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Abstract— Reinforcement Learning is a highly active re-
search field with promising advancements. In the field of
autonomous driving, however, often very simple scenarios are
being examined. Common approaches use non-interpretable
control commands as the action space and unstructured reward
designs, which are unsuitable for complex scenarios. In this
work, we introduce Informed Reinforcement Learning, where
a structured rulebook is integrated as a knowledge source.
We learn trajectories and asses them with a situation-aware
reward design, leading to a dynamic reward that allows the
agent to learn situations that require controlled traffic rule
exceptions. Our method is applicable to arbitrary RL models.
We successfully demonstrate high completion rates of complex
scenarios with recent model-based agents.

I. INTRODUCTION

The rapid development of autonomous driving has led
to multiple SAE Level 4 fleets available to the public in
small, restricted Operational Design Domains [35]. The high
flexibility necessary to progress in complex traffic scenarios
is especially challenging [16]. In research, often simple sce-
narios are being examined, which can hardly be transferred to
real-world scenarios [5]. Especially hierarchical traffic rules,
which sometimes override others in specific situations, are
often neglected but are a typical occurrence in everyday
traffic [9]. Especially in the field of Reinforcement Learning,
which has shown rapid advancements, often very simple and
conflicting reward functions are being used in the domain
of autonomous driving, which do not have the potential to
solve such challenges [24].

Research Gap. While the development of autonomous
vehicles has rapidly progressed, their ability to comprehend
hierarchical traffic rules, i.e., rules that override others in
certain situations, remains a challenge [9]. Current methods
predominantly focus on standard traffic scenarios [2], often
neglecting the nuances of exception handling. Additionally,
even though Reinforcement Learning (RL) has made strides
in behavior planning and control instructions for autonomous
driving, the potential of RL in direct trajectory generation is
not extensively researched [27].

Contribution. Our work leverages the capabilities of
Informed Reinforcement Learning [39] to enhance the
decision-making and adaptability of autonomous vehicles,
especially in traffic rule exception scenarios. The core con-
tributions are:
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Fig. 1: Architecture of our approach. We use Curriculum
Learning, where normal scenarios are used first to learn
basic driving behavior. Then, anomalies are provided to
learn controlled rule exceptions. Given an observation oy,
the Reinforcement Learning agent chooses an action a; as
the parametric input for generating a trajectory 7;. The
rulebook then evaluates the trajectory in the context of an
abstracted environment 6; and provides the partial reward
rrB,:. Finally, a controller follows the trajectory. During
evaluation, only the path in green is executed.

o Introduction of a rulebook in RL reward design: A struc-
tured, machine-comprehensible encoding of hierarchical
traffic rules, leading to a situation-aware reward

o Our work is the first one to successfully learn feasible
trajectories in Frenet space purely based on raw sensory
RGB observations of the environment

o We provide a benchmark of 1,000 anomaly scenarios in
the CARLA simulation environment, where the agent
must be able to execute controlled rule exceptions to
reach the goal

More details are available in [30], all code is on GitHub.

II. RELATED WORK

In this section, we review related work on the application
of Reinforcement Learning (RL) in motion planning for self-
driving vehicles, typical traffic scenarios for training, and
traffic rule formalization.

A. Reinforcement Learning for Motion Planning

Motion planning in the context of autonomous driving can
be split into behavioral planning, trajectory planning, and
control instructions [2].

In the context of behavioral planning, Fayjie et al. [12]
proposed an RL-based autonomous driving strategy for urban
traffic scenarios, where the discrete action space consists
of left, right, and keep going to symbolize lane changing
behaviors. Ye et al. [41] proposed a strategy for automatic
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lane changing with RL based on Proximal Policy Optimiza-
tion. This strategy enables a trained agent to make efficient
lane-changing decisions even in dense traffic scenarios. Fur-
thermore, numerous studies have been conducted exploring
RL-based behavioral planning for autonomous vehicles, with
findings demonstrating reliable performance [21], [7], [8],
[20], [17].

In the context of trajectory planning, Feher et al. [13]
learned waypoints an agent should follow. For that, they used
the Deep Deterministic Policy Gradient (DDPG) algorithm.
A limitation of this methodology lies in its sole focus on
lateral planning. Moghadam et al. [27] proposed an RL
agent that learns input parameters for a trajectory planner
on the Frenet Space for highway scenarios. They use a
continuous action space with processed time-series data as
observation space instead of raw sensory observations. Coad
et al. [10] presented a continuous RL agent in a static
occupancy grid. The agent’s action space is a sequence
of changes in curvilinear coordinates, lateral displacement,
and velocity with a fixed longitudinal step. Lu et al. [25]
proposed a hierarchical reinforcement learning framework
for trajectory planning given a state space composed of BEV
images and lidar data. The framework consists of a high-level
action responsible for choosing the direction of motion and
a medium-level action sampling the vehicle’s next waypoint
from a fixed-size semi-circle, which can also sample off-road
waypoints.

In the aerospace sector, Goddard et al. [15] proposed a
framework that adds recorded flight trajectories from and
after training to a database of motion primitives, which are
then processed and used for subsequent classical motion
planning. Williams et al. [37] propose a similar method for
space-shuttle trajectories, where their RL agent learns the
parameters of motion primitives, i.e., the length and defining
node points of splines, which are then combined into a full
trajectory. Only during training does the agent learn to avoid
infeasible trajectories, as the action space does not guarantee
this.

In the context of control instructions, where we focus on
end-to-end learning, many methods leverage raw sensor in-
puts as the input space and directly output control commands
for autonomous vehicle control, which include steering angle
and acceleration [3], [22], [29], [33], [42]. However, these
approaches are challenging to interpret, which makes them
difficult to apply in real-world scenarios.

B. Traffic Scenarios

Most RL-based autonomous driving studies set up a
specific autonomous driving environment for the vehicle.
Given the relatively straightforward nature of highway traffic
conditions, these environments present comparatively less
complex scenarios for autonomous driving. Consequently,
A substantial number of studies has opted to utilize high-
way scenarios as the benchmark for evaluating RL-based
autonomous driving strategies [40], [3], [4], [20], [29], [38].

However, further approaches have focused on urban area
traffic, encompassing elementary urban traffic, intersections,

as well as dense urban traffic situations [7], [12], [41], [43].

Nonetheless, there is a lack of literature considering traffic
rule exception scenarios [2], [5]. Talamini et al. [34] uti-
lize RL to train a driving strategy when controlled traffic
rule exceptions become necessary. Their approach considers
behavior planning with lateral motion only and does not
provide a structured approach regarding the integration of
rules into the reward.

C. Formalism of Traffic Rules

Many studies have explored formalizing traffic rules into
a machine-readable format. A number of methods has
been used, e.g., temporal logic [26], linear temporal logic
(LTL) [23], signal temporal logic (STL) [1], Isabelle theorem
proving [31], and fuzzy logic [28]. However, these studies
primarily concentrate on translating individual rules without
considering the prioritization among different rules. Censi
et al. [9] introduced a theoretical “rulebook” to structure
different rules, establish a hierarchy between rules, and
analyze traffic rule exception scenarios, but did not provide
a framework or implementation to actually utilize it.

Consequently, there is a noticeable research gap in the
development of an RL application for autonomous vehicles
that not only addresses the trajectory generation in traffic
rule exception scenarios, but also efficiently incorporates a
structured set of traffic rules into the reward function.

III. METHOD

This section presents our methodology as visualized in
Fig. 1. We first introduce the problem statement that outlines
the challenges discussed in this paper. Next, the generation
of vehicle trajectories using the Frenet Space [32] is detailed.
Subsequently, the process of structuring traffic rules for
computational interpretation is discussed, including using
the rulebook and its integration into a reward function. Our
methodology can be utilized with arbitrary RL agents.

A. Problem Statement

We focus on handling scenarios requiring controlled traffic
rule exceptions, as discussed in Section I. These situations
contain apparent conflicts of traffic rules, where one rule can
override another. For an agent to solve the tasks, situation-
awareness is necessary to apply the correct set of rules
at any given time. As the system dynamics are unknown,
we model the problem as a Partially Observable Markov
Decision Process (POMDP), with the state space comprising
high-dimensional sensory RGB data from a BEV camera
and the action space consisting input parameters for the
generation of a trajectory in Frenet Space.

B. Trajectory Generation

Following the approach presented by Werling et al. [36],
we generate trajectories in Frenet Space. For this, terminal
manifolds, symbolized as A{v, d, ¢}, are altered according to
the current state of the vehicle:

o v: Desired velocity at the termination of the trajectory
 d: Lateral offset relative to the reference trajectory
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o t: Time needed to reach the desired target state

The goal state of a trajectory in Frenet space is fully
defined by v, d,t, which means that each set of parameters
corresponds to a trajectory. As shown in Fig. 1, a controller
is then utilized to follow the generated trajectory.

C. Situation-Aware Reward Design

In the case of traffic rule exception scenarios, some rules
can override others. For this, we present a formal rulebook
as part of the reward function to represent situation-specific
hierarchies between different rules. Assuming no rule con-
flicts as the default state, the agent first needs to assess the
current situation to activate dynamic rewards.

Situation Awareness. In order to assess traffic situations,
an agent needs to have an understanding of traffic rules
and capabilities to monitor them [6]. As shown in Fig. 1,
the abstracted environment 6, provides information for this
purpose, such as map data. Similar to Censi et al. [9], we
introduce Rule Realizations:

Definition IIL.1 (Rule Realization). Let 7; be a sequence
of states, i.e., a trajectory. A rule realization ¢ : 7 — R
assigns a real number ¢(7) to 74 . This is an expression
of the degree of compliance of 7; with an underlying traffic
rule.

Based on this knowledge of existing traffic rules, an agent
can then set rule coefficients p; depending on the current
situation, e.g., diminishing the relevance of a rule if it is
overwritten by another one.

Hierarchical Rulebook. Inspired by the conceptual hi-
erarchical rulebook by Censi et al. [9], we present an
implementation of a rulebook within the reward function of
an RL agent. We define a rulebook as follows:

Definition IIL.2 (Rulebook). A rulebook R is defined as
a tuple (¥, =), where U represents a finite set of rule
realizations and =< denotes a pre-order relation. Specifically,
1 < 1)’ implies that 1) is of a lower hierarchy than )’

We utilize Linear Temporal Logic (LTL) syntax for rule
descriptions and their integration into the reward function.
The rulebook is only activated when the situation awareness
module detects a situation where a controlled rule exception
becomes possible. The hierarchical structure of the rulebook
is instrumental in determining which rules have precedence
over others. Its hierarchical structure can be visualized as
a graph, with each rule realization as a node and edges
indicating priority relationships. Nodes of equal priority can
be merged.

P4

P1 P2 P3
o)

Fig. 2: Graph representation of a hierarchical rulebook ¥
with rule realizations v; and hierarchy coefficients p;, where
j indicates the hierarchy index.

For instance, in Fig. 2, i; holds the highest hierarchy,
19 and 3 share the same, followed by 14, and 15 with
the lowest. Such a representation assures the rulebook’s
scalability.

Linear Temporal Logic. LTL is a powerful logic language
utilized in defining sequences of events or states. Its syntax
contains various logical operators: negation (—), conjunction
(N), disjunction (V), and implication (—), along with tem-
poral operators: Next (X), Globally (G), Finally (F), and
Until (U). To evaluate a trajectory 7, which can be defined
as a sequence of vehicle states, we apply LTL for each rule
realization ;. This reward calculation can be described by
a function f(t;, 7¢).

Reward Design. The rulebook’s hierarchical structure is
incorporated into the reward function based on hierarchy
coefficients p; € [0,1] for each hierarchy, as shown in
Fig. 2. The coefficient scales the reward or penalty associated
with a given level’s rules so that higher-hierarchy rules have
a higher weight in the reward. This way, the reward is
dynamically adapted to the current situation. All coefficients
default to 1 in standard scenarios. The realization is shown
in Eq. (1).

Y’
TRBt = Z H pi | - f(bisTe) - cyi (D
i€V \Y;=1v;

Here, WU are all the rules involved in the rule exception, v’
is the rule with the highest priority in the rulebook, and p; is
the hierarchy coefficient of ¢;. f(1;, 7) is the reward value.
Cyi 18 a scaling factor for each rule that allows fine-tuning.

IV. EXPERIMENTS

This section presents our experimental setup for the train-
ing and evaluation of our Reinforcement Learning agents.
We present the traffic scenarios and rules we examined, the
state and action spaces, our reward function, as well as the
training process and parameters.

Traffic Scenarios. For our experiments, we chose a typical
scenario in everyday urban traffic. Based on the German road
traffic regulations, it is generally forbidden to cross a solid
line. However, in certain situations, e.g., when the lane of
the ego vehicle is blocked, there exists a rule exception [14],
as shown in Fig. 3.

Fig. 3: Traffic scenario that shows an atypical scenario with
an anomaly. In the illustrated scenario, the ego vehicle’s lane
is blocked, enabling it to perform a controlled rule exception.
Adapted from [30].

We provide a benchmark with 1,000 such scenarios in the
CARLA simulation environment [11] and also the codebase
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(a) Action space for d = 0 (b) Action space for d # 0

Fig. 4: Dynamic action space in Frenet space. The left side
shows a scenarios where the ego vehicle is in its intended
lane while it is in the opposite lane on the right side.

to generate more if needed. Each scenario is defined by
a reference trajectory with a length of 80 meters and an
arbitrary object that blocks the lane at some point along the
trajectory, as shown exemplary in Fig 6.

Agent Selection. For our experiments, we selected two es-
tablished Reinforcement Learning Models. First, we decided
to utilize the current state-of-the-art model-based algorithm
DreamerV3, which demonstrated superior performance in a
wide variety of domains [18]. Second, we utilized the model-
free Rainbow algorithm [19], an improved version of the
well-known Deep Q-Networks (DQN). In both cases, CNNs
were used to encode the observations.

State Space. The state space comprises BEV RGB images
with a resolution of 128x128, as shown in Fig. 6. This
state space inherently captures essential aspects like road
geometry, the ego vehicle’s position, obstacles, and the
planned path.

Action Space. In order to generate trajectories, we utilize
the terminal manifold A{v,d,t} introduced earlier. Here,
d helps to avoid obstacles, while v and ¢ affect trajectory
curvature and length. These translate into full trajectories in
Frenet space. As we are most interested in the ability of
the agent to avoid obstacles, we simplify the discrete action
space. We set v and ¢ to constants and d to specific values in
dependence on the vehicle’s position, as illustrated in Fig. 4.
As shown in Fig. 1, a PID controller is implemented to follow
the generated trajectory.

Situation-Aware Reward. For the total reward 7;, we
combine two aspects, as shown in Eq. (2). The first com-
ponent utilizes the current state of the ego vehicle and the
second one is based on our situation-aware rulebook.

Tt = Tego,t + TRB,t (2)

The first component 7.4, is shown in Eq. (3). It consists of
7 finish = 10 if the vehicle reaches s;4r.get but not digrget, 60
if both are reached and 0 otherwise. Additionally, 7specq =
—1 if the speed is not within 10—50km /h, otherwise, it is 0.
The trajectory length traveled in the past step is denoted by
l. All values were determined by a small set of experiments.

Tego = T finish + T'speed * l (3)

For the second reward component rrp;, we utilize a
set of simplified traffic rules necessary for the designed
scenarios. As shown in Table I, our agents monitor three
rules, focussing on collision avoidance and adherence to road
layout. Per default, the agent should adhere to all rules.

Rule Realization = LTL Formula 7 Pj
Avoid collisions 1)1 G(no_collision) 1 1
Stay in lane P2 G(in_lane) 2 0.1
Stay on road P3 G(no_out_road) 2 0.1

TABLE I: Rule overview including rule realization IDs, LTL
formulas, hierarchy levels j and coefficients p;.

All rules can be monitored based on the temporal oper-
ator G from LTL, as introduced in Section III. As shown
in Eq. (4), states breaking the rule receive a penalty of —1
per rule realization, otherwise 0. The expression 7y = G
refers to whether the states in the generated trajectory satisfy
a rule. The trajectory is considered to violate a rule if any
state does not satisfy it.

—1, if Tt %G’lﬂ

. 4)
0, Otherwise

f (G”/% Tt) = {

Given the concrete set of rules and rule realizations from

Table I and the rulebook reward as defined in Eq. (1), we
express 7"rp,¢ as follows:

TRB,t = P1 * T'collision * Ccol
+ P1 * P2 * Tin_lane * l * Clane (5)
+ P1* P2 * Tno_out_road * l

When the scenarios demand it, controlled rule exceptions
become necessary to proceed. Based on ground truth, the
situation awareness module of the agent activates the rule-
book when it approaches an obstacle. This becomes evident
in Eq (5), where all coeffients p; are then set to their values
as defined in Table I instead of their default value 1. Thus,
when necessary, the agent can leave the road with only
minor negative influence on the reward in order to perform
a controlled rule exception.

Curriculum Learning. We divided our training strategy
into two steps. First, the agent shall learn regular driving
behavior. After that, we introduce situations that require
controlled traffic rule exceptions, as shown in Fig. 1. Thus,
for the first 3,000 steps, our agent is trained in a simple
urban environment. Subsequently, we continue the training
with scenarios that require the previously introduced traffic
rule exceptions. The key training parameters are detailed in
Table II.

Parameters Value Parameters Value
steps 4ed device A100
action repeat 1 obs_size [128,128]
train_scenarios 800 batch_size 32
actor_dist one hot batch_length 64
value_Ir 3e-5 discount 0.997
model_Ir le-4 actor_Ir 3e-5

TABLE II: Training parameters
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V. EVALUATION

In this section, we compare and analyze the results of
our experiments. We compare two Reinforcement Learning
Agents and perform a variety of ablation studies in order to
attribute the performance of our approach to the individual
components. We show both quantitative results for the whole
training process as well as qualitative demonstrations of how
our most successful agent performs in scenarios that require
controlled traffic rule exceptions.

A. Quantitative Evaluation

For the evaluation, we opted for two key metrics based on
the vehicle’s performance in avoiding obstacles, returning to
the original lane, and adhering to traffic rules:

e Arrived Distance: The distance the vehicle was able
to travel along the s-axis in the Frenet coordinate at
the end of each episode, reflecting the distance traveled
along the lane.

« Finished Score: Value ranging from O to 1 that quan-
tifies the success in completing the anomaly scenario
navigation task. A value of 1 denotes full success, 0.5
indicates returning to the correct longitudinal but not
lateral position, and 0 is assigned otherwise.

These metrics collectively assess the agent’s ability to
manage scenarios which require controlled traffic rule ex-
ception.

As we extended existing RL models with our trajectory
generation component and the situation-aware reward design,
we performed four types of ablation studies:

o Baseline: Here we implemented the baseline RL agents
in an end-to-end setting with a discrete control based
action space, consisting of three acceleration values
(=1,0,1) and three angular velocity values (—1,0,1).

o Trajectory: Here, we implemented only the trajectory
generation without the situation-aware reward. This
means that all coefficients p; are set to 1 constantly.

« Rulebook: Here, we implemented only the situation-
aware reward function but did not utilize our trajectory
generation. In this case, Eq. (4) will only check the state
of the vehicle at each timestep

o Combination: Here, we implemented both the trajectory
generation and the situation-aware reward function.

We trained a total of six different models in accordance

with our ablation study design, as shown in Fig. 5. In-
dependant of the underlying RL model, the scenarios in
combination with our reward were too challenging for both
baseline models. Including only the rulebook had no clear
influence. At this point we decided to focus on the generally
more capable DreamerV3 agent. In combination with our
trajectory planning module, DreamerV3 consistently outper-
formed other methods on both metrics Arrived Distance and
Finished Score. This approach exhibited a steeper learning
curve, suggesting rapid adaptation to guide the vehicle effi-
ciently. When we additionally activated our situation-aware
reward function, the performance of the DreamerV3 model
improved further. This indicates that the reward function

Arrived Distance Finished Score

0.8

T T T T T T T T T T
0 10,000 20,000 30,000 40,000 0 10,000 20,000 30,000 40,000

Fig. 5: Evaluation of the arrived distance and finished
score during training, showing the running average, standard
deviation, and 5th and 95th percentiles. We compared agents
that worked with direct controls as their output or a trajectory
and utilized either a conservative reward or our rulebook.

is beneficial for the agent’s learning process, as the total
performance stas consistently above the approach without the
situation-awareness, while not achieving a 100% success rate
in either of the metrics. In order to better understand failure
cases, we have also performed a qualitative evaluation, which
will be presented in the following section.

B. Qualitative Evaluation

For a better understanding of individual scenarios, we
visualize both the agent’s driving performance and its ad-
herence to the defined traffic rules as shown in Fig. 6 and
Fig. 7.

Fig. 6, shows raw observations o, from the BEV camera
including the planned trajectory during an episode. This
visualization illustrates the vehicle’s ability to change lanes
to avoid obstacles and then successfully return to the original
lane immediately. The corresponding trajectory and traffic
rule compliance graphs, plotted in Frenet coordinates, are
provided in Fig. 7. As we have seen from the quantitative
results, the agent performs controlled rule exceptions suc-
cessfully most of the time. However, in most failure cases,
we observer too early returns to the original lane of the ego
vehicle, as shown in the last scenario.

VI. CONCLUSION

In this work, we proposed Informed Reinforcement Learn-
ing to perform controlled traffic rule exceptions in au-
tonomous driving. For this, we extend any given RL algo-
rithm by learning trajectories in the Frenet frame, formulat-
ing a hierarchical rulebook, and implementing a situation-
aware reward design. Our proposed method achieved faster
learning convergence than the baseline, displayed robust
performance in traffic rule exception scenarios, and success-
fully incorporated real-world traffic laws into RL reward
design via a rulebook. However, there are some limitations
to our work. In order to focus on the performance given
scenarios that require controlled traffic rule exceptions, we
implemented a discrete action space. As already shown in
the literature, a continuous action space for the generation
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Fig. 6: Our Reinforcement Learning agent has learned to
detect situations in which allowed and controlled rule ex-
ceptions are necessary in order to progress. Trajectories that
avoid obstacles on the road ahead are learned, changing to
the oncoming lane temporarily, and returning to the default
state as soon as possible. Reprinted from [30].

of trajectories could be implemented into our work [27]. We
utilize ground-truth information for our situation-awareness,
which could be replaced by an independent module. With
extensive engineering effort, the number of rules and sce-
narios can be extended in order to examine the scalability
properties of our approach.

However, our results demonstrate that extending an RL
agent by both a learned trajectory and a situation-aware
reward design accelerates both the training progress and the
final performance in challenging scenarios.
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