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Learning to Drift With Individual Wheel Drive:
Maneuvering Autonomous Vehicle at the

Handling Limits
Yihan Zhou , Yiwen Lu , Bo Yang , Jiayun Li , and Yilin Mo , Member, IEEE

Abstract—Drifting, characterized by controlled vehicle motion
at high sideslip angles, is crucial for safely handling emergency
scenarios at the friction limits. While recent reinforcement learning
approaches show promise for drifting control, they struggle with
the significant simulation-to-reality gap, as policies that perform
well in simulation often fail when transferred to physical systems.
In this letter, we present a reinforcement learning framework with
GPU-accelerated parallel simulation and systematic domain ran-
domization that effectively bridges the gap. The proposed approach
is validated on both simulation and a custom-designed and open-
sourced 1/10 scale Individual Wheel Drive (IWD) RC car platform
featuring independent wheel speed control. Experiments across
various scenarios from steady-state circular drifting to direction
transitions and variable-curvature path following demonstrate that
our approach achieves precise trajectory tracking while maintain-
ing controlled sideslip angles throughout complex maneuvers in
both simulated and real-world environments.

Index Terms—Motion control, reinforcement learning, auton-
omous drifting.

I. INTRODUCTION

IN the realm of motorsport, high-speed cornering with signif-
icant sideslip angles, commonly referred to as drifting, repre-

sents an attractive yet challenging skill mastered by professional
drivers [1]. It demands not only a profound understanding of
vehicle dynamics but also the agility to respond instantaneously
to changing environmental conditions. Beyond serving as a
thrilling spectacle, drifting constitutes a fundamental technique
for trajectory tracking at the limits of vehicle handling [2]. As
autonomous vehicles are expected to handle extreme scenarios
with capabilities matching or exceeding those of human drivers,
research on drifting control has substantial implications for the
safety of autonomous vehicles under critical conditions such as
sudden changes in road friction or emergency obstacle avoid-
ance [3], [4], [5].
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Fig. 1. Top-down view of drifting along the path inspired by the Olympic rings.
Five tangent circles form the reference path marked by gray curves, with red
cones marking the centers. Multiple car positions captured in this long-exposure
photograph demonstrate consecutive drifting maneuvers.

Several works have explored autonomous drifting through
various approaches. Model-based methods leverage vehicle dy-
namics principles [3], [6], [7], typically identifying vehicle
parameters and then formulating drifting as optimal control
problems [8] or designing modular control architectures [3].
While these approaches provide interpretability and theoretical
guarantees, they face practical limitations including computa-
tional complexity and sensitivity to model uncertainties.

Learning-based methods have emerged as a complementary
paradigm. Recent work by Djeumou et al. [9] demonstrated
how learned dynamics can enhance control by incorporating
a diffusion model into an MPC framework, achieving robust
drifting across varying vehicles and conditions. In parallel, rein-
forcement learning (RL) represents another promising branch,
with early work by Cutler et al. [10] demonstrating feasibility for
circular drift stabilization on small-scale platforms, though with
limited trajectory flexibility. Subsequent research by Cai et al. [1]
and Domberg et al. [11] extended RL capabilities to high-speed
racing scenarios in simulation. However, these approaches en-
counter significant limitations that hinder practical deployment.
The simulation-to-reality gap remains particularly pronounced
in drifting control, as evidenced in [11] where policies per-
forming well in simulation failed to complete maneuvers when
transferred to physical platforms. Additionally, conventional
RL implementations often require extensive training time, with
approaches like [1] requiring over 11 hours of training time,
extending the development and tuning cycle of the algorithm.
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Consequently, there exists a need for a framework that can
both accelerate the training process and effectively bridge the
sim-to-real gap, enabling robust drifting control across diverse
trajectory patterns.

Research platforms for drifting control have predominantly
utilized either rear-wheel drive (RWD) [12], [13] or all-wheel
drive (AWD) [4], [5], [14] with coupled wheel speeds. The ad-
vancement of electric vehicles has accelerated the development
of Individual Wheel Drive (IWD) architectures that enable inde-
pendent control of each wheel’s speed and torque, expanding the
available control authority compared to conventional drivetrains.
However, despite their increasing prevalence in the automotive
industry, research platforms for developing and validating IWD
control strategies remain limited.

In this letter, we present an integrated hardware-software
solution that addresses the aforementioned limitations in au-
tonomous drifting control. From an algorithmic perspective,
we propose a reinforcement learning framework that success-
fully bridges the simulation-to-reality gap through systematic
domain randomization techniques. This framework leverages
custom GPU-accelerated parallel simulation, reducing training
time from hours to minutes. From the hardware perspective, our
methodology is implemented on a custom-designed Individual
Wheel Drive (IWD) platform that we have developed and open-
sourced, delivering enhanced control authority through indepen-
dent wheel actuation. The integration enables the exploration
of complex drift maneuvers while maintaining computational
efficiency suitable for embedded systems. Through experimental
validation, we demonstrate that the approach achieves precise
drifting control across diverse trajectories, including challenging
scenarios such as eight-shaped pattern and variable-curvature
track, with consistent performance in both simulation and real-
world environments.

Contributions: This work advances autonomous drifting con-
trol through: (1) A reinforcement learning approach for au-
tonomous drifting control on IWD vehicles that enables effec-
tive sim-to-real transfer without real-world fine-tuning; (2) An
open-source IWD platform implementation providing enhanced
maneuverability through independent wheel speed control with
precise torque vectoring capabilities; and (3) Experimental
demonstration of challenging autonomous drifting maneuvers
including direction reversals and variable-curvature tracking.
The complete implementation is publicly available to promote
reproducibility and further research in this domain.

The remainder of this letter is organized as follows: Section II
reviews the related work in autonomous drifting. Section III
presents the platform design and system modeling, including
the IWD RC car platform, vehicle dynamics model, and the
GPU-accelerated parallel car simulator. Section IV formulates
the consecutive drifting problem and details our method for
agile maneuvering. Section V presents experimental results, and
Section VI concludes the letter.

II. RELATED WORKS

A. Model-Based Approaches for Drifting Control

Autonomous drifting has been extensively studied using
model-based approaches. Early works by Voser et al. [6] and
Hindiyeh and Gerdes [7] established fundamental frameworks
by analyzing equilibrium states and developing nested-loop
control structures for drift stabilization. Goh et al. [3], [12],

Fig. 2. Xcar platform and key specifications.

[15] extended these concepts to arbitrary path tracking by incor-
porating curvilinear coordinates and nonlinear model inversion.
Various optimal control techniques have been applied to drifting,
including MPC [16], NMPC [8], [13], [17], and LQR [18],
[19]. While these approaches offer theoretical guarantees, they
face practical challenges due to their computational complexity
and reliance on accurate system identification and tire model-
ing, though some limitations can be addressed through expert
knowledge-based methods [20].

B. Learning-Based Methods for Drifting Control

Recent work on learning-based approaches for autonomous
drifting has shown significant progress through two main direc-
tions. Djeumou et al. enhanced model-based control frameworks
by integrating the learned tire [21] or vehicle model [9], im-
proving robustness to varying conditions. Meanwhile, reinforce-
ment learning represents an effective alternative to model-based
control approaches. Early explorations using model-based RL
frameworks like PILCO [22] demonstrated initial feasibility of
learning-based methods for drift control in both simulation [23]
and on small-scale RC cars [10], though their applications were
limited to circular trajectories. Recent advances in model-free
RL have tackled more complex scenarios: Cai et al. [1] de-
veloped a SAC-based approach combining professional driver
demonstrations for high-speed drifting across various race tracks
in the CARLA simulator, while Domberg et al. [11] proposed a
PPO-based method for arbitrary trajectory tracking that maps
vehicle states and path information directly to control com-
mands. However, these methods face two main challenges. First,
the simulation-to-reality gap limits the real-world performance,
particularly on complex trajectories, leading to degraded per-
formance when transferring from simulation to physical sys-
tems [11]. Second, the training efficiency remains a practical
concern, with training times exceeding 11 hours in [1], which
slows the iterative refinement process.

III. PLATFORM AND SYSTEM MODELING

To facilitate research in agile vehicle maneuvering, we in-
troduce an open-source 1/10 scale RC car testbed featuring
independent wheel drive (IWD) capabilities. This section de-
tails our platform design and develops its mathematical model
which is then leveraged in a GPU-accelerated parallel simulation
environment to enable efficient reinforcement learning.

A. Individual Wheel Drive RC Car

Our experimental platform, Xcar (shown in Fig. 2), draws
inspiration from several established research vehicles including
the Berkeley autonomous race car [24], MIT RACECAR [25],
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Fig. 3. Illustration of IWD vehicle model, the reference trajectory τref and the
definition of errors.

MuSHR [26], RoSCAR [27] and F1TENTH [28]. Unlike previ-
ous platforms, Xcar incorporates a distinct drivetrain configura-
tion with four independent motors powered by a 4S LiPo battery,
each controlled by a VESC Mini V6.7 motor controller, which
provides additional degrees of freedom for vehicle dynamics
control enabling precise torque vectoring and enhanced yaw
moment control. The onboard computational system utilizes an
NVIDIA Jetson Orin Nano, serving as the ROS main node and
executing the control policy. To establish accurate localization
and state estimation, the car is equipped with a motion capture
system. Using this high-precision pose data, a Kalman filter is
implemented to estimate linear and angular velocities and ac-
celerations. A detailed list of hardware components is available
at https://zhou-yh19.github.io/xcar-hardware.

B. Modeling

To balance model fidelity with computational efficiency, we
adopt a simplified vehicle dynamics model based on 7-DOF
models [18], [29] by constraining motion to a 2D plane and
omitting motor dynamics, while retaining the essential Pacejka
tire model.

The IWD vehicle’s state vector x ∈ X consists of six compo-
nents representing its position and motion (illustrated in Fig. 3):

x = [x, y, ψ, ẋ, ẏ, ψ̇], (1)

where (x, y) denotes the vehicle’s position in global coordinates,
ψ represents the heading angle, and (ẋ, ẏ, ψ̇) are their respective
time derivatives.

The control input vector u ∈ U encompasses the steering
angle and individual wheel angular velocities:

u = [δ, ωfl, ωfr, ωrl, ωrr], (2)

where δ represents the steering angle and ωij denotes the angular
velocity of each wheel (subscripts: f/r - front/rear, l/r - left/right).

The dynamics of the IWD vehicle are governed by the fol-
lowing equations:

mẍ = cos(δ + ψ)F f
x − sin(δ + ψ)F f

y + cosψF r
x − sinψF r

y

mÿ = sin(δ + ψ)F f
x + cos(δ + ψ)F f

y + sinψF r
x + cosψF r

y

Izψ̈ = [cos δF f
y + sin δF f

x]lf − F r
ylr

+ [cos δΔF f
x − sin δΔF f

y +ΔF r
x]T/2

where m is the vehicle mass, Iz is the moment of inertia, lf
and lr are the distances from the center of mass to the front and
rear axles, T is the track width. The force terms are defined as:
F f
x/y = F fl

x/y + F fr
x/y (front axle forces), F r

x/y = F rl
x/y + F rr

x/y

(rear axle forces), ΔF f
x/y = F fr

x/y − F fl
x/y (front differential

forces), and ΔF r
x/y = F rr

x/y − F rl
x/y (rear differential forces),

withF ij
x/y representing the longitudinal/lateral tire forces at each

wheel. These tire forces are derived from the control inputs
through the Pacejka tire model based on wheel slip and vertical
loads. Our implementation includes longitudinal load transfer
but assumes equal lateral distribution.

For analyzing and controlling drift maneuvers, three
coordinate-free variables play a fundamental role:
� The sideslip angle β = tan−1(

ẏ

ẋ
)− ψ.

� The yaw rate r (equivalent to ψ̇).
� The velocity magnitude V =

√
ẋ2 + ẏ2.

These variables relate to the vehicle motion through the
kinematic equations:

ẋ = V cos(β + ψ), ẏ = V sin(β + ψ), ψ̇ = r. (3)

Therefore, [r, β, V ] can be viewed as a rotation- and translation-
invariant description of the vehicle motion, and therefore partic-
ularly important for learning algorithm design.

C. GPU-Accelerated Parallel Car Simulation

Based on the vehicle model described above, we develop
a GPU-accelerated car simulator inspired by NVIDIA Isaac
Gym [30] to facilitate efficient reinforcement learning training.
The simulator supports various drivetrain configurations includ-
ing IWD, RWD, and AWD. Compared to traditional CPU-based
simulators like CarSim and F1TENTH [31], our simulator offers
two key advantages: (1) enabling massive parallelization on
a single machine to meet the data requirements of deep rein-
forcement learning, and (2) eliminating CPU-GPU data transfer
overhead during neural network training.

The simulator is implemented in PyTorch [32] using the Euler
integration method. Running on an NVIDIA GeForce RTX 3080
GPU with a 0.01 s time step, it achieves parallel simulation of
106 car instances at 30 steps per second, corresponding to a
speedup factor of 3× 105 relative to real-time.

This high-throughput approach prioritizes rapid data genera-
tion over absolute fidelity, acknowledging that even high-fidelity
models face reality gaps due to parametric uncertainties. The
task of bridging this gap is addressed through domain random-
ization techniques during reinforcement learning training, as
detailed in Section IV-C.
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Fig. 4. Overview of the reinforcement learning framework for autonomous drifting: The GPU-accelerated parallel simulation environment accelerates computation
with multiple vehicle instances across various trajectories. For coordinate-free policy learning, the observation space is constructed from translation and rotation
invariant quantities including vehicle velocities and slip angles, along with tracking errors and future waypoints computed in a curvilinear coordinate system aligned
with the reference trajectory, leading to end-to-end control of individual wheel speeds and steering angles.

IV. REINFORCEMENT LEARNING FOR MANEUVERING

In this section, we present a reinforcement learning frame-
work (Fig. 4) that enables autonomous vehicles to perform agile
drifting maneuvers at the handling limits while addressing the
fundamental challenge of sim-to-real transfer. The framework
trains a policy network that controls individual wheel speeds
and steering angle for precise trajectory tracking and stable
drift behavior. We design systematic domain randomization
strategies across reference trajectories, initial conditions, tire
model parameters, and dynamic disturbances to bridge the gap
between simulation and physical implementation.

A. Problem Formulation

We formulate autonomous drifting control as a Markov De-
cision Process (MDP) M = (S,A,P,R, γ), where the state
spaceS encompasses both vehicle states and reference trajectory
information, A represents the action space including steering
angle and individual wheel speeds, P denotes the transition
dynamics governed by the IWD vehicle model, R is the reward
function designed to achieve precise trajectory tracking, stable
drift performance with significant sideslip angles, and smooth
control quality, γ is the discount factor. The objective is to find
a policy π : S → A that maps states to control actions while
maximizing the expected return:

J(π) = Eπ

[ ∞∑
t=0

γtr (st, at)

]
. (4)

B. Learning Framework

Building upon the problem formulation, we specify the con-
crete design of each component in our framework, including a
carefully designed observation space, a physically constrained
action space, and a structured reward function.

1) Observation Space: While the MDP state space S en-
compasses the complete vehicle dynamics and environmental
information, direct policy learning from raw states often suffers
from sampling inefficiency, primarily due to dimensionality
issues and lack of invariance properties. Therefore, we design
an observation space O that extracts the essential information
fromS and transforms it into a representation efficient for policy
learning, which includes:

� Future Waypoints Information enables the policy to
anticipate path curvature changes and adjust control inputs
for smoother transitions. For each preview point along the
reference path, we express its position, heading angle, and
sideslip angle in the vehicle frame.

� Trajectory Tracking Errors measure the vehicle’s devia-
tion from the reference trajectory, including lateral position
error, heading angle error, path curvature discrepancy, and
sideslip angle deviation.

� Vehicle State Variables describe the instantaneous dy-
namics through coordinate-independent quantities com-
prising yaw rate r, sideslip angle β, velocity V , wheel
velocities, and previous control inputs (δ and ωij).

These observations provide the policy with comprehensive
state information, enabling it to learn effective control strategies
for stable drifting along the reference trajectories.

2) Action Space: The steering angle is bounded to
[−0.46, 0.46] radians (approximately ±26.35◦), corresponding
to the physical limits of the steering mechanism. The wheel
linear velocities are constrained within [1, 7]m/s, where the
lower bound prevents the vehicle from stopping or moving
too slowly to maintain drift conditions, while the upper bound
ensures controllable drifting behavior.

3) Reward Design: The reward function integrates multiple
objectives to achieve stable drift behavior while ensuring precise
trajectory following:

r = rtracking + rcontrol + raux. (5)

Trajectory tracking rewards rtracking quantify the vehicle’s track-
ing accuracy relative to the reference path through quadratic
penalties on tracking errors:

rtracking = wposrpos + wdirrdir + wcurvrcurv + wdriftrdrift, (6)

where:

rpos = −e2pos, rdir = −e2dir, rcurv = −e2κ = −(κ− κref)
2,

rdrift = −e2β = −(β − βref)
2. (7)

Here, epos and edir represent position and direction errors defined
in a curvilinear coordinate system along the reference trajectory
as shown in Fig. 3, κ and κref represent the actual and reference
path curvature, and β and βref denote the actual and reference
sideslip angles.
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Control quality terms rcontrol impose constraints on the control
inputs to ensure vehicle stability:

rcontrol = wsmoothrsmooth. (8)

The smoothness term rsmooth penalizes rapid changes in consec-
utive commands:

rsmooth = −(δt − δt−1)
2 − 10−4

∑
ij∈{fl,fr,rl,rr}

(ωij
t − ωij

t−1)
2, (9)

where subscripts t and t− 1 denote current and previous time
steps, and the scaling factor 10−4 balances the magnitudes of
wheel speed variations relative to steering changes.

To further shape the learning process and ensure proper drift
execution, we incorporate auxiliary terms:

raux = wsliprslip + wspeedrspeed + wprogrprog. (10)

The wheel slip regulation term limits longitudinal slip at the
front wheels to preserve steering effectiveness:

rslip = −(vfl
x − ωflR)2 − (vfr

x − ωfrR)2, (11)

where vij
x represents the wheel’s longitudinal velocity and R is

the wheel radius.
A velocity incentive encourages the vehicle to maintain suf-

ficient speed necessary for sustained drift execution:

rspeed = min(0, V − 0.5). (12)

In addition, to encourage stable and consistent forward move-
ment along the reference trajectory, we incorporate a progression
reward rprog that is proportional to the distance traveled along the
reference trajectory, clipped to a maximum value corresponding
to a fixed distance. This reward term incentivizes the agent to
maintain forward progress while preventing excessive rewards
from the policy exploiting shortcuts.

C. Domain Randomization Strategy

To bridge the simulation-to-reality gap in autonomous drift-
ing, we implement domain randomization techniques that ad-
dress key uncertainties in real-world vehicle dynamics.

1) Trajectory Randomization for Policy Generalization: We
create continuous paths by integrating curvature profiles with
varying signs and magnitudes, maintaining smoothness (C(1)

continuity) across transitions, which enables the policy to learn
both stable drifting and smooth transitions between opposite
drift directions. Each generated path provides context through
position coordinates, velocity direction, and the desired direction
of sideslip angle determined by local path curvature.

2) Initial State Randomization for Robust Learning: To han-
dle real-world uncertainties and unexpected states during drift
execution, we implement state randomization in our training,
initializing vehicles at varied positions along reference trajec-
tories, with controlled Gaussian perturbations added to starting
positions (Δx,Δy ∼ N (0, σ2

pos)) and heading angles (Δψ ∼
N (0, σ2

heading)). We further randomize dynamic states including
velocities, sideslip angles, and yaw rates based on local trajec-
tory curvature, which ensures the policy learns robust control
strategies that generalize beyond training conditions.

3) Tire Model and Dynamic Disturbance Randomization: To
account for unmodeled dynamics and varying tire-road interac-
tions, we implement disturbances at two levels. We randomize
Pacejka tire model parameters (B, C, D) sampled uniformly

TABLE I
TRAINING PARAMETERS

at each episode initialization to represent different tire-road
conditions. We further implement an auto-regressive disturbance
process that injects structured noise into the tire forces. The
disturbance follows dt+1 = adt + wεt, where dt represents the
disturbance vector affecting tire forces, a controls temporal cor-
relation, andw scales the Gaussian innovation εt. This dual-layer
approach accounts for both persistent and transient uncertainties
in tire-road interactions.

The contribution of each randomization component is ana-
lyzed through ablation studies (see Appendix).

V. EXPERIMENTAL RESULTS

We validate our approach through extensive experiments in
both simulation and real-world environments, demonstrating the
policy’s ability to handle different drifting scenarios. The code
is available at https://github.com/zhou-yh19/xcar-rlgpu.

A. Training Setup

We train the policy using Proximal Policy Optimization (PPO)
algorithm [33], known for its training stability and requiring little
hyperparameter tuning [34]. The policy network consists of three
fully connected layers with (64, 32, 16) neurons respectively.
The reference trajectories are parameterized as a sequence of
waypoints with a fixed distance of 0.005 m between consecutive
points. Our implementation utilizes approximately 105 parallel
simulation environments on an NVIDIA GeForce RTX 3080
GPU, achieving convergence within 10.762 minutes on average.
The training parameters are summarized in Table I.

B. Experimental Validation

We evaluate the trained policy across three distinct trajectory
patterns:
� Steady-State Circular Drift: Basic drift stabilization

along a circular path (radius = 1 m)
� Eight-Shaped Maneuver: Controlled drift through trajec-

tory intersections requiring drift direction reversals
� Variable-Curvature Track: Advanced trajectory featur-

ing varying path curvature while maintaining consistent
drift states

C. Simulation Results

The policy demonstrates robust performance across all tra-
jectory patterns while maintaining significant sideslip angles
(45◦ − 55◦) and stable velocities (1.5-2.5 m/s). Detailed analysis
of each trajectory type reveals the following characteristics:

Fig. 5 shows the performance for circular trajectory (radius
= 1 m). The controller achieves precise tracking with position
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Fig. 5. Performance of the IWD drifting policy on a circular trajectory.
(a) Paths for circular trajectory tracking (blue for actual vehicle path, gray for
reference circle); filled gray circle marks the center, race cars show vehicle
poses at sampled positions. (b) State convergence in the r-β phase plane,
showing trajectories from different initial conditions converging to a natural
drift equilibrium. (c) Time histories of states (r, β, V ) and control inputs from
zero initial conditions.

errors below 0.1 m, as observed in Fig. 5(a). Fig. 5(b) illustrates
the convergence behavior in the r-β plane. Despite starting from
various initial conditions, the system consistently converges
to a natural drift equilibrium (r = 1.85 rad/s, β = -0.85 rad,
V = 1.84 m/s), which suggests that the learned policy has
discovered a stable operating point that satisfies both the ve-
hicle dynamics constraints and the geometric requirements for
maintaining circular drifting.

We further analyze the time histories of states and control
inputs from zero initial conditions in Fig. 5(c), which illus-
trates the distinct characteristics of IWD control during drift
maneuvers. During the initiation phase (0–1.0 s), the controller
exploits differential wheel speeds to induce drift efficiently
- the rear right wheel maintains significantly higher angular
velocity compared to the rear left wheel, with a similar but less
pronounced differential on the front wheels. Once the system
reaches steady-state drifting, the controller maintains asymmet-
ric wheel speeds across the left and right sides of the vehicle,
but with a reduced differential magnitude.

To validate the advantages of IWD’s enhanced control au-
thority demonstrated above, we also train policies on RWD
configurations using identical hyperparameters. As shown in
Fig. 6, the RWD system achieves stable circular drifting but
requires approximately 1.5 s to reach drift states compared to
IWD’s 1 s, shows slightly larger deviations from the reference
path, operates at smaller sideslip angles (−0.76 rad vs -0.85 rad),
and demonstrates higher steering dependency.

Beyond circular trajectories, we evaluate the IWD system
on more complex trajectory patterns. The eight-shaped path
adds complexity through drift direction reversals. As shown in

Fig. 6. Performance of the RWD drifting policy on a circular trajectory.
(a) Paths for circular trajectory tracking. (b) Time histories of states (r, β) and
the steering angle (δ).

Fig. 7. Real-world deployment architecture.

Fig. 8(a,c), the vehicle effectively tracks the reference path while
maintaining mean sideslip angles of 47◦ and vehicle speeds of
1.81 m/s. During the direction reversal phase (highlighted in
red), the controller employs strategic differential wheel speeds:
the front right wheel decelerates to 1.0 m/s while the left
increases to 5.2 m/s. The rear wheels show even larger dif-
ferentials, with the right at 1.0 m/s and left reaching 7.0 m/s,
creating the substantial yaw moment needed for rotation. The
transition can be characterized by three phases: right wheel
deceleration (3.2–3.4 s), maximum wheel speed differential
(3.4–3.6 s), and convergence to a new drift equilibrium (3.7–
3.9 s), revealing the controller’s ability to manage drift direction
changes.

The variable-curvature track combines tight circles (κ =
1.0), gentle curves (κ = 0.5), and smooth transitions, inspired
by [11], [15]. The controller maintains a consistent sideslip angle
around -50◦ as shown in Fig. 8(c), despite the changing path
geometry. For the red segment in Fig. 8(b), wheel speed differen-
tials adapt smoothly to local curvature variations, demonstrating
stable drift behavior throughout the trajectory.

The simulation results demonstrate effective autonomous
drifting across multiple trajectory complexities, from basic cir-
cular tracking to challenging maneuvers requiring direction
reversals. The comparative analysis demonstrates that IWD sys-
tems achieve better tracking precision and faster drift initiation
through additional yaw moments generated by differential wheel
speed control.

D. Real-World Validation

We implement our approach on a 1/10 scale IWD RC car
platform mentioned in Section III-A. The trained policy transfers
directly to the real platform without any additional fine-tuning,
executing at 100 Hz on the onboard computer. The deployment
architecture is illustrated in Fig. 7. Video demonstrations of
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Fig. 8. IWD Performance comparison between simulation (left) and real-world experiments (right). Path tracking results for (a,d) eight-shaped path and (b,e)
variable-curvature track, showing actual vehicle paths (purple/green) against reference paths (gray) with corresponding wheel speed time histories for highlighted
segments (in red). (c,f) Comparison of sideslip angles and velocities for both trajectories (purple for eight-shaped path, green for variable-curvature track).

TABLE II
POSITION ERROR RMSE (MEAN ± STD, N=6)

the real-world experiments are available at https://youtu.be/
6ovkdj5_1Yk.

To validate our approach, we focus on the eight-shaped path
and the variable-curvature track, as shown in Fig. 8. Real-
world experiments demonstrate remarkable consistency with
simulation in maintaining stable sideslip angles and velocities,
though with slightly more conservative trajectories character-
ized by smaller turning radius. For the eight-shaped path, during
direction reversals as highlighted in Fig. 8(d), the controller
achieves rapid drift transitions by dramatically increasing left
wheel speeds, effectively exploiting the IWD configuration for
yaw control. On the variable-curvature track, while in simulation
drifting is maintained through higher right wheel speeds relative
to left, the physical system achieves stable drifting through an
opposite strategy of higher left wheel speeds, yet successfully
maintains consistent drift states throughout the trajectory with
the compromise of smaller sideslip angles. To quantify the
tracking performance, we compute the root mean square error
(RMSE) of position tracking for both simulation and real-world
experiments, as summarized in Table II.

To further evaluate our approach, we test the vehicle on a
path inspired by the Olympic rings where sustained drifting
must be maintained through five tangent circles while repeatedly
reversing drift direction at tangent points. The consistent state
transitions shown in Fig. 1 demonstrate the controller’s ability

to maintain stable drift through multiple reversals, highlighting
the reliability of our approach.

VI. CONCLUSION

This letter presents a reinforcement learning approach for
autonomous drifting control using Individual Wheel Drive ve-
hicles. The proposed framework achieves effective sim-to-real
transfer through GPU-accelerated parallel simulation and sys-
tematic domain randomization, enabling successful deployment
without fine-tuning.

Experimental validation demonstrates effectiveness across
diverse drifting scenarios, including direction reversals and
variable-curvature paths, with real-world experiments confirm-
ing consistent performance. IWD systems generate additional
yaw moments through differential wheel speeds, enabling fast
drift initiation and precise trajectory tracking. The open-source
platform and codebase facilitate further research in IWD vehicle
control and autonomous drifting applications.

Future work could incorporate lateral load transfer and sus-
pension dynamics to better capture weight redistribution effects
during aggressive cornering, potentially enhancing policy ro-
bustness and performance in extreme drift scenarios.

APPENDIX

To validate the effectiveness of our domain randomization
strategy, we conduct ablation experiments by training policies
with different randomization configurations. Each policy is eval-
uated on 100 trials of eight-shaped trajectories under challenging
test conditions with broader parameter distributions: Pacejka pa-
rametersB ∈ [0.2, 3],C ∈ [1.5, 3],D ∈ [0.2, 0.5] and increased
disturbance scaling.
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TABLE III
DOMAIN RANDOMIZATION ABLATION STUDY RESULTS

The results in Table III demonstrate that initial state random-
ization is the most critical component, with its removal causing a
29% drop in success rate and 60% increase in tracking error. Tra-
jectory randomization also significantly impacts performance,
showing 52% increase in RMSE when removed.

While removing dynamic disturbance shows slight simula-
tion improvement (80% vs 75%), only the full randomization
configuration successfully transfers to real-world deployment.
This indicates that dynamic disturbance is essential for handling
unmodeled dynamics in physical systems.
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