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Abstract

Autonomous race driving has emerged as a challenging domain for reinforcement learning
(RL) applications, requiring high-speed control while adhering to strict safety constraints.
Existing RL-based racing methods often struggle to balance performance and safety, with
limited adaptability in dynamic racing scenarios with multiple opponent vehicles. The high-
dimensional state space and strict safety constraints pose significant challenges for efficient
learning. To address these challenges, this paper proposes an integrated RL framework
that combines three novel components: (1) a state mapping mechanism that dynamically
transforms raw track observations into a consistent representation space; (2) an action
mapping technique that rigorously enforces physical traction constraints; and (3) a safe
exploration guidance method that combines conservative controllers with RL policies,
significantly reducing off-track incidents during training. Extensive experiments conducted
in our simulation environment with four test tracks demonstrate the effectiveness of our
approach. In time trial scenarios, our method improves lap times by 12–26% and increases
the training completion rate from 33.1% to 78.7%. In competitive racing, it achieves
a 46–51% higher average speed compared to baseline methods. These results validate
the framework’s ability to achieve both high performance and safety in autonomous
racing tasks.

Keywords: autonomous driving; reinforcement learning; safety constraint; action mapping;
state mapping

1. Introduction
Autonomous race driving represents a specialized yet critical subset of general au-

tonomous driving tasks, distinguished by its extreme performance requirements, including
precision control at high speeds and deliberate operation at vehicle dynamics limits. While
these requirements differ markedly from conventional urban driving scenarios that prioritize
passenger comfort and regulatory compliance, the advanced control strategies developed for
racing, such as maneuvering at the limits of tire–road friction and split-second overtaking de-
cisions, directly inform safety-critical applications in general autonomous driving, particularly
in extreme scenarios like emergency obstacle evasion. This dual relevance, combining both
theoretical challenges in control systems and practical applications in vehicle safety, has made
autonomous racing an active area of research in academia and industry [1–3].
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The objective of autonomous racing is to complete laps as fast as possible. It requires
the vehicle to operate at high speeds while maintaining safety and stability. To address
this challenging driving task, numerous advanced control strategies have been proposed
for autonomous race driving, including classical control [4–8], learning-based intelligent
control [9,10], and so on. Among these strategies, classical control methods basically focus
on known path tracking. For example, Viadero-Monasterio et al. [11] proposed an event-
triggered LPV path tracking controller that improves safety, comfort, and communication
efficiency under network delays. In contrast, reinforcement learning (RL) [12] offers distinct
advantages by automatically learning optimal policies through environmental interaction
while handling high-dimensional states and continuous actions. This makes RL particularly
suitable for mastering the extreme control challenges in autonomous race driving, ranging
from precise friction-limit handling to competitive overtaking maneuvers.

Early RL-based approaches focused on establishing baseline capabilities. Jaritz et al. [13]
pioneered an end-to-end RL framework that directly mapped sensory inputs to control out-
puts, establishing foundational techniques for high-speed racing scenarios. Building upon
this direct mapping approach, Hell et al. [14] later developed a specialized LiDAR-only ob-
servation method with strong generalization capabilities across unfamiliar tracks, advancing
sensor-specific implementations for practical racing applications. As the field progressed,
researchers developed increasingly sophisticated techniques to refine control performance.
Zhang et al. [15] introduced a residual policy learning framework that enhanced baseline
controllers through iterative experience, improving adaptability to dynamic racing condi-
tions. This advancement in policy refinement contributed to the broader goal of achieving
superhuman performance, which was later demonstrated by Fuchs et al. [16], whose RL
agent successfully surpassed human expert lap times in simulation environments. In addi-
tion, Evans et al. [17] conducted comprehensive comparisons of various RL architectures for
controlling autonomous racing vehicles, providing valuable insights into effective algorithm
selection for different racing scenarios.

While high performance is the primary goal in autonomous racing, ensuring safety
during both training and deployment presents a critical challenge. To address safety chal-
lenges in autonomous racing, researchers have developed many approaches focusing on
different aspects of the problem. At the fundamental level of vehicle handling limits, Wang
et al. [18] introduced an action mapping (AM) mechanism combined with RL that enables
vehicles to safely operate at friction boundaries while maximizing handling capability,
effectively preventing instability during high-speed maneuvers. In parallel, Gottschalk
et al. [19] proposed a hybrid and hierarchical approach that integrates classical optimal
control for system dynamics with RL for collision avoidance, leveraging surrogate models
to accelerate training and achieve real-time control for dynamic overtaking in autonomous
racing. Building upon basic vehicle control safety, researchers have addressed the challenge
of dynamic uncertainties in racing environments. Niu et al. [20] leveraged adversarial
learning within an RL framework to bridge the dynamics gap, achieving remarkable safety
by eliminating violations during training. Complementing this approach, Liu et al. [21]
enhanced policy robustness through a Sequential Actor–Critic architecture that leverages
historical trajectory information, significantly improving learning efficiency and stability
during high-speed maneuvers. Chen et al. [22] integrated Hamilton–Jacobi (HJ) reachabil-
ity theory into RL-based control algorithms to provide enhanced safety guarantees while
maintaining competitive racing speeds. Extending this approach, Stachowicz et al. [23]
developed risk-sensitive control methods that explicitly quantify and balance performance
objectives against safety constraints in high-speed racing scenarios.

The above methods are basically deployed on simulation platforms [24,25]. To ad-
dress the practical challenges of real-world implementation, Cai et al. [26] developed
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an innovative approach combining imitation learning (IL) with RL for vision-based au-
tonomous racing. Their method effectively overcomes the limitations of traditional ap-
proaches that are either computationally intensive or sensitive to environmental variations,
while also addressing the sample efficiency and safety trade-offs inherent in pure IL or
RL implementations.

As autonomous control of single vehicles has achieved significant progress, research
focus has shifted toward competitive racing scenarios that require complex multi-car
interactions. A curriculum-based RL method that systematically increases task difficulty
during training is proposed in [27]. This approach strategically introduces competitive
elements only after basic driving skills are mastered, enabling more efficient learning of
complex behaviors. To address the collision avoidance issue in competitive scenarios,
Yuan et al. [28] established an initial hierarchical collision avoidance framework that
effectively reduced collisions but encountered scalability limitations as opponent numbers
increased. Addressing these limitations, Thakkar et al. [29] advanced the field with an
end-to-end RL architecture incorporating attention mechanisms to dynamically prioritize
relevant opponent vehicles, significantly improving performance in densely contested
racing environments. Notably, Wurman et al. [30] developed Gran Turismo Sophy, a deep
RL agent that achieved championship-level performance in a commercial racing simulator,
demonstrating both high speed and tactical behaviors such as overtaking and blocking.
Beyond algorithmic advances, observation space design remains a critical challenge in
competitive racing environments. The approach in [31] incorporates sensor data from
vehicle-mounted LiDARs or cameras, resulting in high-dimensional observation spaces
that can challenge RL algorithm learning efficiency, particularly in complex racing scenarios
with multiple vehicles. These high-dimensional representations provide rich environmental
information but require substantial computational resources and may introduce latency
in real-time control systems. In contrast, approaches in [27–29] utilize lower-dimensional
observation spaces primarily consisting of vehicle pose, motion states, and limited track
data from the car’s forward view. While computationally more efficient, these approaches
often inadequately represent opponent vehicles within the observation space, limiting their
effectiveness in competitive racing environments.

In summary, despite the significant progress made in the above works, the current
literature still faces the following common challenges:

• Limited adaptability to dynamic and competitive scenarios: Many classical and RL-
based methods are primarily validated in simplified or single-vehicle settings, lacking
robustness in highly dynamic racing scenarios with multiple opponent vehicles.

• Safety–performance trade-off: While some methods provide safety guarantees, they
may sacrifice racing performance, or vice versa. Achieving both high safety and high
performance in aggressive racing remains challenging.

• Insufficient handling of variable and high-dimensional observations: Existing ap-
proaches often struggle with efficiently processing variable-sized or high-dimensional
sensory data, especially when the number and position of opponents change rapidly.

These challenges motivate the integrated framework proposed in this paper, which
aims to enhance adaptability, observation processing, safety, and sample efficiency in
competitive autonomous racing.

In this paper, we focus on the challenge of developing high-speed autonomous racing
under dynamic and competitive scenarios, where safety constraints and opponent inter-
actions must be simultaneously addressed. The key difficulties include (1) maintaining
vehicle stability near the traction limits during high-speed maneuvers; (2) efficiently pro-
cessing variable-dimensional observations when opponents enter/exit the field of view;
(3) ensuring safe exploration during RL training to avoid catastrophic failures. To address
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these challenges, we propose an integrated RL framework that combines state mapping,
action mapping, and safe exploration guidance to achieve both performance and safety.
The three key innovations of this work are summarized as follows:

1. A state mapping mechanism that dynamically transforms raw track observations into
a consistent representation space, enabling seamless policy transfer between different
racing scenarios.

2. An action mapping technique that rigorously enforces physical traction constraints
while maximizing the vehicle’s handling capabilities.

3. A safe exploration guidance method that combines conservative controllers with RL
policies, significantly reducing off-track incidents during training.

The remainder of this paper is structured as follows: Section 2 presents the vehicle
dynamics model that forms the foundation of our racing environment. Section 3 formulates
the autonomous racing task as a Markov Decision Process (MDP). Sections 4–6, respec-
tively, elaborate on three key methodological contributions: the state mapping approach
for dynamic environment representation (Section 4), the action mapping mechanism for
traction constraint enforcement (Section 5), and the safe exploration guidance framework
(Section 6). Section 7 details the implementation of the proposed RL framework. Compre-
hensive experimental results, including both time trial and competitive racing scenarios
across multiple track configurations, are presented and analyzed in Section 8. Finally,
Section 9 concludes the paper and outlines directions for future research.

2. Vehicle Model
To characterize the vehicle’s kinematic and dynamic behavior, we employ the

single-track vehicle model, which has been extensively validated in vehicle handling
research [32,33]. As depicted in Figure 1, this simplified representation consolidates the
front and rear wheels into single virtual wheels positioned at each axle’s centerline. The
complete nomenclature is detailed in Table 1. The model incorporates several simplify-
ing assumptions: (1) negligible longitudinal and lateral load transfer effects; (2) uniform
road–tire friction characteristics; and (3) planar motion on a flat surface. Under these
assumptions, the vehicle dynamics naturally decouple into distinct longitudinal (accelera-
tion/deceleration) and lateral (steering) components for analytical convenience.
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Figure 1. Single-track vehicle model.

Table 1. Nomenclature of vehicle model.

Symbol Description (Unit) Symbol Description (Unit)

δ Steering angle (rad) β Sideslip angle (rad)
vx Longitudinal velocity (m/s) vy Lateral velocity (m/s)
v Resultant velocity (m/s) ω Yaw rate (rad/s)
l f Distance from CG to front axle (m) lr Distance from CG to rear axle (m)
Ftx Longitudinal tire force (N) Fdx Longitudinal frictional drag force (N)
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The longitudinal model of the vehicle can be derived from the analysis of longitudinal
forces:

mv̇x = Ftx − Fdx, (1)

where m is the total mass of the vehicle, Ftx is the longitudinal tire force, and Fdx is the
longitudinal frictional resistance. The longitudinal tire force can take two forms: driving
force and braking force. In this work, we consider a vehicle driven by an electric motor,
whose torque output characteristics are divided into two regions within the range from zero
speed to maximum speed: the constant torque region and the constant power region. When
the motor speed nm is less than the base speed nb of the motor, the motor operates in the
constant torque region, where its output torque is proportional to the motor control signal
and can deliver the maximum torque. When the motor speed nm exceeds the base speed nb,
the motor operates in the constant power region, and the output torque is limited by the
maximum power Pmax, preventing it from maintaining the maximum torque. Combining
these two cases, the driving force Fmx of the vehicle is expressed as

Fmx =

Kmum
Rw

nm < nb,

min
[Kmum

Rw
, Pmax

nmRw

]
nm ≥ nb,

(2)

where Km is the torque coefficient of the motor, Rw is the radius of the wheel, and um ∈ [0, 1]
is the normalized motor control signal. The braking force Fbx is generated by the vehicle’s
braking system and acts on all wheels. Assuming the braking force is proportional to the
braking control signal, we have

Fbx = Kbub, (3)

where Kb is the braking force coefficient and ub ∈ [0, 1] is the braking control signal. Since
in normal conditions, acceleration and braking signals should not be input simultaneously,
these two signals can be combined into one single longitudinal control signal ux ∈ [−1, 1].
ux = 1 indicates maximum acceleration command, and ux = −1 indicates maximum
braking force command.

The longitudinal frictional resistance Fdx is opposite to the vehicle’s direction of motion
and is mainly composed of two parts: the aerodynamic drag Faero and the tire rolling
resistance Froll. The equivalent aerodynamic drag of the vehicle in a windless environment
is expressed as

Faero =
1
2

ρACd A f vx, (4)

where ρA is the air density, Cd is the vehicle’s aerodynamic drag coefficient, and AF is the
vehicle’s frontal area. The vehicle’s tire rolling resistance is approximately proportional to
the vertical load on the tires, which is expressed as

Froll = frmg, (5)

where fr is the rolling resistance coefficient and g is the acceleration due to gravity.
The lateral and rotational dynamics of the vehicle can be described by establishing

force equilibrium along the lateral direction and moment equilibrium about the vertical
axis, expressed as

mv̇y = Fy f + Fyr (6)

Izω̇ = Fy f l f − Fyrlr (7)
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where Iz is the vehicle’s yaw moment of inertia; Fy f and Fyr represent the lateral tire forces at
the front and rear axles, respectively. The tire forces are modeled using the Magic Formula
tire model, with a detailed derivation available in [34].

The front wheel steering angle δ is driven by the electric power-assisted steering
system, with the input being the normalized angular velocity control signal uy ∈ [−1, 1].
Here, uy = 1 or uy = −1 indicates that the power-assisted steering system drives the front
wheels to rotate with the maximum angular velocity δ̇max, and uy = 1 indicates that the
current front wheel angle is maintained.

The vehicle’s longitudinal and lateral control forces depend on the friction between
the tires and the road surface, also known as traction. During high-speed race driving,
significant braking and steering inputs can cause the vehicle to exceed the traction limit,
leading to uncontrollable states such as sliding or oversteering. In practice, the upper
limit of this friction force depends on various physical factors, including road surface
material, tire size, tire pressure, tire temperature, etc. Assuming these physical factors
remain constant, the friction circle model can be used to describe the upper limit constraint
of the tire’s friction force. The friction circle model shows that the total force applied to the
vehicle cannot exceed the maximum friction force, that is,

|F⃗x + F⃗y| = |F⃗xy| < µmaxFz, (8)

where F⃗x and F⃗y are the longitudinal and lateral forces acting on the vehicle, respectively,
and Fz is the total vertical load on the tire. Ignoring aerodynamic lift and downforce,
Fz = mg. µmax is the maximum tire–road friction coefficient. This constraint can also be
described as |⃗axy| < µmaxg, where a⃗xy is the vehicle’s total acceleration in the horizontal
direction, which can be measured by onboard accelerometers. To ensure that the race car
remains stable and controllable during competitive driving while maximizing the vehicle’s
handling, the driving strategy should aim to stay as close as possible to this limit without
exceeding it.

3. MDP Model for Racing Driving
The basic idea of RL is to iteratively optimize the control strategy of an agent based

on the input–output experience from the agent’s interactions with the environment, with
the goal of maximizing the cumulative reward at each step. In order to apply RL to the
racing driving task, it is necessary to first establish an appropriate MDP model to represent
the interaction between the autonomous driving agent and the car–track environment. An
MDP is typically defined by a tuple < S ,A,P ,R, γ >, where S is the set of states, A is
the set of actions, P is the state transition function,R is the reward function, and γ is the
discount factor. In the autonomous racing driving scenario, the state of the autonomous
driving agent at time step t is st ∈ S , which selects and executes the control action at

according to its control policy π. The agent then transitions to a new state st+1 based on
the state transition function P and receives a reward rt+1 = R(st, at) based on the reward
function. The state space, action space, and reward functions for the racing control MDP
constructed in this paper are defined as follows.

3.1. State Space

The state variables in the racing driving MDP are composed of three parts: The first
set of state variables describes the vehicle’s own measured motion state, including vehicle
speed v, yaw rate ω, and front wheel steering angle δ. The second set of state variables
describes the vehicle’s relative position on the track, as shown in Figure 2, including the
lateral distance dy from the vehicle’s center to the track’s centerline, and the angle ϕ between
the vehicle’s heading and the tangent direction of the track. The third set of state variables
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reflects the positional information of the track edges and opponent vehicles ahead within
a certain distance, composed of a series of observation vectors. VLi and VRi represent the
vectors from the vehicle’s center pointing toward the left and right track edges, respectively.
VCi represents the observation vector from the vehicle’s center to the opponent vehicles
within the observable range. Specifically, taking the left edge observation vector as an
example, assuming the center coordinates of the race car are (Xv, Yv) and the coordinates
of the left track edge point are (XLi , YLi ), the observation vector is defined as

V⃗Li = R(ψ)[XLi − Xv, YLi −Yv]
T , (9)

where ψ is the vehicle’s heading and R(ψ) ∈ R2×2 is the corresponding rotation matrix that
transforms the vector from the inertial coordinate system to the vehicle’s coordinate system.
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Figure 2. Part of state variables of racing driving.

By concatenating the two sets of NE edge observation vectors from both the left and
right sides, we obtain the edge observation feature: VE ∈ R4×NE . By concatenating all
the opponent vehicle observation vectors V⃗Ci , we form the opponent observation feature
VC. It is important to note that, in practice, there may be no opponent vehicles within the
observable range ahead, or there may be one or more opponent vehicles. Therefore, the
dimension of the vector V⃗Ci is uncertain, and the specific handling method is detailed in
Section 4. Finally, by combining the three sets of state variables, we obtain the state vector
of the racing driving MDP, which is

st = [v, ω, δ, dy, ϕ, VE, VC]. (10)

3.2. Action Space

Based on the aforementioned vehicle model, the control signals consist of a combina-
tion of the normalized throttle/brake (longitudinal) control signal ux and the normalized
steering (lateral) control signal. Although in typical RL-based control methods, the ac-
tions are equivalent to the control signals, this is not the case in this study. Therefore, the
corresponding lateral control action ax and longitudinal control action ay are additionally
defined, and the control vector is represented as at = [ax, ay]. The specific relationship
between the actions and real control signals is detailed in Section 5.
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3.3. Reward Function

The goal of racing driving is to complete the track in the shortest possible time while
avoiding dangerous situations such as running off the track, skidding, and collisions
between cars. Therefore, a well-designed reward function is required to correctly represent
the optimization objectives, and it is defined as

rt = rvel + rout + rskid + rcoli + rslow + rww. (11)

where rvel = va = v cos ϕ (shown in Figure 2) is the speed reward, which represents the
projection of the vehicle’s speed along the track tangent. This term serves as an effective
proxy for minimizing lap time. This approach provides more frequent reward signals
during continuous operation compared to sparse lap time rewards. It also encourages
both high straightaway speeds and optimal cornering speeds that maintain momentum
through turns.

Except for the speed reward, all other components in the reward function are imple-
mented as binary penalties. Each penalty term takes a value of −100 when the correspond-
ing undesired condition is triggered and 0 otherwise. The off-track penalty rout is applied
when the center of the vehicle crosses the track boundary. The skidding penalty rskid is
incurred when the vehicle’s lateral acceleration exceeds the friction limit, as defined in
Section 2. The collision penalty is triggered when the distance between the ego vehicle
and an opponent vehicle falls below a safety threshold, defined as 1.2 times the vehicle
length. Additionally, the slow driving penalty rslow and wrong-way driving penalty rww

are included to discourage unnecessarily slow speeds (below 20 km/h) and driving in the
wrong direction, respectively.

It should be noted that although the proposed safety mechanisms can avoid skidding
and car collisions, corresponding penalty terms are still included for the purpose of training
baseline comparison methods.

4. State Mapping for Track Observations
Based on the description of the vehicle’s state space mentioned above, the observation

of the track ahead consists of a series of vectors indicating the positions of the track edges
and opponent cars. Although this method of describing the state is common in RL-based
autonomous driving research, it lacks flexibility in dealing with the varying number of
opponent vehicles ahead. Specifically, when there are no opponent vehicles or multiple
opponent vehicles within the observable range, it becomes difficult to accurately express the
current state without changing the state space dimension. Additionally, the mismatch in the
state space dimension caused by incorporating the information of opponent vehicles ahead
creates inconvenience in transferring driving strategies between the two common racing
scenarios: with and without opponent vehicles. For example, a driving strategy trained
in a scenario without opponent vehicles cannot be applied to a scenario with opponent
vehicles and must be retrained, which prevents the use of techniques like transfer learning
to fully utilize the results of previous training to improve training efficiency.

To enhance the flexibility of the racing driving strategy in the above situations, we
propose the state mapping method for the track environment’s forward observation. The
specific approach is shown in Figure 3. If there are opponent vehicles within the observable
range ahead, the overtaking feasible area is dynamically defined based on the positions
of all observable opponent vehicles, and the original track edge observation vectors are
mapped to the edge of the overtaking feasible area. To construct the feasible area, the first
step is to determine whether the feasible area is on the left or right side of the opponent
vehicle. The method is as follows: when the front vehicle is driving in the middle of the
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track, with space for safe overtaking on both sides, the side closer to the race car is chosen
as the feasible area to avoid unnecessary detouring; when the front vehicle is close to one
side of the track edge, the larger space on the opposite side is selected as the feasible area
to ensure safety.

Original Track Observation Mapped Track Observation

(𝐕! , 𝐕") %𝐕!𝐻#$

𝜆

𝑑!"

Figure 3. State mapping for race car’s observation of the track ahead.

Next, based on the position of the front vehicle on the track and its relative position to
the current car, the observation vectors of the original track edges are mapped. The focus
is on calculating the positional deviation between the original track edge point and the
feasible area edge point. Taking the right-side overtaking case shown in Figure 3 as an
example, let point Li be located on the left edge of the track within the observable range.
Let the distance along the track’s tangent direction from this point to the opponent vehicle
be dLi , where dLi > 0 indicates that the track edge point is ahead of the opponent vehicle
and the opposite indicates it is behind. By moving point Li a distance of TLi to the right,
perpendicular to the track’s tangent direction, it lands on the left edge of the feasible area.
This point is denoted as the left feasible area edge point L̂i, and the moved distance is
defined as

TLi =

dLE + ε dLi ≥ 0,

(1 + dLi /λ)(dLE + ε) −λ < dLi < 0,
(12)

where dLE represents the distance between the opponent vehicle and the left edge of
the track, ε is the lateral safety redundancy distance of the feasible area, and λ > 0 is the
backward extension distance of the feasible area. When−dLi > λ, it indicates that the entire
width of the current track is a feasible area. λ reflects the longitudinal safety redundancy
of the overtaking feasible area. Similarly, when the right side of the opponent vehicle is
considered as the feasible area, the track’s right edge point Ri is moved left by a distance
TRi to obtain the right feasible area edge point R̂i.

After obtaining the edge information of the feasible area, the original track edge
observation vectors V⃗Li or V⃗Ri can be mapped to the edge of the feasible area, forming a
new track edge observation feature. This mapping relationship is expressed as

V̂E = HSM(VE, VC). (13)
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In addition, when the race car is driving in the feasible area processed by the state
mapping, its observation of its relative position within the track will also change. This
is equivalent to one side of the track narrowing while the car’s lateral position remains
unchanged. Therefore, the state variable dy, which describes the distance from the vehicle
to the track centerline, is also transformed into d̂y. After the track state space mapping
processing, the state vector for the racing control MDP is represented as

ŝt = [v, ω, δ, d̂y, ϕ, V̂E]. (14)

The proposed state mapping method dynamically constructs overtaking feasible areas
by integrating the positional information of all observable leading opponents. Compared to
the original vehicle state variables, this approach maintains a consistent state dimensionality
regardless of the number of opponents. Although Figure 3 presents a single-opponent sce-
nario for illustrative clarity, the method naturally generalizes to multi-opponent situations
by uniformly processing all relevant vehicles within the observable range.

5. Action Mapping for Traction Constraint
The racing vehicle model provides traction constraints to ensure safe handling. There-

fore, the control strategy of the racing car should strictly adhere to these constraints to
avoid the car entering a dangerous state. This work introduces the action mapping mecha-
nism from the our previous work on RL control problems with constraints to handle these
constraints. The basic principle of the action mapping mechanism is to establish a mapping
between the unconstrained virtual policy πV and the constrained real policy πR (i.e., the
actual controller), which transforms the original control problem with input constraints into
a general saturated constraint control problem and optimizes it using RL algorithms. This
method does not alter the original RL algorithm framework but ensures that the real policy
corresponding to the virtual policy satisfies the constraint conditions through a specially
designed mapping function. The key to this mechanism lies in constructing a one-to-one
mapping function from the virtual policy space to the real policy space. In the following,
the basic theory of the action mapping mechanism and the specific method for handling
traction constraints are provided.

Consider the deterministic policy case in RL, where the virtual policy for action
mapping is defined as

a = πV(s), s ∈ S , a ∈ A, (15)

where the continuous state space S is a compact subspace of RNs and Ns is the dimen-
sionality of the state. Since deterministic policies for continuous action spaces are often
represented by neural networks and use nonlinear activation functions like tanh to con-
strain the output range, the action space A is defined as [−1, 1]Na , a compact subspace of
RNa , where Na is the dimensionality of the action. The constrained true control policy is
defined as

u = πR(s), s ∈ S , u ∈ F(s), (16)

where F is a set-valued map from S to the power set P(RNa), which describes the constraint
control input space F(s) corresponding to any s ∈ S . The set-valued map F can be described
by its graph, Graph(F) := {(x, y)|x ∈ S , y ∈ F(x)}. The graph is a subset of the product
space RNs ×RNa , and it is the constrained state–action space for this MDP.

Let H be the set of all continuous functions that map from S to A. Let G denote the
set of all continuous functions π : S → ⋃

s∈S F(s) that satisfy the condition that for any
given s ∈ S , π(s) ∈ F(s). Specifically,H is the set of all virtual polices, and G is the set of
all real policies.
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According to the action mapping theorem (Theorem 1 in [35]), there exists a mapping
T : H → G between the virtual policy πV ∈ H and the real policy πR ∈ G, if and only if
there exists a continuous mapping HAM : Graph(F)→ A such that for any given s ∈ S , the
mapping hs : F(s)→ A is a homeomorphism between F(s) and A. The mapping function
hs is defined as hs(a) = HAM(s, a). The key to the existence of the policy mapping T is to
find a mapping function HAM, referred to as the action mapping function. The additional
conditions and theoretical proofs that guarantee the existence of this mapping are also
provided in reference [35].

Next, the action mapping mechanism is used to specifically handle the traction con-
straint for racing driving. As mentioned in Section 3.2, the actions and the control signals
are not equivalent, which is different from typical RL-based control approaches, and this
is to align with the application of the action mapping mechanism. Specifically, the vir-
tual policy is defined as at = πV(st), where at = [ax, ay] is the virtual action vector and
ax, ay ∈ [−1, 1] represent the virtual longitudinal and lateral control actions, respectively.
The actual controller is represented as ut = πR(st), where ut = [ux, uy] and ux, uy are
acceleration/brake and steering signals, which have been defined in Section 2.

The constrained real policy can be obtained through the policy mapping T, which is
specifically implemented through its corresponding action mapping function:

ut = HAM(s̃t, at), (17)

where s̃t = [v, δ] is a subset of the state variables that only includes the state variables
relevant to the traction constraints.

Due to the complexity of vehicle dynamics and the constraints, it is extremely difficult
to provide an analytical expression for the mapping function. Therefore, we introduce a
numerical approximation method from our previous work [18] to construct the mapping
function. The basic idea of this approximation method is to adjust the action vector with re-
spect to a boundary function B(s̃). The boundary function B(s̃) is the implemented version
of F(s) in this racing driving case. It indicates the safety boundary of the traction limits for
the control inputs applied to the vehicle in state s̃. To determine the boundary function,
we employ the single-track vehicle model established in Section 2 to iteratively adjust the
states of v and δ at specified numerical intervals. At each iteration, we incrementally apply
larger control inputs and verify whether these inputs adhere to the traction constraints.

However, the computational complexity of the full vehicle model, particularly due to
the intricate tire force calculations, makes real-time computation of the boundary function
prohibitively slow. While this approach is feasible for offline simulations, real-world appli-
cations require online boundary function computation to account for dynamic variations
in vehicle performance and tire conditions. To address this challenge, we maintain the
original longitudinal dynamic model while adopting a simplified kinematic model for
lateral motion. This simplification assumes zero slip angles for both front and rear tires,
with the vehicle’s sideslip angle and yaw rate expressed as

β = arctan
( lr tan δ

l f + lr

)
, (18)

ω =
v tan δ cos β

l f + lr
. (19)

Although this simplification may slightly reduce the accuracy of traction limit estima-
tion, we compensate by employing a conservative maximum friction coefficient, ensuring
the resulting boundary function maintains robust safety margins.
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The implementation of the action mapping from at to ut at state st is carried out
by projecting the action vector that exceeds the boundary B(s̃) onto the boundary itself,
while preserving its original direction. For action vectors that lie within the boundary, no
modification is made. Specifically, the action vector at is temporarily converted into polar
coordinates [ρa, ϑa], where ρa and ϑa represent the vector length and direction, respectively.
Using the boundary function B(s̃), we can obtain the maximum allowable length in a
specific direction under state s̃, denoted as ρmax

v,δ,ϑa
. Then, the implementation form of the

action mapping function is represented by

ut = HAM(v, δ, ρa, ϑa) =

Tp→c[ρa, ϑa] ρa ≤ ρmax
v,δ,ϑa

Tp→c[ρmax
v,δ,ϑa

, ϑa] otherwise,
(20)

where Tp→c is the operator for converting from polar coordinates to Cartesian coordinates.
The details of the approach using a numerical method with the racing model to establish
the mapping function are provided in reference [18].

Through the established action mapping function, unconstrained actions are mapped
to a safe control signal. This method fundamentally prevents the race car from entering un-
controllable states, while fully utilizing the maximum tire–road friction, ensuring the safety
of the autonomous racing driving strategy during both the training and execution phases.

6. Safe Exploration with a Guidance Policy
In addition to the traction constraint addressed above, another primary challenge is

the risk of the car running off the track, especially during the initial exploration phase.
Although the action mapping mechanism for traction constraint could keep the vehicle
controllable, other inappropriate actions inside the safe boundary could also cause the car
to deviate from the track.

To solve this issue, we further develop an action mapping-based safe exploration
guidance method. A predefined conservative track-following controller (see Section 7 for
details: Stanley lateral controller + PID speed regulator) is introduced as an initial guidance
policy. Different from the conventional policy guided method for RL, in which the control
actions from the guidance policy and the RL agent are directly merged, in this work,
the action mapping mechanism is utilized, and it adaptively limits the exploration and
updating boundary of the RL-based racing policy. The guidance policy is also iteratively
updated during the training process.

Specifically, we define the guidance policy as πG : S → A and the main policy as
πM : S → A. To guarantee a stable updating process, the exploration range and the
updating step of the policy is constrained with respect to the guidance policy. The update
process of the main policy is defined as

πM(s)← min
a∈G(s)

Q̂πM (s, a), (21)

where Q̂πM(s,a) is the approximated state–action value function of the main policy. G(s) is
a set-valued map which maps from the state space S to the power set P(RNa), which is

G(s) = {a| ∥ a− πG(s) ∥≤ C(s)}, (22)

where C : RNs → R+ is the constraint function for safe exploration, which limits the
maximum exploration distance of the main policy with respect to the guidance policy. The
map is further represented as

G(s) = {a + πG(s)|a ∈ G′(s)}, (23)
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where G′(s) is also a set-valued map, defined as G′(s) = {a| ∥ a ∥≤ C(s)}. As mentioned
before, the action space for the RL-based continuous control method is often defined as
[−1, 1]Na . Hence, we define a set-valued map L(x) = [−1, 1]Na to represent the uncon-
strained exploration range.

Similar to the action mapping framework for traction constraint, we use the graph
of the set-valued map to explain the mapping approach. The graph of G(s) is defined
as Graph(G) := {(x, y)|x ∈ A, y ∈ G(x)}. The graph of L(s) is defined as Graph(L) :=
{(x, y)|x ∈ A, y ∈ [−1, 1]Na}. Graph(G) and Graph(L) represent the real exploration space
and the virtual exploration space. Similarly, we can also construct a mapping function
that bridges the real and virtual exploration spaces with the help of G′(s) and its graph
Graph(G′). According to the action mapping theory, there exists a continuous mapping
HEM : Graph(G′) → A, such that for any given a ∈ A, the mapping ha : G′(s) →
A is a homeomorphism. The mapping function is defined as ha = HEM(s, a), and the
implementation version of the mapping function is represented by

HEM(s, a) =
supσ∈R{σ|σa ∈ F′(s)}

supσ∈R{σ|σa ∈ A} a, (24)

where HEM(s, a) = 0 when a = 0. Based on this mapping function HEM, a one-to-one
correspondence is established between the real exploration space Graph(F) and the virtual
exploration space Graph(L) through Graph(F′). At this point, for any given state–action
pair (st, at) in real exploration space, its corresponding exploration action τt in the explo-
ration space is

τt = HEM(st, at − πG(st)). (25)

Conversely, given a state st and an exploration action τt, its corresponding action in
the real exploration space can be calculated by

at = H−1
EM(st, ât) + πG(st). (26)

Note that Graph(F′) is determined exclusively by the constraint function C(s). Con-
sequently, modifications to the guiding policy πG do not influence the mapping function
HEM. This property allows us to leverage standard RL algorithms to iteratively optimize
the main policy.

In addition, during training, as the main policy πM is optimized, it may eventually
surpass the performance of the guiding policy πG. When this occurs, the current guidance
policy can hinder further improvement of πM. To address this, we evaluate the main policy
every Teval episodes, using lap time as the performance metric. If the difference in lap times
between the two policies, denoted as ∆π , exceeds a predefined threshold εt, we update the
guiding policy by replacing it with the current main policy: πG ← πM.

7. Implementation with RL Algorithms
In this section, we detail the implementation of our proposed RL-based racing control

approach, which integrates three key components: the state mapping module for track
observations; the action mapping module for traction constraints; and the safe exploration
guidance module. These proposed modules are compatible with most RL algorithms
capable of handling continuous observation and action spaces. For illustration, we employ
the classic Twin Delayed Deep Deterministic Policy Gradient (TD3) algorithm [36] to
demonstrate the implementation process.

A block diagram of the proposed RL framework for autonomous racing is shown in
Figure 4. The left part of the diagram illustrates the execution section of the framework,
which demonstrates the direct interaction between the autonomous driving agent and the



Actuators 2025, 14, 315 14 of 28

racing environment. The state vector st is obtained from the environment observation.
The edge observation feature VE is defined as a set of 10 observation vectors per track
edge. These vectors sample the track at increasing look-ahead distances ranging from 10 m
to 100 m, with a uniform sampling interval of 10 m. The original state vector st is then
processed by the state mapping module HSM. The position information of the opponent
vehicles VC is integrated into the original track edge observation vector and forms V̂E.
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Figure 4. Structure of proposed RL framework for autonomous racing.

The processed state vector is subsequently input to the safe exploration guidance
module. Within this module, an admissible control action is generated by synthesizing the
guidance policy and the main policy, ensuring compliance with the predefined constraints
on the exploration range. It should be noted that all state variables are normalized to
either the interval [−1, 1] or [0, 1], based on their respective minimum and maximum
observed values.

For the initial guidance policy, we implement a Stanley steering controller [37] for
lateral control to track the centerline. Since the Stanley control law outputs a desired
steering angle, while our model accepts steering rate command rather than a direct angle
input, we introduce a secondary proportional controller to compute the required steering
rate. The control law is given by

ay = Kδ(ϕ− arctan(
Kcte · dy

v + ζ
)− δ) (27)

where Kδ is the steering rate gain; Kcte is the cross-track error gain; and ζ is a small constant
introduced to avoid division by zero. For longitudinal control, we employ a PID controller
to regulate speed, maintaining a constant reference velocity through acceleration and
braking commands.

It is worth noting that the initial guidance policy is primarily designed to keep the
vehicle on track during early exploration. As such, suboptimal yet safe parameter tuning is
sufficient. During training, this policy is gradually replaced by the learned RL policy once
the latter demonstrates superior performance, as discussed in Section 6.

Next, this action is fed into the action mapping module, where it is considered as the
unconstrained virtual action. Then, by utilizing the action mapping function HAM, the
virtual action at is converted to a safe control signal ut, which guarantees that the traction
constraint is satisfied. After that, this control signal is used to control the racing car in the
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environment. The racing environment then returns the reward based on the predefined
reward function and the next state.

The right portion of Figure 4 depicts the RL training section of the proposed framework.
We adopt the off-policy TD3 algorithm, motivated by preliminary experiments from our
prior work on autonomous racing [18], where TD3 exhibited superior training stability
compared to the on-policy PPO algorithm. In particular, TD3’s twin-critic architecture
effectively mitigates value overestimation while maintaining the stability required for safe
operation near the limits of vehicle dynamics. Although our framework is compatible
with various RL algorithms, the characteristics of TD3 make it especially well-suited for
demonstrating the effectiveness of the proposed methods.

The actor and critic of the TD3 algorithm are implemented as fully connected neural
networks. The actor network, denoted as πµ(ŝ) with trainable parameters µ, serves as the
main policy in the safe exploration module in the execution section. The target network
of the actor network shares the same structure, and it is denoted as π′µ(ŝ). Structurally,
the actor network consists of two hidden layers, each comprising 256 neurons with ReLU
activation. The output layer utilizes the tanh activation function to constrain actions
within the range of [−1, 1]. To address the issue of value function overestimation, the
TD3 algorithm employs a twin-critic architecture. The two critic networks, represented as
Qw1(s, a) and Qw2(s, a) with parameters w1 and w2, respectively, share an identical hidden
layer structure with the actor network. While the hidden layers utilize ReLU activation
functions, the output layers adopt linear activation to estimate Q-values without restriction.
Corresponding target networks, denoted by Qw′1

(s, a) and Qw′2
(s, a), maintain the same

architecture but employ slowly updated parameters to enhance learning stability. The
updating rate for both target networks is set as 0.005.

The training process employs batch learning through an experience replay buffer D,
which stores state transition tuples et = (ŝt, at, rt+1, st+1) collected during policy execution.
The maximum size of the buffer is set as 1 million. Notably, the buffer records the adjusted
state representation ŝt rather than the original state. During each training iteration, a
mini-batch of experience tuples {(si, ai, ri, s′i)}N

i=1 are randomly sampled from the replay
buffer. The batch size N = 256 is empirically determined to balance learning stability and
computational efficiency. The twin-critic networks are then independently optimized by
minimizing the temporal difference (TD) error through the following loss function:

L(wj) =
1
N

N

∑
i=1

[
yi −Qwj(si, ai)

]2
, j ∈ {1, 2}, (28)

where yi is the target value from the target critic networks, that is,

yi = ri + γ min
j=1,2

Qw′j
(s′i, πµ′(s

′
i) + ϵ). (29)

where γ is the discount factor. To value overestimation in the target values, a clipped Gaus-
sian noise is introduced: ϵ ∼ clip(N (0, σ2

ϵ ),−c, c), where c denotes the clipping bound.
The actor network parameters µ are updated using a sampled approximation of the

policy gradient, computed through the deterministic policy gradient theorem. Utilizing the
same batch of transitions and the primary critic network Qw1(s, a), the gradient estimate is
given by

∇µ J(µ) ≈ 1
N

N

∑
i=1
∇µπµ(si)∇aQw1(si, ai)|ai=πµ(si)

. (30)

The training procedure of the race driving policy with the proposed framework
is formally presented in Algorithm 1, where a Gaussian noise term nt ∼ N (0, σ2

µ) is
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incorporated into the virtual action at each step to facilitate effective exploration. To enhance
training stability, the algorithm implements a delayed policy update scheme whereby the
actor network and target networks are only updated after every Tdelay = 2 iterations of
critic network optimization. Additionally, the training process includes periodic policy
evaluation at predetermined intervals, enabling performance monitoring and preservation
of optimal policy snapshots throughout the learning process.

Algorithm 1 Proposed RL Framework for Autonomous Race Driving

1: Initialize actor network parameters µ, critic network parameters w1, w2
2: Initialize target networks parameters µ′ ← µ, w′1 ← w1, w′2 ← w2
3: Initialize network update parameters ηa, ηc, ηtar
4: Initialize replay buffer D ← ∅
5: Set initial guidance policy πG
6: Load race driving environment
7: for Episode = 1 to MaxEpisode do
8: Initialize ego car and opponent cars (if applicable)
9: Observe initial state s1

10: Process with state mapping: ŝ1 = HSM(s1)
11: for time step t = 1 to MaxStep do
12: Generate exploration action: τt = πµ(ŝt) + nt

13: Process with safe explore mapping: at = H−1
EM(ŝt, τt) + πG(ŝt)

14: Process with action mapping: ut = HAM(s̃t, at)
15: Execute ut, observe st+1, and receive rt+1
16: Process with state mapping: ŝt = HSM(st), ŝt+1 = HSM(st+1)
17: Store (ŝt, at, rt+1, ŝt+1) in D
18: Sample experiences {(si, ai, ri, s′i)}N

i=1 ∼ D
19: Update critic networks wj ← wj − ηc∇wjL(wj) using Equation (28)
20: if t mod Tdelay = 0 then
21: Update actor network µ← µ + ηa∇µ J(µ) using Equation (30)
22: Update critic and actor target networks:

w′j ← ηtarwj + (1− ηtar)w′j, µ′ ← ηtarµ + (1− ηtar)µ
′, j = 1, 2

23: end if
24: if car violates safety constraints then
25: break
26: end if
27: if Episode mod Teval = 0 then
28: Run policy comparative evaluation of πG and πµ

29: if ∆π > εt then
30: Update guidance policy πG ← πµ

31: end if
32: end if
33: end for
34: end for

8. Experiments and Results
This section presents a comprehensive evaluation of the proposed RL-based race

driving approach within our developed racing simulation platform. In the following, we
first detail the specifications of the simulation platform; then, we conduct experimental
trials in two distinct racing scenarios—a time trial scenario without opponent vehicles and
a competitive race scenario involving multiple opponents on the same track.
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8.1. Simulation Environment

The racing driving simulation environment is built based on the single-track vehicle
model established in Section 2, and the differential equations are numerically solved using
the fourth-order Runge–Kutta (RK4) method. The simulation time step is 0.01 s. The vehicle
model parameters used in the simulation are derived from a pure electric mid-size sedan,
and its basic physical parameters are provided in Table 2.

Table 2. Physical parameters for racing car simulation.

Parameter Value (Unit) Parameter Value (Unit)

Vehicle mass m 1860 (kg) Front axle distance l f 1.17 (m)
Rear axle distance lr 1.77 (m) Tire radius Rw 0.31 (m)
Maximum steering angle δmax 35 (deg) Rolling resistance coefficient fr 0.015
Aerodynamic drag coefficient Cd 0.3 Air density ρA 1.225 (kg/m3)
Frontal area A f 2.05 (m2) Engine power Pmax 125 (kW)
Motor torque coefficient Km 1550 Braking force coefficient Kb 16,422
Max tire–road friction µmax 1.15 Gravitational acceleration g 9.81 (m/s2)

To comprehensively and thoroughly test the performance of the driving strategy,
four test tracks with different styles are built in the simulation environment. Figure 5
illustrates the track layouts, while Table 3 summarizes their basic information. In Figure 5,
the starting line (finish line) and starting direction marked by red lines and white arrows in
the respective track layout diagrams. Track A is a simple circular test track, Track B is a
go-kart track with short straights and many curves, Track C is built to the same dimensions
as the Ruisi Circuit located in Beijing, China, and Track D is built to the same dimensions
as the Wanchi Circuit located in Nanjing, China.
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Figure 5. Layout of four test race tracks in simulation environment. The numbering of each track
curve is marked by white digits on red circular based. (a) Layout of Track A. (b) Layout of Track B.
(c) Layout of Track C. (d) Layout of Track D.
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Table 3. Basic information for test race tracks.

Track Name Length (m) Width (m) Number of
Corners Track Type

Track A 785 20 2 Oval
Track B 707 15 12 Karting
Track C 1408 10 10 Circuit
Track D 2001 12 13 Circuit

The simulation experiments were conducted on a hardware platform equipped with
an Intel Core i9-13900K CPU, 32 GB RAM, and an NVIDIA GeForce RTX 4090 GPU.
The software environment consists of Ubuntu 20.04 LTS as the operating system, with
PyTorch 1.13 serving as the deep learning framework for neural network implementation
and training.

8.2. Training and Results in Time Trial

The time trial scenario as a fundamental benchmark for evaluating autonomous racing
performance. Since there is no opponent car in this setup, the assessment only focuses on
the action mapping module and the safe exploration guidance module, while the state
mapping module is not involved. To facilitate comparative analysis, we evaluate three
RL-based driving policies: (1) TD3 is the standard implementation without additional
modules. (2) TD3-AM extends TD3 by incorporating the action mapping (AM) modules to
address the friction constraints. (3) TD3-AMGP combines a guidance policy (GP) for safe
exploration guidance.

The training of three policies follows Algorithm 1, and the unused procedures are
omitted from the algorithm. For each episode the car is initialized under the following
conditions: (1) initial car position: random location on straight track segments; (2) initial
velocity: vx ∼ U (0, 100) km/h; (3) other state variables: ω = ϕ = δ = 0.

The assessment was conducted across four aforementioned track configurations. For
each combination of policy and track, we conducted five independent training trials with
distinct random seeds to ensure statistical robustness. Each trial consisted of 8000 episodes,
with every episode spanning 5000 time steps (50 s). The accumulated reward values and
termination reasons of each episode were recorded throughout training.

The learning progress comparison of three driving policies across four tracks is illus-
trated in Figure 6. The mean rewards across seeds are plotted as solid curves, and the
corresponding standard deviations are represented by shaded regions. The learning curves
show that both TD3-AM and TD3-AMGP converge after around 4000 training episodes
(approximately 10 million training iterations). The average training time for each of these
policies is approximately 5 h. Notably, the computational overhead introduced by the safe
policy guidance mechanism in TD3-AMGP is negligible. For comparison, the standard TD3
implementation completes the same number of iterations in about 4 h, due to the absence
of action mapping computations.

The learning curves analysis reveals distinct performance characteristics among the
three driving policies in each track. On the straightforward Track A, all policies demonstrate
comparable reward progression, indicating that the basic TD3 policy can achieve competent
driving in simple environments without additional modules. However, the more complex
Tracks B, C, and D clearly differentiate the modules’ capabilities. The incorporation of
action mapping (AM) in both TD3-AM and TD3-AMGP yields significant improvements
over the baseline, with approximately 50–100% higher asymptotic rewards, by maintaining
tire forces near the friction limits while preventing loss of control—enabling both faster lap
times and greater stability. TD3-AMGP initially achieves higher rewards on complex tracks
due to its pre-tuned guidance policy, which provides basic driving capability and prevents
unsafe exploration behaviors like driving off the track. In contrast, TD3-AM requires more
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time to learn viable and safe driving policies through exploration. The guidance policy
updating technique of TD3-AMGP effectively avoids the driving policy from becoming
trapped in the initial guidance policy, enabling TD3-AMGP to eventually converge to a
performance level comparable to TD3-AM. As a result, both methods eventually converge
to similar performance levels, with TD3-AMGP maintaining safer exploration throughout
the training process.

(a) (b)

(c) (d)

Figure 6. Learning curve comparison of three policies across four tracks in time trial scenario.
(a) Learning curves in Track A. (b) Learning curves in Track B. (c) Learning curves in Track C.
(d) Learning curves in Track D.

The episode termination reasons during policy training across four tracks are quan-
titatively analyzed. The results are visualized in Figure 7. The termination categories
correspond to the definitions in the reward function: (1) ‘off track’ represents driving off the
track; (2) ‘skid’ indicates exceeding tire friction limits; (3) ‘slow’ denotes termination due to
excessively low driving speed; and (4) ‘WW’ signifies driving in the wrong direction.

The statistical results show generally similar patterns of termination reasons across
the three driving policies on four tracks. Specifically, the TD3-AMGP policy, due to its
incorporated guidance policy, demonstrates significantly fewer off-track terminations
compared to the other two methods, with approximately 50% reduction relative to the
baseline TD3 across all tracks. Furthermore, with the introduction of the action mapping
module, both TD3-AM and TD3-AMGP completely avoid skid-induced terminations.

In addition, we compute the completion rate of all policies across the four tracks.
The completion rate is defined as the proportion of training episodes that are successfully
completed without triggering any termination conditions. The completion rates of TD3,
TD3-AM, and TD3-AMGP are 33.1%, 58.7%, and 78.7%, respectively, with TD3-AMGP
achieving the highest completion rate across all four tracks.

It should be noted that although TD3-AMGP implements a guidance policy, ran-
dom exploratory actions are still added during training, which may occasionally cause
off-track incidents. This design is intentional—without maintaining some off-track ex-
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periences, the policy cannot effectively learn to prevent such situations. Therefore, the
proposed safe exploration module can reduce but not entirely eliminate off-track occur-
rences during training.

(a) (b)

(c) (d)

Figure 7. Count of termination reasons of 8000 training episodes of three driving policies across four
tracks in time trial scenario. (a) Count of termination reasons in track A. (b) Count of termination
reasons in track B. (c) Count of termination reasons in track C. (d) Count of termination reasons in
track D.

To evaluate and demonstrate the driving skills of the trained driving policies, the
driving policies are saved and tested in an evaluation episode for every 10,000 training
iterations. The lap time of a ‘flying lap’ is used to quantify driving skills. The evaluation
episodes begin with the vehicle centered on the finish line with motion states ω = ϕ = δ =

v = 0, and the exploration noise is removed. If the driving policy completes at least two
laps without failure, the second lap time is recorded as the ‘flying lap’ metric.

The best lap time of all saved driving policies evaluated in four tracks is summarized
in Table 4. The results demonstrate that both TD3-AM and TD3-AMGP policies, which
incorporate the action mapping technique, achieve significantly faster lap times compared
to the baseline. Specifically, the TD3-AMGP policy shows only marginal improvement over
TD3-AM on Track B, while maintaining comparable performance on other tracks. This
observation aligns with our theoretical expectation that the primary purpose of introducing
the guidance policy (GP) is not to improve lap time performance but rather to improve
safety during training. Consequently, as evidenced by the experimental data, TD3-AMGP
achieves essentially equivalent maximum lap speeds to the TD3-AM approach while
providing additional safety benefits during the learning process.

The optimal lap trajectories achieved by the TD3-AMGP policy across four test tracks
are visualized in Figure 8, where the vehicle’s instantaneous speed is color-coded using
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a jet colormap, with the starting line and driving direction annotated. The trajectory
analysis reveals that the learned policy has mastered fundamental racing techniques,
including (1) smooth racing lines following the professional ‘out-in-out’ cornering principle,
(2) precise apex clipping maneuvers, and (3) optimized acceleration/deceleration strategies.
Particularly impressive is the policy’s performance on the more challenging real-world
tracks (Tracks C and D), where it demonstrates professional-level competence in handling
complex corner sequences—maintaining ideal racing lines while executing perfect speed
adjustments through consecutive turns.

Table 4. Best flying lap time comparison of three driving policies across four tracks.

Track A Track B Track C Track D

TD3 31.51 s 55.31 s 1 m 20.25 s 1 m 37.37 s
TD3-AM 28.64 s 43.31 s 1 m 04.70 s 1 m 25.57 s

TD3-AMGP 27.71 s 41.06 s 1 m 04.68 s 1 m 26.17 s

(a) (b)

(c) (d)

Speed (km/h)

Figure 8. Best flying lap trajectories of TD3-AMGP driving policy in four tracks. The trajectories
are color-coded by instantaneous speed (warmer hues indicating higher velocities). (a) Trajectory in
Track A. (b) Trajectory in Track B. (c) Trajectory in Track C. (d) Trajectory in Track D.

8.3. Training and Results in Competitive Racing

Building upon our previous time trial experiments that evaluated autonomous racing
fundamentals in single-vehicle scenarios, we now introduce dynamic opponent vehicles to
assess the proposed state mapping technique. The comparative evaluation maintains con-
sistency with prior methodology by examining three policy variants: (1) TD3-AM (baseline)
is the same as the policy used in the time trial experiments. To maintain the same length of
the opponent car observation vector VC, we only observe the nearest leading opponent
car. (2) TD3-AMSM extends TD3-AM by incorporating the state mapping (SM) module
to enhance the observation of opponent vehicles ahead. (3) TD3-AMSMGP integrates
both SM and the guidance policy (GP) for safe exploration in competitive environments.
The safe exploration guidance necessarily operates on the state-mapped representation
when opponent vehicles are present. A standalone TD3-AMGP configuration would be
incompatible since the guidance policy requires the transformed state variables (d̂y, V̂E)

that only the state mapping module can provide.
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The training procedures for the three policies in the competitive race experiments
maintain consistency with the time trial experiments, with the key distinction being the
incorporation of opponent vehicles. Each opponent car is initialized with randomized
parameters: a longitudinal separation of 50–150 m along the track axis, an initial velocity
uniformly distributed between 20 and 60 km/h, and a variable lateral displacement from
the track centerline. The opponent vehicles are controlled by predetermined controllers
that maintain their initial lateral displacement while preserving the initialized velocity.

Notably, in the current setup, these opponent vehicles move at constant speeds, and
their motion states remain constant over time. In addition, these opponent cars operate
independently without any awareness of the ego car’s motion, serving purely as dynamic
environmental obstacles to evaluate the ego vehicle’s overtaking capabilities.

Under these simplified assumptions, the feasible overtaking area is primarily deter-
mined by the opponent’s position rather than dynamic behaviors such as speed changes.
Accordingly, our state mapping module focuses on spatial configuration and does not
explicitly encode opponent speed or acceleration. This design allows us to address variable-
dimension observation challenges while preserving policy transferability and training
efficiency. This experimental setup also ensures that the assessment focuses specifically
on the ego vehicle’s autonomous racing performance rather than modeling competitive
interactions between vehicles. To account for the increased complexity of competitive
racing compared to time trial scenarios, we have extended the training duration from
8000 to 10,000 episodes per trial to ensure sufficient policy convergence. The accumulated
reward values and termination reasons of each episode were logged throughout the entire
training process.

The comparative learning progress of the three driving policies across four tracks is
shown in Figure 9. The analysis of training episodes’ termination reasons is shown in
Figure 10. It is noteworthy that the termination categories are different from the time trial
experiments: (1) the ‘skid’ termination category has been eliminated since the incorporation
of AM in all evaluated policies effectively prevents loss-of-control scenarios caused by
exceeding tire friction limits; (2) a new ‘collision’ category has been specifically introduced
to episodes terminated due to contact between the ego car and opponent cars, representing
a critical performance metric in competitive racing scenarios. The completion rates of
TD3-AM, TD3-AMSM, and TD3-AMSMGP are 58.6%, 81.5%, and 92.5%, respectively, with
TD3-AMSMGP achieving the highest completion rate.

The learning curves and termination reason statistics for the three driving policies
across four tracks demonstrate consistent patterns in policy convergence and performance
characteristics. All three policies exhibit stable learning progress, reaching convergence
after around 6000 episodes (approximately 13 million training iterations), requiring roughly
6 h of training time. The additional computational cost introduced by state mapping and
safe policy guidance modules remains minimal. Comparative analysis reveals that both
the TD3-AMSM and TD3-AMSMGP methods, incorporating the SM technique, achieve
significantly faster learning rates and higher cumulative rewards than the baseline TD3-AM
approach on all four tracks. This performance advantage can be attributed to the substan-
tially reduced terminations caused by collision in SM-enhanced methods, as evidenced
in Figure 10. The SM mechanism enables safer overtaking maneuvers within predefined
safety margins, effectively minimizing collisions with opponent cars and consequently
yielding higher rewards through improved safety performance.

Further examination of termination statistics between TD3-AMSM and TD3-AMSMGP
reveals the additional benefits of GP. The TD3-AMSMGP policy demonstrates markedly
fewer off-track terminations, particularly during early training phases. This reflects GP’s
crucial role in guiding exploratory actions during initial training, thereby enhancing pol-
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icy safety at the learning onset. This safety advantage manifests in the learning curves
(Figure 9), where TD3-AMSMGP maintains superior performance to TD3-AMSM during
the first 2000 episodes, primarily due to reduced penalty accumulation from off-track
incidents. The combined evidence from both learning progression and termination anal-
ysis confirms that SM and GP effectively enhance overtaking safety and efficiency in the
competitive racing scenarios.

(a) (b)

(c) (d)

Figure 9. Learning curve comparison of three policies across four tracks in competitive racing
scenario. (a) Learning curves in Track A. (b) Learning curves in Track B. (c) Learning curves in Track
C. (d) Learning curves in Track D.

Consistent with the time trial experiments, we periodically save trained policies
at 10,000-iteration intervals for subsequent evaluation. While the time trial assessment
employs flying lap times to quantify basic driving skills, the competitive racing scenario
necessitates a specialized evaluation framework. We therefore employ a Time Attack
Overtake assessment paradigm. The Time Attack Overtake evaluation metric is designed
to comprehensively assess competitive driving skills by measuring the maximum number
of opponent cars overtaken within a fixed time window. The evaluation protocol initializes
the ego car centered on the finish line with motion states ω = ϕ = δ = v = 0, and the
exploration noise is removed. The opponent cars are positioned at 80m intervals along the
track centerline with randomized lateral offsets and a constant initial velocity of 40 km/h.
All opponent vehicles are controlled by the same predetermined controller in the training
phase. Each evaluation episode is constrained to 6000 time steps (60 s). We quantitatively
evaluate all saved policies by recording both the overtaking count and average velocity. The
best performance metrics (number of opponents overtaken and average velocity) for each
policy–track combination are presented in Table 5. The results reveal that for the relatively
simpler and wider tracks (A and B), all three driving policies demonstrate comparable
performance in terms of both the number overtook and average velocity. However, in
the more complex and narrower tracks (C and D), the two policies incorporating the state
mapping (SM) mechanism exhibit significant performance advantages. Specifically, the SM-
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enhanced policies achieve approximately double the number of successful overtakes within
the time window compared to the baseline approach, while simultaneously maintaining
about 50% higher average velocities.

(a) (b)

(c) (d)

Figure 10. Count of termination reasons of 10,000 training episodes of three driving policies across
four tracks in competitive racing scenario. (a) Count of termination reasons in Track A. (b) Count of
termination reasons in Track B. (c) Count of termination reasons in Track C. (d) Count of termination
reasons in Track D.

Table 5. Numbers of overtaking and average speed (inside bracket) of three driving policies across
four tracks.

Track A Track B Track C Track D

TD3-AM 14 (92.9 km/h) 6 (53.3 km/h) 5 (46.8 km/h) 6 (54.4 km/h)
TD3-AMSM 15 (94.0 km/h) 7 (52.6 km/h) 10 (68.8 km/h) 12 (78.1 km/h)

TD3-AMSMGP 15 (95.4 km/h) 7 (56.9 km/h) 10 (70.9 km/h) 12 (79.6 km/h)

The racing trajectories of the highest-performing TD3-AMSMGP policy during Time
Attack Overtake evaluations across the four tracks are illustrated in Figure 11. The ego car’s
trajectories are color-coded by instantaneous speed. The trajectories of opponent vehicles
are depicted as gray lines, selectively displaying only those segments where potential
interactions with the ego vehicle may occur. More precisely, for each opponent car, its
trajectory visualization begins when it assumes the position of the immediate leading
vehicle relative to the ego car and ceases once it has been successfully overtaken, thereby
focusing the analysis on the most relevant spatial–temporal interactions during overtaking
maneuvers. The trajectories demonstrate that the learned policy has successfully developed
advanced overtaking capabilities while preserving the high-speed driving skills exhibited
in time trials, particularly excelling in the complex, narrow configurations of Tracks C and
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D, where it executes both straightaway and corner overtaking maneuvers with remarkable
consistency. These results clearly validate the efficacy of the SM technique in facilitating
competitive driving strategies.

Speed (km/h)

(a) (b)

(c) (d)

Figure 11. Time Attack Overtake trajectories of the TD3-AMSMGP driving policy across four tracks.
The trajectories of the ego car and the opponent cars in Tracks A–D are depicted in subfigures (a–d),
respectively. In each subfigure, the ego car’s trajectories are color-coded by instantaneous speed
(warmer hues indicate higher velocities). Opponent cars’ trajectories are shown in gray lines that
initiate when becoming the nearest leading vehicle and terminate upon being overtaken.

8.4. Discussion

The experimental results obtained from both time trial and competitive racing ex-
periments demonstrate that the proposed RL-based driving policy can effectively learn
high-performance driving strategies in environments with or without opponent vehicles.
Through systematic training, the policy acquires professional-level cornering and overtak-
ing skills while maintaining superior performance across diverse track configurations. The
comparative studies of different policy configurations—incorporating AM, GP, and SM
modules with the TD3 framework—respectively, validate (1) the AM module’s efficacy in
handling tire–road friction constraints, (2) the GP module’s capability to enhance training
safety during initial learning phases, and (3) the SM module’s effectiveness in improving
competitive overtaking performance. Together, these components form a comprehensive
autonomous racing solution that addresses the multifaceted challenges of high-speed
vehicle control.

Despite the strong performance demonstrated, several limitations remain that could
impact the real-world applicability and robustness of the proposed framework:

• The inherent trial-and-error nature of RL algorithm introduces safety concerns. Al-
though a safe guidance policy is used to constrain exploration during training, ex-
ploratory noise remains necessary for learning. This can occasionally lead to off-track
incidents, and the simulation environment cannot fully replicate real-world vehicle
dynamics and environmental variability. Consequently, the safety guarantees achieved
in simulation may not directly carry over to real-world deployments.
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• The behavior of opponent vehicles is relatively simple. Currently, opponents follow
predetermined trajectories and do not respond to the ego vehicle’s actions. In real
racing scenarios, opponents often exhibit adaptive behaviors, such as defending lines
and blocking overtakes, which are crucial to competitive driving. This limitation
reduces the policy’s ability to learn complex interaction skills.

• The state mapping mechanism currently uses static parameters to define the overtaking
feasibility areas. These parameters do not adapt based on the motion of surrounding
vehicles. As a result, the policy may generate overly conservative or aggressive
decisions during overtaking.

9. Conclusions and Future Work
This paper presented an integrated RL framework for autonomous race driving that

combines state mapping, action mapping, and safe exploration guidance to achieve high-
performance racing while ensuring safety. Experimental results across four test tracks
demonstrate substantial improvements over baseline methods in both time trial and com-
petitive racing scenarios. In time trial scenarios, the RL-based driving policy with action
mapping and safe exploration guidance (TD3-AMGP) achieved a 12–26% reduction in lap
time compared to the standard TD3 policy, while the completion rate improved signifi-
cantly from 33.1% (TD3) to 78.7% (TD3-AMGP), indicating enhanced training safety. In
competitive racing scenarios, the proposed TD3-AMSMGP policy doubled the number
of successful overtakes on complex tracks (Tracks C and D) compared to TD3-AM, while
sustaining a 46–51% higher average speed. Across both scenarios, the inclusion of state
mapping and the safe guidance policy effectively reduced off-track and collision-induced
terminations by a large margin. These results confirm the proposed framework’s effec-
tiveness in achieving professional-level autonomous racing performance with a strong
emphasis on safety and reliability.

Future work will focus on addressing the identified limitations through the following
directions: (1) enhancing safety in real-world deployment by integrating RL policies with
conventional control methods, such as model predictive control and control barrier func-
tions, complemented by real-time risk assessment techniques; (2) improving competitive
driving skills by incorporating interactive opponent behaviors via adversarial multi-agent
RL or imitation learning, enabling the ego vehicle to acquire adaptive and tactical driving
strategies; (3) developing dynamic state mapping mechanisms that adjust the parameters
for generating overtaking feasible area in real time based on the opponent motion informa-
tion; and (4) exploring sim-to-real transfer techniques such as domain randomization and
adaptive simulation calibration to improve the robustness and deployability of learned
policies in real-world racing environments.
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