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Fig. 1: High-performance mobile robots may experience a variety of structural damages during in-the-wild operations (left),
which significantly alter vehicle kinodynamics (right). When such kinodynamics discrepancies are not timely accounted for,
catastrophic consequences may occur, e.g., falling off a cliff on the right due to a punctured front right tire (right).

Abstract—High-performance autonomous mobile robots en-
dure significant mechanical stress during in-the-wild operations,
e.g., driving at high speeds or over rugged terrain. Although
these platforms are engineered to withstand such conditions,
mechanical degradation is inevitable. Structural damage mani-
fests as consistent and notable changes in kinodynamic behavior
compared to a healthy vehicle. Given the heterogeneous nature
of structural failures, quantifying various damages to inform
kinodynamics is challenging. We posit that natural language can
describe and thus capture this variety of damages. Therefore,
we propose Zero-shot Language Informed Kinodynamics (ZLIK),
which employs self-supervised learning to ground semantic infor-
mation of damage descriptions in kinodynamic behaviors to learn
a forward kinodynamics model in a data-driven manner. Using
the high-fidelity soft-body physics simulator BeamNG.tech, we
collect data from a variety of structurally compromised vehicles.
Our learned model achieves zero-shot adaptation to different
damages with up to 81% reduction in kinodynamics error and
generalizes across the sim-to-real and full-to-1/10th scale gaps.

I. INTRODUCTION

High-performance autonomous mobile robots deployed in
the wild must contend with impact forces, torsional stress,
and vibration caused by rapid and complex vehicle-terrain

interactions. While modern platforms are engineered with
robust chassis and suspension systems to mitigate these forces,
the harsh nature of real-world environments makes mechanical
degradation inevitable. Consequently, robots frequently sus-
tain structural damage ranging from punctured tires to bent
steering columns and compromised suspensions (Fig. 1 right).
Nevertheless, mission-critical deployments frequently demand
that robots tolerate and adapt to such damage to ensure timely
task completion.

Such structural damage, however, drastically alters the ve-
hicle’s kinodynamics by changing how forces are distributed
and how the vehicle responds to control inputs. For example, a
punctured tire isn’t able to generate as much traction as com-
pared to other wheels, resulting in significant drag and rota-
tional bias even when commanded with straight-line velocities.
If the navigation system operates using a clean kinodynamics
model while the physical platform is damaged, the discrepancy
leads to tracking errors, instability, and potentially catastrophic
control failure like collision with obstacles, vehicle rollover,
or falling off a cliff (as shown in Fig. 1 right).

Accurately compensating for such kinodynamics mismatch
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poses a significant representation challenge. Structural degra-
dation manifests heterogeneously: it ranges from scalar para-
metric deviations (e.g., tire pressure loss) to complex geomet-
ric deformations (e.g., bent or broken suspension linkages) that
fundamentally alter the robot’s physical constraints. Current
state-of-the-art approaches to resolve the changing kinodynam-
ics problem [55] rely on adaptive control strategies or fine-
tuning a previously learned kinodynamics model. However,
these methods depend on an n-shot adaptation phase, requiring
data collection through further vehicle-terrain interactions after
the damage has occurred. This delayed process necessitates
driving a structurally compromised robot with an incorrect kin-
odynamics model to collect training data, which is inherently
risky and can worsen mechanical failure during data collection.

To bridge this gap without requiring dangerous online data
collection and retraining, we propose a novel framework that
leverages natural language to instantly adapt to vehicle struc-
tural damage in a zero-shot manner, i.e., Zero-shot Language
Informed Kinodynamics (ZLIK). We argue that, although the
variety of structural damages cannot be represented by a
single metric, they are semantically distinct and can be easily
described using language. Therefore, we incorporate vehicle
damage into kinodynamics modeling through language de-
scriptions. We utilize a Sentence Transformer to map natu-
ral language descriptions into a semantic embedding space,
where damages exhibiting similar kinodynamic behaviors are
clustered closer. These embeddings condition a kinodynamics
model with spatiotemporal attention to predict the robot’s
future states based on the current robot health. ZLIK allows
the robot to instantly switch its internal kinodynamics model
based on a diagnosis provided by an external vehicle health
monitoring system, enabling zero-shot adaptation to different
damages. We validate ZLIK using a high-fidelity soft-body
physics simulator, BeamNG.tech [3] and deploy the system on
a real-world robotic platform. Our contributions are as follows:

1) A novel self-supervised learning approach that aligns
language embeddings with kinodynamic responses in the
presence of various vehicle structural damages;

2) An accurate kinodynamics model that utilizes the
aligned language embeddings to represent heterogeneous
structural damages for instant model adaptation;

3) Rigorous experiments including detailed studies on dam-
age embeddings, model architecture, semantic ground-
ing, and transfer from a simulated full-size vehicle to a
physical 1/10th scale robot with different damages.

II. RELATED WORK

We review related work in kinodynamics modeling, online
adaptation, and robotic foundation models.

A. Kinodynamics Modeling

Kinodynamics modeling has historically relied on analytical
formulations [38, 42], such as bicycle or Ackermann steering
models. These models offer computational efficiency but often

oversimplify complex vehicle-terrain interactions [9]. There-
fore, researchers have predominantly shifted towards data-
driven solutions [54, 14]. To satisfy the high data requirements
of these approaches without risking hardware, researchers fre-
quently leverage high-fidelity simulators [48, 3, 28, 44, 47]. To
improve predictions beyond the training distributions [37], re-
cent works have incorporated uncertainty quantification using
Gaussian Processes [36, 32, 22, 35] or enforced kinematic con-
straints via Physics-Informed Neural Networks [1, 27, 62, 5].
Regardless of the model architecture, accurate prediction relies
on information provided by the input modalities.

Input modalities in existing works have primarily focused on
visual semantics [36, 53], elevation mapping [9, 7, 33, 34], ter-
rain geometry [29, 12], and inertial measurements [56, 19, 39]
to perceive the external environment and inform kinodynam-
ics. However, changes in robot’s internal physical state such
as structural damages also play a critical role in determining
kinodynamics. Structural damages can take a variety of forms,
which can or cannot be measured by commonly used sensor
suites and manifest by both quantitative measurements and
qualitative descriptions. Therefore, we posit natural language
descriptions provide the necessary semantic signal to represent
a robot’s internal health conditions and can cover a variety of
heterogeneous vehicle damages that also affect kinodynamics.

B. Online Adaptation

Traditional online system identification methods are de-
signed to handle parametric variations in complex environ-
ments, such as estimating friction coefficients [40, 32] or slip
ratios [59]. However, these approaches assume a fixed vehicle
structure and treat deviations as scalar parameter changes
within a known physics model. In contrast, structural damages
or mechanical failures induce large kinodynamics shifts that
cannot be captured by simple parameter variations [6].

To address non-linear dynamics shifts, researchers have
relied on meta-learning and online adaptation methods [52].
Approaches such as Model-Agnostic Meta Learning [11],
Meta-Reinforcement Learning [43], Function Encoders [17],
and CaRoL [16] treat dynamics shifts as new tasks, updating
the base model’s weights through gradient-based updates using
recent state-action pairs. These approaches require new physi-
cal interactions to infer new dynamics and introduce adaptation
delays in an n-shot fashion [31, 26, 23]. Such continuous envi-
ronment interactions using an incorrect kinodynamics model
caused by delayed adaptation can lead to unsafe maneuvers
on a mechanically compromised platform.

In contrast, ZLIK entirely abandons the paradigm of online
retraining with new data. Instead, we frame the problem as
conditional modeling. By training our model on a diverse
manifold of damage descriptions, ZLIK learns a fixed set of
weights that can generalize across different structural health
states. During deployment, the dynamics model’s weights do
not need to be updated through dangerous data collection
and delayed weight adaptation, rather it simply switches its
predictive context based on the natural language descriptions
of the damage. This zero-shot adaptability allows the robot



to respect its new physical limits the moment a damage
description is provided.

C. Robotic Foundation Models

Using pre-trained models to accelerate learning is a well-
established concept in robotics. Data-driven approaches have
heavily relied on visual backbones pre-trained on large-scale
datasets to extract robust environmental features [18]. Ar-
chitectures such as ResNet [15] and SegFormer [57] have
become standard encoders for tasks ranging from semantic
segmentation [45] to traversability estimation [49].

The introduction of the Transformer architecture [50] has
shifted the paradigm from simple feature extraction to holis-
tic foundation models [21, 58]. In the context of dynamics
modeling, this architecture is especially efficient in capturing
temporal context and long-horizon dependencies [25, 33, 55].
However, standard robotic implementations typically tokenize
the entire state tuple (x, y, z, roll, pitch, yaw) as a single input
embedding [34]. This monolithic approach obscures the inde-
pendence of state dimensions. To better capture the nuances of
structural damages where specific degrees of freedom may be
affected disproportionately, we decompose the state vector into
dimension-specific tokens, allowing the attention mechanism
to isolate compromised dynamic channels [13, 61].

While Transformers have facilitated the use of Vision-
Language Models [41, 24] and Vision-Language Action Mod-
els [4, 46, 20], the use of language in these frameworks is
primarily for high-level reasoning [30, 10, 60]. To the best
of our knowledge, language hasn’t been utilized to describe
the intrinsic physical state of the robot itself to inform low-
level kinodynamics modeling. Our work bridges this gap
by leveraging the semantic richness of pre-trained language
models to encode physical variations into robot kinodynamics.

III. APPROACH

Our objective is to learn a kinodynamics model that accu-
rately predicts the future state of a mechanically compromised
robot. We formulate this as learning a kinodynamics function
conditioned on the robot’s state-action history and a textual
description of the damage.

A. Problem Formulation

We define the robot’s state at time t as st ∈ S ⊂ SE(3),
representing the 6-Degree of Freedom (DoF) pose: st =
[xt, yt, zt, rollt, pitcht, yawt]

⊤. The control input applied to the
robot, i.e., linear and angular velocities, is denoted by ut ∈ U :
ut = [vt, ωt]

⊤. Under nominal conditions, the evolution of
the robot’s state on uniform terrain is governed by a nominal
forward kinodynamics function fnominal : S × U → S:

st+1 = fnominal(st,ut). (1)

Physically, this function encapsulates how the robot’s chas-
sis, suspension, and powertrain distribute forces. The chassis
distributes external impact forces across a mesh of beams
and nodes, while the suspension dampens vertical impulses to
maintain consistent tire contact. In a healthy state, the mapping

from ut to the resultant forces acting on the center of mass
remains unbiased and follows standard rigid body mechanics.

However, when a robot incurs structural damage, this phys-
ical mapping is fundamentally altered. A specific damage in-
stance, denoted as d ∈ D, breaks the nominal force distribution
pathways in the chassis or energy transfer pathways in the
powertrain. For example, a snapped half-shaft prevents the
powertrain from transferring torque to a specific wheel, while
a compromised suspension linkage alters how ground reaction
forces are resolved into the chassis. These mechanical failures
introduce a non-linear disturbance to the system dynamics.

We posit that while these disturbances are complex, they
manifest as consistent, distinct patterns in robot’s kinodynamic
behavior. For example, a burst front left tire will cause
vertical impulses in the front left side of the vehicle along
with lateral movement towards the left. To account for these
deviations, we extend the kinodynamics formulation to depend
explicitly on the damage instance dt at time t. Furthermore,
because the dynamic effects of damage often exhibit temporal
dependencies that cannot be easily captured in a single state
transition, we condition our model on a history length H .
We formulate the damage-aware forward kinodynamics as a
function fdamage-aware : SH × UH ×D → S:

st+1 = fdamage-aware(st−H+1:t,ut−H+1:t, dt). (2)

Here, dt acts as a latent variable that effectively switches the
context of the prediction based on the current damage. The
core challenge then becomes how to define and use dt for
kinodynamic predictions. In our approach, we aim to construct
a representation space for damage that is both semantically
descriptive and kinodynamically grounded (see Fig. 2a).

B. Damage Representation

To enable zero-shot adaptation, our damage representation
space aims to bridge the gap between natural language de-
scriptions and kinodynamic behaviors. Since characterizing
heterogeneous structural damages via a single scalar metric is
difficult, we use a natural language description of the robot’s
health state at time t, denoted as xt. We employ a pre-trained
sentence Transformer ϕ to encode this xt into a semantic
embedding. Sentence Transformers are optimized such that
semantically similar damage descriptions result in spatially
proximal embedding vectors, preserving the linguistic meaning
of the damage description.

However, linguistic proximity does not always guarantee
kinodynamic proximity. For example, a “broken axle” and a
“snapped half-shaft” are linguistically different but kinody-
namically identical. To bridge this gap, we must align the
linguistic semantic space with the physical behavioral space.
We posit that damages manifest as consistent, distinct patterns
in the robot’s state-action trajectory. We define the robot’s
kinodynamic behavior at time t as its state-action trajectory
over the history length H:

τt,H = ((st−H+1, ut−H+1), ...., (st, ut)) ∈ R(6+2)×H .
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Fig. 2: (a) Constructing a representation space for damage that is both semantically descriptive and kinodynamically grounded.
(b) ZLIK leverages a Transformer Encoder-Decoder structure to approximate damaged kinodynamics.

Our objective is to construct a shared representation space
Z where the semantic encoding of the damage is structurally
aligned with its induced kinodynamic behavior. We use Multi-
Layer Perceptrons (MLP) to map the natural language descrip-
tion of the health state x and kinodynamic behavior τ into this
shared space, resulting in zx = hσ(ϕ(x)) and zτ = hζ(τ).

As shown in Fig. 2a, we align the projection of these
representations, denoted as y, using Variance-Invariance-
Covariance Regularization (VICReg) [2]. This loss function
forces the projected text embedding zx to be predictive of the
kinodynamic behavior zτ . The loss is defined as a weighted
sum of three terms:

Lalign(yx,yτ )=

Invariance︷ ︸︸ ︷
λs(yx,yτ )+

Variance︷ ︸︸ ︷
µ[v(yx) + v(yτ )]+

Covariance︷ ︸︸ ︷
ν[c(yx) + c(yτ )],

where λ, µ, and ν are hyperparameters controlling the im-
portance of each term. Here, the invariance term minimizes
the Mean Squared Error (MSE) between the semantic damage
description and the observed kinodynamic behavior. This
forces the language embedding to be a proxy for the physical
reality of the damage:

s(yx,yτ ) =
1

N

N∑
i=1

∥y(i)
x − y(i)

τ ∥22,

where N is the batch size. Furthermore, the variance term
ensures that the damage embeddings maintain diversity across
the batch, capturing heterogeneity of structural failures. This
prevents the model from collapsing to a trivial solution where
all the embeddings map to a single point with zero variance.
Variance of each embedding dimension is forced to be above
a threshold γ by a hinge loss on the standard deviation σ:

v(y) =
1

K

K∑
j=1

max(0, γ − σ(yj , ϵ)),

where σ(x, ϵ) =
√

Var(x) + ϵ, ϵ is a small scalar value to
prevent numerical instabilities, and K is the total number of
dimensions in the embedding vector y. Finally, the covariance
term ensures the damage embedding captures independent
factors of the dynamics rather than redundant correlations. We
define the covariance matrix C(y) over the batch dimension
N to capture the correlation between embedding features:

C(y) =
1

N − 1

N∑
i=1

(y(i)−ȳ)(y(i)−ȳ)T , where ȳ =
1

n

n∑
i=1

yi.

The sum of squared off-diagonal coefficients are minimized
to de-correlate the dimensions:

c(y) =
1

K

∑
i̸=j

[C(y)]2i,j .

By forcing the off-diagonal coefficients to zero, we maximize
the information content of the damage representation, allowing
the downstream kinodynamics model to leverage independent
axes of variation. The scale factor of 1/K ensures the covari-
ance criterion scales linearly with the dimensionality.

Finally, given a dataset of N paired samples {(xi, τi)}Ni=1,
we seek the optimal encoder parameters σ∗ and ζ∗ to minimize
this loss expectation:

σ∗, ζ∗ = argmin
σ,ζ

1

N

N∑
i=1

Lalign(hσ(ϕ(xi)), hζ(τi)). (3)

This formulation ensures that the learned embedding space Z
is robust across diverse structural damages.

C. Downstream Kinodynamics Modeling

After the self-supervised training to correlate the damage
representation and kinodynamic behavior, we freeze the pro-
jection head hσ . We replace the damage instance dt in Eqn. (2)
with encoded representation of the damage instance’s language
description, ztx. We assume language description of damage xt

is provided by a vehicle health monitoring system. By utilizing
the frozen projection head hσ , we learn to approximate for-
ward kinodynamic function fθ(·) as a downstream task. The
forward kinodynamic function is given by:

st+1:t+P︸ ︷︷ ︸
Predicted Future States

= fθ(st−H+1:t,ut−H+1:t︸ ︷︷ ︸
History

,ut+1:t+P−1︸ ︷︷ ︸
Future Actions

, ztx),

(4)

where θ is learnable parameters and P is the
prediction horizon. We learn the optimal parameters
θ∗ in a supervised fashion using our dataset
of damaged robot operation in BeamNG.tech,
{sjt+1:t+P , s

j
t−H+1:t,u

j
t−H+1:t,u

j
t+1:t+P−1, z

t,j
x }Nj=1. We

seek the optimal kinodynamics parameters θ∗:
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Fig. 3: ZLIK’s Transformer Encoder uses a two-stage attention
architecture for both time (gray) and state dimension (orange).

θ∗ = argmin
θ

N∑
j=1

∥∥∥∥∥
Actual Future States︷ ︸︸ ︷

sjt+1:t+P −

fθ(s
j
t−H+1:t,u

j
t−H+1:t︸ ︷︷ ︸

History

,uj
t+1:t+P−1︸ ︷︷ ︸

Future Actions

, zt,jx )

∥∥∥∥∥
2

.

D. Spatiotemporal Attention

We approximate the kinodynamic function in Eqn. (4) using
a Transformer Encoder-Decoder architecture (Fig. 2b), simi-
lar to Crossformer [61], designed to capture spatiotemporal
dependencies as shown in Fig. 3. To tokenize the robot’s
state history for this model, we employ a Dimension-Segment
Embedding, denoted as Eseg. This embedding transforms the
raw state-action history τt,H into a structured feature array H
by preserving the independence of state dimensions.

Specifically, Eseg partitions the temporal history of each
dimension into local windows of length Lseg, which are then
projected into the Transformer’s latent dimension dmodel. This
results in a 2D feature array H ∈ RL×D×dmodel , where D
represents the state dimensions and L = H/Lseg denotes the
number of resulting time segments (Fig. 3 bottom).

To condition the dynamics on the robot’s structural health,
as shown in Fig. 2b, we inject the semantic damage embedding
zx ∈ Rddamage directly into this latent space along with learnable
positional embedding to create the input to the encoder layer,

Z
(0)
i,d = Hi,d +E(i,d)

pos +Wdzx.

The indices (i, d) correspond to the time segment and state
dimension. Epos ∈ Rdmodel is a learnable positional embedding,
and Wd ∈ Rdmodel×ddamage is a learnable projection matrix. By
adding the damage context Wdzx globally to every segment
(i, d) we bias the robot’s entire history with semantic signature
of the damage.

The Transformer Encoder Tenc processes Z(0) through a
stack of two-stage attention layers to capture the dependencies
along the spatial and temporal dimensions. First, the model
uses Multi-head Self-Attention (MSA) across time segments i
to capture the temporal evolution of each dimension d (Fig. 3
gray). Second, the model captures inter-variate dependencies
by applying MSA across dimensions d for each time segment
i (Fig. 3 orange). This disentangled attention mechanism
enables the network to learn how the injected damage zx
specifically alters the correlations between physical dimen-
sions. We denote the output of the encoder as the damage-
informed memory, Menc = Tenc(Z

(0)).
To predict the future trajectory, we employ a non-auto-

regressive Transformer decoder Tdec conditioned on the se-
quence of future actions ut+1:t+P−1. We project the future
actions into a latent space using a learnable projection matrix
Wu and then add to a learnable positional embedding Qpos,
generating the decoder query Qdec = Qpos +Wuut+1:t+P−1.
The decoder performs cross-attention on the given query
to retrieve relevant dynamics from the encoder’s damage-
informed memory Menc. The final decoder output is pro-
jected to the state dimension via a linear head ŝt+1:t+P =
f(Tdec(Qdec,Menc)) ∈ RP×6.

IV. IMPLEMENTATIONS

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

A. Simulation, Dataset, Robot, and Damages

For data generation and experimentation, we use a high-
fidelity soft-body physics simulator, BeamNG.tech, which
has been extensively used for dynamics simulation in off-
road environments. The vehicles in BeamNG.tech are built
as a network of nodes and meshes, while also simulating
the elasticity and strength of each mechanical part. In our
experiment, we use a full-size vehicle as our robot. The
simulator maintains an internal robot health state accessible in
JSON format. We convert the relevant JSON keys and values
into natural language descriptions xt.

Our dataset includes six damage classes including single
and a combination of broken part(s):

• Tire Puncture: a single punctured tire;
• Tire & Spring: a single punctured tire along with a

broken suspension on the same wheel;
• Multiple Tires Punctured & Suspensions Broken

(MTP & SB): damages to adjacent tires and suspensions;
• Broken Axle: either of the axles broken;
• Fall: Drop the robot from a random height in [5, 15]

meters at a random orientation to incur multiple damages;
• No Damage: healthy vehicle.
The mechanically compromised robots are then operated

using a random walk algorithm. We collect vehicle state and
action to generate training data for both damage representa-
tion pre-training and downstream kinodynamics learning. The
dataset is collected uniformly across all classes. In total, we



collect 150K data points, which are divided into an 80-20 train-
validation split. Another unseen dataset of 30K is collected for
testing, which are used to report all experiment results.

For real-world experiments, we use an open-source, 1/10th

scale Verti-4-Wheeler platform, V4W [8]. Real-time state
information is provided at 100Hz by a motion capture setup.
The V4W is damaged by manually removing a wheel or the
foam material inside a tire. All kinodynamics training and
inference is conducted on an NVIDIA A6000 GPU with 48GB
of RAM wirelessly connected with the robot.

B. Damage Representation

To encode the natural language damage descriptions, we uti-
lize the EmbeddingGemma (300M) [51] model as our sentence
Transformer backbone ϕ. The model is chosen for its balance
of lightweight inference and good semantic understanding.

The kinodynamic trajectory encoder hζ is implemented as a
Transformer Encoder. The encoder processes a history window
of H = 200 steps (10 seconds), where the input at each
step is the concatenation of the relative pose in the robot
frame and executed action. We utilize a learnable positional
encoding to preserve temporal order. The encoder consists
of 3 Transformer layers with 8 attention heads, a hidden
dimension of 128, and a feed-forward dimension of 512. We
apply a dropout of 0.2 for regularization. The output sequence
is aggregated via global average pooling to extract a fixed-size
feature vector.

Both the text embedding and the trajectory encoding are
projected into a shared latent space of dimension K = 128
using three-layer MLPs with 256, 256, 128 hidden dimensions,
Batch Normalization, and ReLU activations.

We align the semantic and kinodynamic representations,
zx and zτ , using Eqn (3). The hyperparameters for the loss
function are set to λ = 25.0, µ = 10.0, and ν = 0.1 after
hyperparameter tuning.

C. Damaged Kinodynamics Model

Our Transformer implementation takes as input the state-
action pairs over a history H = 40 (2 seconds), a sequence
of future actions of length P = 10 (0.5 seconds), and the
semantic damage embedding ztx as the input.

The input state history is segmented into patches of length
Lseg = 4, resulting in 10 segments per state dimension. These
segments are projected into a latent dimension of dmodel = 256.
The learnable positional embedding added to these segments
preserves both temporal ordering and state dimension identity.
The 128-dimensional damage embedding zx is projected via
a linear layer to match dmodel and is added element-wise to
the position-encoded segments to condition the global context.
The Transformer Encoder consists of N = 3 layers utilizing
two-stage attention. We implement the temporal attention
phase using a local window size of Wsize = 2 to efficiently
capture local dependencies. The Transformer Decoder consists
of N = 4 layers. To condition the generation on control inputs,
the future action sequence ut+1:t+P−1 is segmented, projected
to dmodel via a linear layer, and added directly to the Decoder’s

learnable positional query embeddings. The Decoder then
attends to the Encoder memory via cross-attention.

The model is implemented in PyTorch. We set h = 4
attention heads, a routing factor of c = 10, and a feed-forward
dimension of dff = 512 for both Encoder and Decoder layers.
We apply a dropout of 0.2 throughout the network. The final
Decoder output is projected to the state dimension via a linear
head, and the network is trained to minimize MSE between the
ground truth and predicted trajectories in the next 0.5 seconds.

V. EXPERIMENTS

We design our experiments to answer four core research
questions regarding the efficacy of ZLIK.

A. Research Question 1: Zero-Shot Performance

In this experiment, we demonstrate ZLIK’s ability to
achieve zero-shot adaptation to structural failures and validate
the necessity of explicit damage representation in kinody-
namics modeling for structurally compromised robots. We
compare ZLIK’s trajectory prediction performance against a
non-adaptive and a state-of-the-art adaptive baseline, ANY-
CAR [55]. The non-adaptive model employs a Transformer
Encoder-Decoder architecture similar to our backbone but is
trained exclusively on state-action data from a structurally
healthy robot. This model does not receive damage embedding
as input, thus named CleanTransformer. We utilize the ANY-
CAR model [55] as a baseline for kinodynamics adaptability.
Like the CleanTransformer, the ANYCAR model does not
utilize damage embedding and is also trained on state-action
data of the healthy robot.

To evaluate the efficacy of online adaptation versus our
zero-shot approach, we fine-tune the ANYCAR model on new
data collected on damaged robots. For a fair comparison
with ZLIK’s adaptability, we fine-tune ANYCAR with only
20 seconds of data. To show ANYCAR’s full capability with
larger amount of new iteration data collected after damage has
occurred, we also fine-tune it on 5 and 10 minutes of new data.

Results presented in Table I show ZLIK significantly outper-
forms all baselines across every damage class. Most notably,
ZLIK achieves superior prediction accuracy in a zero-shot
manner, effectively generalizing to unseen damages without
requiring any online data collection or weight updates.

In contrast, ANYCAR struggles to generalize to the altered
dynamics in zero-shot. While the fine-tuned ANYCAR vari-
ants show progressive improvement as the duration of online
interaction increases from 20 seconds to 10 minutes, they fail
to match the precision of ZLIK. Even after 10 minutes of data
collection, which involves significant risk when operating a
mechanically compromised platform, the fine-tuned models
still yield higher prediction errors than our instant, language-
conditioned approach. Furthermore, CleanTransformer per-
forms poorly across all scenarios. Despite possessing a similar
backbone as our method, its inability to account for the
structural health state leads to substantial prediction errors.



TABLE I: Comparison of Trajectory Prediction Error across
All Damage Classes. ZLIK achieves the lowest error in zero-
shot in every scenario, even outperforming models with 10
minutes of environment-specific fine-tuning.

Damage Class Model MSE ± Std

Overall
ZLIK (Ours) 0.50 ± 1.29
CleanTransformer 1.59 ± 1.55
ANYCAR (Zero-Shot) 2.59 ± 2.44

Fall

ZLIK (Ours) 1.52 ± 2.48
CleanTransformer 3.85 ± 2.46
ANYCAR (Zero-Shot) 5.24 ± 3.66
ANYCAR (20s Fine-tuning) 5.20 ± 3.37
ANYCAR (5m Fine-tuning) 3.15 ± 3.33
ANYCAR (10m Fine-tuning) 2.76 ± 3.13

Broken
Axle

ZLIK (Ours) 0.26 ± 0.80
CleanTransformer 0.97 ± 0.74
ANYCAR (Zero-Shot) 2.02 ± 1.40
ANYCAR (20s Fine-tuning) 2.51 ± 1.90
ANYCAR (5m Fine-tuning) 1.89 ± 1.67
ANYCAR (10m Fine-tuning) 1.73 ± 1.71

Multiple Tires
Punctured &
Suspensions Broken

ZLIK (Ours) 0.32 ± 0.13
CleanTransformer 1.57 ± 0.32
ANYCAR (Zero-Shot) 3.39 ± 2.08

Punctured
Tire

ZLIK (Ours) 0.19 ± 0.16
CleanTransformer 0.91 ± 0.13
ANYCAR (Zero-Shot) 1.32 ± 0.96

Broken
Suspension

ZLIK (Ours) 0.21 ± 0.20
CleanTransformer 0.92 ± 0.15
ANYCAR (Zero-Shot) 1.67 ± 1.57

No
Damage

ZLIK (Ours) 0.45 ± 1.14
CleanTransformer 1.38 ± 0.80
ANYCAR (Zero-Shot) 2.08 ± 1.61

B. Research Question 2: Architectural Necessity

To validate the architectural necessity of our 6-DoF state
decomposition, we compare ZLIK against a Monolithic Trans-
former baseline. We use a Transformer Encoder-Decoder ar-
chitecture that takes damage embedding as input but processes
the robot’s state as a single token, obscuring the independent
relationships between dimensions.

Table II shows the comparison of MSE and its standard
deviation across all classes. The Monolithic Transformer yields
larger prediction error. This trend is also evident in Fig. 4,
where we compare the errors in the decomposed states in
damage classes with multiple mechanical failures (Fall and
Multiple Tires Punctured & Suspensions Broken). This high-
lights that without state decomposition, the model cannot
effectively disentangle the complex, non-linear disturbances
induced by vehicle damage.

TABLE II: Impact of State Decomposition on Trajectory
Prediction Accuracy for all Damage Classes. The Monolithic
Transformer without state decomposition, yields larger error.

Model Architecture State Decomposition MSE ± Std

Monolithic Transformer × 0.81 ± 1.11
ZLIK (Ours) ✓ 0.50 ± 1.09
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Fig. 4: ZLIK outperforms Monolithic Transformer in terms of
MSE and standard deviation across state dimensions for Fall
and Multiple Tires Punctured & Suspensions Broken.

C. Research Question 3: Semantic Grounding

We structure this experiment to evaluate ZLIK’s ability to
successfully align linguistic semantics and physical behaviors.
Specifically, we test the hypothesis that the model uses seman-
tic description to achieve high prediction accuracy. We choose
trials of four distinct damage classes from the 30K unseen test
set. Trials with matching descriptions are compared against
trials where an incorrect description is randomly assigned.

The confusion matrix (Table III) shows a clear diagonal
dominance, indicating that prediction error is minimized when
the input language description matches the physical state of
the robot. When the model is provided with an incorrect
description for a given damage, the prediction error increases
significantly. This validates that the model is effectively using
the language-informed semantic embedding zx to condition its
kinodynamics prediction.

The fourth column of the confusion matrix highlights an
interesting observation. Due to the severity of failures in
the Multiple Tires Punctured & Suspensions Broken class,
the maneuverability of such a damaged robot is significantly
restricted. As the vehicle’s range of possible motion is reduced,
kinodynamic prediction becomes inherently easier, resulting in
lower overall errors, considering the representation of state-
action history can provide sufficient prior to bias the future



Fig. 5: Healthy Physical Robot Platform, V4W (middle),
Used in the Cross-Embodiment Generalization Experiment,
Compared with the Damaged V4W Variants, Front Left Tire
Punctured (left) and Rear Left Wheel Removed (right).

state predictions. However, even in classes with low prediction
errors, the inclusion of the correct damage embedding provides
a measurable positive impact. This demonstrates that even
when the dynamics are constrained by severe damages, seman-
tic grounding allows the model to capture subtle independent
nuances in independent DoFs.

TABLE III: The confusion matrix evaluates ZLIK’s ability
to ground linguistic semantics in physical behaviors. The
diagonal dominance demonstrates that the model successfully
utilizes the semantic embedding ztx to condition kinodynamics.

Actual Physical State

Input Language Broken Fall No MTP
Description Axle Damage & SB

Broken Axle 0.28 0.38 0.29 0.21
Description (±0.82) (±0.88) (±0.61) (±0.41)

Fall 0.34 0.31 0.36 0.23
Description (±0.84) (±0.85) (±0.63) (±0.48)

No Damage 0.29 0.39 0.28 0.22
Description (±0.83) (±0.88) (±0.61) (±0.47)

MTP & SB 0.29 0.37 0.29 0.19
Description (±0.82) (±0.88) (±0.60) (±0.39)

D. Research Question 4: Cross-Embodiment Generalization

This experiment introduces a large domain shift as the test
robot differs from the training robot not only in terms of
the deployment environment (simulation vs real world), but
also fundamental physical parameters like mass, dimensions,
wheelbase, and actuation limits. To validate ZLIK, we test our
model on a 1/10th scale physical V4W platform (Fig. 5) [7].
We alter the robot’s health state by removing the foam inside
the front left tire to simulate a punctured tire and removing the
rear left wheel to simulate a detached wheel. The V4W with
altered health states suffers from non-nominal kinodynamic
behaviors compared to a healthy V4W platform, exhibiting
the problem we aim to address with ZLIK. We compare
the prediction error of ZLIK with the CleanTransformer, the
Monolithic Transformer, and the ANYCAR model, as shown
in Fig. 6.
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Fig. 6: Cross-Embodiment Evaluation on a Physical 1/10th

Scale V4W Robot. ZLIK achieves the best performance in
zero-shot on two unseen damage classes in most dimensions.

Transitioning from a full-sized simulated vehicle to a 1/10th

scale physical robot inevitably introduces a performance gap.
We observe that the relative error rate increases for all models
on the physical platform compared to simulation. This increase
is expected due to unmodeled physical factors, such as sensor
noise, communication latency, and friction disparity inherent
to the sim-to-real and full-to-1/10th scale gaps.

Despite the increase in relative error rate, ZLIK demonstrates
improvement over the baselines in a zero-shot fashion. This
suggests that our semantic embeddings capture the fundamen-
tal nature of the damage (e.g., “loss of a wheel leads to drag
on that side”) rather than overfitting to the full-size training
vehicle in simulation. Even for the unseen 1/10th scale physical
test robot, the semantic grounding provides a prior that is
robust enough to outperform the three baselines, effectively
bridging the gap across different vehicle embodiments.

VI. CONCLUSIONS

We present ZLIK, a natural language-informed kinodynam-
ics modeling approach that can adapt to robot structural dam-
age in a zero-shot manner. By grounding linguistic semantics
in physical behaviors, ZLIK precisely predicts kinodynamics
when facing a variety of vehicle damages without any online
data collection and retraining, even crossing the sim-to-real
as well as full-to-1/10th scale gaps. One potential avenue for
future work is to consider terrain geometry and semantics in
the kinodynamics model, as such environmental features also
play a vital role in determining the changes in kinodynamics
when facing structural damages.
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APPENDIX

A. Training Dataset

We collect the training dataset across six damage classes
in the BeamNG.tech simulator. The total dataset comprises
153,387 trajectory data points, distributed as follows:

TABLE IV: Training Dataset Trajectory Distribution

Damage Class No. of Trajectories
No Damage 17,955
Tire Puncture 20,007
Broken Suspension 25,308
Multiple Tires Punctured & Suspensions Broken 27,873
Fall 46,854
Broken Axle 15,390
Total 153,387

B. Simulation Experiment Dataset

For Research Questions 1 and 2, we evaluate the model
using a different robot configuration to test zero-shot adapt-
ability:

• Robot Mass: 1315 kg
• Drivetrain: Front-Wheel Drive (FWD)
• Test Data: 15,390 trajectory data points with uniform

class distribution.
For Research Question 3, we evaluate the model in a

test set generated on the same robot used for training data
generation.

• Robot Mass: 1888 kg
• Drivetrain: 4-Wheel Drive (4WD)
• Test Data: Uniformly sampled 15,390 trajectories to

match the size of previous experiments.

C. V4W Dataset

The real-world validation is conducted on the V4W platform
at a sampling rate of 20Hz. The data collected for the two
damage classes is summarized in Table V.

TABLE V: Real-World Dataset (V4W Platform)

Damage Class Trajectories Approx. Duration (min)
Front-Left Puncture 4,705 3.92
Rear-Left Removed 4,355 3.63
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