Modeling Driving and Visual Perception through Computational

Alexander Lingler
Intelligent User Interfaces Group
Interdisciplinary Transformation

University
Linz, Austria
alexanderlingler@it-u.at

Helena Anna Frijns
Intelligent User Interfaces Group
Interdisciplinary Transformation

University
Linz, Austria
helena-anna.frijns@it-u.at

Rationality

Martin Lorenz
ScaDS.AI
Leipzig University
Leipzig, Germany
lorenz@cs.uni-leipzig.de

Bernd Resch
GeoSocial Artificial Intelligence
Group
Interdisciplinary Transformation
University
Linz, Austria
bernd.resch@it-u.at

Philipp Wintersberger
Intelligent User Interfaces Group
Interdisciplinary Transformation

University
Linz, Austria
philipp.wintersberger@it-u.at

Arezoo Sedghi
GeoSocial Artificial Intelligence
Group
Interdisciplinary Transformation
University
Linz, Austria
arezoo.sedghi@it-u.at

Patrick Ebel
Computational Interaction Group
Hasso Plattner Institute, University of
Potsdam
Potsdam, Germany
patrick.ebel@hpi.de

l action: move gaze

@ True Environment

€®) Vision Agent f

(o]

Internal Environment

gaze position

v

update based on

Position Probability Distribution
and Observable Objects

Pixel Stream

r l o

action: steer & accelerate car

[@ Driving Agent ]‘—

Figure 1: We propose a computational-rational dual-agent model with both a driving and a vision agent, implemented in a
dynamic Unity scene. The vision agent can observe the true environment, and updates the probability distribution over the
car’s future position, which is used by the driving agent. Moreover, the vision agent updates the target lane and target speed
based on observation. For the vision agent, the pixels in the foveal region are sharp, while the pixels outside are blurred.
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Abstract

Drivers’ attention allocation plays a critical role in traffic safety, as

driving requires the coordination of attention and control under

uncertainty. Thus, predicting driving and gaze behavior is essential
for automotive interfaces and intelligent vehicle systems. However,
prior models typically treat gaze and driving behavior in isolation,
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failing to capture their interdependence. Consequently, we present
a computational-rational model that jointly captures visual scan-
ning and driving. A vision agent allocates gaze to update a belief
state, which informs a driving agent controlling driver behavior.
The model is based on first principles, modeling vision and eye-
movement timing. We evaluated the model in a lane-change task
with eye tracking, comparing agent and human behavior. Results
show that the model attends to task-relevant regions and shows
driving behavior closer to human trajectories when relevant infor-
mation is sampled. This work contributes a unified, interpretable
framework for modeling perception-action coupling in driving un-
der partial observability.

CCS Concepts

« Human-centered computing — HCI theory, concepts and
models; Laboratory experiments; « Computing methodologies —
Agent/ discrete models; » Theory of computation — Reinforcement
learning.
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1 Introduction

Drivers’ visual attention allocation plays a critical role in traffic
safety. Research has shown that while engaging in cognitively
demanding secondary tasks, drivers also adjust their gaze behav-
ior [32]. However, taking the eyes off the road while driving signif-
icantly increases crash risk [4, 17]. Furthermore, visual perception
can be seen as the primary gateway through which situation aware-
ness [7] is formed and maintained. In driving, most task-relevant
information is acquired visually, making perception the founda-
tion for understanding the current situation and anticipating how
it will evolve. Accordingly, the ability to model and predict both
drivers’ gaze and their resulting driving behavior presents various
opportunities for (1) better understanding driver behavior and for
(2) improving automotive user interfaces and intelligent vehicle
systems, making them not only safer but also more usable [5].

First, predictive models can fundamentally change how automo-
tive user interfaces are designed and evaluated. Today, new interface
concepts are predominantly assessed through empirical user stud-
ies, which are costly, time-consuming, and difficult to scale across
the vast design space of modern vehicles [6]. In contrast, models of
driver behavior, visual attention allocation, and multitasking open
up the possibility of rapid, low-cost evaluation early in the design
process [26]. Accordingly, such computational models can serve
as an effective complement to user studies by enabling iterative
prototyping, narrowing down design alternatives, and informing
more targeted and efficient empirical investigations [30].
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Second, predictive models of driver and gaze behavior could be
a key enabler for the next generation of intelligent vehicle systems
that collaborate seamlessly with their users. Rather than treating
driver behavior as static, systems that incorporate an accurate
model of the human driver can leverage behavioral predictions to
anticipate driver needs, adapt to individual driving styles [39], and
time interactions in a context-sensitive manner [35]. For example,
notifications and warnings could be scheduled based on the driver’s
current attentional state, or assistance systems could proactively
compensate for anticipated lapses in attention [40, 41]. Such capa-
bilities are central to designing vehicles that are not only safer, but
also more intuitive, less intrusive, and ultimately more aligned with
human capabilities and limitations.

Data-driven approaches, such as models predicting the visual
demand of in-vehicle interactions or driver distraction from ve-
hicle data, have shown promise for evaluating automotive user
interfaces and predicting driver behavior and multitasking [5, 15].
However, their utility can be limited by reduced interpretability and
dependence on large, task-specific datasets, which may constrain
generalizability across novel design conditions [26].

In contrast, computational rationality (CR) [9, 31] offers a prin-
cipled alternative by modeling human behavior as the optimal
behavior under environmental, task, and cognitive constraints. In
practice, this entails specifying the task goals, available actions,
uncertainty, and human-like bounds on perception, motor control
or memory, and deriving a policy that predicts behavior under
these constraints. This first-principles approach provides both ex-
planatory power and predictive capability, making it particularly
attractive for modeling human interaction behavior [31]. While CR
has led to successful models of visual attention and decision-making
in HCI [10, 27, 36, 42], its application to driving remains limited.
Notably, existing approaches are based on abstract representations
of the driving environment [11, 12] and treat vehicle control and
eye movement behavior in isolation, failing to capture how drivers
actively coordinate perception and action in a closed-loop, dynamic
environment under uncertainty.

In this work, we address this gap by introducing a CR model that
jointly accounts for visual attention and vehicle control in a high-
way driving task. We propose a dual-agent formulation in which
a driving agent and a vision agent are coupled: the driving agent
selects driving actions under partial observability based on a belief
state, while the vision agent actively updates this belief through
gaze allocations over a dynamically changing driving scene. By in-
tegrating foveated vision and biologically grounded models of eye
movements, our approach captures key constraints of human visual
processing. We evaluated the model in a controlled lane-switching
task with eye tracking, comparing both driving performance and
gaze behavior between agents and human participants. Through
this, we demonstrate how computational rationality can serve as a
unifying framework for modeling the interplay between perception
and action in driving. Specifically, we make the following contribu-
tions:

e We implemented the Daimler lane change task [29] in an
endless highway simulation in Unity that supports config-
urable path lengths, road signs, target speeds, and target
lanes. The environment provides task-relevant measures,
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such as the distance to the next target speed and target lane.
It integrates the computational-rational models described
later, and is publicly available on GitHub!.

e We introduce a computational-rational dual-agent driving
model in which a vision agent actively controls gaze over a
dynamically changing first-person pixel stream with foveated
and peripheral processing and EMMA-based eye-movement
timing. Based on these observations, the vision agent up-
dates the belief state of a separate driving agent responsible
for steering, braking, and acceleration.

e We conducted a lab-based user study to compare the sim-
ulated behavior with human behavior in the same driving
task, using measures for both driving performance and gaze
behavior derived from eye-tracking data.

e We provide a human-centered evaluation of the proposed
CR model by comparing not only task performance but also
visual attention behavior, including gaze allocation, informa-
tion uptake, and road-monitoring behavior.

2 Related Work

In contrast to traditional approaches such as EPIC [16] or ACT-
R [2], CR [31] is an approach that does not rely on hand-crafted
production rules to model human behavior, but utilizes the recent
advancements in reinforcement learning (RL) to learn a human-like
behavioral policy by modeling perceptual and cognitive bounds,
such as peripheral and foveated vision, or limited memory. There-
fore, the tasks are formulated as sequential decision making prob-
lems under constraints using a partially observable Markov decision
process (POMDP). Several CR models have been proposed in the lit-
erature, notably on vision tasks and driving tasks that also involve
vision.

2.1 Computational Models of Vision

Shi et al. [36] model human eye movements to guide information
acquisition for static charts based on the theory of CR. The au-
thors employ a two-level hierarchical control architecture. At the
top-level, LLMs are used to comprehend the collected visual in-
formation in light of task relevance and to select a goal for the
lower-level controllers. These lower-level controllers subsequently
execute eye movements based on a sampling policy learned via RL.
The authors find that the model successfully predicts human-like
scan paths for task-driven chart reading scenarios. Another CR
model that employs vision is CR-Typist by Shi et al. [37], which
models touchscreen typing, including proof-reading, error correc-
tion, and accurate keystrokes. The architecture comprises three
components: a vision module, a finger module, and working mem-
ory. To account for human-like vision, the vision module simulates
peripheral and foveated vision, rather than processing the entire
screen state. Concurrently, the finger module moves the finger
given human constraints and performs keystrokes. The working
memory maintains a belief state of the text typed thus far, inte-
grating information from the vision and finger module. Based on
the belief about the working memory state, an external supervisor
sets goals for the vision and finger modules to correctly type the
target phrase. Shi et al. [37] find that CR-Typist not only replicates

Uhttps://github.com/reapphil/Al TentiveMultitasking
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human typing and proof-reading behavior but also generalizes to
new keyboard layouts.

CR-Eyes is a CR model by Lorenz et al. [27] that simulates human
visual sampling and gameplay behavior in Atari games. The model
works on raw pixel inputs and integrates the EMMA model [33]
and limited memory capacity as human bounds. CR-Eyes treats eye
movements as goal-directed actions to perform better in the Atari
games rather than as isolated saliency predictions. While the model
achieves human-like game scores and saliency-maps, the resulting
scanpaths differ from human players.

2.2 Computational Models of Driving and
Vision

Lorenz et al. [26] performed a systematic literature review of com-
putational models for in-vehicle user interface design, focusing on
works that develop or evaluate a computational model that quanti-
fies engagement with a secondary task. Target values for prediction
include vision (glance behavior), driving (lateral and longitudinal
control, crash risk), non-driving related tasks, and mental aspects
(distraction, workload) [26].

Jokinen and Kujala [13] model adaptation of a driver’s multi-
tasking behavior to a driving assistance system, and investigate
predictions made by the model. The primary task in this model is
lane keeping at a fixed driving speed. Lateral road positions are
part of the state space, and are modeled using discrete bins. The
driver’s belief regarding the lateral position is modeled as a be-
lief distribution over the possible lateral positions. A lane-keeping
assistance system is used that ensures the car stays in its lane. A
secondary task, in-car visual search, is also modeled: a supervisor
chooses between making observations for the driving task or the
visual search task. To test the model, they turn off lane assistance
during testing, for several in-car Ul sizes [13]. The model that their
work was based on (multitasking driving and visual search) [12]
was tested against human data, in a within-subjects experiment
(N=12) where participants interacted with the system at two differ-
ent driving speeds and performed visual search tasks while wearing
an eye tracker. The difference between our work and that of [12, 13]
is that in those works, there is no visual processing of the road,
but rather a probability of sampling the true lane position when
attention is on the road (where the supervisor gives attention either
to the lane-keeping task vs. the visual search task, like an on/off
switch). In contrast, in the present work, there is visual processing
of the view of the road.

Kujala and Salvucci [20] proposed an ACT-R-based cognitive
model [2] to simulate visual attention allocation during multitask-
ing while driving. The authors framed the scenario as an inter-
leaving problem, where the primary driving task is interleaved
with a visual search task on an in-car display. Handcrafted pro-
duction rules were evaluated in a user study (N=12) in a mixed
reality driving simulator. The primary driving task consisted of
lane keeping on a straight three lane highway with a maximum
speed of 80km/h. The developed model was able to predict human
gaze metrics, especially mean glance duration and the total number
of in-car glances.

Lee [21] integrated a saliency map with Distract-R, an ACT-R
variant for driving, to account for both bottom-up visual features
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and top-down task influences when predicting drivers’ glance be-
havior toward in-vehicle displays.

To summarize, existing CR vision models address human-like
sampling in isolated or static tasks, and are not integrated with and
continuously acting in fast-paced, dynamically changing environ-
ments.

3 A Computational-Rational Model for
Highway Driving

Since prior driving models that incorporate vision rely on abstract
or discrete attention mechanisms and do not model continuous
visual processing of the driving environment, this work introduces a
dual-agent framework with foveated vision and active gaze control,
enabling fully closed-loop integration of perception and driving
behavior. The proposed CR approach consists of a dual-agent setting
in which a vision agent updates the belief state of a driving agent,
which in turn controls the car’s steering, acceleration, and braking.

3.1 The Task Environment: Adapting Speed and
Lane Positions

The environment is implemented in Unity and consists of a straight
three-lane road with several street signs indicating either the target
speed or target lane. The target speed is indicated using speed-limit
signs placed on both sides of the track, and the target lane via
overhead signs with arrows pointing to the corresponding lane (as
defined in the lane change task [29]). The number of street signs,
their spacing, and the total length of the track can be configured.
To enable realistic vehicle physics, we use the Realistic Car Con-
troller asset from the Unity Asset Store. Figure 1 shows the in-car
camera view, which is accessible to both the vision agent and the
participants of the user study. The maximum possible speed was
set to 150 kilometers per hour.

3.2 Partially Observable Markov Decision
Processes

In RL, an agent in state s selects an action a, which leads to a tran-
sition to a new state s’ with probability p and yields a reward r.
The agent learns a policy 7 (with Y ;c4 7(a | s) = 1) that maxi-
mizes the expected return. In case the agent has access to the true
environment state, the RL-problem can be described as a fully ob-
servable MDP (S, A, P, R, y), where the discount factor y € [0,1]
determines how strongly future rewards are weighted. Throughout,
uppercase symbols (e.g., S, A, P, R, Q) denote the corresponding sets
of elements—states, actions, transition probabilities, rewards, and ob-
servations, respectively (analogously for the POMDP tuple)—while y
is a scalar discount factor.

Value-based RL estimates the state-value function using the
Bellman expectation equation:

vr(s) = Z m(a|s) Z Zp(s',r [s,a) [r+yove(s)] V¥ses.

acA s’eSreR
(1)

Computing v, (s) requires recursive evaluation over successor
states and rewards. Since the state space considered in this work is
continuous, function approximation methods (e.g., neural networks)
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are used to estimate the value function and derive actions within
this space.

In contrast to the fully observable MDP, the driving agent intro-
duced in this work cannot fully observe the environment. Only the
portion currently attended by the vision agent is observable and
updated, while the remaining parts remain uncertain, which may
negatively affect action selection. In our driving task, the concrete
state spaces are instantiated in Section 3.3: the driving state pri-
marily represents observed target speed, target lane, and a belief
over the vehicle’s projected lateral position, while the vision state
represents the foveated camera input and belief-related information.
Such situations, in which the true state is not known to the agents,
are naturally modeled as a POMDP (S, A, P,R,y, H, Q, O), where H
denotes the horizon, Q the observation set, and O the observation
function. O(s’, 0, a) specifies the probability of observing o in state
s’ after taking action a (computed here using a fixed parameter op,
see Formula 3).

Because the true state is not directly accessible, decisions are
made based on a belief state b(s), representing a probability distri-
bution over S. The belief state is updated according to:

b'(s") < O(s’,0 | s,a) Zp(s' | a,s)b(s),

seS

@

where the proportionality constant ensures that ), b’(s”) = 1.
Consequently, policies in the POMDP are defined over belief states
b rather than the true states s.

3.3 Driving and Vision Agents

The CR environment consists of a dual-agent setup, in which the
driving agent is responsible for the vehicle’s acceleration, braking,
and steering, while the vision agent updates the driving agent’s
belief state. The CR environment incorporates the following human-
inspired perceptual constraints and internal-state assumptions:

o The internal representation of the car position is updated
based on the point the vision agent is fixating.
e Internal representation of the last observed target lane and
target speed.
e Eye movement over a pixel stream, following the EMMA
model, with:
— Foveated vision allowing perception of all objects inside
the fovea.
— Peripheral vision, where the area outside the fovea is pro-
vided as blurred, and objects in this area cannot be directly
perceived.

3.3.1 Driving Agent. The driving agent k4, where d denotes driv-
ing, can be modeled as a POMDP, where the belief state b(syg)
represents a probability distribution over the driving state space
Sq encoding the probability associated with the lateral position
of the car x on the lane, where x € [-13,13], implying a total
street width of 26 meters. To represent this belief state, the road
width is discretized into 40 bins. Each bin corresponds to a possible
future/projected lateral position and is assigned a probability indi-
cating the likelihood that the car is located at that position. Here,
x does not denote the vehicle’s current physical position on the
road. Instead, it denotes the projected position the vehicle would
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reach along the lane if it continued driving at its current veloc-
ity until reaching the point currently fixated by the vision agent.
Thus, the x-axis is defined relative to the vision agent’s current
gaze target and the vehicle’s present speed. For instance, if the
vision agent is observing a point 10 meters ahead, is currently at
position x = 5, and has a velocity of (1, 5), where the first compo-
nent denotes lateral motion and the second longitudinal motion,
then the vehicle would reach the observed point after 2s, during
which the lateral position would change by 2m; the projected lateral
position x is therefore 7. Using this projected position instead of
the instantaneous position reduces jittering, because actions are
evaluated based on their future effect: strong corrective movements
in opposite directions may cancel out in the current position, but
produce large deviations in the projected position (potentially even
leaving the lane), thereby discouraging such oscillatory behavior.
We assume that this formulation reflects human driving behavior,
as drivers typically look ahead and act based on where they expect
the car to be, rather than only reacting to its current position.

The transition probabilities p (Eq. 2) are based on a normal dis-
tribution of the car’s velocity with a fixed standard deviation op
similar to that in our previous work [25]. The mean is sampled
from a second normal distribution with a standard deviation o1,eqn,
centered on the estimated velocity. If the vision agent directs its
gaze toward the road, the estimated velocity equals the true ve-
locity. Otherwise, it is iteratively updated using samples from the
second distribution, causing uncertainty to increase initially before
stabilizing as opeqn is halved at each update step.

The observation probability O (Eq. 2) is defined using a fixed
parameter 0p:

0p, if s = strue and gaze is on the road,

O4(s",0]s,a) = if s # strue and gaze is on the road,

1, if gaze is not on the road.
®)

Here, 0 < op < 1. If the vision agent has its gaze on the road
and o, is sufficiently large, the belief quickly converges to the true
state. Otherwise, no observation is made and all states are equally
likely. The belief state is updated at fixed intervals u, computed in
parallel using the Unity C# Job System and the Burst Compiler [8].

S4 additionally includes the last observed target lane and target
speed, the car’s speed and engine Revolutions Per Minute (RPM)
(as integers), the distance to the next speed and target lane sign, the
entropy of the car position distribution, and the estimated velocity.
The estimated velocity equals the true velocity when the vision
agent focuses on the road; otherwise, it is sampled from the normal
distribution used to update the car’s belief position.

The action a € Ay is represented as a two-dimensional contin-
uous vector, where the first component corresponds to steering
input and the second to longitudinal control, indicating acceleration
when positive and braking when negative.

The driving reward ry is defined as

Td = Tane " T'speed> 4
with rjape € [0, 1] and rgyeeq € [0, 1]. Consequently, rg € [0, 1].
Due to the multiplicative form, both components jointly influence
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the reward, preventing optimization of only one term. The speed
reward rgpeeq is defined as one minus the normalized absolute
distance between the current speed and the target speed, scaled by
the maximum possible deviation. The lane reward rj,y, is given by

dZ
Tane(d, 04) = exp e B (5)
ZJd

where we set o = 2, and d denotes the distance between the
car’s projected position and the target lane position. This Gaussian
formulation yields a nonlinear reward with respect to the lane
deviation.

3.3.2  Vision Agent. The vision agent k,, where v denotes vision,
updates the driving agent’s belief state by directing its gaze over
a 160 X 90 X 3 pixel input representing the driver’s camera view
including color information. It is modeled as a MDP and pursues
four objectives:

(1) Update the target speed by detecting the next speed sign,

(2) Update the target lane by detecting the next lane sign,

(3) Update the car’s belief position by observing the road,

(4) Determine the projection distance, defined as how far the
agent looks into the distance.

sy therefore includes the described pixel stream, where only
the foveal region is sharp and the periphery is blurred using a
shader. The blur increases with the distance from the gaze position
and is computed via a box blur, with the final image obtained by
interpolating between sharp and blurred regions. Furthermore, s,
includes the belief car position and the entropy of its distribution.

The action a € A, is represented as a two-dimensional contin-
uous vector, where x and y denote the target screen coordinates
with x € [0,1] and y € [0, 1], defined relative to the screen.

The gaze movement time is computed using the EMMA model.
The encoding time of a visual object is given by

Tene = K - [~log(f)] - K<, (©)
where K and k are constants, f is the object frequency, and € is
the eccentricity.
A saccade takes

Ts = tprep + texec + D * tsace ()

where tprep, texec, and tsacc are constants, and D is the saccade
distance.

If Tenc < tprep, encoding occurs without eye movement; other-
wise, a saccade reduces eccentricity before encoding completes.

Based on the position of the gaze, all Unity GameObjects that
are within the fovea are returned and can be interpreted as seen.
So for instance, in case the agent looks at a speed-limit sign the
corresponding target speed is updated according to the speed of the
speed-limit sign. The peripheral vision including color information
allows the agent to detect patterns associated with a certain street
sign, i.e., the speed-limit sign can be identified by the red circle
around the number indicating the speed limit.

The reward r, is defined as follows:

rg-o if rg is positive,
ro = )
rqg-(1—-v) otherwise
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where v represents the vision performance. v approximates how
much the vision agent contributes to the reward r; observed by the
driving agent and is defined as the sum of three components:

_ 1 —entropy,;

- ©)

v +0.25 - ane +0.25 - Lpeed.
where entropy,; € [0, 1] denotes the normalized entropy of the
car position belief, and Ijane. Ispeed € {0, 1} are indicator variables
that equal 1 if the current or next target lane or speed has been ob-
served, respectively, and 0 otherwise. Thus, v € [0, 1] increases with
more certain car position estimates and successful observations of

relevant traffic information.

4 Training

The CR agents were trained with Proximal Policy Optimization
(PPO) [34] using Unity ML-Agents. Training was conducted in two
stages. First, we performed hyperparameter optimization (HPO)
using Ray Tune [23], evaluating 282 configurations for up to 2
million training steps per configuration. The search used Optuna
for sampling [1] and ASHA for early stopping [22]. We optimized
the shared reward of the coupled agent setup, as task success de-
pends on both agents: the vision agent has to sample task-relevant
information, while the driving agent has to use the resulting be-
lief state for lane and speed control. The complete search space,
training scripts, and configuration files are available in our GitHub
repository.

After HPO, we selected the best-performing policy configuration
and used it for the final training run. The final model was trained
with parallel Unity environments for 40 million vision-agent steps
and 200 million driving-agent steps. During the training run, cu-
mulative reward increased in early training and then stabilized,
indicating convergence of the selected policy. The internal CR-
agent metrics showed a consistent pattern: belief entropy decreased
over training, while position awareness and vision performance in-
creased and subsequently stabilized. These training curves indicate
that the reported behavior reflects a stable learned policy selected
through HPO.

5 User Study

For evaluation, we conducted a lab study in which participants
drove through a predefined driving sequence specified by the num-
ber of road signs, their intervals, and the distances between the
values of the speed limits. We used the collected data to evaluate
how closely the behavior of the driving and vision agents matches
that of human participants. We investigated the following aspects:

o Gaze behavior. We compared human and agent gaze behav-
ior by constructing phase-specific spatial gaze distributions
from normalized gaze coordinates and visualizing them as
heatmaps over the driving scene. To quantify similarity be-
tween human and agent attention patterns, we compared
the resulting gaze distributions using Pearson correlation,
Jensen—Shannon divergence and Earth Mover’s Distance. By
computing heatmaps separately for distance-based phases
relative to the next relevant sign, the analysis captures when
sign-directed gaze begins to emerge instead of only averag-
ing over the entire approach.
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¢ Driving performance. In addition to gaze behavior, we
compared overall task performance, including adherence to
target speed and lane, to relate differences in visual attention
to driving outcomes.

5.1

Overall, N = 20 participants completed the experiment, including
7 female and 13 male participants, aged between 23 and 51 years
(M = 35.30, SD = 8.87 years). For four participants, no eye-tracking
data were available due to technical issues. Because the analyses
relied on synchronized eye-tracking and driving-performance data,
these participants could not be included in the analyses, resulting in
a final analytic sample of n = 16. Participants were mainly recruited
from a university setting, with a small number recruited through
the researchers’ local networks. Participation was open to adults
aged 18 years and older. Inclusion criteria required possession of a
valid driver’s license and normal or corrected-to-normal vision. All
participant data were pseudo-anonymized using randomly gener-
ated alphanumeric codes.

Participants

5.2 Procedure

For the driving simulator, a Logitech PRO RACING WHEEL 11 and
Logitech PRO RACING PEDALS were used. The steering wheel was
positioned 100 cm in front of a 4K 65-inch TV (Hisense 65E77NQ).
The participants could adjust the driving seat to suit their propor-
tions, with the center of the seat located between 130 and 155 cm
from the screen. The simulated vehicle used an automatic trans-
mission. At the beginning of the session, participants received
information about the study and provided informed consent by
signing a form. After this, participants were equipped with Pupil
Labs Neon Glasses, and the eye tracker was calibrated individually
for each participant.

Participants then completed a short familiarization phase during
which they received verbal instructions about the task. Following
the definition of the lane change task, they were asked to follow
the speed and lane information shown by the road signs and to
adapt their driving only after passing the corresponding sign. Dur-
ing the task, participants drove on a straight, three-lane highway
and continuously monitored the scene for relevant road signs to
adjust their driving behavior. Driving data and event markers were
synchronized through iMotions. Eye-tracking data exported from
Pupil Labs were then time-aligned with the iMotions recordings,
and the synchronized data streams were merged into a common
dataset for subsequent analysis.

5.3 Measurements

Driving data were sampled at 50 Hz and included distance to target
position, speed deviation, and lateral velocity as an indicator of
swerving. Distance to the target position was defined as absolute
lateral deviation between the vehicle center and a piecewise linear
target lane-change path. This path remained in the previous lane
until one second of travel after the overhead sign, transitioned
linearly to the target lane over the following 3.6 seconds of travel,
and then continued in the target lane. Speed deviation was defined
as the difference between the current speed and the target speed.
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Eye movements were mapped to the screen and represented as
normalized two-dimensional gaze coordinates. From these, we con-
structed phase-specific gaze heatmaps for each participant and for
the CR agent (Figure 2). Phases were defined by distance to the next
relevant sign. For speed signs, near, mid, and far corresponded to
distances of < 30m, 30-120m, and > 120m, respectively. For lane
signs, the corresponding ranges were < 60m, 60-200m, and > 200m.
Agent-human similarity was computed by comparing each partici-
pant heatmap to the agent heatmap, and a human-human baseline
was obtained by averaging comparisons between each participant
and all others within the same phase. Similarity was quantified us-
ing three complementary measures, to capture different aspects of
spatial gaze similarity. Pearson correlation captures similarity in the
overall spatial pattern of gaze allocation across the heatmap, but is
less informative about whether two distributions differ in their over-
all probability mass or are spatially shifted relative to one another.
Therefore, we additionally computed Jensen-Shannon divergence
to quantify similarity between normalized gaze distributions and
Earth Mover’s Distance to quantify the spatial displacement be-
tween distributions, i.e., how far gaze mass would have to be shifted
to transform one heatmap into the other.

To assess driving adaptation after passing a speed or target lane
sign, we analyzed driving performance trajectories over a 5s win-
dow following each sign, with the event of passing the sign by the
vehicle being defined as the moment of minimum absolute distance
to the next speed or lane sign. For speed signs, driving performance
was measured as absolute target-speed deviation; for lane signs,
as the absolute lateral deviation between the vehicle center and
the closest point on the piecewise linear target lane-change path.
CR-agent events were further separated by whether the upcoming
sign had been observed before passage, yielding three conditions
per task: humans, observed-agent events, and not-observed-agent
events. Trajectories were summarized using post-passage Area Un-
der Curve (AUC), final error, correlation with the human mean
trajectory, and Root Mean Square Error (RMSE).

As an additional driving-performance analysis, we computed
aggregate lane- and speed-control measures for observed and not-
observed samples. For lane control, we first computed the absolute
lateral deviation between the current vehicle position and the target
lane-change path,

d; x;arget _ x;urrent
To relate this measure to established lane-position measures [18, 40],
we report Mean Lateral Position (MLP) and Standard Deviation of

Lateral Position (SDLP) as

MLP, = Ni Zdi

¢ iec

and

1
SDLPC = ~ Z(di - davg,c)2>
Ne iec
where dyyg e = MLP,. In our case, d; was not defined as the distance
to a lane boundary, but as the absolute lateral deviation between
the vehicle center and the target lane-change path.
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For speed control, we computed analogous measures based on
the absolute deviation between current and target speed,

target
o g _vicurrent

si:l

We refer to these measures as Mean Absolute Speed Deviation
(MASD) and Standard Deviation of Absolute Speed Deviation (SDASD):

_%Zﬁ

¢ iec

MASD,

and

1 2
SDASDe =  |<— D\ (si = savge)?.
N
l1€ec
where saygc = MASD,.

We additionally recorded internal CR-agent metrics aggregated
over episodes: belief entropy, visibility, position awareness,
and vision performance, characterizing uncertainty, observation
of car position, belief accuracy, and overall perceptual effectiveness
v (see Equation 9).

6 Results
6.1 Gaze Distributions

Table 1 summarizes the mean similarity scores and their standard
deviations for the phase-specific spatial gaze distributions of hu-
mans and the CR agent in the speed-sign and lane-sign conditions.
For each phase, agent-human similarity was compared against a
human-human baseline, defined as the average similarity between
a given participant and all other participants in the same phase.
For the correlation-based gaze analyses, Pearson correlation coef-
ficients were Fisher-z transformed prior to inferential testing to
better satisfy the assumptions of parametric tests. Normality of
the transformed values and paired difference scores was assessed
using Shapiro-Wilk tests. As no significant deviations from nor-
mality were detected, we used one-sample t-tests to test whether
agent-human correlations were significantly greater than zero and
paired-samples t-tests to compare agent-human correlations against
the human-human baseline.

Across both sign types, Pearson correlations between agent and
human heatmaps were consistently positive but weak, ranging from
.126 to .141 for speed signs and from .119 to .166 for lane signs,
and remained below the corresponding human-human baseline in
all phases (speed: .218-.290; lane: .232-.252). One-sample t-tests
on Fisher-z transformed correlations showed that all agent-human
correlations were significantly greater than zero for both lane signs
(far: t(15) = 5.98, p < .001; mid: £(15) = 6.97, p < .001; near:
£(15) = 6.50, p < .001) and speed signs (far: t(15) = 6.77, p < .001;
mid: £(15) = 4.98, p < .001; near: £(15) = 5.52, p < .001). At the
same time, paired-samples t-tests on Fisher-z transformed corre-
lations confirmed that agent-human similarity was significantly
lower than the human-human baseline in every phase for both lane
signs (far: t(15) = —4.80, p < .001; mid: £(15) = —5.32, p < .001;
near: t(15) = —4.80, p < .001) and speed signs (far: t(15) = —4.56,
p < .001; mid: 1(15) = —4.96, p < .001; near: t(15) = —3.60,
p =.003).

Jensen—-Shannon divergence was consistently higher for agent-
human than for human-human comparisons, with agent-human
values ranging from 0.709 to 0.717 for speed signs and from 0.694
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Figure 2: Spatial distribution of gaze during speed-sign approach for human participants (top) and the CR agent (bottom),
separated into the phases far, mid, and near. Heatmaps are overlaid on the egocentric driving scene and visualize normalized
gaze density. Across all phases, human gaze shows a more clearly bimodal distribution between road monitoring and glances
toward the speed display, whereas the CR agent exhibits a broader, unimodal allocation of attention around the road center

and sign-relevant region.

to 0.710 for lane signs, compared to 0.585-0.631 and 0.601-0.615
for the corresponding human-human baselines.

The clearest discrepancy was observed for Earth Mover’s Dis-
tance, which was consistently higher for agent-human than for
human-human comparisons across all phases and both sign types
(speed: 3.126-3.233 vs. 1.756-1.912; lane: 3.072-3.179 vs. 1.772—
1.828). This pattern indicates that, although the CR agent learned to
attend to relevant regions of the driving scene, its gaze distributions
only partly align with those of human participants.

6.2 Driving Performance

For the driving performance analysis, we compared driving trajec-
tories of humans and the CR agent after passing speed and lane
signs (Figure 3). For speed signs, the CR agent produced 801 sign
passages in total, of which 354 (44.2%) were classified as observed
and 447 as not observed. For lane signs, the CR agent likewise pro-
duced 801 sign passages, of which 535 (66.8%) were observed and
266 were not observed.

Table 2 summarizes the resulting similarity and error measures.
For speed signs, the observed CR-agent condition was closer to
the human trajectory than the not-observed condition, with a sub-
stantially lower Root Mean Square Error (RMSE) (3.224 vs. 10.048),
a smaller post-passage Area Under the Curve (AUC) (73,534.870 vs.
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107,345.936), and a lower remaining error at 5s (12.557 vs. 21.098).
However, both agent conditions remained above the human refer-
ence trajectory, with an error of 7.656 at 5s. Correlations with the
human trajectory were high for both agent conditions (r = .996 for
observed, r = .993 for not observed).

For lane signs, the observed CR-agent condition again showed
smaller deviations from the human trajectory than the not-observed
condition. The observed condition yielded a lower RMSE (0.671 vs.
1.015), a lower error at 5s (1.966 vs. 3.151), and a smaller AUC
(12,391.751 vs. 14,201.874). In addition, its correlation with the
human trajectory was strongly positive (r = .953), whereas the
not-observed condition showed a negative correlation (r = —.414).
Overall, these results indicate that prior observation of the relevant
sign was associated with smaller deviations from human driving
behavior in both the speed and lane conditions.

As a complementary driving-performance analysis, we com-
puted lane- and speed-control measures at the participant level
for humans and at the episode level for the CR agent (see Ta-
ble 3). Because human participants and agent episodes were not
meaningfully paired, we compared the human and agent distribu-
tions using independent-samples Mann-Whitney U tests. For lane
control, human MLP was 1.958 (SD = 0.479), compared to 1.410
(SD = 0.358) for observed-agent episodes and 4.295 (SD = 1.065)
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Table 1: Similarity of phase-specific spatial gaze distributions for speed-sign and lane-sign events. Pearson correlation is
higher for more similar heatmaps, whereas Jensen-Shannon divergence and Earth Mover’s Distance are lower for more similar
heatmaps.

Sign Phase Pearson correlation Jensen-Shannon divergence Earth Mover’s Distance

Agent— Human- Agent- Human- Agent- Human-

Human Human Human Human Human Human
Speed far 126 (.07) .218 (.10) .709 (.09) .631 (.12) 3.126 (.75) 1.842 (.79)
Speed mid 138 (.11) .290 (.14) 717 (\11) .585 (.15) 3.233 (.81) 1.756 (.80)
Speed  near .141 (.10) .233 (.10) .710 (.12) 626 (.12) 3.140 (.78) 1912 (.74)
Lane far .119 (.08) .232 (.11) .710 (.10) .615 (.13) 3.179 (.76) 1.828 (.79)
Lane mid .135 (.08) .252 (.12) .703 (.09) .609 (.13) 3.108 (.78) 1.773 (.76)
Lane near .166 (.10) 252 (.12) .694 (.11) .601 (.13) 3.072 (.79) 1.803 (.77)

for not-observed-agent episodes. Both agent conditions differed sig-
nificantly from the human distribution (observed: U = 212.000,
Z = 3.166, p = .001; not observed: U = 5.000, Z = —4.636,
p < .001). Human SDLP was 1.219 (SD = 0.388), compared to
1.623 (SD = 0.453) in the observed-agent condition and 2.525
(SD = 0.461) in the not-observed condition. Again, both differ-
ences were significant (observed: U = 60.000, Z = —2.563, p = .010;
not observed: U = 6.000, Z = —4.598, p < .001). For speed con-
trol, human MASD was 8.563 (SD = 3.668), compared to 12.881
(SD = 3.360) for observed-agent episodes and 23.950 (SD = 7.127)
for not-observed-agent episodes, with both differences being sig-
nificant (observed: U = 40.000, Z = —3.317, p = .001; not observed:
U = 5.000, Z = —4.636, p < .001). Human SDASD was 10.657
(SD = 2.996), compared to 11.085 (SD = 3.255) in the observed-
agent condition and 15.130 (SD = 2.889) in the not-observed condi-
tion. Here, the observed-agent condition did not differ significantly
from humans (U = 119.000, Z = —0.339, p = .752), whereas the
not-observed condition did (U = 25.000, Z = —3.882, p < .001).
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6.3 CR-Agent Behavior

The CR-agent shows moderate perceptual performance with a belief
entropy of 0.24, indicating a relatively confident but still uncertain
estimate of the car’s position. The agent can observe the car 39% of
the time, reflecting limited but regular gaze allocation to the road.
It correctly identifies its position in 69% of cases, while achieving
a vision contribution of 0.73, suggesting effective integration of
perception into driving decisions. Overall, the agent demonstrates
coordinated but still imperfect perception-action coupling under
partial observability.
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Figure 3: Event-aligned driving adaptation after passing a
relevant road sign for humans, CR-agent events in which
the upcoming sign was observed, and CR-agent events in
which it was not observed. Curves show mean absolute task
error relative to sign passage, with speed adaptation shown
on the top and lane adaptation shown on the bottom; shaded
regions indicate variability across events.

7 Discussion

Our proposed CR model can partly capture key aspects of the
perception-action loop in driving. Because gaze allocation and driv-
ing performance reflect different aspects of behavior, we interpret
the model’s alignment with human data separately for each mea-
sure, using the human-human baseline as a reference for inter-

individual variability. Under this criterion, the agent did not fully
reproduce human gaze behavior: although agent-human correla-
tions were significantly greater than zero and the heatmaps show
attention to task-relevant regions, similarity remained consistently
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below the human-human baseline. Pearson correlation, Jensen—
Shannon divergence, and Earth Mover’s Distance led to the same
overall conclusion and suggest that the main difference was a spa-
tial shift in attention rather than completely different gaze behavior.
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Table 2: Performance similarity for event-aligned driving trajectories in the speed-sign and lane-sign conditions. Lower values
indicate better agreement with human performance for post-pass AUC, error at 5s, and RMSE, whereas higher correlation

indicates greater trajectory similarity.

Task Condition Post-pass AUC Errorat5s Correlation RMSE
Speed Human 60346.402 7.656 1.000 0.000
Speed Observed 73534.870 12.557 .996 3.224
Speed Not observed 107345.936 21.098 .993 10.048
Lane  Human 9331.891 1.759 1.000 0.000
Lane  Observed 12391.751 1.966 953 0.671
Lane  Not observed 14201.874 3.151 -414 1.015

Table 3: Lane- and speed-control deviations for humans and the CR agent as a function of prior sign observation.

Measure Human M (SD) Agent observed M (SD) Agent not observed M (SD)
MLP 1.958 (0.479) 1.410 (.358) 4.295 (1.065)

SDLP 1.219 (0.388) 1.623 (.453) 2.525 (.461)

MASD 8.563 (3.668) 12.881 (3.360) 23.950 (7.127)
SDASD 10.657 (2.996) 11.085 (3.255) 15.130 (2.889)

Qualitative inspection of the gaze heatmaps supports this interpreta-
tion: human attention is bimodally distributed between the horizon
and the speedometer, whereas the agent’s attention is unimodal
and more broadly distributed.

In contrast, driving performance was substantially closer to hu-
man behavior when the relevant visual information was success-
fully scanned. This was reflected primarily in lower RMSE, smaller
post-passage AUC, and lower final error for observed compared
to not-observed agent events. Trajectory correlations point in the
same direction, but should be interpreted with caution because
the constrained task structure likely contributes to similarity in
the overall curve shape. The additional lane- and speed-control
measures further support this interpretation: prior sign observation
reduced agent deviations in MLP, SDLP, MASD, and SDASD, and
the observed-agent condition was closer to the human distribution
than the not-observed condition across all measures. Notably, the
observed-agent condition did not differ significantly from humans
for SDASD, suggesting that successful visual sampling brought the
variability of speed deviations close to the human range for this
measure. However, observed-agent behavior still differed signifi-
cantly from humans for the remaining measures, indicating that
successful visual sampling improved driving performance but did
not make the agent fully human-like.

Overall, these findings suggest that the model captures the func-
tional role of visual sampling in driving: when task-relevant signs
were observed, driving behavior became substantially more human-
like, even though gaze allocation and several control measures still
differed from humans.

7.1

Our results suggest that perception-action coupling is an impor-
tant element for modeling driving behavior with CR. Driving per-
formance and alignment with human data varied depending on

Modeling Vision, Driving Behavior, or Both?
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whether the agent successfully scanned visual information, demon-
strating the importance of perception-action coupling. Accordingly,
we argue that our approach complements saliency-based models
that decouple visual behavior from action [3, 14] and gaze estima-
tion approaches that focus solely on prediction accuracy [43]. Our
approach further extends prior CR models in the driving domain
that rely on abstract representations of the driving environments
and simplified kinematic driving models [13, 20]. Because our ap-
proach is implemented in a Unity simulation environment, it allows
us to render a visually rich pixel-based driving scene that serves as
an input to the model while integrating a high-fidelity kinematic
driving model. This allows the model to be easily applied to various
other driving environments.

However, our results also show that although the model exhibits
human-like driving behavior, its sampling behavior still differs from
that of human participants. At present, however, we interpret this
pattern primarily as a limitation of the current model. For example,
unlike the human participants, the model does not sample the
speedometer. This is most likely because the current model can
infer the exact driving speed by visually sampling the road, which
is not true for humans, whose perception-based speed inference is
noisy [38]. They therefore, and in contrast to the model, also need
to sample the speedometer to get a more accurate account of the
current speed.

Given these considerations, researchers and designers should
align model choice with their goals. Traditional saliency models
may be the better choice when sufficient training data is available,
highly accurate saliency predictions are the priority, and the black-
box nature of data-driven models is not a hindrance. CR models such
as the one presented here, in turn, may be the better choice when
interpretable behavior linking perception and action is key — for
example, to answer questions like “Did driving performance degrade
because the driver sampled inefficiently?” This may be particularly
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relevant for training or validating safety systems based on other
drivers’ reactions.

7.2 Potential Applications

Our work demonstrates that it is possible to model and train agents
to learn to perform a driving task involving visual processing of
the scene. The agents’ driving behavior is responsive to observed
road signs in terms of both speed and lane adaptation. This means
this model could potentially be extended to other 3D driving en-
vironments, learning driving and visual attention allocation from
first principles. Our comparably simple lane change tasks did not
contain other vehicles and ambiguities, and future work should
investigate the dual-agent model in different and more complex
environments.

We see various application areas for our model. First, it could ben-
efit driver monitoring and driver assistance systems by giving them
a model of human gaze and driving behavior. Eye-tracking data
have already been used to dynamically assess situation awareness
(SA), for instance, during control takeovers [44]. The dual-agent
model could similarly be used to predict where an attentive driver
should focus for safe driving. Deviations between predicted and
actual gaze may then indicate reduced SA, and an intelligent driver
monitoring system may warn the driver. Second, it could support
driver training. If the model is parametrized to simulate expert
driving behavior, it could inform novice drivers where and how to
sample the scene, building on evidence that exposure to experts’ eye
movements shifts novices’ scanning behavior toward expert-like
patterns [28]. Third, it could help to train and validate automated
driving and safety systems in simulated multi-agent environments,
which remains an open challenge [19]. Future models could en-
able complex accident analysis using counterfactual predictions
(e.g., “what if the driver looked at the sign earlier”) and model the
diverging dynamics of novice and experienced drivers. Fourth, it
could support design evaluation of in-vehicle HMIs [6], including
assessing how distracting a new infotainment design might be. We
see our mode] as a foundation for simulation approaches that pre-
dict how long a driver needs to look away, and in which driving
situations such glances lead to severely degraded driving perfor-
mance [17]. It could likewise inform adaptive systems that better
address drivers’ cognitive limitations and emerging multitasking
demands [24, 25, 41].

7.3 Limitations

The driving agent operates on a hand-crafted task representation
rather than directly on raw pixel input, as we model the internal
belief state of the driving task using a discretized state space along
the x-axis. An open question is whether a pure pixel-based stream
could serve as a sufficient state representation. This is likely not
the case, since the internal state depends not only on visual percep-
tion but also on cognitive factors such as memory and other latent
processes. Our work investigates only one type of scene in simu-
lation, namely a straight highway with three lanes without other
traffic. Future work should investigate different types of roads and
investigate more realistic simulations and eventually real-world
scenes.
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8 Conclusion

We propose a dual-agent computational-rational model for a driv-
ing task that involves visual processing of a dynamic road scene.
The scene is implemented as a highway simulation in Unity. The
model combines both a vision agent with human-related percep-
tual constraints and a driving agent. The vision agent observes
the true environment and updates the belief state that is used by
the driving agent. This belief state contains the target lane, the
target speed, and a probability distribution over the car’s future po-
sition. Eye-tracking data from human study participants (n = 16 of
N = 20) were compared with the behavior of the driving and vision
agents. Although agent-human gaze correlations were weak, the
dual-agent model produced gaze patterns covering task-relevant
regions of the scene that partially aligned with human behavior.
Driving performance showed that the dual-agent model was closer
to human behavior in those cases where task-relevant visual in-
formation was successfully perceived. Our work shows that the
dual-agent model is a promising way for agents to learn driving
behavior from first principles, learning the driving task based on
visual observations of dynamic highway scenes.
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