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Abstract
Attention allocation plays a central role in how drivers adapt to uncertainty resulting from human
attentional and perceptual limitations, particularly when visual information must be sampled
intermittently while maintaining control of the vehicle. However, how drivers adapt their visual sampling
behavior when uncertainty arises simultaneously in several part-tasks of driving, such as lateral and
longitudinal vehicle control, remains insufficiently understood. We developed a computational rationality
model to predict drivers’ adaptation of attention allocation in a driving task requiring lane keeping and
speed maintenance under visual occlusion. Using reinforcement learning in a simulated environment, the
model employs separate but interacting policies for lateral control, longitudinal control, and supervisory
visual sampling of task-relevant information. Attention-dependent internal state estimates evolve as a
function of intermittent sensory access, control actions and ongoing vehicle motion and can increasingly
diverge from the external environment. In contrast to earlier work, the present model extends the lateral
control task to include continuous speed regulation and evaluates the integrated model on a curved road
with sinusoidal elevation changes. The model showed good aggregate correspondence with human data
collected from 30 participants in a driving simulator, with all eight evaluated model means falling within
one human standard deviation of the corresponding human means. The model provides a formal
account of how adaptive visual sampling may emerge when lane keeping, speed regulation and limited
visual information must be balanced under uncertainty. More broadly, the framework supports extension
to additional driving subtasks and future investigation of inter-individual differences in attentional
adaptation.

1 Introduction
Driving depends on the coordination of visual information, internal predictions and vehicle control.
Although drivers use vision to monitor task-relevant states such as lane position, road curvature and
speed, these states do not need to be observed continuously. During brief interruptions in visual
information, control can continue on the basis of an internal estimate of the vehicle and roadway state
(Godthelp, 1986). As time passes without new visual input, this estimate becomes increasingly
dependent on prediction and therefore increasingly uncertain (Senders et al., 1967; Kujala & Lappi, 2021).
Visual sampling can therefore be understood as a temporal process in which drivers update task-
relevant information while control continues under partial observability.

Driver distraction research has shown that diverting visual attention from the roadway for too long can
impair access to task-relevant information, and interactions with in-vehicle technologies can therefore
have negative effects on driving performance and safety (Horrey et al., 2006; Regan & Oviedo-
Trespalacios, 2022). However, continuous visual attention to every driving-relevant state is impossible
because multiple task-relevant states must be monitored even within the driving task alone while the
human visual processing capacity is limited. Fortunately, continuous visual attention is not required for
safe driving if the required information is sampled sufficiently (Kujala et al., 2023; Godthelp, 1986).
Redundant visual sampling of a state with minor or infrequent changes would also be a waste of
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cognitive resources. Hence, the present question is not simply whether drivers look away, but how visual
information is sampled between task-relevant states when control continues between observations.

The visual occlusion method, originally introduced by Senders et al. (1967), has provided a useful way to
study this process by allowing drivers to determine how long they are willing to drive without visual
information. In the self-paced version of the method used here, the driver’s view is intermittently blocked
using occlusion goggles or displays and the driver can end the occlusion by requesting visual
information. Self-selected occlusion times can be interpreted as subjective estimates of spare visual
capacity, that is, the time available for attention to be directed elsewhere while still maintaining
sufficiently safe driving performance (Kujala et al., 2023). Supporting the broader relevance of this
measure, drivers’ occlusion time preferences have been shown to relate to their off-road glance
durations in unstructured secondary in-vehicle tasks that were low in visual and cognitive demand,
although this relationship becomes weaker when the secondary task imposes stronger demands of its
own (Grahn et al., 2023).

More recently, occlusion has been reviewed as a method for assessing the attentional demand of driving
tasks, thereby shifting the focus from merely describing observed gaze behavior toward estimating when
visual information is required for safe performance (Kujala et al., 2023). This perspective is consistent
with the concept of appropriate uncertainty: rather than requiring continuous attention, safe driving
depends on driver keeping uncertainty about task-relevant states within acceptable limits (Kujala &
Lappi, 2021). The underlying assumption is that instead of maintaining continuous, resource-wasting
visual attention to every task-relevant state, drivers regulate their visual sampling. Driving performance
and safety are then dependent on the timing and frequency of visual sampling to keep uncertainty about
internal task-state estimates at an appropriate level.

Recent empirical and computational work has clarified this uncertainty management problem in lateral
vehicle control. In an occluded lane keeping task, drivers’ visual sampling behavior has been shown to
vary with speed, lane position, time-to-line-crossing at the onset of occlusion, and steering during
occlusion, although stable individual preferences also play a major role in self-selected occlusion times
(Grahn et al., 2024). Complementing this empirical work, Hautaoja (2026) developed a computational
rationality model in which a reinforcement learning agent learned when to sample visual information
while keeping the sampling minimal and the vehicle within lane boundaries under partial observability.
This showed that adaptive visual sampling in lane keeping can be modeled as bounded-optimal
information acquisition under uncertainty and that inter-individual differences could be represented
through psychologically interpretable parameters such as cautiousness. Complementing these empirical
and computational approaches, Sarkar and Kujala (2025) developed a normative mathematical model
for estimating situation- and driver-specific spare visual capacity in lateral vehicle control for safe
driving.

However, lane keeping is only one component of the control problem faced by a human driver. Driving
also requires longitudinal regulation, including the maintenance of appropriate speed or headway, and
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intermittent visual sampling has been studied in this domain as well. Pekkanen et al. (2018) proposed a
computational model of intermittent visual attention and longitudinal control in a car-following task, in
which behavior was based on an internal state estimate updated through intermittent perceptual
samples. Their model reproduced the relationship between time headway and visual attention and
interpreted attention allocation as control of action uncertainty, which refers to the driver’s uncertainty
about whether the currently estimated traffic state is still accurate enough to guide safe longitudinal
control without taking a new visual sample. Similarly, Kujala and Sarkar (2024) modeled spare visual
capacity for safe driving in dynamic car-following situations and showed that the spare visual capacity in
this task varies with situational factors such as distance headway and relative speed.

These studies establish longitudinal control as another important domain in which visual sampling can
be understood as uncertainty management, but they treat it largely separately from lateral vehicle
control. This separation is a simplifying assumption rather than a property of real driving. Lateral and
longitudinal control are coupled through the vehicle dynamics and through drivers’ regulation of safety
margins (van Winsum & Godthelp, 1996). In curve driving, for example, drivers reduce speed when
steering demands increase, compensating for larger steering errors so that time-to-line-crossing remains
approximately stable across curve radii (van Winsum & Godthelp, 1996).

Thus, speed is not merely an additional task variable to be controlled alongside lane position, as it also
changes the dynamics and safety margins of lateral control itself. Computational driver-control models
have previously combined lateral and longitudinal control, for example by regulating steering together
with throttle and braking commands in path-following tasks (Guo et al., 2004; Chatzikomis & Spentzas,
2009). However, these models have primarily addressed vehicle control performance rather than the
driver’s decision of when each task-relevant state should be sampled under uncertainty and limited
attentional capacity.

This leaves an important gap in current driver attention modeling. Existing models have addressed visual
sampling in lateral and longitudinal driving subtasks separately, and other models have combined lateral
and longitudinal control without modeling the visual sampling decisions. Such models have not provided
a formal account of how visual sampling should adapt when uncertainty develops simultaneously in
lateral and longitudinal vehicle control and changes in one control process affect the other. Extending
the problem from lane keeping alone to combined lane keeping and speed maintenance therefore
introduces a broader attention allocation problem. Under intermittent visual access, the driver must no
longer decide only when visual information is needed, but also which task-relevant state should be
updated when multiple sources of uncertainty evolve in parallel. The attentional problem thus becomes
supervisory; a limited visual resource must be allocated across interacting control processes whose
demands may change over time.

We address this problem through the framework of computational rationality, in which human decision
making and the resulting behavior are modeled as bounded-optimal adaptation to task constraints,
perceptual limitations and task reward structures (Howes et al., 2009; Lewis et al., 2014; Gershman et al.,
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2015; Oulasvirta et al., 2022). Computational rationality builds on bounded rationality (Simon, 1955) by
making the agent’s goals, information-processing limitations and environmental constraints explicit and
asking what kind of behavior is optimal within those bounds.

Under visual occlusion, driving can be formalized as a partially observable decision problem, because
the agent must act on incomplete information and rely on internal estimates of task states (Kaelbling et
al., 1998). Reinforcement learning provides a method for optimizing such adaptive policies through
interaction with a simulated environment (Sutton & Barto, 2018). Recent work has similarly described
computational rationality as combining psychologically motivated assumptions with learned policies
(Chandramouli et al., 2024). This approach builds on earlier computational rationality models of driving
multitasking (Jokinen et al., 2021) and our previous model of visual sampling in lateral vehicle control
(Hautaoja, 2026).

In the present study, we extend the previous lateral control computational rationality model into a
hierarchical model of visual attention allocation in combined lateral and longitudinal vehicle control. The
model includes separate but interacting policies for lateral control, longitudinal speed control and
supervisory visual sampling of lane- and speed-related information. In contrast to the earlier lane
keeping-only task (Hautaoja, 2026), the present environment requires continuous speed maintenance in
addition to lane keeping, creating a control setting in which lateral and longitudinal task states may
become uncertain in parallel under intermittent visual access. The model is designed to explain and
predict how adaptive visual sampling may emerge when the driver must balance lane keeping, speed
regulation and the allocation of limited visual information across such interacting task demands.

The hierarchical model architecture was designed to be extensible and generic in such a way that any
other part-task of driving (e.g., headway maintenance, lane change, hazard perception) could be added to
the model by defining the new task and adding it to the model as a sub-component. This extension
contributes to driver attention modeling in three ways. First, it moves from a single-control-dimension
account of visual sampling to an integrated lateral-longitudinal task. Second, it formalizes visual
sampling as a supervisory decision over interacting control processes rather than as an isolated
response to lateral uncertainty. Third, it provides a computational framework for simulating attentional
adaptation in more ecologically valid driving tasks, with potential future applications in context-sensitive
driver attention modeling, inter-individual differences in uncertainty management and the assessment of
task-relevant internal representations in relation to driver awareness and engagement.

2 MATERIALS AND METHOD
Empirical data and preprocessing

For the empirical basis of the model, our research group conducted a driving simulator experiment at the
University of Jyväskylä’s medium-fidelity driving simulator located in the Faculty of Information
Technology (see Fig. 1). The simulator has three 40″ Samsung LED displays (4,320 × 900), a Logitech
G25 steering wheel and pedals, an adjustable driver’s seat, and a 2-DOF motion platform (CKAS T2s).
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However, the motion was disabled in our experiment to prevent vestibular cues that are more demanding
to model than visual sampling.

The experiment included 30 participants and followed a within-subject design. Participants had a mean
age of 30.6 years (SD = 8.17, range = 19–47 years), a mean driving experience of 12.4 years (SD = 8.07,
range = 2–30 years) and the sample included 15 women and 15 men. Participants drove in a curved and
hilly road environment while wearing mobile eye-tracking glasses (Ergoneers Dikablis Glasses 3). The
task required concurrently maintaining position within the center lane on a 3-lane road while keeping
speed within the target range (100–110 km/h) under self-paced visual occlusion. During the task,
participants were occluded by default and could request brief 0.5 s unoccluded glances by pulling a lever
behind the steering wheel when they felt that visual information was needed for safe control. To assess
their subjective estimates of spare visual capacity, their task was to try to maximize visual occlusion
duration while staying on their lane and keeping their speed within the defined range.

Two complementary data streams were collected: driving simulator data and eye-tracking data. The
simulator data was processed to obtain vehicle state and performance variables, including vehicle
position, speed, steering, lateral offset, time-to-line-crossing (TLC), occlusion events, lane deviation
indicators and speed deviation indicators. The eye-tracking data was processed using Ergoneers’ D-Lab
software (version 3.72). Areas of interest (AoIs) were manually defined for the road/lane area (center
monitor) and the speedometer/speed information area (rightmost monitor). The relevant start and stop
times of the driving clips were also marked manually so that the analyzed eye-tracking period
corresponded to the actual driving task. The processed eye-tracking data were then synchronized with
the driving simulator data using Syncster, a tailored software for synchronizing experimental data
(version 1.0.0). This linked AoI glance data to simulator events such as occlusion onset and offset,
driving time and vehicle-control measures. The synchronized data were analyzed in R (version 4.6.1)
using RStudio version 2025.05.1 + 513.

The data were validated through sanity checks, including inspection of occlusion markers, timing
alignment, missing values and consistency of the derived simulator and eye-tracking variables. The key
driving-related variables included occlusion time (OT), TLC, speed maintenance, lane deviations, speed
deviations, offset and steering amplitude. The key eye-tracking variables were the proportions of glance
time allocated to three AoI categories: Lane, Speed and None. ‘Lane’ represented gaze directed at the
road AoI, ‘Speed’ represented gaze directed at the speedometer AoI, and ‘None’ represented periods in
which the display was occluded and neither visual channel was available. In the simulator, the
speedometer was located sufficiently far away from the road view in order to get reliable difference
between glances directed on the lane position and those directed on the speedometer during the
unoccluded periods (see Fig. 2).

The resulting driving-performance variables and AoI ratios provided empirical reference measures and
were used for descriptive assessment of human–model correspondence. This allowed us to evaluate
whether the model reproduced both the control outcomes and the broad attention allocation pattern
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observed in the human data. The goal was to give the model enough structure to learn the task reliably
while avoiding an architecture or reward function that directly prescribed the target behavior. The model
was therefore evaluated against human driving performance and AoI ratios, while the reward structure
was kept relatively minimal so that the observed sampling behavior could emerge from task constraints,
partial observability, prediction error and control failures.

Modeling approach and architecture

The present model extends the computational rationality-based model of visual sampling in lateral
vehicle control developed by Hautaoja (2026), which itself built on the computational rationality
approach to multitasking while driving introduced by Jokinen et al. (2021).

Whereas the previous model examined how an agent learns when to sample visual information in order
to maintain safe lane keeping under partial observability, the present model extends the task to
concurrent lateral and longitudinal vehicle control. The agent must regulate both its lane position and its
speed while deciding whether visual information should be sampled from the lateral control channel, the
longitudinal control channel or if neither is needed. The Python (version 3.9.6) source code was built on
the earlier lateral control model and is available at https://gitlab.com/toninikolaialeksanteri/driver-
adaptability.

The model was developed within the framework of computational rationality, which explains human
behavior as bounded-optimal adaptation to the goals, constraints and information-processing limitations
of the agent and its task environment (Howes et al., 2009; Lewis et al., 2014; Oulasvirta et al., 2022). The
driving task was formalized as a partially observable sequential decision problem in which the agent
must act under incomplete information and maximize long-term expected utility using attention-
dependent internal estimates of the vehicle state (Kaelbling et al., 1998). When task-relevant visual
information is unavailable, these estimates (i.e., beliefs, predictions) support continued control in the
absence of direct observation. The implementation consists of five main components arranged in a
hierarchical architecture (see Fig. 3): the external ground-truth driving environment, the internal attention-
dependent belief model and three reinforcement learning policy agents:

a lane keeping agent, which selected steering commands;

a speed maintenance agent, which selected longitudinal speed control actions; and

a supervisory attention allocation agent, which selected whether to sample lane-related
information, speed-related information or neither.

Together, the two lower-level policies controlled the vehicle using features computed from the internal
belief estimates (the policy inputs are features computed from those estimates), whereas the higher-
level supervisory policy controlled their access to task-relevant visual information. This division reflects
the distinction between continuous vehicle control actions and the allocation of limited perceptual
resources. The architecture extends earlier hierarchical computational rationality models of multitasking
in driving, in which supervisory control determines how attention should be allocated under uncertainty
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(Jokinen et al., 2021) but differs in that the present model allocates attention between two interacting
driving subtasks rather than between driving and an external secondary task.

The full model was implemented as an external ground truth environment coupled to an internal
attention-dependent belief model. The external environment represents the true physical world, whereas
the internal model represents the agent’s current belief about the lane and speed states. The
reinforcement learning agents receive these internal beliefs as observation inputs, while the model
architecture prevents them from directly accessing the corresponding ground-truth states unless the
relevant attention channel is actively sampled.

Simulated driving environment

The external driving environment represents the true physical world of the simulation. Among other
things, it maintains the vehicle’s actual position, heading, speed, steering state, lateral offset from the
lane center, time-to-line-crossing and optional road-elevation variables. The simulation uses a fixed time
step of 0.1 s, corresponding to a 10 Hz control loop. The main driving environment was a circular road
with a radius of 1500 m and lane width of 3.75 m, matching the geometry used in the earlier empirical
and computational work on occluded lateral vehicle control (Grahn et al., 2024; Hautaoja, 2026). Vehicle
motion was represented using a simplified kinematic bicycle model with a wheelbase of 2.7 m. Such
models retain the principal geometric relationship between steering and vehicle motion at substantially
lower computational cost than models incorporating detailed tire dynamics (Kong et al., 2015). The
vehicle was treated geometrically as a point for the purposes of lane-boundary crossings and time-to-
line crossing calculations, as in the previous model. Steering commands were bounded to ± 0.1 radians,
corresponding to approximately ± 5.7 degrees, which was based on the mean steering range observed in
the human data.

The actions passed to the external environment consisted of a longitudinal speed change command and
a steering command. The longitudinal command was implemented as a change in speed per simulation
step rather than as acceleration directly expressed in m/s². This speed-control, or delta-v, command was
clipped to ± 0.5 m/s per 0.1 s simulation step, equivalent to a maximum acceleration magnitude of
approximately 5 m/s² over the time step. The external environment updated speed before updating
position. The speed update can be summarized as:

where  is the raw longitudinal speed-change command,  is the command after clipping,
 m/s is the maximum permitted absolute speed change per simulation step,  and 

are the vehicle speeds before and after the update, and  and  are the lower and upper speed
bounds. The operator  restricts  to the interval .  denotes world-level
speed noise and  denotes the deterministic contribution of road grade. Logistic speed noise
(0.05 m/s per dt) was added to the commanded delta-v at the external world-level. The actual applied

Δ vcmd = clip\: (Δ v, −Δ vmax, Δ vmax) ,

vt+1 = clip (vt + Δ vcmd + Δ vnoise + Δ vgrade, vmin, vmax) ,

Δ v Δ vcmd

Δ vmax = 0.5 vt vt+1

vmin vmax

clip (x, a, b) x [a, b] Δ vnoise

Δ vgrade
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delta-v stored by the environment was the final speed change after delta-v command clipping (± 0.5 m/s
per step), speed noise, hill effect and final speed-bound clipping.

Steering was also handled as a world-level executed control. The external environment started from the
commanded steering angle, added logistic steering noise of 0.00075 rad per dt during training and
0.00025 during the model evaluation, and finally clipped the executed steering to ± 0.1 radians, which
was based on the average steering variation observed in the human driving data. The noise values were
selected through preliminary sensitivity testing, with higher training noise supporting robust learning and
lower evaluation noise providing a better balance between control variability and empirical TLC
correspondence. This noisy and clipped executed steering was stored as the applied steering value used
in the external vehicle update. The position update used the same deterministic kinematic model in the
true world update and in the internal forward simulation. If steering was zero, the vehicle moved in a
straight line:

 

Here,  and  denote the Cartesian vehicle coordinates at time step , and  the
corresponding coordinates after the update,  is the updated vehicle speed,  s is the
simulation time step and  is the vehicle heading. For turning motion,  denotes turning radius,

 m is the wheelbase,  is the steering angle and  is the change in heading over one
simulation step. If steering was non-zero, vehicle motion was simulated along a circular arc with turning
radius:

With this, heading changed according to:

The code first applies the delta-v command, speed noise, grade effect and speed limits, and then
updates the vehicle position using the resulting speed. The external environment clamped the final
position to world bounds, whereas the internal forward model did not apply this world boundary clamp.
The environment also supported an undulating road profile that was made identical to the one used in
the driving simulator experiment. This did not change the two-dimensional road geometry, but added a
vertical sinusoidal elevation profile as a function of arc length along the road:

where  is road elevation at arc-length position ,  is the distance along the road centerline,  is
the elevation amplitude,  is the wavelength and  is the phase. In the present configuration, the

xt+1 = xt + vt+1Δ t\:cos (θ t) , yt+1 = yt + vt+1Δ t\:sin (θ t) .

xt yt t xt+1 yt+1

vt+1 Δ t = 0.1

θ t R

L = 2.7 δ Δ θ

R = .
L

tan (δ )

Δ θ = .
vt+1Δ t

R

z (s) = A\:sin( + ϕ ) ,
2π s

λ

z (s) s s A

λ ϕ
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default hill amplitude was 6 m and the wavelength was 500 m. The implementation could adjust the
effective wavelength so that an integer number of waves fitted into the closed loop, avoiding a
discontinuity at the lap boundary. The local road grade was computed from the derivative of the
elevation profile:

and the grade angle was:

Here, the derivative  represents the local road slope and  is the corresponding grade angle. The
grade affected speed through the deterministic term:

where  m/s² is gravitational acceleration and  is the simulation time step. Thus, uphill
sections reduced speed and downhill sections increased it. This hill effect was included in both the
external speed update and deterministic internal belief propagation when the road profile was assumed
known. World-level speed noise was applied only in the external environment, not in the internal belief
model. Hills were disabled during attention-policy training and enabled during final model evaluation,
testing whether the learned supervisory policy transferred to longitudinal disturbances caused by the
sinusoidal road profile.

TLC was used as the main lateral safety margin metric, following the definition introduced by Godthelp et
al. (1984). In the model, TLC was estimated through deterministic forward simulation. The calculation
assumed constant, unchanging speed and constant steering over the prediction horizon serving as a
local risk proxy based on the current state. The forward simulation used an internal step size of ,

with a maximum prediction horizon of 70 s, matching the simulator study. At each simulated sub-step,
the predicted vehicle position was checked. TLC was returned as the simulated time until the vehicle first
left the road. If no lane crossing occurred within the prediction horizon, TLC was returned as the
maximum horizon.

Partial observability (internal beliefs)

Internal beliefs were represented as deterministic point estimates rather than probability distributions
and therefore did not explicitly encode posterior variance, confidence or state uncertainty. The
uncertainty and consequences of unavailable information were represented indirectly through belief drift
and elapsed time since the last sample rather than through an explicit probability distribution over
possible states. Separate belief states were maintained for lane- and speed-related information. The lane
belief represented the model’s internal estimate of the vehicle’s road-relative state, including position,

= cos( + ϕ ) ,
dz

ds

2π A

λ

2π s

λ

α = arctan( ) .
dz

ds

dz/ds α

Δ vgrade = −g sin (α ) Δ t,

g = 9.81 Δ t

Δ t

10
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heading, lateral offset and TLC, while the speed belief represented its estimate of vehicle speed. Both
were maintained separately from the true vehicle state in the external environment.

To prevent ground-truth leakage, a hidden information channel could not access the corresponding
external state variables. When a channel was visible, its belief state was synced with the external vehicle
state. When it was hidden, the belief was propagated deterministically using the most recently
commanded control actions and the same underlying transition dynamics as the external environment,
with steering and speed noise disabled. The internally estimated state could therefore gradually diverge
from the true state during occlusion, although this divergence (i.e., prediction error) was not explicitly
represented as uncertainty. The available attention modes and corresponding commands for the
attention allocation agent were:

When occlusion was disabled for training purposes, both channels were treated as visible. This setting
was used during low-level lane keeping and speed maintenance training. During attention allocation
training and simulation, occlusion was enabled, and the attention policy determined which channel was
sampled. A visual sample, implemented as an unoccluded glance, lasted 0.5 s. Because the simulation
time step was 0.1 s, each glance lasted five simulation steps. Glances were implemented as
uninterruptible attention states. If the model was currently in a Lane or Speed glance, the glance counter
advanced until the full glance duration had elapsed, after which attention automatically returned to the
None state.

To enforce discrete, non-overlapping glance events, prevent the agent from exploiting unrealistically
rapid switching between channels and avoid introducing an additional processing-delay parameter, the
model could not switch directly from Lane to Speed or from Speed to Lane, and a new glance could
begin only from the None state. The automatic end of a glance therefore produced at least one 0.1 s
None state step before another glance could begin. It’s good to note, that human drivers were not
constrained to maintain attention on a single AoI throughout the entire period. Hence, the model was a
simplification in this regard.

A sampling initiation switch cost flag was activated when attention moved from None to either Lane or
Speed. Therefore, the attention switching cost penalized active information sampling from occlusion, not
passive continuation of a glance and not the automatic return from a glance to occlusion. When a new
glance began, the newly visible channel was synchronized before the lower-level controllers acted on
that simulation step. This allowed the newly visible channel to be updated immediately before the low-
level controllers acted on that same time step. Without this synchronization, the low-level controller
would act on stale beliefs, and the new sample would affect control only on the following step.

lane → lane\:channel\:visible,\:speed\:channel\:hidden,

speed → speed\:channel\:visible,\:lane\:channel\:hidden,

none → remain occluded, both\:channels\:hidden.
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The internal belief update was synchronized with the external environment time step. Each external
physics step triggered at most one belief update. At each step, the model checked which channels were
currently visible and updated the internal beliefs according to the attention state. If both Lane and Speed
were hidden, both beliefs were propagated deterministically using the previous speed belief, previous
lane belief, last commanded steering and last commanded delta-v. When hills were enabled, the forward
model also incorporated road grade effects based on the believed vehicle position and the assumed
known road profile. Steering and speed noise were always excluded as unobserved world-level
perturbations.

If Lane was hidden but Speed was visible, the speed belief was synchronized from truth, while the lane
belief was propagated deterministically using the current speed belief, which had just been synchronized
from the visible Speed channel and the last commanded steering. If Lane was visible but Speed was
hidden, the lane belief was synchronized from truth, while the speed belief was propagated
deterministically using the last commanded delta-v, and when hills were enabled, the road grade at the
relevant lane-belief position. This allowed the internal model to account for estimated road slope without
directly observing hidden speed. Believed TLC was calculated by combining the current lane-state belief
with the current speed belief. Thus, when the Lane channel was visible, but the Speed channel was
hidden, the lane-related state was synchronized with the external environment, while TLC was still
calculated using believed speed. Consequently, the TLC prediction error recorded at a lane sampling
event could reflect error in the predicted lane state, the predicted speed state or both.

When a channel became visible after being hidden, the model first recorded the pre-synchronization
belief and compared it with the true sampled value. For lane sampling, this produced a sampling event
comparing pre-sample belief TLC with true TLC. For speed sampling, it compared pre-sample speed
belief with true speed. The resulting prediction errors were used for diagnostics and as event-based
penalties in the attention allocation reward.

Policy observations

Here, beliefs refer to the model’s internally maintained estimates of the task state, whereas policy
observations refer to the task-specific inputs provided to each RL policy for action selection. These
inputs were primarily derived from the internal beliefs and were supplemented by information about the
time elapsed since the corresponding channel was last sampled.

2.1.1 Lane keeping observations
The lane keeping agent received a dictionary-form policy observation derived from the internal lane and
speed beliefs and the elapsed time since the last lane sample. The observation included lateral offset as
represented in the belief state, believed TLC clipped at 12 s and divided by 12, time since the last lane
sample capped at 10 s and divided by 10, believed speed divided by the environment maximum speed,
heading error divided by π and the normalized rate of change in believed lateral offset. The 12 s TLC cap
was chosen based on the mean human TLC values observed in our previous study, which were
approximately 12.4 s at 60 km/h and 10.4 s at 100 km/h (Hautaoja, 2026). It provided a bounded
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normalization range while retaining greater resolution among lower TLC values associated with more
immediate lane-departure risk. The cap was used as a pragmatic normalization bound rather than as a
categorical safety threshold.

The rate of change in believed lateral offset was calculated as the difference between the current and
previous believed offsets divided by the simulation time step. It was clipped to the range [− 2, 2] and
divided by 2. For circular roads, heading error was calculated relative to the local circular tangent closest
to the believed vehicle heading. For straight roads, it was calculated as the wrapped angular difference
between the believed vehicle heading and the stored road heading. Although straight roads were not
used in the present simulations, this calculation still remained part of the implemented observation logic
of the model.
2.1.2 Speed maintenance observations
The speed maintenance agent received believed speed normalized by the environment’s upper speed
bound (120 km/h), signed believed speed error and time since the last speed sample. Speed error was
expressed relative to the center of the target-speed band in units of the band half-width. The resulting
value was clipped to [− 3, 3] and divided by 3, yielding an observation bounded to [− 1, 1]. Consequently,
the lower and upper limits of the target band corresponded to − 1/3 and + 1/3 respectively, while values
of − 1 and + 1 represented deviations of three band half-widths from the center. This scaling preserved
graded information about speed deviations beyond the target band while limiting the influence of
extreme values.

Although the speed-error input was centered on the midpoint of the target band, the final reward did not
provide an explicit bonus for maintaining that exact speed. The input therefore did not explicitly impose
a preference for the band center. However, a tendency to approach the center could still emerge if doing
so provided a greater buffer against future deviations outside the rewarded speed range. Time-since-
sample variables were also included in the lower-level observation dictionaries, but because occlusion
was completely disabled during the separate lower-level training stages, these variables remained at
zero during training and the lower-level policies were not explicitly trained to interpret nonzero times
since the last sample.
2.1.3 Attention allocation observations
The attention allocation agent received belief-based state, risk and sampling-age inputs. These included
TLC risk, signed speed error relative to the target-band center, time since the last lane sample and time
since the last speed sample. The time-since-sampling inputs allowed the policy to distinguish recently
sampled state estimates from beliefs that had been propagated for longer periods without direct
observation. Both sampling-age variables were capped at 10 s and divided by 10. The TLC risk was
calculated as

TLCrisk,t = 1 − ,
clip (TLCbelief,t, 0, 12\hspace{0.17em}s)

12\hspace{0.17em}s
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where  is the normalized TLC-risk input at simulation step ,  is the currently
believed TLC and 12 s is the normalization cap. A believed TLC of zero therefore produced maximum
lane-related urgency, while TLC values at or above 12 s produced minimum immediate urgency. Signed
speed error was calculated as

where  is the signed normalized speed-error input of the attention allocation agent,  is
believed speed,  is the midpoint of the target-speed band and  is half the width of that
band. The target-band limits therefore corresponded to − 1 and + 1 for the attention policy. All attention-
policy inputs were derived from the internal belief state rather than from hidden ground-truth variables.
See Appendix B for a summary table of all three model policies.

Reward structure

The model used separate reward functions for lane keeping, speed maintenance and attention
allocation, allowing each lower-level policy to learn its control objective while the supervisory policy
learned when task-relevant information should be sampled. The episode duration was 60 s. Successful
completion of the episode (i.e., drive) produced a reward of 100 for each policy. Objective task failure
occurred if the true vehicle state remained outside the lane boundaries or the permitted speed range for
longer than the corresponding out-of-bounds timeout. These terminal conditions were always calculated
from the external ground-truth state, even when the corresponding information channel was hidden from
the policy. This is in line with a real-life situation where a driver can experience a crash, be penalized for
speeding, or otherwise fail in speed maintenance even if not visually observing these events. The
immediate reward received by each policy at simulation step  is denoted by .
2.1.4 Lane keeping reward
The lane keeping reward used believed TLC as the primary lateral safety margin signal, consistent with
TLC as a time-related measure of lateral safety margin in driving (Godthelp et al., 1984; van Winsum &
Godthelp, 1996). Following Hautaoja (2026), this was then scaled by believed speed relative to a fixed
reference speed. The complete stepwise reward was thus defined as:

Here,  denotes the lane keeping reward at simulation step ,  is believed TLC, 
is believed speed and  s is the maximum episode duration. The reference speed was

 m/s.  denotes the continuous time spent outside the lane

TLCrisk,t t TLCbelief,t

eAA
v,t = clip( , −1,1) ,

vbelief,t − vcenter

Δ vhalf

eAA
v,t vbelief,t

vcenter Δ vhalf

t rt

rlane,t =

⎧⎪⎪⎪⎪
⎨
⎪⎪⎪⎪⎩

−100, τ lane,OOB,t ≥ τ lane,max,

TLCbelief,t ( ) + 100, t ≥ Tepisode without\:terminal\:failure,

TLCbelief,t ( ) , otherwise.

vbelief,t

vref

vbelief,t

vref

rlane,t t TLCbelief,t vbelief,t

Tepisode = 60

vref = 60/3.6 = 16.67 τ lane,OOB,t
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boundaries and  is the applicable lane out-of-bounds timeout. The timeout varied across the
lane-training curriculum and was 3 s in the final training phase and model evaluation.

Unlike the TLC observation, which was capped at 12 s, the TLC value entering the lane reward was not
capped and could reach the 70 s prediction horizon. This continuous stepwise reward encouraged the
lane keeping policy to maintain a high believed lateral safety margin. If the true vehicle remained outside
the lane for the applicable timeout, the episode terminated with a penalty of . Terminal failure also
prevented the accumulation of subsequent stepwise rewards. If the episode reached the maximum
duration without terminal failure, the completion reward of 100 was added to the lane reward on the final
step. Thus, the continuous reward was calculated from the internal belief state, while objective lane
failure was determined from the external ground-truth state and lane departure timer.
2.1.5 Speed maintenance reward
The reward treated speed regulation as a sparse, constraint-based objective: speeds within the
instructed band were acceptable, while sustained deviations outside the band constituted task failure.
Conceptually, this resembles safe RL formulations based on safety or performance requirements (García
& Fernández, 2015), although the present implementation used ordinary terminal rewards and penalties
rather than a formal constrained-RL algorithm. At ordinary nonterminal steps, the speed reward was
zero. If true speed remained outside the target band continuously for at least 5.0 s, the episode
terminated with a penalty. A completion reward was given if the maximum episode duration was
reached:

Here,  denotes the speed-maintenance reward at simulation step  and  denotes
the continuous time for which true speed has remained outside the target band. Although the terminal
criterion was based on true speed, true speed was not exposed as a policy observation when the
channel was hidden. During the attention allocation task, the frozen speed policy acted from its internal
speed estimate, normalized speed-error input and time since the speed channel was last sampled. The
sparse reward avoided directly prescribing a preferred speed within the acceptable range, such as the
midpoint of the target band, allowing the target behavior to emerge from the specified bounds and task
constraints.
2.1.6 Attention allocation reward
The attention allocation reward was also intentionally minimal to avoid prescribing the targeted human-
like behavior to the model. Instead, it consisted of terminal lane failure and speed failure penalties, a
completion reward, a sampling initiation switch cost for moving from None state to either Lane or Speed
state, and event-based divergence penalties when hidden channels were sampled after occlusion. The
switch cost represented the assumption that initiating a new visual sample is not free, conceptually
consistent with evidence that switching between task sets carries measurable performance costs
(Monsell, 2003; Kiesel et al., 2010), whereas the divergence terms represented sampling-revealed belief-

τ lane,max

−100

rspeed,t =

⎧⎪
⎨
⎪⎩

−100, τ speed,OOB,t ≥ 5.0\hspace{0.17em}s,

100, t ≥ 60\hspace{0.17em}s\:without\:terminal\:failure,

0, otherwise.

rspeed,t t τ speed,OOB,t
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truth discrepancies or prediction errors between the hidden internal estimate and the state observed
when visual information became available (Friston, 2010; Clark, 2013; Kujala & Lappi, 2021). These
components of the attention allocation reward can be summarized schematically as:

Here,  denotes the attention allocation reward at simulation step , while  and  are
the normalized Lane and Speed divergence terms defined below. The fixed value of 1.0 for the switch
cost was applied only when the agent initiated a Lane or Speed sample from the None state, while the
prediction error component with weight of 0.25 was applied only at the corresponding sampling event.
Lane divergence was computed as the absolute difference between the believed TLC immediately before
sampling and the true TLC observed at the sampling instant:

 The raw divergence value was then normalized and capped as:

Here,  is the raw TLC belief–truth divergence at a Lane sampling event,  is the
believed TLC immediately before synchronization,  is the true TLC observed at sampling and

denotes the instant immediately before the sampled belief was synchronized with the true state.
 is the corresponding normalized divergence, obtained by scaling the raw divergence by 12 s and

clipping the result to . Speed divergence was computed analogously as the absolute difference
between pre-sample believed speed and true speed at sampling:

Here,  is the raw speed belief–truth divergence,  is the believed speed immediately
before synchronization and  is the true speed observed at sampling.  is the corresponding
normalized divergence, obtained by scaling the raw error by 3 m/s and clipping the result to . The
default divergence weights were 0.25 for lane TLC divergence and 0.25 for speed divergence. These
weights kept the divergence/ prediction error penalties smaller than terminal failure costs while still
making large belief errors relevant for attention learning. The default switch cost was 1.0 per None-to-

rAA,t =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪
⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

−300, for\:a\:lane\:OOB\:termination,

−100, for\:a\:speed\:OOB\:termination,

100, t ≥ 60\hspace{0.17em}s\:without\:terminal\:failure,

−1.0 − 0.25Dlane,t, when\:a\:Lane\:sample\:is\:initiated,

−1.0 − 0.25Dspeed,t, when\:a\:Speed\:sample\:is\:initiated,

0, otherwise.

rAA,t t Dlane,t Dspeed,t

dlane,t =∣ TLCbelief,t− − TLCtrue,t ∣ .

Dlane,t = clip( , 0, 1) .
dlane,t

12\hspace{0.17em}s

dlane,t TLCbelief,t−

TLCtrue,t

t−

Dlane,t

[0, 1]

dspeed,t =∣ vbelief,t− − vtrue,t ∣ ,

Dspeed,t = clip( , 0, 1) .
dspeed,t

3\hspace{0.17em}m s−1

dspeed,t vbelief,t−

vtrue,t Dspeed,t

[0, 1]

Page 16/40



Lane and None-to-Speed sample. Lane terminal failure was weighted more strongly than speed terminal
failure in the attention reward, using a lane terminal multiplier of 3.0. This was a modeling choice
intended to give sustained lane departure greater weight than sustained speed band deviation as lane
departure can lead to more immediate and larger crash risk than speed band deviation. TLC served as
the primary lateral safety margin measure (Godthelp et al., 1984).

With this, the attention reward did not directly encourage frequent sampling, too long occlusions nor a
predefined Lane / Speed / None pattern. The attention allocation policy had to instead balance rewards
for successful task completion against penalties for terminal control failures, sampling costs and
prediction errors revealed when previously hidden channels were sampled. This reward design followed
the broader modeling principle of the study, in which the empirical pattern of attention allocation served
as an evaluation target while sampling behavior was allowed to emerge from task constraints, partial
observability, prediction error and control demands.

Reinforcement learning implementation

The model policies were learned using reinforcement learning, which provides a method for
approximating utility-maximizing behavior through repeated interaction with an environment (Sutton &
Barto, 2018). RL was chosen for the present task because visual sampling and vehicle control involve
sequential decisions whose consequences unfold over time under uncertainty. The aim was not to
prescribe a fixed sampling rule or reproduce observed behavior through supervised prediction, but to
examine whether adaptive control and attention allocation strategies could emerge from the specified
task constraints, internal information limitations and reward structure. RL provided a suitable framework
for identifying policies that balance immediate control demands, information acquisition costs and
longer-term task success.

More specifically, all three policies were trained using the Stable Baselines3 (version 2.4.1)
implementation of Proximal Policy Optimization (PPO) with MultiInputPolicy. PPO is an actor–critic
policy-gradient method that uses a clipped surrogate objective intended to discourage excessively large
destabilizing policy updates between successive iterations (Schulman et al., 2017; Raffin et al., 2021).
We used the method to approximate control and sampling policies from the dictionary observations
available to each agent. Partial observability was handled by the explicitly implemented internal forward
model, which maintained attention-dependent point estimates of hidden lane and speed states.

The lane keeping and speed maintenance policies learned lower-level control strategies with full
attention, while the attention allocation policy learned a higher-level sampling strategy over belief-based
urgency and time-since-sampled inputs. Default PPO hyperparameters are reported in Appendix C. PPO
provided model-free policy learning, meaning that the policies were optimized from experienced
transitions and rewards without learning or using an explicit environment transition model for planning.
However, the wider architecture also contained an explicit deterministic forward model for propagating
hidden lane and speed beliefs. Hence, the implementation combined model-free reinforcement learning
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at the policy level with an explicit deterministic forward model for internal state prediction during visual
occlusion.

Training procedure

The model was trained hierarchically in three separate stages. Training began with simpler subproblems
and gradually introduced more demanding conditions, supporting the stable acquisition of complex
behavior (Bengio et al., 2009; Klink et al., 2022). This curriculum-based training approach allowed lower-
level control competence to be acquired before training the supervisory attention allocation policy. The
lane keeping policy was trained first, followed by the speed maintenance policy and finally the attention
allocation policy with the two lower-level policies kept frozen. Detailed training procedures and
curriculum configurations for all three stages are provided in Appendix A.

Model evaluation

The trained model was evaluated in simulation runs under fixed test conditions not used for policy
updating. In the default simulation, the trained lane keeping, speed maintenance, and attention allocation
policies were loaded. The pretrained lane-keeping and speed-maintenance policies acted
deterministically. Attention actions were sampled stochastically from the learned policy distribution to
generate policy-level variability across repeated simulation runs. The evaluation used a speed band of
100–110 km/h (the same as in the experiment), an initial speed of 100 km/h and the sinusoidal elevation
profile. Each simulation episode lasted up to 60 s unless terminated earlier by lane or speed failure.
During simulation, the model logged time, position, speed, heading, steering, TLC, offset, attention mode,
and hill-profile info. The trace could be plotted and animated (see Fig. 4).

The code also recorded diagnostic belief-truth divergence measures. For lane sampling, it logged the
belief TLC immediately before sampling and the true TLC at the sampling instant. For speed sampling, it
similarly logged the believed speed immediately before sampling and the true speed at the sampling
instant. Continuous hidden lane divergence traces were also logged and segmented by occlusion
episode. These diagnostics could be exported as CSV files and plotted to examine how prediction error
developed during occlusion.

The primary evaluation measures were mean TLC, mean OT, occlusion rate, mean speed, speed deviation
rate, and the proportions of time allocated to Lane, Speed and None. For comparability with the empirical
measure, TLC was operationalized as TLC at the subsequent Lane sampling event plus the duration of
the preceding occlusion, providing an approximate TLC value for occlusion onset. Event counts were
converted to events per 10 s whenever human and model driving durations were not identical:

The same operational definitions and analysis periods were used for the human and model data
wherever possible. The final model configuration was simulated 30 times using different random seeds.

Eventrate10s = × 10s.
Nevents

Tdrive
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These runs represented stochastic realizations of the same trained policy rather than independently
parameterized virtual drivers. Human and model distributions were summarized using the mean,
standard deviation, median and range. For discrete or zero-inflated event measures, the interquartile
range was also reported. Human-model correspondence was assessed descriptively using standardized
distances expressed in units of the observed human standard deviation, following the general model-
evaluation approach of Jokinen et al. (2021). For each outcome (j), the standardized distance between
the model and human means was calculated as:

Using the human standard deviation as the denominator expresses the distance between the model
prediction and the center of the observed human distribution relative to the variability among human
participants. Positive values indicate that the model mean was higher than the human mean, whereas
negative values indicate that it was lower. For pragmatic descriptive interpretation in the present study,
absolute standardized distances of were classified as good correspondence, distances of

 as plausible but weaker correspondence and distances of  as clear deviations
from the human data.

As an additional descriptive criterion, we examined whether each model mean fell within the observed
minimum-maximum range of the human data. The mean absolute standardized distance across the
outcomes was calculated as a compact descriptive summary. It was not treated as an inferential overall-
fit statistic because the evaluated measures were not independent. Likewise, no independent-samples
significance tests were conducted because repeated stochastic runs of a single trained policy are not
equivalent to observations from independent human participants. Variation across simulation runs
reflects stochastic within-policy variability rather than between-driver variability, which was not
simulated.

3 Results
The final hierarchical model produced interacting visual sampling, lateral control and longitudinal control
behavior across the 30 evaluation runs. Lane deviations were initially included as a performance
measure but omitted from Table 1 because the final model produced none during evaluation, compared
with 0.29 deviations per 10 s (SD = 0.22) in the human data. This greater model stability is considered
further in the Limitations. Table 1 and Fig. 5 summarize the remaining human and model distributions
together with the standardized model–human distances. The observation unit in the human data was
the participant mean, while the model observation unit was the mean of one stochastic simulation run.
Human driving-performance measures were available for all 30 participants. Valid eye-tracking and area-
of-interest (AoI) data were available for 27 participants. All model measures were available for the 30
simulation runs.

zj =
Mmodel,j − Mhuman,j

SDhuman,j

∣ z ∣ ≤ 1

1 <∣ z ∣ ≤ 2 ∣ z ∣ > 2
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Table 1
Human and model descriptive statistics and standardized model–human distances.

Measure Human, M
(SD)

Human,
range

Model, M (SD) Standardized
distance, z

Time-to-line crossing
(s)

8.92 (2.25) 5.94–13.97 9.57 (1.10) 0.29  

Occlusion time (s) 0.85 (0.37) 0.23–1.83 0.97 (0.15) 0.31  

Occlusions per 10 s 7.20 (2.23) 2.57–13.47 6.94 (0.68) −0.12  

Speed AoI ratio (%) 12.42 (6.27) 3.82–27.70 10.12 (1.54) −0.37  

Lane AoI ratio (%) 29.22 (6.26) 17.57–
45.56

23.82 (3.15) −0.86  

None/occluded ratio
(%)

58.36 (9.79) 34.21–
77.29

65.90 (3.47) 0.77  

Mean speed (km/h) 104.30
(2.52)

99.40–
111.71

103.27
(0.44)

−0.41  

Speed deviations per
10 s

0.53 (0.16) 0.14–0.81 0.41 (0.41) −0.75  

Note. Human (N = 30) for the driving-performance measures and (N = 27) for the AoI measures. Model (N = 
30) for all measures. Standardized distances were calculated from unrounded values using the human
standard deviation. Every model mean fell within the corresponding observed human minimum–maximum
range.

Across the eight evaluated measures, all model means were within one human standard deviation of the
corresponding human mean. None fell within the predefined range of plausible but weaker
correspondence, and all eight model means fell within the observed human minimum–maximum ranges.
The mean absolute standardized distance across the measures was 0.48 human standard deviations,
indicating generally close descriptive correspondence between the final model configuration and the
aggregate human data. In Fig. 5, positive values indicate higher model means and negative values
indicate lower model means. The central shaded region between − 1 and + 1 represents good
correspondence.

Visual sampling behavior

The model closely reproduced the temporal characteristics of human visual sampling behavior. The
mean TLC was 9.57 s compared with the human mean of 8.92 s, resulting in z = 0.29. The OT measure
showed a similar level of correspondence, with a model mean of 0.97 s compared with 0.85 s in the
human data (z = 0.31). The model therefore remained occluded for slightly longer periods, although its
mean was less than one third of a human SD from the human average and remained within the observed
human range of 0.23–1.83 s. The model’s occlusion frequency was also close to that observed in the
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human data. It produced an average of 6.94 occlusions per 10 s compared with 7.20 occlusions per 10 s
in the human data, corresponding to z = − 0.12. The directions of the OT and occlusion frequency
differences were internally coherent, with slightly longer occlusions accompanied by slightly fewer
occlusions per 10 s. TLC, OT and occlusion frequency all remained within one human standard deviation
of the corresponding human means, and overall the final model configuration reproduced the broad
human pattern across these visual sampling measures (see Fig. 6).

The model also reproduced the broad division of visual attention between speed-related information,
lane-related information and periods without visual information (see Fig. 7). Among the three attention
allocation measures, the closest correspondence was observed for the Speed AoI ratio. Human
participants allocated an average of 12.42% of the analyzed time to the speed-related AoI, while the
model allocated 10.12%. This difference corresponded to z = -0.37. The model allocated slightly less
time to the Lane category than the human participants. The human mean Lane ratio was 29.22%,
whereas the model mean was 23.82%, resulting in z = -0.86.

This was the largest standardized model–human difference among the evaluated measures. The model
mean nevertheless remained within one human standard deviation of the human mean and within the
observed human range of 17.57–45.56%. Correspondingly, the model spent more time in the None (or
occluded) state. The mean None ratio was 65.90% for the model and 58.36% for the human participants,
producing a standardized distance of z = 0.77. Because the Lane, Speed and None ratios form a
compositional measure that sums to 100%, the lower model Lane and Speed ratios and higher None
ratio represent related aspects of the same attention allocation pattern. The main difference concerned
the model’s greater proportion of time under occlusion, although all three attention allocation measures
remained within one human standard deviation of the corresponding human means.

Longitudinal driving performance

Longitudinal driving performance was also broadly consistent with the human data (see Fig. 8). The
model’s mean speed was 103.27 km/h compared with 104.30 km/h in the human data. This difference
corresponded to z = -0.41, placing the model within one human standard deviation of the human mean.
The model mean was also within the observed human speed range of 99.40–111.71 km/h. Variation in
mean speed was smaller across the model runs than between the human participants, with standard
deviations of 0.44 km/h and 2.52 km/h respectively. This difference was expected because the model
runs represented repeated realizations of one trained policy and did not contain participant-specific
parameter variation.

The model also produced a somewhat lower speed deviation rate than the human participants (see
Fig. 9). Human participants produced an average of 0.53 speed deviations per 10 s, whereas the model
produced 0.41 deviations per 10 s. The resulting standardized distance was z = -0.75, placing the model
within one human standard deviation of the human mean. The model mean also remained within the
observed human range. Variation in the model speed deviation rate was relatively large across runs, with

Page 21/40



an SD of 0.41 compared with 0.16 in the human data, indicating that some simulation runs produced
considerably more deviations despite the lower model average.

Prediction error development

To illustrate how prediction error developed while Lane information was unavailable, Fig. 10 shows
believed and true TLC during a typical single lane-occlusion episode from an evaluation run. The two
estimates remained relatively close during parts of the early occlusion but showed larger divergences as
the episode progressed, with periods of partial convergence between larger prediction errors. Absolute
TLC prediction error exceeded the 12 s cap used in the lane-divergence component of the attention
reward at several points and remained above the cap immediately before Lane information was sampled
again. The trajectory illustrates how deterministic belief propagation can produce substantial belief–
truth divergence during occlusion, while also showing that the error does not necessarily increase
monotonically with elapsed occlusion time, but depends on the evolving vehicle and predicted states.
This diagnostic complements the aggregate human–model comparisons and was not included in the
standardized distance calculations.

4 DISCUSSION
In this paper, we developed a hierarchical computational rationality model of visual sampling in
combined lateral and longitudinal vehicle control. The model extended earlier computational rationality
modeling of intermittent visual attention in lane keeping (Hautaoja, 2026; Jokinen et al., 2021) to a
multitask setting in which the agent had to maintain lane position, regulate speed and decide when task-
relevant visual information should be sampled. The model consisted of separate lower-level control
policies for lane keeping and speed maintenance and a supervisory attention allocation policy that
selected between lane sampling, speed sampling and continued occlusion. The central modeling
assumption was that visual attention can be treated as adaptive information sampling under partial
observability. Here, when visual information is unavailable, the driver or model acts from an internal
belief state, and sampling becomes useful as internal estimates become older or task-related risk
increases relative to the cost of acquiring and processing new information (Senders et al., 1967; Kujala &
Lappi, 2021).

The results indicate that the hierarchical model configuration produced plausible aggregate behavior
across visual sampling timing, supervisory attention allocation and longitudinal driving performance. All
eight evaluated model means in the main fit table (Table 1) were within one human standard deviation of
the corresponding human means and within the observed human ranges. Correspondence was
particularly close for occlusion frequency, TLC, mean speed, occlusion time and the AoI ratio for speed.
The largest remaining differences concerned the model’s lower allocation of time to lane-related
information, its greater proportion of time under occlusion and its lower average speed deviation rate.
None of these differences exceeded one human standard deviation. However, this fit should be
interpreted together with a qualitative limitation in lateral error production, as the current model
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produced no lane deviations, whereas such events occurred steadily in the human data. Nevertheless,
the results suggest that the model captured several key properties of human visual sampling and
multitask control, while still overestimating the stability of lateral control.

Although the model did not explicitly represent state uncertainty as a probability distribution, its
assumptions are broadly consistent with predictive coding and predictive processing accounts of
cognition, in which behavior is guided by the interaction between internal predictions and sensory
evidence as prediction error (Friston, 2010; Clark, 2013). In the present model, the internal lane and
speed beliefs were propagated during occlusion and synchronized with the external environment only
when the corresponding information channel was sampled (Pekkanen et al., 2018). The divergence
between the internal belief estimates and the task-relevant environmental states observed at sampling
can therefore be interpreted as a task-level prediction error. The model provides an apt mechanistic
account of how temporary inattention to external visual information does not necessarily lead to a
decrease in driving performance when the associated internal beliefs are sufficiently accurate, while
becoming risky when prediction error grows too large and the model’s internal estimates no longer
support appropriate levels of control and certainty (Kujala & Lappi, 2021).

A key contribution of the model is that it treats visual sampling in driving as a supervisory multitasking
problem following the supervisory multitasking approach of Jokinen et al. (2021). In many driving tasks,
the driver does not only need to decide when to look, but also which information should be updated. The
present model formalized this problem by allowing the supervisory policy to choose between lane
information, speed information and to remain occluded. This extends earlier conceptual and
experimental work on visual occlusion and spare visual capacity (see Kujala et al., 2023) by modeling
attention allocation across multiple control-relevant information channels, shifting the focus from visual
sampling as a single-channel timing problem toward visual sampling as a context-sensitive allocation
problem between competing sources of uncertainty.

The results also support the broader computational rationality view that human-like behavior can emerge
from task constraints, uncertainty, reward structure and limited perceptual access (Howes et al., 2009;
Lewis et al., 2014; Oulasvirta et al., 2022). The model was not directly optimized to reproduce a
predefined human attention pattern. Instead, the attention allocation policy had to balance successful
task completion against terminal failures, sampling costs and the prediction errors revealed when
hidden channels were sampled. This is important because it keeps the empirical data as an evaluation
target rather than as a source of information for building the target behavior directly into the model. The
plausible fit across several measures suggests that the model captured a useful approximation of how
attention may be allocated when lateral and longitudinal control demands must be managed under
intermittent vision.

At the same time, the model should be understood as a task-specific and mechanistic approximation
rather than a complete theory of driver attention, serving as an initial foundational step. Validation
against aggregate human data cannot prove that human drivers use the exact same internal
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representations, reward functions or decision mechanisms (Wilson & Collins, 2019). The model instead
demonstrates that a psychologically interpretable architecture based on internal beliefs, task constraints
and costly sampling can reproduce several observed features of human behavior. In this sense, the
model is both descriptive and explanatory, describing human-like visual sampling patterns at the
aggregate level, while also explaining them as boundedly adaptive outcomes of the modeled task
constraints.

The practical relevance of this approach is that the model provides a way to reason about attention and
inattention in terms of context-dependent uncertainty instead of fixed glance-duration thresholds (Kujala
& Lappi, 2021; Kujala et al., 2023). A two second glance away from the road and the lane keeping task
may be relatively safe on a straight road at stable speed, but more problematic in a curve, on a hilly road
or when speed is already drifting outside the instructed range. The present model captures this logic
computationally by linking visual sampling to the internal belief state and the variable control demands
of the task.

Limitations

Several limitations should be noted. First, as was already briefly mentioned, the current model produced
no lane deviations in the evaluated runs, whereas human drivers showed a steady number of lane
deviations, on average 0.29 (SD = 0.22) events per 10 s. This suggests that the model’s lane control
policy was too stable relative to human drivers. In practice, the learned steering policy and the lane-
related reward structure may have suppressed rare lane departures, producing a floor effect in lateral-
error outcomes. Thus, although the model reproduced several aggregate visual sampling and speed-
related measures, it did not fully capture the variability and occasional control failures observed in
human lane keeping. Future versions should therefore introduce more realistic sources of lateral-control
variability, such as belief-related noise, perceptual uncertainty or participant-specific steering-skill or
cautiousness parameters (Hautaoja, 2026), so that the rare but human-like lane deviation events can
emerge without directly forcing them through the reward function. Also, the vehicle simulation dynamics
were more realistic in the driving simulator than the simplified vehicle dynamics used in the model to
reduce computational costs.

Although time-since-sampled variables were included in the lower-level (lane and speed agents’)
observation spaces, occlusion was disabled during standalone controller training. These inputs therefore
remained at zero during pretraining and acquired non-zero values primarily when the frozen lower-level
controllers were embedded in the integrated attention allocation task. This introduces a limited
observation distribution shift between controller training and integrated evaluation. In future versions,
the lower-level control policies could be trained with a broader distribution of inattention related states,
so that they become more robust to the belief dynamics encountered during the full attention allocation
task.

The attention dynamics also included a structural constraint, in which new Lane or Speed glances could
begin only from the ‘None’ attention state. Once the new attention state was chosen, the model was
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committed to that attention state for the full single sampling duration of 500 ms. This made the
sampling process easier to control and interpret, but it represents a simplification of human gaze
behavior. The model also treated Lane and Speed as mutually exclusive information channels, whereas
human drivers may acquire some peripheral information from both the road and speedometer during an
unoccluded glance. Human drivers can also shift gaze more flexibly between information sources, and
real glances may overlap with transitional eye movements, peripheral preview and partial information
pickup (Summala et al., 1996; Kujala et al., 2023). In the present model, the restriction helped maintain a
clear distinction between active sampling and occluded belief propagation, but it also simplified the
extent and temporal structure of human visual attention.

The current prediction error (i.e., divergence) penalty may not fully capture the development of prediction
error during occlusion. As illustrated in Fig. 10, TLC belief–truth divergence can become substantial
within a single occlusion, although its magnitude also varies non-monotonically as the vehicle and
predicted states evolve. Because the TLC divergence term is capped, further increases in prediction error
beyond the cap do not produce larger penalties. This may limit the extent to which the divergence
penalty can shape longer-term Lane / Speed / None allocation patterns. Future versions should therefore
explore divergence penalties that remain sensitive to larger prediction errors and better account for their
temporal development during occlusion.

The model also relies on simplified belief-state representations and task-specific reward functions. The
internal lane belief included variables such as TLC, offset and heading, while the speed belief
represented the current speed state, from which its relation to the target speed band was derived. These
representations are appropriate for the present task, but human drivers likely rely on richer and noisier
perceptual-motor representations, including optic flow, peripheral vision, vestibular information, learned
road expectations and uncertainty about their own control actions (Kujala & Lappi, 2021; Pekkanen et al.,
2018; Salvucci & Gray, 2004). Similarly, the reward terms used in the model are psychologically
interpretable, but their exact numerical values remain modeling choices. The switch cost, divergence
weights, terminal multipliers and failure timeouts were chosen to produce stable learning and plausible
behavior, not estimated directly from individual participants.

Another minor limitation concerns the preprocessing of the empirical data. The analysis used filtered
data, and in some cases filtering removed entire occlusion events. This may have slightly affected the
participants’ measures, such as occlusion frequency, mean occlusion duration and the TLC values. The
effect is expected to be minimal, but it should nevertheless be acknowledged when interpreting the
exact numerical correspondence between the model and the human data. The model was also evaluated
primarily at the aggregate level. Although the model means fell within the observed human ranges and
within one human standard deviation for all eight standardized comparison measures, aggregate
plausibility does not guarantee that the model captures the full distribution of individual attentional
strategies. Some drivers may be more cautious, some more tolerant of uncertainty and some more
sensitive to speed deviations or lateral risk. The present model therefore provides a plausible population-
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level configuration, but a stronger test of the framework would require individualized parameter fitting
and evaluation against participant-level patterns (Wilson & Collins, 2019; Hautaoja, 2026).

Finally, the model inherits the general limitations of reinforcement learning implementations of
computational rationality. Training can be sensitive to reward balance, agents’ inputs, hyperparameters
and environmental details (Henderson et al., 2018). Although the present configuration produced
plausible behavior across several variables, reinforcement learning does not automatically guarantee
stable convergence or psychological interpretability. Computational rationality provides the theoretical
principle that adaptive behavior emerges under bounds and task constraints, but RL is only one
implementation method. Other approaches, such as inverse RL, hierarchical Bayesian modeling or
cognitive architectures, may offer complementary and alternative ways to model attention allocation
under uncertainty (Abbeel & Ng, 2004; Salvucci, 2006; Knill & Pouget, 2004; Körding & Wolpert, 2006).

Further research and implications

While addressing the aforementioned limitations, an important direction for future research is
individualization. The present model was evaluated as a single hierarchical configuration against the
human distribution. Future work could estimate participant-specific parameters related to cautiousness,
control skill, belief noise and/or sampling cost. This would make it possible to create an ensemble of
simulated drivers, each representing a different attentional strategy. Such a development would align
closely with the broader idea of appropriate uncertainty, where safe and adaptive performance depends
on the relation between individual safety margins, control abilities and environmental demands (Kujala &
Lappi, 2021).

Another important direction is to extend the model to more complex and ecologically richer driving
contexts. The present task included lane keeping, speed maintenance and intermittent visual sampling
on a large-radius circular and undulating road, but real driving also involves traffic, headway regulation,
overtaking, intersections, road users, weather, automation status and secondary tasks. Adding headway
control would be a particularly natural extension, because longitudinal attention has often been studied
in car-following contexts (Pekkanen et al., 2018; Kujala & Sarkar, 2024). More complex road and traffic
environments would allow the model to estimate how attention allocation changes when several
different sources of uncertainty compete for visual access. The current hierarchical architecture allows
new subtasks to be added relatively easily, although interactions between such subagents would need to
be explicitly encoded (cf. TLC belief vs. speed belief).

Third, future research could compare different computational implementations of the same theoretical
idea. The current model uses reinforcement learning to implement computational rationality, but other
methods could be used to infer or approximate rational information sampling behavior. Inverse
reinforcement learning could help estimate implicit reward structures from human data (Abbeel & Ng,
2004). Bayesian models could provide a more explicit account of uncertainty representation in addition
to the current point-estimate beliefs (Knill & Pouget, 2004; Körding & Wolpert, 2006). This could allow
uncertainty itself to be examined as an internal model variable and provide a closer computational link to
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predictive processing accounts of cognition (Friston, 2010; Clark, 2013; Kujala & Lappi, 2021). However,
explicit uncertainty representation is not required for the present attention policy to develop adaptive
sampling based on the consequences of continued occlusion. Additionally, cognitive architectures could
provide more constrained assumptions about memory, timing and perceptual-motor processing
(Salvucci, 2006). Comparing these different alternatives would clarify which aspects of the current
results depend on the CR framework itself and which depend on the chosen RL implementation.

4.1.1 Implications for driver awareness and engagement
Beyond its role as a model of adaptive visual sampling, the present architecture also suggests a broader
human–vehicle interaction perspective. By explicitly distinguishing the external task state from an
attention-dependent internal belief state, the model provides a computational basis for asking not only
where visual attention is directed, but also whether the driver maintains an adequate internal
representation of task-relevant conditions. This perspective is compatible with the Human-Engaged
Computing (HEC) framework, which emphasizes technological support for human awareness, agency
and active engagement in addition to efficient task performance (Ren, 2016; Ren et al., 2019; Ren &
Wang, 2026). In HEC terminology, this provides a potential computational starting point for examining
aspects of Xin (�), understood here as subjective awareness and active cognitive engagement with the
task. The present model does not directly measure such subjective states, but its belief-based
architecture could support future work relating observable sampling behavior to the adequacy of the
driver’s internal representation of the driving situation.

From an applied perspective, the model might support development of more context-sensitive driver
attention monitoring systems. Current systems often rely on simplified rules, such as warning the driver
when gaze has been away from the road for too long. The present approach suggests that warnings
should not depend only on elapsed glance time, but also on the uncertainty and control demands of the
situation (Sarkar & Kujala, 2025). Looking away may be acceptable when the lane and speed states are
stable, but unsafe when continued inattention is expected to compromise lane or speed control. In the
long term, such models could support context-sensitive driver monitoring systems that estimate when
inattention is becoming dangerous in a specific driving context. With sufficient empirical validation and
participant-specific modeling, the same framework could also support cognitive calibration by
estimating whether task-relevant information has been sampled sufficiently to maintain an adequate
internal representation of the current driving situation, rather than relying on observable gaze behavior
alone.

The model could also inform adaptive in-vehicle interface design. If a vehicle system can estimate when
lane uncertainty or speed uncertainty is high, it could delay non-urgent notifications, simplify displayed
information or avoid presenting visually demanding tasks during safety-critical moments. Such
interfaces could also function as cognitive scaffolds, helping drivers update task-relevant information
and maintain awareness and active engagement. Similarly, a validated model could be used as an early
simulation tool for evaluating new interface concepts before expensive user studies (Oulasvirta et al.,
2022). This kind of future normative model would still not necessarily completely replace human testing,
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but it could help identify conditions where a display or interaction design is likely to compete with
driving-relevant visual sampling.

The framework may also help support human awareness and agency during automated driving
transitions. In partially automated vehicles, the driver may need to resume control after a period of
reduced visual or cognitive engagement (Braunagel et al., 2017; Zeeb et al., 2016). A model of attention
as belief-based information sampling could help estimate whether the driver has an adequate internal
representation of the current driving situation before takeover. This would move takeover assessment
beyond simple measures of gaze direction or hands-on-wheel status toward a more functional estimate
of situation awareness as task-relevant uncertainty. More broadly, this perspective is compatible with
human-centered and human-engaged approaches to automation that seek to maintain meaningful
human control and agency rather than treating the driver primarily as a passive fallback monitor
(Shneiderman, 2022; Ren & Wang, 2026). Future extensions could therefore investigate how adaptive
automation and interface support might help maintain or restore task-relevant awareness while
preserving an active role for the driver in vehicle control. However, such applications would require
extensive validation in more realistic driving environments and against participant-specific data before
the model could be reliably used to estimate actual real-time driver states.

5 CONCLUSIONS
The present hierarchical computational rationality model of bounded-optimal visual sampling in lateral
and longitudinal vehicle control contributes to attention research by formalizing inattention as active
reliance on internal prediction rather than a mere absence of visual input. It suggests that visual
attention in driving can be understood as adaptive sampling of task-relevant information under
uncertainty. Continuous visual access to every information source is not always necessary, but the
appropriate information must be updated before internal estimates become too inaccurate to support
safe control. This perspective connects visual sampling, cognitive prediction and vehicle control within a
single computational framework.

The model reproduced the broad human pattern across visual sampling timing, attention allocation and
longitudinal performance, with all standardized comparison measures falling within one standard
deviation of the corresponding human means. At the same time, the absence of lane deviations showed
that the current model overestimated the stability of lateral control. The results support the value of
hierarchical computational rationality as a framework for explaining how attention may be allocated
between interacting control demands, while also identifying the need for more realistic vehicle control
variability, richer representations of uncertainty and participant-specific modeling.

In a broader sense, the model demonstrates how adaptive periods of inattention can emerge from the
interaction between internal beliefs, prediction error, perceptual costs and task constraints without
directly encoding the observed human attention patterns. With further validation and development, the
framework could support more context-sensitive models of driver attention that consider not only
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observable attention behavior but also the adequacy of task-relevant internal representations, and inform
future driver monitoring systems, in-vehicle user interface design and the development of automated
driving applications.
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Figure 1

University of Jyväskylä driving simulator. During the combined task, the speedometer visible on the center
monitor was hidden from the road view and presented on the rightmost monitor (see Fig. 2).

Figure 2

Simulator task view during a single 0.5 s unoccluded visual sample.
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Figure 3

Structure of the hierarchical computational rationality model. Separate lower-level policies control lateral
steering and longitudinal speed, while a supervisory attention allocation policy selects whether to sample
lane-channel, speed-channel or remain occluded. An internal attention-dependent belief model maintains
estimates of the hidden lane and speed states, while the external environment represents the true vehicle
and road state.
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Figure 4

Example frame from the model’s animated simulation view during an evaluation episode.
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Figure 5

Standardized distances between the model and human means across the eight evaluation measures.

Figure 6
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Comparison of human and model visual sampling measures. The panels show mean OT, mean TLC
(approximation at occlusion onset) and the number of occlusions per 10 s. Error bars represent 95%
confidence intervals calculated across participant means for the human data and across stochastic run
means for the model data. Model intervals reflect variation across repeated runs of the same policy, not
between-driver variability.

Figure 7

Mean allocation of time to the Lane, Speed and None categories in the human and model data. Values are
presented as 100% stacked bars showing the relative distribution of attention across the three categories.
The human results are based on 27 participants.
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Figure 8

Comparison of human and model mean driving speed. Error bars represent 95% confidence intervals across
human participant means and model simulation-run means.

Figure 9

Comparison of human and model speed deviation rates per 10 s. Error bars represent 95% confidence
intervals across human participant means and model simulation-run means.
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Figure 10

TLC belief–truth prediction error during an illustrative lane-occlusion episode. The upper panel shows
believed and true TLC, while the lower panel shows their absolute difference. The vertical dotted line
indicates the next Lane sample, with the final value representing the pre-synchronization prediction error.
The horizontal dashed line indicates the 12 s cap used in the lane-divergence component of the attention
reward.
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