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Abstract— Developing autonomous off-road mobility typi-
cally requires either extensive, platform-specific data collection
or relies on simplified abstractions, such as unicycle or bicycle
models, that fail to capture the complex kinodynamics of
diverse platforms, ranging from wheeled to tracked vehicles.
This limitation hinders scalability across evolving heterogeneous
autonomous robot fleets. To address this challenge, we propose
Cross-vehicle kinodynamics Adaptation via mobility Represen-
tation (CAR), a novel framework that enables rapid mobility
transfer to new vehicles. CAR employs a Transformer encoder
with Adaptive Layer Normalization to embed vehicle trajectory
transitions and physical configurations into a shared mobility
latent space. By identifying and extracting commonality from
nearest neighbors within this latent space, our approach enables
rapid kinodynamics adaptation to novel platforms with minimal
data collection and computational overhead. We evaluate CAR
using the Verti-Bench simulator, built on the Chrono multi-
physics engine, and validate its performance on four distinct
physical configurations of the Verti-4-Wheeler platform. With
only one minute of new trajectory data, CAR achieves up
to 67.2% reduction in prediction error compared to direct
neighbor transfer across diverse unseen vehicle configurations,
demonstrating the effectiveness of cross-vehicle mobility knowl-
edge transfer in both simulated and real-world environments.

I. INTRODUCTION

Autonomous off-road mobility across heterogeneous ve-
hicle platforms remains a fundamental challenge in field
robotics [1], [2]. Modern ground robot fleets encompass
vehicles with diverse physical configurations, including vari-
ations in suspension stiffness, drivetrain architecture, payload
distribution, and actuation type, ranging from wheeled to
tracked systems. These structural differences lead to distinct
kinodynamics behaviors, even under similar terrain condi-
tions. To address such diversity, prior works have proposed
platform-specific mobility solutions through physics-based
modeling [3], [4], learning-based kinodynamics models [5]–
[8], and end-to-end policies [9], [10]. While these approaches
have demonstrated promising results on individual platforms,
they are typically designed and validated for a single vehicle
type. As a result, they lack a holistic framework that enables
different ground vehicles to share and transfer common off-
road mobility knowledge across a heterogeneous robot fleet.

In practice, when a new vehicle is introduced or an
existing platform is modified, conventional approaches re-
quire collecting large-scale, platform-specific datasets and
retraining mobility models from scratch [11]. This repetitive
engineering process is both time-intensive and computation-
ally expensive, fundamentally constraining the scalability
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Fig. 1: A heterogeneous fleet of vehicles with diverse phys-
ical configurations form a kinodynamics knowledge base.
When a new vehicle is introduced, shared mobility represen-
tations in this knowledge base enable rapid adaptation with
minimal data, without designing or retraining from scratch.

of fleet deployments. Therefore, a scalable framework is
required to enable knowledge sharing across the fleet while
preserving the flexibility to rapidly adapt to platform-specific
kinodynamics.

To overcome this scalability limitation and enable adapta-
tion across heterogeneous vehicle platforms, self-supervised
representation learning offers a promising direction by un-
covering shared structure in mobility data without explicit
supervision. In particular, contrastive learning methods have
demonstrated strong capability in constructing structured
latent space, where semantically similar samples are encour-
aged to cluster while dissimilar ones are separated [12], [13].
Such representations provide transferable priors that gener-
alize across diverse tasks and domains. In robotics, learned
representations have been leveraged for task transfer [14],
[15], sim-to-real adaptation [16], [17], and multi-task or
multi-skill policy learning [18], [19]. However, learning
cross-vehicle kinodynamics representations that effectively
incorporate various physical configurations to adapt to new
vehicles with minimal data remains an open challenge.

Motivated by such a challenge, we present Cross-vehicle
kinodynamics Adaptation via mobility Representation
(CAR), a novel framework that enables rapid kinodynamics
adaptation to new vehicle platforms through a shared mobil-
ity knowledge base across a heterogeneous fleet, as shown
in Fig. 1. Our contributions are summarized as follows:

• A cross-vehicle mobility representation framework that
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employs a Transformer encoder with Adaptive Layer
Normalization (AdaLN) [20] to embed trajectory tran-
sitions and physical configurations into a structured,
shared latent space;

• An efficient selection strategy that identifies relevant
mobility neighbors within the shared latent space to
extract transferable kinodynamics knowledge in order
to minimize data overhead on new vehicles;

• A rapid adaptation mechanism that integrates weighted
dataset aggregation, weighted loss optimization, and
regulated gradient update to transfer mobility knowl-
edge to new vehicles using only one minute of new
trajectory data; and

• Empirical validation of our method in simulation [21]
and on four distinct physical configurations of the
Verti-4-Wheeler platform [22], demonstrating superior
performance over state-of-the-art baselines.

II. RELATED WORK

In this section, we review related work on kinodynamics
modeling, self-supervised representation learning, and cross-
vehicle knowledge transfer for rapid adaptation.

A. Kinodynamics Modeling

Kinodynamics modeling seeks to capture the coupled rela-
tionship among various vehicular components to enable accu-
rate motion prediction and planning. Traditional approaches
relied on physics-based models that explicitly parameterize
vehicle properties such as size, weight, friction, actuation,
suspension, and contact forces [23]. While physically inter-
pretable, these models require careful parameter tuning and
often struggle to generalize across different platforms.

More recently, learning-based approaches have emerged
as a compelling alternative, leveraging data-driven methods
to approximate kinodynamics behavior from onboard sen-
sory observations [8], [24], [25]. End-to-end policy learn-
ing methods further bypass explicit kinodynamics modeling
by directly learning control policies from demonstration
data [26]. Despite these advances, existing approaches re-
main platform-specific and do not generalize across varying
vehicle configurations. The challenge of learning shared
mobility representations that transfer across heterogeneous
platforms remains unaddressed.

B. Representation Learning in Robotics

Self-supervised representation learning has emerged as a
powerful paradigm for extracting structured and transferable
representations from high-dimensional robotic data. Con-
trastive learning methods [12], [13] construct structured la-
tent space by aligning representations of positive augmented
views while separating dissimilar samples. Beyond con-
trastive approaches, cross-embodiment learning has explored
the transfer of representations and policies across robots
with diverse physical configurations [27], [28]. These ap-
proaches typically learn shared representations that abstract
embodiment-specific details while preserving task-relevant
structure, enabling policy reuse across platforms with varying

kinematics or actuation layouts. However, existing cross-
embodiment approaches primarily focus on policy-level be-
havior learning despite embodiment differences, rather than
explicitly modeling distinct kinodynamics grounded in di-
verse physical configurations. In other words, they abstract
away embodiment differences, rather than adapt to them.

C. Rapid Adaptation and Knowledge Transfer

Few-shot adaptation aims to rapidly generalize a learned
model to new tasks or domains using minimal data. Founda-
tional approaches, such as Model-Agnostic Meta-Learning
(MAML) [14] and its first-order extensions [29]–[31],
achieve this by optimizing parameter initializations that can
be efficiently fine-tuned with only a few gradient updates.
However, they are usually incapable of knowing when adap-
tation is not possible due to immitigable differences of a
new task. Furthermore, despite their applicability to a wide
range of tasks, these purely data-driven methods do not lever-
age problem-specific knowledge, e.g., vehicle configurations,
to efficiently facilitate adaptation. In extremely data-scarce
scenarios where even few-shot fine-tuning is not possible,
such adaptation efficiency is paramount. One avenue toward
adaptation efficiency is to only identify and leverage prior
knowledge closely relevant to a new task, while effectively
mitigating its difference with existing ones.

Therefore, CAR moves beyond the limitations of few-shot
adaptation by explicitly leveraging kinodynamics-specific
vehicle configurations and trajectories to identify the most
relevant mobility neighbors within a structured latent space,
excluding irrelevant vehicles to prevent unnecessary and
detrimental adaptation. By combining weighted dataset ag-
gregation and loss optimization with gradient updates regu-
lated by extremely scarce new vehicle data, our framework
enables rapid kinodynamics adaptation to new vehicle con-
figurations using only one minute of new trajectory data.

III. METHOD

Our objective is to enable rapid kinodynamics adaptation
to new vehicle platforms with minimal new data. We de-
compose our method into three phases: (1) learning a shared
mobility latent space that encodes physical configurations
and vehicle trajectories, (2) identifying the most relevant
mobility neighbors within this space, and (3) leveraging
prior knowledge to enable rapid kinodynamics adaptation.
An overview of the framework is illustrated in Fig. 2.

A. Problem Formulation

We define vehicle kinodynamics as a six Degrees of
Freedom (DoFs) problem over the state space S ⊂ SE(3).
The vehicle state at time t is defined as:

st =
[
xt, yt, zt, ϕt, φt, ηt

]
∈ SE(3),

where xt, yt, zt represent the vehicle position in 3D, and
ϕt, φt, ηt denote roll, pitch, and yaw. Higher order derivatives
can be included in st to capture more dynamic maneuvers
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Fig. 2: CAR Overview: Physical configurations and vehicle trajectories from a diverse fleet (left) are embedded into a
shared mobility latent space (middle). When a new vehicle is introduced (right), its representation identifies nearest mobility
neighbors in this mobility latent space. Inversely proportional to the distances to the mobility neighbors, weights w1, w2, w3

are used to aggregate datasets and bias training loss. Gradient updates regulated by minimal new vehicle data then enables
rapid kinodynamics adaptation.

(see experiments for details). The control input ut ∈ U cor-
responds to steering and speed. The forward kinodynamics
model of a single vehicle is expressed as:

st+1 = f(st,ut).

Traditional kinodynamics models are typically trained
independently for each vehicle platform and do not ex-
plicitly account for variations in physical configurations,
limiting their transferability within a heterogeneous fleet.
We represent the physical configuration of a vehicle v as a
parameter descriptor c ∈ Rdc , where dc denotes the number
of configurable physical parameters. This descriptor encodes
platform-specific properties that govern kinodynamics behav-
ior, such as chassis mass, suspension stiffness, tire friction,
actuation layout, and geometric scale.

To enable cross-vehicle knowledge sharing, we as-
sume access to an existing heterogeneous fleet Vtrain =
{v1, v2, . . . , vk}. For each vehicle vi ∈ Vtrain, characterized
by a distinct physical configuration ci, a trajectory dataset
Di = {τ1, τ2, . . . , τM} is available as prior knowledge, e.g.,
from previous design effort or deployment experiences. Each
trajectory τj = {(st,ut, st+1)}Ht=1 consists of H discrete
kinodynamics transition steps.

Given a new vehicle vnew, the problem becomes to de-
rive the forward kinodynamics model fθ, parameterized
by θ, with as little new data as possible, i.e., Dnew =
{τ1, τ2, . . . , τMnew},Mnew << M , with or without its physi-
cal configuration cnew.

B. Cross-Vehicle Mobility Representation
Given trajectory transitions and physical configurations

from a heterogeneous training fleet, we aim to learn an
encoder that maps each vehicle’s mobility behavior into a
shared latent space. This latent space should (i) preserve
kinodynamics (dis)similarity across vehicles and (ii) incorpo-
rate physically meaningful priors from vehicle configurations
to support downstream mobility neighbor identification and
rapid kinodynamics adaptation.

1) Continuous Physical Configuration Embeddings: To
incorporate platform-specific physical priors, we map each
configuration descriptor c ∈ Rdc to a continuous embedding
via a learnable function gξ(·):

ec = gξ(c) ∈ Rd,

where d is the embedding dimension. This yields a compact
conditioning vector that captures continuous variation in
physical configurations.

2) Transformer Encoder with AdaLN Conditioning: We
employ a Transformer encoder eψ to embed trajectories into
a shared mobility latent space. Each transition token xt =
[st,ut, st+1] is first projected to dimension d, prepended with
a learnable CLS token hcls, and augmented with sinusoidal
positional embeddings PE:

H(0) = [hcls, Proj(xt0), . . . ,Proj(xt0+L−1)] + PE.

The sequence is processed through N Transformer blocks.
To inject physical configuration priors without overwhelming
trajectory encoding, AdaLN [20] conditioning is applied
only at the final block. The configuration embedding ec
produces per-channel affine modulation parameters via a
linear projection Φ:

[∆β1,∆γ1,∆β2,∆γ2] = Φ(ec),

which modulate the attention and feed-forward sublayers as:

H̃ = H⊙ (1 + ∆γ1) + ∆β1,

H← LN
(
H+Attn(H̃)

)
,

H̃ = H⊙ (1 + ∆γ2) + ∆β2,

H← LN
(
H+ FFN(H̃)

)
,

where ⊙ denotes element-wise multiplication, LN(·) is
Layer Normalization, Attn(·) is multi-head self-attention,
and FFN(·) is a position-wise feed-forward network. The
final mobility embedding is extracted from the CLS output:

z = eψ(τ, c) = H
(N)
cls ∈ Rd.



3) Dual-Path Triplet Training: To structure the latent
space such that kinodynamically similar vehicles cluster
together while dissimilar ones are separated, we train the
encoder with a dual-path triplet loss. For each anchor trajec-
tory, we sample a positive trajectory from the same vehicle
configuration and a negative trajectory from a different one,
forming triplets (τa, τp, τn). The training objective consists
of two complementary losses:

(i) Unconditional Mobility Loss. We encode trajectories
without configuration conditioning to emphasize trajectory-
level kinodynamics:

zu = eψ(τ,∅).

We apply a triplet margin loss:

Lu = max
(
∥zua − zup∥2 − ∥zua − zun∥2 + δ, 0

)
,

where δ is a predefined threshold.
(ii) Conditional Mobility Loss. We additionally encode

trajectories with configuration conditioning to encourage
physically grounded clustering:

zc = eψ(τ, c),

and apply the same triplet loss:

Lc = max
(
∥zca − zcp∥2 − ∥zca − zcn∥2 + δ, 0

)
.

The final training objective is L = Lu + Lc. This dual-
path objective jointly captures intrinsic mobility patterns of
the trajectories and the influence of physical vehicle config-
urations, producing a structured latent space that supports
reliable cross-vehicle knowledge transfer.

C. Mobility Neighbor Identification

Given the trained Transformer encoder eψ , we project the
new vehicle vnew into the shared mobility latent space and
identify its relevant mobility neighbors from Vtrain.

Centroid Computation. For each vehicle vi ∈ Vtrain, we
encode a set of trajectories using the conditional encoder and
compute a centroid µi in the latent space:

µi =
1

|Zi|
∑
z∈Zi

z, Zi = {eψ(τj , ci) | τj ∈ Di}.

To reduce noise and preserve the most informative latent
dimensions, we apply Principle Component Analysis (PCA)
and retain the minimum number of principal components that
explain at least 90% of the total variance. Similarly, the new
vehicle centroid µnew is computed from its limited dataset
Dnew using the same PCA projection.

Mobility Neighbor Identification. To characterize the
inter-cluster structure of the training fleet, we compute the
pairwise cosine distances between all training centroids:

dij = dcos(µi,µj), ∀i < j.

We then define an adaptive distance threshold:

ϵ = d̄+ 2σd,

where d̄ and σd denote the mean and standard deviation of
the inter-cluster cosine distances, respectively.

Given the centroid µnew, we evaluate its cosine distance
to each training centroid and identify mobility neighbors as:

N = {vi ∈ Vtrain | dcos(µnew,µi) ≤ ϵ} .

If no training vehicle satisfies this criterion, the new vehicle
is classified as out-of-distribution to prevent detrimental
adaptation.

Inverse-Distance Weighting. For each identified mobility
neighbor vi ∈ N , we assign a weight inversely proportional
to its squared cosine distance to the new vehicle centroid:

w̃i =
1

dcos(µnew,µi)
2
, wi =

w̃i∑|N |
j=1 w̃j

.

To emphasize the most relevant neighbors, we sort neighbors
in descending order of their weights and select the top
neighbors whose cumulative weight exceeds 0.9:

Nnew =

vi |
i∑

j=1

wj ≥ 0.9 &

i−1∑
j=1

wj < 0.9

 ,

The weights corresponding to Nnew are then used to guide
dataset aggregation and loss optimization during rapid kino-
dynamics adaptation.

D. Rapid Kinodynamics Adaptation

Given the identified mobility neighbors Nnew and their
associated weights wi, CAR computes the kinodynamics
model fθ of the new vehicle through weighted knowledge
transfer with gradient regulation.

Weighted Dataset Aggregation. For each neighbor vehi-
cle vi ∈ Nnew, we sample trajectories from its dataset Di,
with the number of samples proportional to its weight wi.
This ensures that vehicles with higher mobility similarity
contribute more during adaptation. The resulting aggregated
training set is

Dagg =
⋃

vi∈Nnew

D(wi)
i ,

where D(wi)
i denotes the weighted subset sampled from Di.

Weighted Loss Optimization. The kinodynamics predic-
tion loss is computed separately on each neighbor dataset
and combined as a weighted objective:

Ltrain =
∑

vi∈Nnew

wi L(fθ;D(wi)
i ),

where L denotes the Mean Squared Error (MSE) over
sampled trajectories. This objective prioritizes model updates
from neighbors with the most mobility relevance to the new
vehicle.

Gradient Regulation via Limited New Data. To ensure
that adaptation remains consistent with the limited trajectory
data Dnew, we regulate gradient updates using Dnew as a
constraint. Inspired by Gradient Episodic Memory [32], we
compute constraint gradients from Dnew and enforce:

∇θL(fθ;Dnew) · ∇θLtrain ≥ 0.



If violations occur, the training gradient is projected onto the
nearest gradient direction that does not increase the loss on
Dnew. The constraint gradients are periodically refreshed as
the model evolves.

Collectively, these three components enable CAR to trans-
fer shared knowledge from the most relevant mobility neigh-
bors to the new platform using a small amount of new data.

IV. IMPLEMENTATIONS

In this section, we present implementation details of our
approach and experiments.

A. Vehicle Configurations and Datasets

We evaluate CAR using the Verti-Bench simulator [21],
where trajectories are generated for a heterogeneous fleet
of vehicles. In our experiments, the physical configuration
of each vehicle v is represented as: c = [αm, µf , αs]

⊤,
where αm denotes the chassis mass scaling ratio relative
to the nominal mass in the simulator, µf is the rigid tire
friction coefficient, and αs represents the suspension spring
stiffness scaling ratio relative to the nominal stiffness. The
training fleet comprises eight vehicle configurations formed
by selecting one out of two values for each parameter:
αm ∈ {0.5, 4.0}, µf ∈ {0.6, 0.9}, and αs ∈ {0.6, 1.8}.

To collect training trajectories, each vehicle executes si-
nusoidal random exploration on flat terrain. Steering follows
usteer(t) = sin(ωst) with ωs ∼ U(0.1, 0.5) Hz, combined
with speed uspeed(t) = vc + A sin(ωvt), where ωv ∼
U(0.1, 2.5) Hz. The speed amplitude A and center velocity vc
are determined such that the minimum speed lies in U(3, 4)
m/s and maximum speed lies in U(8, 10) m/s.

We adopt a gravity-aligned body frame, in which cur-
rent state is denoted as [0, 0, 0, ϕt, φt, 0, η̇t, vt] ∈ R8,
where the position components (x, y, z) and yaw are ze-
roed (and therefore omitted), while ϕt and φt retain their
world-frame values. To better capture high-speed kino-
dynamics, we additionally include the yaw rate η̇t and
longitudinal velocity vt. The corresponding next state en-
codes the relative motion in the current body frame:
st+1 = [∆x, ∆y, ∆z, ϕt+1, φt+1, ∆η] ∈ R6, where
(∆x,∆y,∆z,∆η) denote body-frame pose change, and
(ϕt+1, φt+1) are the absolute roll and pitch angles at the
next timestep.

B. Cross-Vehicle Mobility Representation

The cross-vehicle mobility encoder consists of 4 Trans-
former blocks, each with embedding dimension d = 16
and 4 attention heads. For each trajectory, transition tokens
xt = [st,ut, st+1] ∈ R14 are linearly projected to R16

and prepended with a learnable CLS token augmented by
sinusoidal positional embeddings. Vehicle configuration pa-
rameters (αm, µf , αs) are mapped to continuous embeddings
to enable generalization across new configurations. Each
parameter is first min-max normalized to [0, 1] using the
predefined ranges: αm ∈ [0.5, 4.0], µf ∈ [0.6, 0.9], and
αs ∈ [0.6, 1.8], and then embedded through a two-layer
MLP with {3, 8, 16} neurons and Tanh activations into a

continuous R16 embedding space. The trajectory encoder
and configuration modulator share the same Transformer
backbone, with AdaLN conditioning applied exclusively at
the final Transformer block with a scale factor of 0.5.

To enable flexible inference, the configuration modulator
adopts a learnable null embedding e∅ ∈ R16. During train-
ing, configuration embeddings are randomly replaced by e∅
with a dropout probability of 0.1. This mechanism allows the
encoder to operate in both conditional mode, incorporating
known physical configurations, and unconditional mode,
relying solely on trajectories when configuration information
is unavailable.

The mobility encoder is trained with the dual-path triplet
loss with margin δ = 4.0. We use the Adam optimizer with
learning rate 1× 10−4 and batch size 128, training for up to
100K iterations. Early stopping with patience 10 is applied
based on conditional embedding separation evaluated every
1,000 iterations on a held-out validation set.

C. Kinodynamics Model
The kinodynamics model fθ is implemented as a

lightweight MLP that predicts the 6-DoF state change from
the current state and action. The model processes state
and action inputs through separate branches, each imple-
mented as a two-layer MLP with {8, 16} hidden neurons,
LayerNorm, and Tanh activations. The encoded features
are concatenated and passed through two output heads: a
translation and yaw head predicting [∆x,∆y,∆z,∆η], and
a roll-pitch head predicting [ϕt+1, φt+1], each consisting
of two fully connected layers with dimensions {32, 16},
BatchNorm, ReLU activations, and dropout.

During rapid kinodynamics adaptation, fθ is trained us-
ing weighted knowledge transfer with gradient regulation
described in Section III-D. The training loss is computed
via autoregressive rollout over a horizon of Tpred = 16 steps.
Constraint gradients for gradient regulation are computed
from Dnew using three sampled trajectories, and refreshed
every 100 gradient steps. The kinodynamics model performs
2,000 gradient steps until convergence using the Adam
optimizer with learning rate 1× 10−3, minimizing the MSE
between predicted and ground-truth state changes.

V. EXPERIMENTS
We design our experiments to evaluate CAR from three

aspects: (1) cross-vehicle few-shot adaptation via identified
mobility neighbors, (2) few-shot generalization compared
with Model-Agnostic Meta-Learning (MAML) [14], and (3)
ablation studies of both the adaptation mechanisms and
mobility encoder design.

A. Cross-Vehicle Few-Shot Adaptation
In this experiment, we evaluate the ability of CAR to

identify and leverage the most relevant mobility neighbors
within the structured latent space for effective cross-vehicle
knowledge transfer. We compare CAR against two baselines:

• From Scratch: A model trained on the full set of 400
trajectories collected from the new vehicle, serving as
a data-intensive upper-bound; and



• Mobility Neighbors: Models trained from the identified
mobility neighbors and directly applied to the new
vehicle without any adaptation.

TABLE I: Cross-Vehicle Few-Shot Adaptation Performance
on New Vehicle Configurations, denoted as [αm, µf , αs].

Configuration Model MSE ± Std ↓

[3.0, 0.75, 1.6]

CAR (Proposed) 0.632 ± 0.825
Neighbor 1 1.261 ± 1.117
From Scratch 0.173 ± 0.251

[0.6, 0.7, 0.8]

CAR (Proposed) 0.734 ± 0.730
Neighbor 1 2.241 ± 1.857
Neighbor 2 3.305 ± 2.811
From Scratch 0.569 ± 0.775

[0.6, 0.75, 1.2]

CAR (Proposed) 0.696 ± 0.972
Neighbor 1 0.894 ± 0.722
Neighbor 2 1.938 ± 3.110
Neighbor 3 2.495 ± 2.680
From Scratch 0.222 ± 0.241

Only one mobility neighbor is identified for the first new
vehicle, which only uses regulated gradients on the only
neighbor’s dataset. The second and third new vehicles have
two and three neighbors respectively. As shown in Table I,
CAR outperforms direct transfer from individual mobility
neighbors without adaptation across all new vehicle config-
urations, achieving up to a 67.2% reduction in prediction
error. Although the “From Scratch” upper-bound attains the
lowest MSE by leveraging 400 platform-specific trajectories,
CAR only uses three trajectories. This result highlights
the effectiveness of structured mobility representation in
substantially reducing data requirements while maintaining
strong adaptation performance.

B. Cross-Vehicle Few-Shot Generalization

We compare CAR against MAML [14] to evaluate
cross-vehicle generalization in the few-shot regime. Unlike
MAML, which learns a platform-agnostic parameter initial-
ization, CAR explicitly leverages physical vehicle configu-
rations to identify and prioritize the most relevant mobility
neighbors within the structured latent space. During adap-
tation, CAR uses three trajectories from the new vehicle
for mobility neighbor and weight identification, as well as
gradient regulation, without fine-tuning on platform-specific
data.

Table II shows CAR outperforms MAML: Using only
three trajectories from the new vehicle, CAR reduces pre-
diction error by 79.1% compared to MAML under the same
few-shot setting. Remarkably, even when MAML is fine-
tuned on 400 trajectories of the new vehicle, its prediction
accuracy remains inferior to CAR adapted with just three
trajectories. These results demonstrate that structured mobil-
ity representations informed by vehicle configurations enable

TABLE II: Cross-Vehicle Few-Shot Generalization Com-
pared with MAML.

Model New Vehicle Data MSE ± Std ↓

CAR (Proposed) 3 Trajectories 0.734 ± 0.730

MAML
3 Trajectories 3.507 ± 7.582

400 Trajectories 1.329 ± 2.412

more data-efficient and robust cross-vehicle generalization
than purely data-driven, initialization-based meta-learning.

C. Ablation Studies

We conduct ablation studies to evaluate the contribution of
key components in CAR’s kinodynamics adaptation mecha-
nism and mobility encoder design.

1) Kinodynamics Adaptation Components: Each variant
removes one component from the full kinodynamics adapta-
tion mechanism:

• CAR: The complete adaptation framework incorporat-
ing mobility neighbor identification (MN), weighted
dataset aggregation (WD), weighted loss optimization
(WL), and gradient regulation (GR);

• CAR w/o MN: Removes mobility neighbor identifi-
cation. Instead of selecting the most relevant mobility
neighbors in the latent space, all vehicles in the training
fleet are treated uniformly during adaptation;

• CAR w/o WD: Removes weighted dataset aggregation.
All identified mobility neighbor datasets are treated
uniformly, eliminating selective emphasis on the most
relevant mobility neighbors;

• CAR w/o WL: Removes weighted loss optimization.
Despite weighted dataset aggregation, their losses are
treated equally during optimization without similarity-
based weighting; and

• CAR w/o GR: Removes gradient regulation via limited
new vehicle data. The model is adapted solely using
weighted datasets and loss without constraining gradient
updates to preserve consistency with the new platform.

TABLE III: Ablation Study for Kinodynamics Adaptation
Mechanisms.

Variant MSE ± Std ↓

CAR (Proposed) 0.734 ± 0.730
CAR w/o MN 1.674 ± 2.791
CAR w/o WD 1.729 ± 2.554
CAR w/o WL 1.034 ± 1.367
CAR w/o RG 1.173 ± 1.333

As shown in Table III, each component of the adapta-
tion mechanism contributes to CAR’s performance. Mobility
neighbor identification and weighted dataset aggregation
have the largest impact: their removal increases prediction



error by 128% and 135% respectively, indicating that ef-
fective cross-vehicle adaptation requires both identifying the
most relevant mobility neighbors and weighting their contri-
butions proportionally during knowledge transfer. Weighted
loss optimization and gradient regulation provide comple-
mentary gains, with their removal degrading performance
by 41% and 60% respectively, confirming that prioritizing
kinodynamically similar sources and constraining parameter
updates with limited new vehicle data are both essential for
robust adaptation.

2) Mobility Encoder Architecture: We compare three
encoder variants: our conditional encoder, which applies
AdaLN to modulate trajectory representations using phys-
ical configuration embeddings during training and inference;
an unconditional encoder, trained with AdaLN modulation
but deployed when configuration information is unavailable
during inference; and a simple encoder that relies solely on
trajectories during both training and inference.

TABLE IV: Ablation Study for Encoder Design.

Encoder Variant MSE ± Std ↓

Conditional (Proposed) 0.734 ± 0.730
Unconditional (Proposed) 1.043 ± 1.242
Simple 1.797 ± 4.033

Table IV validates the architectural design of inject-
ing physical priors via AdaLN conditioning. By explicitly
grounding the mobility representation in vehicle configura-
tions, the conditional encoder achieves 29.63% reduction in
prediction error compared to the unconditional counterpart.
Furthermore, removing the conditioning architecture entirely
from training (simple) severely degrades performance.

D. Physical Experiment

For real-world validation, we deploy CAR on different
open-source 1/10th-scale Verti-4-Wheeler platforms [22],
with state information provided at 100 Hz via a motion
capture system. The training fleet comprises three distinct
configurations: Rear Right Wheel Removed, Four-Wheeled,
and Four-Tracked. As the new platform, we introduce a
heavy-payload configuration with increased mass and altered
inertia distribution, representing an embodiment shift relative
to the training fleet.

TABLE V: Physical Experiment Results.

Model MSE ± Std ↓

CAR (Proposed) 0.144 ± 0.186
Neighbor 1 0.151 ± 0.184
Neighbor 2 0.247 ± 0.188
From Scratch 0.111 ± 0.195

To construct the kinodynamics knowledge base datasets,
each training vehicle is driven using sinusoidal steering and

Four-Tracked

Four-Wheeled

Rear Right
Wheel Removed

Heavy-Payload 

Fig. 3: The physical mobility latent space is learned from
three distinct configurations (blue, red, and green). When
the new heavy-payload platform (yellow) is introduced, it
is projected into this space to identify the most relevant
mobility neighbors (blue and red) before rapid adaptation.

velocity commands for 750 seconds per configuration. For
rapid adaptation, CAR transfers knowledge to the new heavy-
payload platform. The physical experiment results in Table V
demonstrate that CAR achieves the lowest prediction error
compared with the identified mobility neighbors, reducing
prediction error by 4.6% relative to the best neighbor using
only 45 s of new trajectory data. Although training from
scratch attains a lower error with 750 s of platform-specific
data, the small performance gap indicates that CAR recov-
ers most of the heavy-payload kinodynamics with minimal
interaction data.

The learned mobility latent space provides an interpretable
explanation for the observed transfer behavior. As shown
in Fig. 3, the heavy-payload configuration is embedded
closer to the Rear Right Wheel Removed and Four-Wheeled
configurations than the Four-Tracked platform, indicating an
underlying kinodynamics similarity with these two mobility
neighbors. This geometric structure is consistent with the
performance trends shown in Table V.

VI. CONCLUSIONS AND LIMITATIONS

We present CAR, a novel framework designed to address
the scalability challenges of enabling rapid kinodynamics
adaptation across heterogeneous fleets. By leveraging a
Transformer encoder conditioned with AdaLN, CAR effec-
tively maps vehicle trajectories and physical configurations
into a shared, structured mobility latent space. This represen-
tation enables reliable identification of the most relevant mo-
bility neighbors for any newly introduced platform. Through
weighted dataset aggregation, weighted loss optimization,
and gradient regulation, the proposed framework achieves
rapid kinodynamics adaptation using limited one minute of
new data. Our evaluation demonstrates that CAR reduces



prediction error by up to 67.2% compared to direct neighbor
transfer, highlighting its effectiveness for scalable cross-
vehicle mobility knowledge transfer.

A key limitation of this work is that it is evaluated only
on flat terrain, where kinodynamics variations are primarily
driven by physical configurations rather than diverse off-road
terrain properties, obstacles, or dynamic environmental con-
ditions. Future work will extend the mobility representation
to jointly consider vehicle embodiment together with terrain
geometry and semantics, enabling more comprehensive and
realistic rapid kinodynamics adaptation.
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