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Figure 1: Learning process of the reinforcement learning agent. The agent observes a set of 10 coordinates (x/y, white boxes in
the images) lying on the lane center of the upcoming road segment in exponentially increasing distance (i.e., the immediate
future is represented in higher resolution). Given these observations, the agent can either issue TOR or postpone it to a later
moment. By receiving the drivers’ lateral performance after a TOR as reward signal, the agent learns which road trajectories
are more suitable for TORs than others. Given the implemented artificial driver model, it would issue TOR in the straight
segment (left), but postpone it in curvy sections (right).

ABSTRACT
Various factors influence drivers’ response to Take-Over Requests in
automated driving, and a wide range of designs have been proposed
to improve transitions. Still, little research has investigated how
systems could deliver Take-Over Requests at the best moment in
time. In this paper, we sketch the idea of a reinforcement learning
agent that learns to deliver Take-Over Requests at the right time
so that drivers’ performance gets optimized, which could help to
increase driving safety. We implemented such a system in Unity
to evaluate this approach using a simple driver model. Our agent
receives coordinates of the upcoming road segment and learns to
deliver a Take-Over Request at an appropriate moment within a
short time window. The reward function is composed to minimize
the lateral deviation in the subsequent phase of manual driving.
The initial results obtained are promising, and we will evaluate the
concept with real human users soon.

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
AutomotiveUI ’21 Adjunct, September 9–14, 2021, Leeds, United Kingdom
© 2021 Copyright held by the owner/author(s).
ACM ISBN 978-1-4503-8641-8/21/09.
https://doi.org/10.1145/3473682.3480262

CCS CONCEPTS
•Human-centered computing→User interface management
systems; Interaction techniques; • Computing methodologies →
Machine learning approaches.

KEYWORDS
take-over requests; automated driving; conditional automation;
intelligent user interfaces; adaptive automation

ACM Reference Format:
Jakob Kuen, Clemens Schartmüller, and Philipp Wintersberger. 2021. The
TOR Agent: Optimizing Driver Take-Over with Reinforcement Learning. In
13th International Conference on Automotive User Interfaces and Interactive
Vehicular Applications (AutomotiveUI ’21 Adjunct), September 9–14, 2021,
Leeds, United Kingdom. ACM, New York, NY, USA, 6 pages. https://doi.org/
10.1145/3473682.3480262

1 INTRODUCTION
Take-Over Requests (TORs, i.e., transitions from automated to man-
ual control) are a prominent research topic for automotive user
interfaces [6, 15, 29]. Much research has focused on imminent TORs
(where drivers must respond timely to an emergency), but it was
argued that a majority of transitions would be “scheduled” [7, 26].
Scheduled transitions can occur in both SAE levels 3 and 4 [21]
when the automated driving system leaves its operational design
domain (for example, a highway driving system at a highway exit),
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but they could also happen in the future to maintain drivers’ situa-
tion awareness and driving skills [17]. It has even been argued that
connected vehicles could allow scheduling in some emergencies
[27]. Compared to imminent situations, scheduled transitions allow
for planning within a certain time window. For example, recent
works have looked into pre-alerts (“priming” [24]) and multi-stage
warnings [5] to improve drivers’ TOR responses. However, not
many works have addressed the question of when exactly a user
interface should communicate a TOR to the driver.

“Determining when to communicate” [10] is an increas-
ingly important question in user interface design.We argue
that a sophisticated interface would need to determine the best
moment for a TOR since timing influences response performance
and drivers’ well-being [27]. Many factors have been shown to
affect transitions, such as traffic volume [8], road curvature [20],
TOR modality and presentation patterns [19], driver state [25], or
secondary tasks [15]. Given the fast-changing dynamic driving en-
vironment, the question of when (within a given time window) a
TOR should be issued can be seen as a probabilistic problem that
allows for optimization. For example, when the need for a transition
emerges in a curve, it could be worth waiting for a straight section
– provided a sufficient time window and that a TOR would be less
degrading (with respect to driving performance) on a straight road.

We propose to model the problem of deciding when a TOR
should be issued within a given time frame as a reinforce-
ment learning (RL) problem. Using machine learning to improve
the TOR process has been suggested multiple times, mostly to pre-
dict human reactions. Proposed systems have included parameters
such as traffic situation and secondary tasks [1], heart rate and eye
movements [4], video streams of drivers [3], and vehicle data [18].
For example, such predictions could be used for driver monitoring
systems that alert drivers to maintain situation awareness.

Our approach is novel in a way that it aims to determine the
potentially best timing to communicate TORs to drivers. Such a
system could become a valuable extension for in-vehicle interfaces,
e.g., for multi-stage TORs [5]. Although the challenge of determin-
ing an appropriate timing to interrupt drivers has been proposed
by empirical works both in the context of side activities [22] and
transitions [28], we are not aware of any project investigating how
such interfaces could be implemented. We have set up a driving
simulation in Unity and modeled the scenario as an RL problem
for our investigations. The initial results presented in this work
have been obtained with simulated drivers (based on various as-
sumptions), but we aim to include real human users later in the
project.

2 A REINFORCEMENT LEARNING AGENT TO
OPTIMIZE TAKE-OVERS

RL is a sub-branch of machine learning that does not require pre-
labeled training data. In an RL problem, an agent senses subsequent
configurations of an environment (states of a Markov-decision pro-
cess) and performs actions that may (or may not) receive a reward.
Over time, by randomly “trying out” actions in different environ-
ment states (exploration), the agent eventually builds up a policy

that maximizes future rewards as it learns which actions are most
promising [23]. We argue that the probabilistic process of issuing a
TOR at an appropriate moment within a given time frame can be
formulated as an RL problem.

To test this idea, we have set up a driving simulation in Unity 3D
using the “Windridge city” asset and integrated a simple automated
vehicle model, which automatically drives and navigates through
the city (i.e., algorithmic steering to follow lines/splines in the lane
center with a speed of 20-30km/h and randomly selecting the next
road segment at any junction). During this “endless” (no dedicated
start or endpoint) drive, the car signals the need for a TOR at random
moments. This activates an RL agent to determine the proper TOR
timing within a 10-second window. We utilized the “ML-Agents”
machine learning library for Unity [13] and implemented a simple
model for our initial investigations:

• Environment:We modeled the state space as a list of (dis-
cretized) x/y coordinates describing 10 points lying on the
upcoming trajectory (with exponentially increasing distance
from the car, 𝑑𝑖𝑠𝑡 (𝑛) = 1.6𝑛𝑚𝑒𝑡𝑒𝑟𝑠), with the vehicle acting
as the origin of the coordinate system. Since the upcoming
driving trajectory passes through these 10 points, the agent
learns which coordinate sets are more suitable for TORs.
Near points describe the trajectory that the human driver
would have to react (i.e., “pass-through”) to when the TOR
is issued immediately, while points further away describe
road segments that will become relevant when the TOR is
delayed (see Figure 1).

• Actions: The agent can perform two actions: (1) issuing
a TOR, or (2) wait/postpone to a later moment. In case a
TOR is issued, the car hands over control to the human
driver immediately. Postponing keeps the automated driving
system active for another second before the agent is queried
for the next decision.

• Reward: The agent receives the drivers’ performance after
completing the TOR. Given that this performance is depen-
dent on the environment states, the agent will learn to issue
the TOR notification at a suitable environment state where
a high reward can be expected. We aimed at minimizing a
drivers’ lateral deviation in the phase after the TOR (i.e., the
first phase of “manual driving”). Therefore, we calculated the
standard deviation of lateral position (SDLP [14], a common
indicator of maneuvering safety according to SAE J2944 [9])
of the 10s segment following the TOR. The reward function
was defined as 1 − 𝑆𝐷𝐿𝑃 ∗ 7 (the scaling factor of 7 was
determined based on experimentation) so that less lateral
deviation from the lane center would translate to a higher
reward. If the agent keeps postponing until the end of the
10s window and never issues a TOR, it received a highly
negative reward (−4).

A trial for the RL-agent looks as follows (see Figure 2): While
driving around the track (a) the agent receives the task of issuing
a TOR within a 10-second window; (b) while progressing on the
track, once per second the agent receives the current configuration
of the environment (i.e., the set of coordinates) and either waits
or issues the TOR; (c) after a TOR was issued and the “driver” has
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Figure 2: Architecture of the RL-agent that aims at determining suitable moments for TOR over time in an iterative training
process. The agent receives the lateral deviation (SDLP) in the phase of “manual driving” following a TOR as a reward signal or
gets punished in case of a failure (vehicle getting out of the lane or TOR not issued within the given time window).

maneuvered the vehicle for 10 seconds, the reward is calculated
and forwarded to the agent. Summarized, our RL-agent aims at
minimizing the lateral deviation (SDLP) in the response, given that
this value is depending on the road layout. Before including real
users (i.e., training and testing the system with driving simulator
user studies), we utilized a simplified self-developed driver model
simulating the following properties: The model shows little to no
lateral deviation in straight segments but higher SDLPwhen driving
through curves (implemented by varying the number of steering
actions per second). This means, when a TOR is issued, after a
simulated reaction time of 1 second, the driver model takes over
control of the vehicle. Consequently, our agent should optimize in
a way that TORs are issued when straight road segments are ahead,
rather than curvy segments (which would lead to higher SDLP and
thus less reward).

3 RESULTS
We trained our agent with Proximal Policy Optimization, and our
best performing model (_ = .9, 𝛾 = .998, 𝛽 = .001, [ = .002, buffer
size = 4096, batch size = 1024, two-layer neural network with 128
units per layer with a Sigmoid activation function) could achieve
an average return of 0.72 (SD=0.378) after 10 million training steps
(although the model quickly converges and becomes relatively
stable after 500 thousand steps, see Figure 3). Further, we applied a

trained model and issued 100 thousand TORs while the simulated
vehicle was randomly driving in the Windridge city environment.
Figure 4 shows that the trained policy would issue TORs mostly in
straight sections and avoids issuing TORs before curves.

4 DISCUSSION, LIMITATIONS, AND FUTURE
WORK

The RL-agent developed demonstrates the desired behavior (given
the driver model, learning that TORs should be issued in straight
road segments rather than curves, see Figure 4) by reducing the
(simulated) lateral deviation, which highlights the potential of the
approach. Still, the results also indicate that most of the time, only
2-3 seconds of the time budget was exploited (see Figure 3), poten-
tially because of Windridge city’s dense road layout. Consequently,
we will update our driver model to become more realistic (i.e., grad-
ually increasing driving performance after responding to TOR [16],
variable reaction times, etc.) and build another simulation that gen-
erates random road layouts such that all potential environment
configurations (i.e., an arbitrary set of road coordinates) are in-
cluded in training and evaluation. We expect this will allow the
policy to become more versatile. We will then continue training and
evaluation of the agent before extending the environment model
and including human users.
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Figure 3: Results of the RL training progress, showing a fast increase in the reward (minimize SDLP) and an Entropy decrease
over 500 thousand training steps (left, center). Still, the trained agent does not fully exploit the 10s time budget and delays
TORs up to 3s (on average), potentially due to the dense road network of the training environment.

Figure 4: Application of a trained model (100 thousand TORs) in the Windridge city environment. The image on the left shows
the driving directions of the individual driving lanes (green arrows). The image on the right shows the distribution of issued
TORs over the map. Larger blue bubbles indicate a higher number of issued TORs compared to smaller bubbles. Investigation
of the individual segments (under consideration of the corresponding driving direction) shows that the desired behavior has
been trained successfully: TORs were mostly issued on straight segments and avoided shortly before curvy segments.

Currently, the model only includes the road layout, but future
“real” systems could include other suitable sets of parameters. TORs
were shown to be influenced by a wide range of factors, such as
traffic volume, driver states, secondary tasks, etc. [15] that could be
included in the model. Also, the reward function could be extended
– for example, instead of just optimizing drivers’ lateral driving
performance after a TOR, the reward function could include drivers’
reaction times and utilize physiological measurements to minimize
driver stress.

After completing the evaluations with the simulated drivers (en-
vironment extensions, hyperparameter tuning, etc.), we will repeat
the training process with data from real users in a driving simula-
tor study. Then, we will evaluate it with a different user group to
find out if the agent will optimize for real drivers’ strengths and
weaknesses. To deal with the high number of samples needed (500

thousand steps for the results in Figure 3), we could (a) increase the
learning rate of the model, (b) implement a more sophisticated dri-
ver model based on data from human drivers (applying algorithmic
variations or imitation learning [11]), or (c), not train from scratch
but instead trying to adapt a model pre-trained with simulated
drivers.

Finally, also the underlying concept has some limitations. For
example, when an agent would, over time, issue TORs solely in
situations that are easy to solve and “optimal” for drivers, the system
itself could be another source of deskilling. Still, we argue that such
issues could be resolved by appropriately configuring parameters
and/or reward functions.

We still believe that the general concept behind this idea is very
promising and could become a valuable extension for multi-stage
warnings in scheduled transitions (see Figure 5). Appropriate timing
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Figure 5: Application of the proposed idea in a multi-stage TOR UI. The driver is informed that a transition will occur soon
(1), and the system will determine the ideal moment for the transition (2). The final TOR will be delivered when appropriate
within the given time window (3) or at the end (with a proper lead time) when no suitable timing is found earlier (4).

of transitions will be important to maintain the safety and conve-
nience for multi-tasking drivers [12, 22, 27], which is a precondition
for other activities in the car – for example, realizing concepts such
as the “mobile office” [2].

5 CONCLUSION
In this paper, we have sketched the idea of a reinforcement learning
agent that aims at delivering Take-Over Requests at the right time,
such that drivers’ performance (i.e., reaction times, manual driving
performance) is optimized. We have implemented the system in
Unity 3D using the ML-agents library [13] and performed the first
tests with a simulated driver. Our comparably simple model (based
on ten coordinates describing upcoming road segments) aims at
issuing TORs at the appropriate moment within a 10 second time
window so that the lateral deviation in the subsequent phase of
“manual driving” (in quotation marks as we used a simple driver
model instead of real human users) is minimized. The early results
are promising, and we will train/evaluate the concept in a driving
simulator soon.
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