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Abstract— Recent works in the robot learning community
have successfully introduced generalist models capable of con-
trolling various robot embodiments across a wide range of
tasks, such as navigation and locomotion. However, achieving
agile control, which pushes the limits of robotic performance,
still relies on specialist models that require extensive parameter
tuning. To leverage generalist-model adaptability and flexibility
while achieving specialist-level agility, we propose AnyCar, a
transformer-based generalist dynamics model designed for agile
control of various wheeled robots. To collect training data, we
unify multiple simulators and leverage different physics back-
ends to simulate vehicles with diverse sizes, scales, and physical
properties across various terrains. With robust training and
real-world fine-tuning, our model enables precise adaptation
to different vehicles, even in the wild and under large state
estimation errors. In real-world experiments, AnyCar shows
both few-shot and zero-shot generalization across a wide range
of vehicles and environments, where our model, combined with
a sampling-based MPC, outperforms specialist models by up
to 54%. These results represent a key step toward building a
foundation model for agile wheeled robot control. We will also
open-source our framework to support further research.

I. INTRODUCTION

The use of the transformer [5] architecture in contempo-
rary robot learning is ubiquitous across perception [6, 7],
planning [8] and control [9] tasks. Reinforcement learning
with transformers, such as [10] and [11], is used in many
downstream applications in bi-manual manipulation [12],
navigation [13], humanoid locomotion [14], and whole-
body tele-operation [15, 16]. Vision-language-action (VLA)
models such as OpenVLA [17], RT-1 [18], and RT-2 [19]
demonstrate the scalability of employing transformers in
robotics. These models trained on internet-scale data can
generalize knowledge and skills to different complex tasks.

Recent advances in robot learning have also introduced
more “specialist” systems that can perform highly agile
locomotion tasks [20–23]. In particular, on wheeled robots,
previous works have achieved high-speed autonomous driv-
ing on racetracks [24], grass fields [25], loose sand [26,
27], and off-road terrain [28, 29]. However, most of these
efforts [28, 29] are optimized for specific car models and
environments, requiring extensive system identification and
model training [25, 26], which is costly to fine-tune and
difficult to transfer to other wheeled platforms.

On the other hand, agile wheeled control for safety-critical
applications requires precise dynamics modeling when run-
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Fig. 1: Performance of AnyCar and baselines in the wild
under state estimation errors. Above: A 10 cm tolerance cor-
ridor is set as a checkpoint. Below: each row represents the
true trajectory of one method, and each column corresponds
to a specific setting for the 1/16 scale car: high speed (2 m/s),
towing a box, and replacing the front left tire with a plastic
wheel. All settings significantly alter the vehicle dynamics.

ning at high speed, since small errors can lead to catastrophic
failures such as crashes [25, 30]. There are works that attempt
to mitigate this issue by applying neural system identifica-
tion [9, 30, 31] to adapt the model to different environmental
factors such as tire degradation, ground surface imperfections
[31], and towed objects [30]. Nevertheless, these methods
still require assumptions about the specific car setup (e.g.,
size and wheelbase of the car).

A key question that arises is: Can we train a generalist
wheeled-robot dynamics model that achieves the perfor-
mance of a specialist model for each setup? In this work,
we propose AnyCar (depicted in Figure 2), an initial effort
to train a vehicle dynamics transformer that can predict the
trajectory of various cars in various settings through in-
context adaptation. Our contributions are three-fold:

https://lecar-lab.github.io/anycar/
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Fig. 2: AnyCar System Pipeline. Phase 1: We collect 100M data in 4 different simulations for pre-training and 0.02M
few-shot real-world data for fine-tuning the model. Phase 2: We pre-train the model with the simulation dataset and enhance
prediction robustness through masking, adding noise, and attacking the inputs. We also fine-tune using the fine-tuning dataset.
Phase 3: We deploy AnyCar in the wild under state estimation error (using SLAM [1–3] and VIO [4]) to control different
vehicles (1/10 scale, 1/16 scale) with different settings (tow object, 3D-printed wheels) on different terrains.

� We build a universal synthetic data generator that col-
lects data across diverse vehicles and environments,
using physics engines with varying levels of fidelity
(e.g., DBM, MuJoCo, Isaac Sim, Assetto Corsa Gym).

� We propose a two-phase robust vehicle dynamics trans-
former training method that leverages simulation pre-
training and real-world fine-tuning to handle sim2real
mismatches and state-estimation errors.

� We integrate the dynamics transformer with a sampling-
based MPC and demonstrate real-world performance on
different car platforms and in different environments,
both indoor and outdoor, achieving up to 54% perfor-
mance improvement over the baseline methods.

II. RELATED WORK

A. Neural Dynamics Model and Adaptive Control

Neural networks, especially transformers, can be used
to learn the dynamics of any arbitrary systems [32] or a
residual on top of a nominal model, which is expressed in
traditional state-space equations [9, 33]. Data-driven tech-
niques can help robots adapt to time-varying dynamics. In

particular, open-loop adaptation based on teacher-student
training can effectively bridge the Sim2Real gap in RL,
such as rapid motor adaptation (RMA) [34]. When real-
world ground truth is available, the adaptation can be learned
in a more supervised fashion. Safe deep policy adaptation
(SafeDPA) [30] performs self-supervised real-world fine-
tuning. Neural-Fly [33] trains a residual dynamics model
to learn a good representation of environment disturbances
with a small amount of real-world data. Learning model
predictive control (LMPC) [24, 35] directly regresses a local
linear approximation of the state-space dynamics based on
a neighborhood of nearest historical states collected in the
real world. However, adaptation-at-scale remains an open
challenge, particularly when dynamics differ significantly,
such as with robots varying in parameters or embodiments.

B. Cross Embodiment

Recent research shows that deep learning models trained
at scale can control a variety of robots using the same
policy [36, 37]. CrossFormer [36] highlights that training a
single transformer on tasks across six embodiments (wheeled
robot, quadruped, manipulator, etc.) works even without
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