the driver’s current
gaze object, the gaze object to the left of the current gaze
object, the gaze object to the right of the current gaze object,
and the attributes of the main vehicle itself. If one of the
above four types of objects is a static object (e.g., a road, a
tree, etc.), its attributes will be 0 accordingly. This design is
intended to capture the driver’s dynamic perception of the
surrounding environment, reflecting the difference between
static and dynamic objects.

Figure 3. Model Training Principles. The model is iterated in an
EM loop, sampled using a particle filter in the E-step, and synthe-
sised into a suitable strategy in the M-step.

Model training methods. The model training pro-
cess follows the general POMDP framework M =
⟨S,A, T,R,Ω, O, γ⟩, as shown in Fig. 3. The pro-
posed model is iteratively trained using an Expectation-
Maximization (EM) loop. In the E-step, rather than design-
ing a complex reward function R, we use rule expressions
to replace it and apply standard particle filtering to obtain an
action sequence A via pre-sampling. This circumvents the
difficulty of defining an explicit reward function. The ob-
servation model (detailed in Algorithm 1) then weights and
resamples the sampled particles, assigning higher weights
to action sequences that align more closely with actual ob-
served data. In the M-step, we perform enumeration search
within the policy space to identify an appropriate policy
sketch. A policy sketch is a logical rule formed by certain
features within the policy space combined with arithmetic
operators, including unknown real-valued parameters. For
example, the rule:Vleft car − Vego car > τ is a typical pol-
icy sketch describing the environmental condition where the
driver looks left, meaning the left vehicle is moving faster
than the ego vehicle. The policy space consists of all possi-
ble rule combinations formed by policy sketches and logical
operators.

To ensure the model maintains high fitting ability, each
policy sketch is encapsulated within a logistic function
shell, where two parameters of the logistic function are
optimized numerically to best describe the sampled action
sequences. Specifically, policy sketch search employs an
incremental heuristic search algorithm with local search
and mutation (see Supplementary Material S-2), and Line
Search Gradient Descent(L-BFGS) is used for numerical
optimization.

The logistic function is defined as:

f(x) =
1

1 + e−k(x−x0)

, where k is a smoothing parameter and x0 is an offset. The
numerical optimization objective function is:

π
(k+1)
IL = arg max

πIL∈N(π(k)
IL )

N∑
i=1

logP (Ai
1:t | D1:t, T1:t, πIL)

+ logP (πIL)

To prevent overfitting during rule synthesis, we introduce
a regularization term in the loss function, in addition to the
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standard log-likelihood lossLlikelihood. The final loss func-
tion is:

Ltotal = −
N∑
j=1

[yj log f(Ej) + (1− yj) log(1− f(Ej))]︸ ︷︷ ︸
Llikelihood

+ complexity × λcomplexity × Llikelihood + λbase︸ ︷︷ ︸
Lprior

, where yj is the label of the j-th sample (1 for positive,
0 for negative), Ej represents the computed feature values,
and f(Ej) is the logistic regression output.

Based on debugging experience, setting λcomplexity =
0.02, λbase = 0.0005 provides a good balance between
model complexity and performance.

Algorithm 1 The PILOT Helper Function
1: function FEATURES ENCODER(I , sensor)
2: IIS ← instance-segmentation(I) ▷ Extract traffic participants
3: IISM ← selective-merge(IIS) ▷ Merge certain instances
4: IISM,x, IISM,y ← coordinate(IISM ) ▷ Get instance center

points
5: object← Nobject(IISM , IISM,x, IISM,y) ▷ Compute

object-related features
6: positionego, steer, brake, acc← driving-features(sensor)
7: D ← (positionego, steer, brake, acc)
8: dist, V, a, θ ← traffic-features(object, positionego)
9: T ← (dist, V, a, θ)

10: return object, D, T
11: end function
12: function POLICY EXECUTION(object, D, T )
13: A← πIL(object, D, T ) ▷ Compute action using rule-based

policy
14: return A
15: end function
16: function OBSERVATION MODEL(object, now object, A)
17: left-object, right-object← get-near-object(object, now object)
18: (x, y)← (Default(0),Default(0))
19: if A = STAY then
20: (x, y)← (now-object.IISM,x, now-object.IISM,y)
21: else if A = LEFT then
22: (x, y)← (left-object.IISM,x, left-object.IISM,y)
23: else if A = RIGHT then
24: (x, y)← (right-object.IISM,x, right-object.IISM,y)
25: end if
26: return (x, y)
27: end function
28: procedure PREDICT MODEL(object, A)
29: for i← 1 to 10 do
30: Ai ← POLICY EXECUTION(object,D, T ) ▷ Sampling 10

times
31: end for
32: for each Ai in sampled A do
33: end for
34: end procedure

Output eye movement and attention distribution pre-
diction. In this phase, predictions are made using the
trained Rule Base, and final attention visualization is per-
formed, i.e., F = Nmerge(IIS , AIL). At each time step,
we sample according to the action transition rules in the
Rule Base and shift the gaze point among multiple instance
targets based on the sampled action, as shown in Fig. 4.
Then, Gaussian kernel smoothing is applied to generate a

Figure 4. Model Inference Method

Algorithm 2 The PILOT Training Algorithm
Require: Driving operation data D, surrounding traffic flow data T , in-

stance center coordinates (IISM,x, IISM,y), eye movement trajec-
tory F̄ , observation model O, initial policy π(0), convergence thresh-
old γ

Ensure: Probabilistic eye movement selection policy π∗

1: k ← 0
2: while likelihood(D,T, (IISM,x, IISM,y), F̄ , O, π(k)) ≤ γ do
3: {A(i)

1:t}Ni=1 ← run-Particle-Filter(D,T,

(IISM,x, IISM,y), F̄ , O, π(k)) ▷ E step
4: π(k+1) ← synthesize-Program(π(k), D, T,

(IISM,x, IISM,y), {A
(i)
1:t}Ni=1) ▷ M step

5: k ← k + 1
6: end while
7: return π(k)

Figure 5. The process from action sequences to heatmaps

heatmap, making the visualization similar to previous stud-
ies, as shown in Fig. 5.

It is important to note that in our method, generating the
saliency map and performing Gaussian kernel smoothing as
intermediate variables is not necessary. Compared to tradi-
tional methods, we can directly combine instance segmen-
tation results with actions predicted by the PILOT module
to obtain predicted gaze points or obtain attention distribu-
tion through multiple samples, thereby achieving efficient
eye movement prediction.Bypassing the heatmap is benefi-
cial as it not only enhances speed but also makes it easier to
evaluate prediction results[31].

4. DATAD (Driver Attention in Takeover of
Autonomous Driving) Dataset

In this study, we introduce DATAD, a dataset designed
specifically for human-machine interaction in autonomous
driving scenarios. DATAD captures driver gaze behavior,
operational inputs, and surrounding traffic dynamics during
emergency takeovers of autonomous vehicles. Understand-
ing driver attention allocation in such scenarios is essential
for refining takeover strategies, improving safety, and re-
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ducing accident rates. As a result, DATAD provides valu-
able insights for enhancing the safety of autonomous driv-
ing systems.

Compared to existing driver gaze datasets, DATAD of-
fers several unique advantages. First, unlike previous
datasets that primarily collect gaze data from video replays,
DATAD allows participants to directly drive the vehicle
within a high-fidelity driving simulator, ensuring a more
accurate representation of real-world eye movement pat-
terns. Second, DATAD specifically focuses on emergency
takeover scenarios, whereas most existing datasets primar-
ily cover routine driving tasks, lacking representation of
high-risk driving conditions. We designed realistic emer-
gency takeover scenarios based on the CARLA simulator,
allowing participants to engage in actual driving experi-
ments using a high-fidelity driving simulator. This simu-
lator consists of a large-scale projection screen and a full-
scale vehicle rig, equipped with a steering wheel, acceler-
ator, brake pedal sensors, and an eye-tracking system, as
shown in Fig. 6. (For more details, see Supplementary
Material S-1).

Figure 6. Experimental Setup

This study extracted four major takeover scenarios
from the California Autonomous Vehicle Disengagement
Reports[29]: front accident, non-motorized vehicle cut-in,
road construction ahead, and intersection conflict. To pre-
vent participants from forming expectations about risk pat-
terns due to repeated scenarios, We designed 12 distinct
sub-scenarios within these categories, varying vehicle dis-
tributions and interactions. (see Supplementary Material S-
1 for scenario illustrations).

We recruited 60 participants (22 females, 38 males, aged
21–48). Their driving operations and eye movements were
meticulously recorded. The DATAD dataset contains over
600,000 frames of eye movement data from takeover events,
with each frame capturing an average of 4.3 vehicles in
the foreground, covering complex driving behaviors such
as overtaking, lane changing, hard braking, and evasive ma-
neuvers.

As shown in Table 1, to comprehensively evaluate
DATAD, we introduced key metrics to assess the dataset’s
diversity and richness. Emergency Takeover Scenario indi-
cates driver takeover events, while Collision-POV specifies
whether collisions are recorded from the driver’s perspec-
tive. Position denotes vehicle location availability, #Vehi-
cles represents the average visible vehicles per scenario,
#Frames reflects dataset scale and usability, and #Partici-
pants indicates the number of drivers included.

5. Experiment
5.1. Experimental Case

When training the eye movement prediction model PI-
LOT, different individuals exhibit significant variations in
eye movement patterns, whereas a single individual’s eye
movement patterns remain relatively stable over a short
period[13]. Therefore, during model training, we processed
each subject’s data separately. This subsection takes Sub-
ject 1 as an example. We input 22 features into the model, of
which 14 features were used to synthesize strategy sketches,
constructing 93 basic structures of strategy sketches. These
sketches were combined with logical connectors (AND,
OR, NOT) to form a rich rule model space. The training
results show that out of the 14 features used for sketch syn-
thesis, 10 features were activated in the final rule generation
process. The specific definitions and usage of these features
can be found in Supplementary Material S-2.2.

The model exhibited good convergence signs after 18 it-
erations in the EM loop, as indicated by the stabilization of
the sketch structure in the later iterations, with only minor
parameter adjustments.

A typical result and its corresponding explanation are as
follows:

IFLogistic
(
fixation obj yaw − ego vehicle yaw,

− 2.093,−2.529
)
∧ Logistic

(
brake, 1.035, 38.272

)
∧
(
action pre = STAY

)
THEN action now = LEFT

, where Logistic(x0, k). This rule indicates that for Sub-
ject 1, if the relative yaw angle of the lead vehicle shows
a leftward trend and the ego vehicle exhibits a braking in-
tention, the driver’s gaze shifts to the left. Among these
conditions, the yaw angle relationship is a stronger factor
(as the absolute values of k and x0 are small, making this
condition sensitive to slight changes), whereas the brake
pedal engagement is a weaker factor (as k has a large ab-
solute value and x0 is slightly beyond the maximum value
of 1). Through such expressions, we describe Subject 1’s
eye movement habits.

5.2. Evaluation Metrics and Comparative Experiments

We compared our PILOT model with four state-of-
the-art models—DRIVE[4], DBVM[34], PGNet[48], and
DR(eye)VE[22]—on the proposed DATAD dataset.

Qualitative Evaluation. In an urban road driving sce-
nario, we selected three key frames as shown in Fig. 7.
Our PILOT model accurately predicted the driver’s atten-
tion shift from looking straight ahead to focusing on an
approaching vehicle on the right. Other models, however,
exhibited deviations such as attention dispersion, excessive
focus on distant objects, or incorrect fixation on irrelevant
areas.

Quantitative Evaluation. Since our dataset is derived
from a driving simulator, where driver behaviors vary, indi-
vidual drivers’ gaze points cannot simply be overlaid onto



Dataset
Emergency Takeover

Scenario
Drive

Behavior Collision-POV Position #Vehicles #Frames #Participants

DR(eye)Ve[22] × ✓ × ✓ 1.2 555k 8
BDD-A[46] × × × × 4.1 318k 45

DADA-2000[10] × × ✓ × 1.9 658k 20
Ours(DATAD) ✓ ✓ ✓ ✓ 4.3 600k 60

Table 1. Comparison of Key Metrics Between Our DATAD Dataset and DADA[10], BDDA[46], DR(eye)VE[22]

Figure 7. Qualitative comparison of our method (i.e, PILOT) with baselines (i.e., DRIVE[4] , DBVM[34], PGnet[48] and DR(eye)VE)[22].

the same image. As a result, each frame contains only one
real gaze point (ground truth). Therefore, we focus on pre-
dicting single gaze points accurately rather than the shape
of the predicted distribution. We use Mean Squared Error
(MSE) , as well as Average Hit Rate and At-Least-Once Hit
Rate to measure the accuracy of the predicted gaze trajec-
tory. These metrics eliminate the need for Gaussian kernel
size tuning, making the evaluation process more intuitive
and efficient. For each model’s predicted saliency map, we
sample the 10 most salient points, and for our own model,
we sample 10 action transitions.

MSE: Measures the average squared error between the
predicted and actual gaze trajectory.
MSE = 1

N

∑N
i=1

(
(xpred

i − xGT
i )2 + (ypredi − yGT

i )2
)

Average Hit Rate: Measures the overlap between pre-
dicted gaze points and the actual gaze area. It ranges from
0 to 1, indicating the proportion of predicted points that in-
tersect with the actual gaze area.

Average Hit Rate =
∑N

i=1 1(P
pred
i ∩PGT ̸=∅)
N

At-Least-Once Hit Rate: Determines whether at least
one predicted point falls within the actual gaze area in a
given frame. The final value is the average across all frames.
At Least Once Hit = 1

(⋃N
i=1(P

pred
i ∩ PGT ̸= ∅)

)
At Least Onec Hit Rate =

∑F
f=1 At Least One Hitf

F

Tab. 2 show that the proposed PILOT model not only
outperforms several baseline models in prediction accuracy
but also explicitly provides sequential eye movement tran-
sitions, which other models do not.

Tab. 3 show that from the input image to the output
saliency map, PILOT was another 30% faster than the pre-
viously fastest DBVM, even though our model was running
on a much less resourced device at the time of comparison.

5.3. Evaluation Metrics and Comparative Experiments

Using Subject 1’s model as an example, we sequentially re-
moved the ten activated features and observed that all mod-

Model & Frame Rate MSE
per Frame

Average
Hit Rate

At-Least-
Once

Hit Rate

SalM2 60fps[50] 1,033,065 81.82% 90.07%
PGNet 60fps[48] 1,055,746 74.73% 96.08%
DRIVE 30fps[4] 5,294,155 33.66% 67.33%
DVBM 60fps[34] 1,091,469 69.56% 69.70%

DR(eye)VE 60fps[22] 1,265,572 63.02% 63.17%
DR(eye)VE 25fps[22] 1,146,465 67.79% 68.09%

Ours(PILOT) 634,401 88.72% 95.50%

Table 2. Overall, our model is more accurate than the four base-
line.

Model AIPF Device Used

SalM2-60fps[50]

919.8ms
(full pipeline)

341.9ms
(saliency only)

16vCPU+120GB
+RTX4090(24G)

PGNet-60fps[48] 116.7ms
12 vCPU+vGPU(32GB)

+90GB RAM
DRIVE-12fps[4] 945.2ms 16 vCPU+120GB RAM
DRIVE-30fps[4] 934.8ms 16 vCPU+120GB RAM
DBVM-60fps[34] 103.3ms 16 vCPU+120GB RAM

DR(eye)VE-60fps[22] >1min 16 vCPU+120GB RAM
DR(eye)VE-25fps[22] >1min 16 vCPU+120GB RAM

Ours(PILOT)-60fps 68.5ms 12 vCPU+32GB RAM

Table 3. Comparison of predicted time spent. Our inference is
faster than several of the baseline models, and in addition, all of
the compared models are neural network models, and thus have
greater resource requirements than our model.AIPE means Aver-
age Inference Time per Frame

els with removed features performed worse than the original
model, demonstrating the rationality of the feature selection



Removed
Features

MSE
per Frame

Average
Hit Rate

At-Least-Once
Hit Rate

original model 634,401 88.72% 95.50%
fix obj speed 718,895 86.78% 92.33%
left obj speed 881,046 85.42% 93.83%

right obj speed 1,335,560 82.55% 93.33%
right obj distance 1,607,912 79.42% 91.67%

ego car yaw 1,628,406 79.87% 93.00%
ego car speed 1,701,531 78.92% 91.00%
fix obj yaw 1,710,738 78.92% 93.67%

fix obj distance 1,886,865 77.65% 93.67%
brake 1,972,310 78.54% 94.66%

left obj distance 2,915,135 68.75% 93.67%

Table 4. Changes in 3 indicators after removal of a feature, in
descending order of influence

Removed features
MSE per

Frame
Average
Hit Rate

At-Least-
Once

Hit Rate

Selectively Merging
Some Vehicles

(Our final solution)
634,401 88.72% 95.50%

Extracting All Vehicles 2,511,482 72.13% 95.82%

Table 5. selectively merging some vehicles VS extracting all vehi-
cles in 3 indicators

and combination, as shown in Tab. 4.
As discussed in Sec. 3.2, we found that indiscriminately

extracting all vehicles as potential gaze targets was inappro-
priate, as drivers rarely shift their gaze between two closely
positioned and overlapping objects. Including such objects
prevents the model from correctly learning the driver’s eye
movement strategies. The correct approach is to consider
the effects of human peripheral vision, as humans perceive
all objects within a certain range around their fixation point,
as shown in Tab. 5.

6. Limitation and Future Work

Our rule derivation, dependent on selected features and
heuristic tuning, may limit generalization, while our
takeover scenarios might not capture all high-risk condi-
tions, requiring broader real-world validation. We will ex-
pand data collection for more diverse eye movements, refine
rule derivation for greater adaptability.

7. Conclusion

We introduce PILOT, a novel driver eye movement predic-
tion model based on a programmatic imitation learning ap-
proach. The model overcomes the limitations of traditional
saliency prediction models, which often lack temporal con-
sistency, interpretability, and computational efficiency. Ad-
ditionally, we propose DATAD, the first driving and eye-

tracking dataset collected in a high-fidelity driving simu-
lator, specifically designed for emergency takeover scenar-
ios in autonomous vehicles. Evaluation results on DATAD
show that our model outperforms four baseline models in
terms of accuracy, prediction correctness, and prediction
speed. These advancements hold great potential for enhanc-
ing human-machine interaction applications in autonomous
driving and related fields.
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