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Autonomous racing poses unique challenges - including high-speed dynamics, close competition, and operation
at the limits of vehicle performance - that are not fully addressed by current learning-based driving policies. In
this paper, we propose a specialized neural network driving policy architecture for real-time autonomous racing
to tackle these challenges. Our approach introduces an adaptive racing vocabulary that encodes track geometry
and vehicle state information, enabling the policy to respond effectively to rapidly changing racing conditions.
We further employ policy distillation with multiple cost heads guided by an optimal driving reference, thereby
reducing the reliance on large expert-driving datasets. In addition, Bayesian optimization dynamically combines
cost components (controllability, safety, speed, etc.), minimizing lap time while maintaining vehicle control. In
high-fidelity vehicle dynamics simulations, the proposed architecture demonstrates robust and adaptive driving

behavior, successfully handling the complex and demanding scenarios inherent in autonomous racing.

1. Introduction

Autonomous driving research has evolved into two prominent
branches: autonomous racing and learning-based driving policy devel-
opment. Autonomous racing focuses on pushing vehicles around tracks
at high speeds without human intervention, thereby presenting extreme
conditions and complex interactions that test the limits of autonomous
capabilities. Several competitions in this domain have spurred innova-
tion by challenging vehicles to perform in high-speed racing environ-
ments (Betz et al., 2023, 2019; Herrmann et al., 2020; Jung et al., 2023;
Kabzan et al., 2020; Lee et al., 2024; Na et al., 2024; Ni et al., 2019).
In parallel, learning-based driving policy development employs tech-
niques such as imitation learning and reinforcement learning to train
neural network models to drive directly from data rather than via hand-
crafted rules. Recent advances in this area integrate multiple driving
tasks within a single neural network, demonstrating the potential for
end-to-end learning of robust driving policies (Chen et al., 2024; Hu
et al., 2023b; Li et al., 2024a; Weng et al., 2024).

In general driving scenarios, state-of-the-art neural network policies
use multi-modal trajectory planning and multi-objective value optimiza-
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tion to handle complex real-world conditions. Multi-modal trajectory
planning generates a set of plausible trajectories (a trajectory vocab-
ulary) covering various feasible paths under different conditions (Chen
etal.,, 2024; Li et al., 2024a). This approach provides flexibility in select-
ing an optimal trajectory and improves interpretability by assigning a
value (or probability) to each candidate path; it also naturally allows the
candidate set to expand as driving scenarios evolve. In parallel, multi-
target value optimization enables policies to balance multiple objectives
simultaneously. For example, Hydra-MDP uses multiple value functions
to represent different aspects of driving quality (minimizing collisions,
staying within drivable areas, maintaining passenger comfort, etc.), and
selects the path with the lowest predicted cost among candidates. Sim-
ilarly, VADv2 incorporates constraints for collision avoidance and lane
alignment, ensuring the ego vehicle remains safe and on-course while
pursuing its goals. These methods demonstrate the benefit of considering
a diverse trajectory set and multiple objectives in general autonomous
driving.

Despite advancements in neural network-based driving policies, sig-
nificant gaps remain in addressing the unique challenges of autonomous
racing. Most existing research focuses on general roadway driving and
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\begin {equation}\label {equation:race_line} \begin {split} \min _{l_1, \dots , l_N} & \sum _{i=1}^{N} \kappa _i^2 \\ \text {s.t.} \quad & l_i = l_N \quad \forall \, 1 \leq i \leq N \\ & l_i \in \left [-w_{\text {left}}^i + w_{\text {safe}}, w_{\text {right}}^i - w_{\text {safe}}\right ] \end {split}\end {equation}
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$X, Y, \psi ,\kappa , v_x, a_x$


\begin {equation}E_{\text {env}} = \text {SA} \left (\text {Concat}\left (\text {En}(\text {M}), \text {En}(\text {E}), \text {En}(\text {R}), \text {En}(\text {C})\right ) + \text {PE}\right ) \label {equation:enviornment_encoder}\end {equation}
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\begin {equation}s_t = s_{t-1} + v_{t-1} \cdot \Delta t + \frac {1}{2} a_{t-1} \cdot \Delta t^2, \label {equation:longitudinal_voca_generation}\end {equation}
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\begin {equation}n_t = a_0 + a_1 t + a_2 t^2 + a_3 t^3 + a_4 t^4 + a_5 t^5 \label {equation:longitudinal_voca_generation}\end {equation}
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\begin {equation}\begin {aligned} E_{\text {query}} = \text {En}(\text {RacingVocab}) + \text {PE} \end {aligned} \label {equation:racing_vocabulary}\end {equation}


\begin {equation}\begin {aligned} E_{\text {feat}} = \text {Transformer}(\text (Q=E_{\text {query}}, K,V=E_{\text {env}}) \end {aligned} \label {equation:racing_policy_transformer_decoder}\end {equation}


\begin {equation}\delta _i = \text {MLP}_i(E_{\text {feat}}) \label {equation:cost_head},\end {equation}
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$\mathbf {x} = [x, y, \psi , v_{\text {lon}}, v_{\text {lat}}, \gamma ]^T$


$x, y, \psi $


$v_{\text {lon}}, v_{\text {lat}}$


$\gamma $


$\mathbf {u} = [\delta _f, F_{\text {driving}}]$


$\delta _f$


$F_{\text {driving}}$


\begin {equation}\dot {\mathbf {x}} \!=\! \begin {bmatrix} v_{\text {lon}} \cos (\psi ) - v_{\text {lat}} \sin (\psi ) \\ v_{\text {lon}} \sin (\psi ) + v_{\text {lat}} \cos (\psi ) \\ \gamma \\ \frac {1}{m} \left ( F_{x_r} - F_{y_f} \sin (\delta _f) + m v_{\text {lat}} \dot {\psi } \right ) \\ \frac {1}{m} \left ( F_{y_r} + F_{y_f} \cos (\delta _f) - m v_{\text {lon}} \dot {\psi } \right ) \\ \frac {1}{I_z} \left ( l_f \left ( F_{y_f} \cos (\delta _f) \right ) - l_r F_{y_r} \right ) \end {bmatrix} \label {Xeqn8-8}\end {equation}


$F_{x_r} = F_{\text {driving}} - 0.5 \rho A_{c} C_{d} v_{\text {lon}}^{2}$
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\begin {equation}\begin {aligned} \alpha _f &= \delta _f - \arctan \left (\frac {v_\text {lat} + l_f \cdot \dot {\psi }}{v_\text {lon}}\right ), \\ \alpha _r &= \arctan \left (\frac {l_r \cdot \dot {\psi } - v_\text {lat}}{v_\text {lon}}\right ) \end {aligned} \label {Xeqn10-10}\end {equation}


$i$


\begin {equation}\begin {aligned} \hat {\delta }_{\text {con},i}^{\text {stability}} &= \sum _{k=1}^{N-2} \left ( \left | j_{\text {lat},k} \right | + \left | j_{\text {lon},k} \right | \right ), \\ \hat {\delta }_{\text {con},i}^{\text {traceability}} &= \sum _{k=1}^{N} \|\mathbf {p}_k^\text {voca} - \mathbf {p}_k^\text {pred}\|_2 \end {aligned} \label {Xeqn11-11}\end {equation}
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\begin {equation}\hat {\delta }_{\text {race},i}^{\text {lat}} = \frac {\sum _{k=1}^{N} |n_k|}{N} \label {equation:race_line_cost_eval_lat}\end {equation}


\begin {equation}\hat {\delta }_{\text {race},i}^{\text {lon}} = \frac {\sum _{k=1}^{N} |e_{v,k}|}{N}, e_{v,k} = v_k - v_{\text {race},k} \label {equation:race_line_cost_eval_lon1}\end {equation}
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\begin {equation}\hat {\delta }_{\text {col},i}=-min(t_{\text {collision}}, t_{\text {horizon}}) \label {Xeqn14-14}\end {equation}
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\begin {equation}\hat {\delta }_{\text {off},i}=-min(t_{\text {off}}, t_{\text {horizon}}) \label {Xeqn15-15}\end {equation}
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\begin {equation}L_i \;=\; \mathrm {MSE}\!\bigl (\,\delta _i,\;\hat {\delta }_i\bigr ),i \in \{\text {stability},\;\text {traceability},\;\text {lat},\;\text {lon},\;\text {col},\;\text {off}\}, \label {equation:loss_calculation}\end {equation}


\begin {equation}L_{\text {total}} \;=\; \sum _{i\in \{\text {stability},\text {traceability},\text {lat},\text {lon},\text {col},\text {off}\}} L_i. \label {equation:loss_summation}\end {equation}
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does not fully account for racing-specific factors such as high-speed dy-
namics, close competition with other vehicles, and the need to operate
at the limits of tire grip. Imitation learning for racing scenarios is fur-
ther complicated by the difficulty of gathering comprehensive expert
datasets and constructing suitable teacher policies that capture the di-
verse strategies required for competitive racing. Additionally, current
methods for generating trajectory vocabularies are inefficient, often re-
lying on general driving data that fail to reflect the distinct geometry
and conditions of racing tracks. The process of final trajectory selection
typically uses heuristic approaches with static weighting schemes, limit-
ing adaptability to the dynamic nature of racing environments. Finally,
common autonomous driving simulators lack the fidelity needed to ac-
curately model critical racing dynamics, hindering both the training and
evaluation of NN-based driving policies designed for racing scenarios.

To address the above challenges, we propose a new neural network
architecture and training methodology for real-time autonomous rac-
ing. The architecture (illustrated in Fig. 1) comprises four main mod-
ules: Racing Perception, Racing Policy, Racing Policy Distillation, and
Racing Action. Racing Perception processes key details of the environ-
ment - track geometry and race line, positions of other vehicles, and
the ego vehicle’s dynamic state - to produce an encoded representation
of the racing scenario. Racing Policy then generates a set of candidate
trajectories (an adaptive trajectory vocabulary) tailored to the current
racing conditions, accounting for vehicle dynamics and racing-specific
constraints. The environment representation and candidate trajectories
are fed into a policy transformer, which uses a multi-layer perceptron
(MLP) head to select the most appropriate trajectory for the given sce-
nario. To efficiently evaluate and refine the trajectory selection, we in-
troduce Racing Policy Distillation, which estimates multiple cost com-
ponents for each trajectory using a mathematical optimization-based
reference (derived from an offline optimal racing policy). This distilled
evaluation provides stable supervisory signals without requiring large
expert-driving datasets. Finally, Racing Action combines the multiple
cost components and dynamically tunes their weights via Bayesian opti-
mization. This ensures that the ultimate trajectory selection is adaptive
and optimized to minimize lap time while maintaining safety and con-
trol. Our key contributions are as follows:

e We propose a cost-distillation method for racing policies that uses an
optimal control solution as a reference to evaluate trajectory quality.
This approach provides a reliable supervision signal (pseudo-ground-
truth cost) for training the policy, reducing the need for extensive
human driving data.

e We introduce an adaptive trajectory vocabulary that incorporates
track geometry and ego-vehicle state. This yields a richer set of can-
didate racing trajectories, improving the coverage of feasible racing
maneuvers and enhancing the policy’s responsiveness to dynamic
changes in the race environment.

e We apply Bayesian optimization to automatically tune the weights
used to combine the different trajectory cost components. This
weight optimization aims to minimize lap time while maintaining
safety, yielding a more balanced and performant driving policy than
fixed weighting schemes.

e We validate the proposed architecture in a high-fidelity racing sim-
ulator, demonstrating that our learned policy achieves competitive
lap times with minimal collisions. The simulator experiments, which
accurately model crucial racing dynamics (tire forces, vehicle iner-
tia, etc.), confirm that our approach is effective under realistic racing
conditions.

The remainder of this paper is structured as follows. Section 2 pro-
vides a brief overview of related research. Section 3 details the method
and its components. In Section 4, we present our experimental results,
and discussions. Finally, we conclude with Section 5, where we summa-
rize our findings and future research directions.
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2. Related work

Autonomous racing. Autonomous racing has established itself as a

critical field for pushing the boundaries of autonomous driving technol-
ogy. The DARPA challenges (Thrun et al., 2006; Urmson et al., 2008)
enabled the development of various path-planning and control tech-
niques for general driving scenarios, laying the foundation for further
research. In the 2010s, Funke (Funke et al., 2012) proposed a controller
that considers tire friction limits to enable stable high-speed driving on
a predefined race line. Similarly, Liniger (Liniger et al., 2015) devel-
oped a model predictive control-based algorithm to find the shortest
path while interacting with multiple competing vehicles. These stud-
ies laid the technological groundwork necessary to meet the extreme
demands of racing environments. More recently, competitions like For-
mula Student Driverless (Kabzan et al., 2020; Ni et al., 2019), Robo-
race (Betz et al., 2019; Herrmann et al., 2020), the Indy Autonomous
Challenge (Betz et al., 2023; Jung et al., 2023), and the Hyundai Mo-
tor Group Autonomous Driving Challenge (Lee et al., 2024; Na et al.,
2024) have fostered research on high-speed driving, extreme driving
conditions, and complex vehicle interactions, positioning autonomous
racing as an essential testing ground for advancing autonomous driving
technologies.
Learning-based driving policy. Recent mid-to-mid based driving ap-
proaches have been introduced to improve trajectory selection in high-
speed or complex urban driving scenarios, and have significantly con-
tributed to enhancing prediction accuracy. However, most of these
methods still rely on L1 loss or L2 loss against ground-truth trajecto-
ries, without explicitly considering semantic driving attributes such as
safety, traffic rule compliance, and behavioral consistency (Abouelazm
et al., 2024). For example, PLUTO (Cheng et al., 2024) improves per-
formance by generating trajectory candidates based on fixed reference
lines and distinguishing between static and dynamic agents. PlanScope
(Xin et al., 2024) introduces a time-weighted loss function that adjusts
the importance of each time step to improve long-horizon prediction.
Diffusion Planner (Zheng et al., 2025) leverages a diffusion-based gen-
erative model to produce multiple trajectory candidates that account for
interactions with surrounding agents. While these methods effectively
improve geometric accuracy, they remain limited in terms of semantic
reasoning and behaviorally aligned policy learning, which are crucial
for robust and interpretable decision-making in high-speed driving.

In parallel, recent end-to-end learning-based driving policies aim to
move beyond low-level trajectory imitation and instead focus on learn-
ing high-level decision patterns through cost-based optimization. While
mid-to-mid methods predominantly rely on imitation learning using su-
pervised regression to ground-truth trajectories, end-to-end approaches
formulate the problem as direct policy learning from multi-cost signals,
enabling the incorporation of safety, comfort, and rule compliance ob-
jectives into training.

Hydra-MDP (Li et al., 2024a) considers collision cost and drivable
area compliance cost to ensure the model learns to avoid collisions
and stay within drivable areas during driving. This model is structured
to select the path with the lowest predicted cost among multiple in-
put trajectory candidates. VAD (Jiang et al., 2023) employs constraints
such as ego-agent collision constraint, ego-boundary overstepping con-
straint, and ego-lane directional constraint to align the ego vehicle’s col-
lision and angle with lanes. In case of MP3 (Casas et al., 2021), model
learns driving policies by considering comfort and safety costs such as
jerk, lateral acceleration, and curvature to improve driving collision and
comfort, as well as costs related to following lane centers. Addition-
ally, Dauner et al. (2023), Hu et al. (2023a), Xi et al. (2023) evaluates
driving policies using various metrics from the nuPlan dataset (Caesar
et al., 2021), such as collision rate, Time-To-Collision (TTC), drivable
area compliance, comfort, progress, speed limit, and direction, achiev-
ing high performance. In Li et al. (2024b), the need for diversified evalu-
ation metrics is emphasized by proposing the Curb Collision Rate (CCR).
CCR evaluates the likelihood of predicted driving paths deviating from
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road boundaries, indicating the safety and rationality of driving poli-
cies, and demonstrates improved predictive quality when incorporated
into training.

While our method adopts a mid-to-mid planning structure, it is in-
spired by recent end-to-end policies that leverage multi-cost learning
to improve behavioral reasoning. In contrast to reinforcement learning
(RL)-based approaches such as Wurman et al. (2022), which directly
predict control commands from image observations, our imitation learn-
ing framework offers several advantages. RL methods, while capable
of high performance, often suffer from low sample efficiency, unstable
convergence, and high computational cost, making them less practical
for real-world deployment in safety-critical domains like autonomous
racing.

Building on the above developments, our work targets the open gap
between classical autonomous racing approaches and modern learning-
based policies. In particular, we propose a learning-driven racing policy
that is designed for the extreme conditions of autonomous racing. Our
approach synergizes insights from autonomous racing (e.g., explicit han-
dling of vehicle dynamics and race lines) with advanced policy learning
techniques (e.g., cost function optimization and neural network flexibil-
ity). The aim is to achieve high-speed, safe, and efficient racing perfor-
mance through end-to-end neural decision-making, something not ac-
complished by prior methods. This next section details our proposed
methodology.

3. Methods

Our proposed system architecture, as shown in Fig. 1, is divided into
four main parts. In operation, Racing Perception first fuses ego-vehicle
data, track geometry (race line and map), and competitor information
into a unified state. The Racing Policy module then encodes this state
and proposes a set of feasible trajectories in real time. These candidate
trajectories are passed through a transformer network that uses the en-
vironmental encoding as keys/values and the trajectory encodings as
queries, outputting feature vectors for each trajectory. Racing Policy
Distillation evaluates each trajectory’s feature vector with several cost
heads (e.g., safety, speed, controllability), and these predicted costs are
compared to reference optimal costs (computed offline) to compute a
training loss. During inference, the cost head outputs serve to score each
candidate trajectory. Racing Action stage employs Bayesian optimiza-
tion to determine the optimal cost weights, applying the trained model
to select the best trajectory, which is then input into an MPC controller
for ego vehicle control.

To complement this high-level description, Algorithm 1 summarizes
the entire flow and operational logic during both training and infer-

|
1)
|
l
) 3
| Q . .
! Racing Vocabulary Racing Perception Tokens
I l KV
| Encode
I
I
0
l 2 Racing Policy
' Transformer p
| Trajectory Tokens
I
s Racing Policy ------------ -~

Racing
Action

Pre-defined Optimal Weight ——
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ence stages. The following pseudocode outlines the full pipeline of our
proposed Adaptive Racing Policy - from environment encoding and tra-
jectory vocabulary generation to cost-based scoring and final control. It
provides a unified view of both the training stage (with cost supervision)
and the inference stage (trajectory selection and control execution), mir-
roring the modular blocks illustrated in Fig. 1.

3.1. Racing perception

3.1.1. Ego state

Ego state refers to the information about the ego vehicle and is es-
sential for ensuring safe and fast racing. Ego state data includes parame-
ters such as position, orientation, speed, and acceleration. In this model,
using position, motion, and tire steering angle as inputs demonstrated
high performance. This Ego state information can be obtained from the
in-vehicle data and GNSS/INS.

3.1.2. Race-line

The race line is the path around the track that a vehicle would ide-
ally follow to minimize lap time. In practice, it balances path length
and curvature: a tighter line shortens distance but increases curvature
(and thus requires slowing down). Our race-line design is inspired by
the minimum-curvature approach of Heilmeier et al. (2020), which em-
phasizes minimizing curvature to reduce lateral forces on the vehicle.
The race line is derived by solving the optimization problem given in
Eq. (1).

N
min Z Kl.z
lody &

1
I,=ly V1I<i<N 1)

s.t.
l; € [_wieﬁ + Wgafes w;ight - wsafe]

Here N represents the number of points, /; denotes the lateral deviation
of the i-th point from the center line, w,, ;, and w,,, are the widths from
the center line to the boundaries at each end of the track, and w,,,,, is
a safety margin that accounts for the vehicle’s width. Each point on the
race line possesses the following attributes: X,Y,y, «,v,,a,.

3.1.3. Race track map

The race track map represents the drivable surface within the curbs
of the racing track, indicating the area where the vehicle can operate.
If the vehicle moves beyond this area, the changing road surface con-
ditions can make it difficult to maintain maximum speed, significantly

Controllability
Cost Evaluator

Race-line Error
Cost Evaluator

Aggregati Trajectory —

Fig. 1. System architecture. Driving policy distillation in autonomous racing system architecture with adaptive racing vocabulary and optimal driving guidance.
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Algorithm 1 Adaptive racing policy with cost distillation.

Require: Ego state E, Race-line R, Track map M, Competitor info C
Ensure: Control command u
1: // Racing perception and environment encoding
2: Encode E, R, M, C individually
3: Egpny < SelfAttention(Concat(Enc(E), Enc(R), Enc(M), Enc(C)) + PE)
> Eo,y: used as Key/Value

4: // Adaptive racing vocabulary generation
5V <@ > Initialize planning vocabulary set
6: for all acceleration a € [a,,, dpa,] dO
7: S « GenerateLongitudinalProfile(a)
8: for all lateral offset n € [n;,, nyax] dO
9: N <« GenerateLateralProfile(n)
10: t < TransformFrenetToCartesian(.S, N, R)
11: V «Vu{r}
12: end for
13: end for

14: V' « Encode(V) + PE > Planning vocabulary embedding
15: // Transformer decoder with QKV attention

16: V" « TransformerDecoder(Q = V', K,V = E.,)

17: // Cost prediction using scoring heads

18: for all cost head i € {lat, lon, col, off, stab, trace} do

19: 8; « MLP,(V")

20: end for

21: // Cost supervision via optimal policy (Training only)

22: for all trajectory € V do

23: for all cost i do

24: 5, « EvaluateOptimalCost;(r)
25: L; < MSE(5;, ;)

26: end for

27: end for

28: Lygr < X L,

29: // Offline Bayesian optimization for cost weights

30: {w;} « BayesianOptimization(Y, w, - §; — minracing time) >
Performed offline using optimal cost labels before training/inference

31: // Trajectory selection at inference

32: AggregateCost « Y, w; - §;

33! Tpesr < argmin (AggregateCost)

34: // Vehicle motion control

35: u < MPC(7peqt) + PID(7peqt)

36: return u

affecting control and stability. In this model, the race track map is rep-
resented using the center line and width information of the track bound-
aries. The race track map can be obtained through real-time inference,
such as semantic segmentation using camera or LiDAR sensors, or by uti-
lizing positioning systems to retrieve information from high-definition
map.

The track map defines the drivable area of the circuit, typically
bounded by curbs or walls. Going outside this area drastically reduces
tire grip and can cause loss of control. We represent the track map by
the centerline geometry plus the track half-width at each point. This
representation allows the system to know how far left or right it can
deviate from the centerline at any given segment. The necessary map
information can be obtained from a prior high-definition map of the
track or through on-board perception. In our implementation, we as-
sume the track boundaries are known and provide the model with the
centerline and boundary offsets. This track map knowledge ensures that
any planned trajectory stays within legal boundaries, which is critical
for safety.

3.1.4. Competitor

Competitor refers to other vehicles on the racing track that compete
with the ego vehicle. In this model, the past 1-s positions and speeds of
Competitors are utilized at 0.1-s intervals, with a padding mask used at
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each point to determine the presence of competitor tracking, ensuring
the model does not focus on irrelevant information. Competitor’s infor-
mation can be obtained through real-time detection and tracking using
camera and LiDAR sensors.

The presence and behavior of other vehicles on track must be per-
ceived to avoid collisions and to plan overtaking maneuvers. We encode
competitor information by recording each detected opponent’s recent
trajectory and speed. In our setup, we sample each competitor’s position
and velocity over the past 1 s at 0.1 s intervals. This yields a sequence of
up to 10 positions for each detected competitor. A binary mask at each
timestep indicates whether a valid competitor observation is present,
preventing the model from treating absent vehicles as real obstacles.
This sequence representation allows the policy to infer both current po-
sitions and short-term motion trends of opponents. Competitor data is
obtained via real-time detection and tracking algorithm. Using this in-
formation, the Racing Perception module produces an encoded competi-
tor context that will inform the policy about nearby vehicles and their
trajectories.

3.2. Racing policy

3.2.1. Environment encoder

To account for the interactions between input data in the Racing
Perception module, the Environment Encoder encodes each input indi-
vidually and then integrates them using self-attention. This process gen-
erates features that reflect the surrounding environmental information,
which are used as the key and value for the Racing Policy Transformer
Decoder to select the optimal racing vocabulary. The equation for the
Environment Encoder can be found in Eq. (2).

Eeny = SA(Concat(En(M), En(E), En(R), En(C)) + PE) 2

where SA denotes self-attention, En represents encoding, and PE stands
for positional encoding, while M, E, R, and C refer to the race track map,
ego-state, race line, and competitor, respectively.

The features generated by the Environment Encoder, which take
input data such as Ego state and competitor information processed
through pre-processing and specific algorithms, can be replaced with
BEV (Bird’s Eye View) features directly extracted from the camera raw
sensor data. This demonstrates that the proposed model structure of-
fers flexibility and scalability for easy extension to an end-to-end au-
tonomous driving model.

3.2.2. Racing vocabulary

The racing vocabulary is constructed in two stages, ensuring that the
trajectories reflect the optimal path along the race line while accommo-
dating road geometry variations in Frenet frame inspired by Werling
et al. (2010). First, longitudinal profiles are generated using a Constant
Acceleration (CA) model by sampling accelerations from maximum de-
celeration to maximum acceleration over a fixed time horizon T. Each
profile computes positions s, at time step ¢ using:

S =81 U - A+ %a,_, AP, 3)

where v,_; and q,_; are the velocity and acceleration at the previous
step. This method produces a set of longitudinal vocabularies covering
a range of acceleration profiles.

Second, a lateral profile is generated for each longitudinal trajectory
using lateral deviations »n from the race line. Starting from the vehi-
cle’s current lateral position n, and transitioning to a target position n,
a 5th-order polynomial ensures smooth lateral movement. The lateral
trajectory n, at time step 7 is defined as:

n, = ay + ait + apt? + ayt> + aurt + agt )]

where the coefficients ay, a,, a,,a3,a, and as are determined based on
boundary conditions for lateral position, velocity, and acceleration. Af-
ter then, these longitudinal and lateral profiles (s,, n,) are combined and
transformed from the Frenet to the Cartesian frame.
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The racing vocabulary encoder, represented as En in Eq. (5), encodes
input paths using 1D convolution and global feature aggregation to gen-
erate high-dimensional embedding features that combine both local and
global characteristics of the input racing vocabulary. Subsequently, PE
(positional encoding) values are added to each query, following the ap-
proach described in Chen et al. (2024).

Equery = En(RacingVocab) + PE 5)
3.2.3. Racing policy transformer decoder

The Racing Policy Transformer Decoder module learns the inter-
action between the encoded racing vocabulary query and the racing
environment key-value information through an attention-based trans-
former, applying self-attention, multi-head cross-attention, and feed-
forward layers with normalization and dropout to refine and transform
the input query features, as shown in Eq. (6).

E¢eoc = Transformer((Q = E, K,V = Eq) (6)

query>
The decoder outputs feature vectors that feed the individual cost-
scoring heads, enabling each head to predict its corresponding cost
component.

3.2.4. Cost scoring heads

This module uses a simple multi-layer perceptron (MLP) structure
to process the input vocabulary decoder query vectors. Each query is
passed through linear layers with ReLU activation, ultimately mapping
to a size of queries to generate predictions for each racing vocabulary
trajectory. This process is repeated for each cost decoder, resulting in
predictions for all racing vocabulary paths for each cost decoder as
shown in Eq. (7).

6; = MLP;(Efear)- @

where i denotes cost components, which broadly include four main
costs: racing controllability cost, race line error cost, collision cost, and
off-track cost. More specifically, it consists of six detailed costs: lateral
distance, lateral acceleration, speed error, collision, drivable area, and
controllability. Each MLP head is trained to regress its associated cost
term. These cost elements will be discussed in detail in Section 3.3.

3.3. Racing policy distillation

3.3.1. Optimal cost evaluator

To distill the racing policy, we developed four types of cost evalua-

tors and applied them to calculate the cost for each path in the racing
vocabulary. The cost evaluators used are as follows.
Racing controllability cost evaluator. Each racing vocabulary is gen-
erated laterally in a geometric manner and longitudinally in a kinematic
manner, which may lead to uncertainties in real-world control effective-
ness. To address this, a racing controllability cost evaluator uses predic-
tive control on a dynamic vehicle model to assess tracking performance
and control stability in advance.

As illustrated in Fig. 2, we use a dynamic nonlinear bicycle model
that represents the vehicle as a rigid body with mass m and moment of
inertia I,. The state vector is defined as x = [x, y, ¥, Ujgn, Upar» 717 » Where
x, y,w are the vehicle’s global position and orientation, v}y, v}, the lon-
gitudinal and lateral velocities in the vehicle frame, and y the yaw rate.
The control input vector is u = [6;, Fyriying], With &, as the front wheel
steering angle and Fyyyipg the driving force. The model’s dynamics are
given by:

Ulon COS(W) — Uy SIN(y)

Ulon SIN(W) + Upae cOS(y)
14

(P, =y, sin(6 )+ morgir ) ®

"

Sl—3|—

Yr

L (1 (5, cos(éf)) ) |

(F + F, cos(éf) - mvlmtj/)
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Fig. 2. Dynamic bicycle model. Schematic drawing of dynamic bicycle model
and lateral tire forces based on the Pacejka Magic Formula. If the slip angle «
exceeds the limit, the tire begins to slide laterally.

Assuming the vehicle is rear-wheel drive, the longitudinal force F, =
Friving — 0.50A.Cy Ulzon is simply modeled considering aero drag where
p, A. and C, represent air density, frontal area of the vehicle and drag
coefﬁc1ent respectively. The lateral tire forces F, where the tire forces
are represented by the Pacejka Magic Formula are modeled as follows:

FyN =Dy, sin (Cf’, arctan (ny,af’,

€)]
~E;, (B ap, —arctan(By ap,)))).
where the side slip angles a, and «, are given by:
Ulat + lf (R4
oy = éf — arctan u— s
lon (10)

_ < L — U >

@, = arctan | ————
Ulon

By simulating each trajectory with this bicycle model, we can ac-
curately predict lateral slip and other dynamic effects. Accordingly, we
apply a simple lateral and longitudinal controller to this model, utiliz-
ing the Stanley method (Thrun et al., 2006) for lateral control and a
PID controller (Na et al., 2024) for longitudinal control, to simulate ve-
hicle behavior when tracking the specified racing vocabulary. The con-
trollability is then evaluated for each i-th racing vocabulary using the
following two costs:

N-2
astabili . .
52;,1- = z (|Jlat,k| + |Jlon,k|)’

k=1 an

Atraceablhty voca __ Pmd
con i Z I P I 2

The stability cost Szgﬁ’ﬂiw for the racing vocabulary evaluates stability
by calculating the jerk values in both the lateral and longitudinal di-
rections. This is achieved by taking the second derivative of each di-
rection’s velocity over N predictions. The traceability cost 5Pt
assesses tracking accuracy by calculating the positional error between
the vocabulary trajectory and the prediction. Here, p"°® and pPred rep-
resent the position vectors of the racing vocabulary and the prediction,
respectively, and the traceability cost is defined as the sum of Euclidean
distances between corresponding points on these paths.

Race-line error cost evaluator. The race line cost evaluator assesses
how well the sampled racing vocabulary, generated from racing percep-
tion input, follows the given race line. In the absence of competitors,
adherence to the race line is crucial for minimizing lap times, making
race line tracking a vital factor for optimal racing performance. The cost
is calculated based on the longitudinal and lateral tracking errors with
respect to the offline-generated race line.

Slat ZkN=1 7|

race,i N (12)
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N
dlon  _ L= lev] _
race,i N »€yk = Uk — Uracek (13)

As shown in Eq. (12), the lateral error Sizz e 18 evaluated by the mean

absolute lateral deviation between each point of a specific vocabulary
and the race line path. The lateral deviation is denoted as n, at k-th
point in i-th racing vocabulary containing a total of N points. For the
longitudinal error, as depicted in Eq. (13), the cost is determined by
the mean speed error e,, between the speed profile v, of the racing
vocabulary and that of the race line v;y¢e «-

Collision cost evaluator. The collision cost evaluator assesses poten-
tial collisions between sampled racing vocabulary and competitors over
a defined time horizon and imposes penalties. Since multiple vehicles
share the track, calculating the potential collisions is essential to miti-
gate the risk. The cost is calculated using the first time at which sampled
vocabulary and competitors collide. Vehicles are approximated as three
circles and the distance between circles are used to calculate the colli-
sion at each time step. Compared to the previous methods that merely
detect the occurrence of a collision, we use the time of collision as
the penalty. It enables comparison by differentiating penalties based on
collision timing, assigning larger penalties for imminent collisions and
smaller penalties for those occurring later. The collision cost for each
i-th racing vocabulary is:

gcol,i = _min(tcollisionvIhorizon) (14)
where 7.,pision 1S the first time the collision occurred and #},,,0, is the
time horizon.

Off-track cost evaluator. The off-track cost evaluator assesses the time
by which a sample departs the track boundaries. Since samples that ex-
ceed these boundaries increase driving risk and lap times, accounting
for this cost is essential. The cost is calculated by comparing the sample
vocabulary with the track boundary. Similar to the collision cost evalu-
ator, the time at which the point in sample vocabulary first departs the
track is used as the basis for cost calculation, with larger penalties as-
signed to vocabulary that departs the track earlier and smaller penalties
for those who depart the track later. This allows for comparative eval-
uation among track departure vocabularies. The off-track cost for each
i-th racing vocabulary is:

é\off,i = —min(toff, Morizon) (15)
where 7.4 is the first time the point in sample vocabulary depart the
track.

3.3.2. Training of cost scoring heads

To calculate the loss between the predicted results of each cost in the
racing policy stage and the ground truth values extracted from the policy
distillation stage, we used MSE loss for each cost decoder, as shown in
Eq. (16).

L, = MSE(5,, §;),i € {stability, traceability, lat, lon, col, off}, (16)

After calculating the MSE loss for each cost decoder, we summed
all the loss values, as shown in Eq. (17), to train the model in a way
that effectively reflects the racing policy distillation. Furthermore, we
confirmed that no significant gradient interference occurred between
individual cost decoders and the aggregated cost model during training.

Lyl = > L, a7
ie{stability,traceability,lat,lon,col,off}

3.4. Racing action

3.4.1. Best trajectory aggregator

To combine the costs evaluated by the Optimal Cost Evaluator ef-
fectively, we used a two-step process involving normalization and opti-
mization. First, each cost metric was standardized using Z-score normal-
ization to ensure comparability despite differing scales and units; mean

Expert Systems With Applications 296 (2026) 129191

and standard deviation values were computed from a variety of racing
scenarios, and each cost was adjusted accordingly. Second, Bayesian
optimization was applied to determine optimal weights for these nor-
malized costs, treating each weight as a hyperparameter that influences
overall performance. The resulting weights assigned to the cost terms
were as follows: a weight of 0.88 for lateral distance, 0.03 for lateral
acceleration, 1.55 for speed error, 0.94 for collision, 0.62 for stability,
0.90 for controllability, and 0.96 for drivable-area adherence. This op-
timization aimed to balance the primary racing objectives minimizing
lap time while avoiding collisions by dynamically prioritizing speed and
safety. As a result, the aggregated cost metric became more accurate and
effective for autonomous racing scenarios.

3.4.2. Vehicle motion control

Vehicle motion control calculates appropriate steering angles, ac-
celerator pedal, and brake pedal values to ensure accurate and stable
tracking of the trajectory selected by the Best Aggregator. By separating
the given trajectory into a geometric reference path and a target speed
profile, and applying a decoupled lateral and longitudinal controller for
each, precise tracking performance can be achieved in both directions.
Accordingly, following the control methodology proposed by Na et al.
(2024), we implemented an MPC with an understeer compensator to
account for tire slip in high-speed racing conditions, providing accurate
and stable steering output. Additionally, we employed a PID controller
in conjunction with a wheel torque map to achieve precise longitudinal
speed tracking.

4. Experiments
4.1. Experimental settings

We trained the dataset collected through rule-based cost selection
driving using a single RTX 3090 GPU. During model training, the batch
size was fixed at 128, and each model was trained for 100 epochs. The
initial learning rate was set to 0.001, and the weight decay was set to
1 x 1074, The total training time per model was approximately 2 h.

The racing environment to be validated was created within the Car-
Maker simulator, replicating the Yongin Speedway, a real-world track
located in South Korea. To simulate a real racing scenario, a total of
12 vehicles, including the ego vehicle, were generated for the test, with
the ego vehicle starting from the last grid position to encounter various
driving situations such as overtaking and adaptive cruise control. Ad-
ditionally, the maximum speed of surrounding vehicles was varied be-
tween 90 and 125 km/h to create conditions similar to an actual racing
environment. The simulation was executed at 1000 Hz. All simulations
were conducted on a workstation equipped with an Intel(R) Core(TM)
i7-14700KF, 64 GB RAM, and an NVIDIA RTX 4080 GPU.

4.2. Metrics

Metrics. To evaluate the effectiveness of the proposed structure, we
used three evaluation metrics: racing time, collision count, and infer-
ence time, aiming to identify a model that provides fast, safe, and real-
time driving capabilities. Racing time represents the time it takes for the
ego vehicle to complete one lap around the track, while collision count
indicates the number of collisions with competitors during one lap. The
collision occurrences were measured using the collision sensor in the
CarMaker simulator. Additionally, inference time was used as a critical
metric to assess whether the model can operate in real-time within the
racing environment. All metrics were measured as the average values
over 10 laps around the Yong-in Speedway.

4.3. Racing policy distillation

To verify the effectiveness of the racing policy distillation method
based on six racing-related costs, we compared its performance with
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Table 1
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Performance of the racing-vocabulary generation methods. “DNF” (Did Not Finish) indicates that the
vehicle left the track and failed to complete the 10-lap test.

Teacher/Student  Policy method Racing time (s)  Collision count  Inference time (ms)
Teacher Optimal Driving Guidance 120.30 0.461 60.00

Teacher Expert Driver 123.73 0.35 -

Student Expert Driver - (DNF) - (DNF) 30.14

Student Optimal + Expert Driver 123.61 0.143 30.14

Student Optimal Driving Guidance 119.25 0.1 30.14

Fig. 3. Qualitative examples of the multi-cost-distilled policy. Top row describes the ego vehicle entering a sharp 90 ° right-hand corner, identifying a slower car
ahead, and completing a clean inside-line overtake while remaining within track limits. Bottom row describes a high-curvature U-turn in which the policy keeps a
tight line at the tyre-grip limit and exits the corner in a stable posture. These images illustrate how the multi-cost-distilled policy achieves fast lap times while still

enabling confident overtaking and reliable cornering in demanding race scenarios.

an imitation learning approach that mimics expert driving data. The
same driving scenario environment and racing data generation method
were applied to validate the impact of the multi-cost-based racing policy
distillation. Additionally, for a comprehensive performance evaluation,
comparisons were conducted with the method used during training and
the expert driving method. The imitation learning approach imitating
expert driving data minimized the expert driving cost by calculating the
L2 loss between the actual driving trajectory and the predicted trajec-
tory, thereby performing policy distillation. As shown in the first row of
Table 1, the model that mimics expert driving went off the racing track
during the drive and failed to complete the lap. In contrast, the results
of training using the multi-cost-based policy distillation, as presented
in the third row of Table 1, showed a racing time of 119.25 s and 0.1
collisions per laps. In case of combining the expert driving cost with
the six driving policy costs for training and driving, the model achieved
a racing time of 123.61 s and a collision count of 0.143 per lap. This
demonstrates that the multi cost-based policy distillation outperformed
the expert imitation-based approach. In racing scenarios, where vehicles
operate near their dynamic limits, maintaining control is important, as
events such as vehicle spin or unstable cornering may negatively affect
lap time and collision risk. To address this, the proposed model incorpo-
rates dedicated MLP heads that predict stability and traceability costs.
No instances of uncontrollable behavior were observed during testing,
indicating that the model achieved both aggressive and stable driving
performance within the physical constraints of the vehicle. As a quali-
tative complement to the numerical results in Table 1, Fig. 3 highlights
two representative maneuvers executed by the multi-cost-distilled pol-
icy. The first sequence (top row) captures the ego vehicle in an acute,
90-degree right-hand corner: immediately after turn-in, the policy iden-
tifies a slower lead car, finely modulates throttle, and completes a clean
overtake on the inside line while remaining within track limits. Taken
together, Fig. 3 support the quantitative results, showing that the pro-
posed policy delivers competitive lap times, performs clean overtakes,
and maintains stable cornering even in challenging racing conditions.

Table 2
Performance comparison according to racing vocabulary
generation method.

Racing vocabulary Racing time (s)  Collision count

Open Dataset-based — (DNF) — (DNF)
Expert Driver-based 125.82 1.38
Adaptive Generation-based 119.25 0.1

4.4. Racing vocabulary generation method

To validate the effectiveness of the racing vocabulary generation
method in real-time, which dynamically adapts to the ego vehicle and
surrounding environment, we conducted comparisons with various ex-
isting trajectory vocabularies. For this purpose, we compared the per-
formance of the proposed model using trajectory vocabularies generated
from an open dataset (Wilson et al., 2023) and those derived from expert
driver trajectories. To maintain consistency in the evaluation, the num-
ber of trajectories was fixed at 256 for all cases, with the open dataset
and expert driver trajectories clustered into 256 representative trajecto-
ries using k-means clustering.

As shown in Fig. 4, the diverse driving trajectories of the open dataset
are well reflected in the trajectory vocabulary. However, due to the
domain gap between the urban environment where the open dataset
(Wilson et al., 2023) was collected and the racing environment used
for validation, it could not accurately represent the racing driving con-
ditions. Consequently, this resulted in DNF with going off the racing
track. On the other hand, Table 2 illustrates the result of extracting
256 paths from the expert driver’s trajectory vocabulary using k-means
clustering. Since this data was collected in the same domain as the ac-
tual racing validation environment by expert drivers, it demonstrated
faster racing times and a lower collision count compared to the tra-
jectory vocabulary based on the open dataset (Wilson et al., 2023).
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Fig. 4. Comparative analysis of racing vocabulary. Adaptive generation method creates a vocabulary tailored to the racing perception environment, while the expert
vocabulary is based on trajectories driven on the same racing track, and the open dataset (Wilson et al., 2023) vocabulary is derived from different environments.

Figure on the right visualizes the combination of these three vocabularies.

Table 3
Performance comparison according to number of racing vocabulary.

Racing vocabulary number Racing time (s) Collision count Inference time (ms)

32 132.5348 2.375 15.96
256 119.25 0.1 30.14
4096 — (DNF) — (DNF) 2349

However, when compared with the Adaptive Trajectory Vocabulary
Generation method, which generates optimized trajectories for dynam-
ically changing driving environments, the expert driver’s trajectory vo-
cabulary showed lower performance in terms of racing time and colli-
sion count. This demonstrates that our proposed racing vocabulary gen-
eration method offers more flexible and context-appropriate trajectories.

4.5. Number of racing vocabulary

We conducted experiments to determine the optimal number of rac-
ing vocabulary trajectories for the generation method by analyzing met-
ric results for vocabulary sizes of 32, 256, and 4096 trajectories. The
results, summarized in Table 3, show that when generating 32 trajec-
tories, the inference time was the shortest due to the fewer number of
trajectory paths. However, the likelihood of including a fast and safe
trajectories that fully includes the surrounding environment in the vo-
cabulary was reduced, leading to longer racing times and the highest
collision count. Conversely, generating 4096 trajectories led to a long
computation time due to the pre-processing, embedding, and encoding
of a large number of trajectories, making it impossible for the model to
follow the predicted trajectory in real-time. When 256 trajectories were
generated, the trade-off between safe and fast driving and fast infer-
ence speed for real-time racing was balanced most effectively, yielding
a racing time of 119.25 s with 0.1 collisions, and an inference time of
30.14ms.

4.6. Bayesian optimization-based weight determinant for min-time racing

By comparing the results of cost weights determined through
Bayesian Optimization with those where all cost weights were set to
1, we validated the effectiveness of the Bayesian Optimization-based
weight determination method in terms of min-time racing. The weight
values derived for the racing scenario through Bayesian Optimization
are presented in Table 4. In terms of racing time and collision count
metrics, the Bayesian-based weight determination method achieved a
racing time of 119.25 s with 0.1 collisions, outperforming the results of
the uniform weight setting, which showed 198.21 s with 4.37 collisions.

Table 4

Performance comparison according to cost weight
distribution method. W, ;,,," : Result of bayesian
optimization, W, : All weights are equal to 1.0.

Racing time (s) Collision count

Wopimat" 119.25 0.1

W™ 198.21 4.37

5. Conclusion

We proposes a driving policy distillation method for autonomous
racing that integrates an adaptive racing vocabulary and optimal driv-
ing guidance. The method introduces an optimal cost evaluator and cost
scoring heads to evaluate candidate trajectories and select the optimal
trajectory through policy distillation. The validity of the proposed ap-
proach was verified through experiments using various racing vocabu-
laries. Experimental results in a high-fidelity racing simulator showed
that the proposed method achieved an average of 0.1 collisions per lap
and a lap time of 119.25 s. Compared to fixed vocabularies generated
from expert and public datasets, the adaptive vocabulary generation ap-
proach reduced lap time by at least 6 s and decreased the average num-
ber of collisions by more than one. Bayesian optimization was applied
to dynamically adjust cost weights, reducing lap time from 198.21 s to
119.25s. A setting that generated 256 trajectories balanced performance
and inference speed best, with a single inference time of 30.14 ms. Fu-
ture work will focus on extending the method into an end-to-end policy
learning framework using raw sensor inputs to replace manual percep-
tion modules and build a unified network that learns features directly
from sensor data. Real-vehicle experiments will be conducted to bridge
the simulation-to-real gap and evaluate robustness in various driving
environments.
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