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Abstract— Trajectory prediction for traffic agents is critical
for safe autonomous driving. However, achieving effective zero-
shot generalization in previously unseen domains remains a
significant challenge. Motivated by the consistent nature of
kinematics across diverse domains, we aim to incorporate
domain-invariant knowledge to enhance zero-shot trajectory
prediction capabilities. The key challenges include: 1) effec-
tively extracting domain-invariant scene representations, and
2) integrating invariant features with kinematic models to
enable generalized predictions. To address these challenges,
we propose a novel generalizable Physics-guided Causal Model
(PCM), which comprises two core components: a Disentangled
Scene Encoder, which adopts intervention-based disentangle-
ment to extract domain-invariant features from scenes, and a
CausalODE Decoder, which employs a causal attention mecha-
nism to effectively integrate kinematic models with meaningful
contextual information. Extensive experiments on real-world
autonomous driving datasets demonstrate our method’s su-
perior zero-shot generalization performance in unseen cities,
significantly outperforming competitive baselines. The source
code is released at https://github.com/ZY-Zong/Phys
ics-guided-Causal-Model.

I. INTRODUCTION

Trajectory prediction aims to forecast the future paths of
dynamic agents in autonomous driving scenarios [1], [2],
[3], [4], which is critical for ensuring driving safety. Recent
studies [5], [6] have primarily developed machine learning
(ML) approaches for end-to-end trajectory prediction by
leveraging multiple data modalities, including images, Li-
DAR, polylines, and waypoints. However, purely data-driven
ML is prone to spurious correlation [7], thus struggling to
generalize to unseen domains.

To address this problem, existing works have developed
various domain generalization techniques, such as transfer
learning [8], [9] and trajectory tokenization for next-token
prediction [10]. While these methods contribute to enhancing
domain generalization, several challenges remain. Transfer
learning approaches are often computationally expensive and
struggle with zero-shot trajectory prediction. Additionally,
trajectory tokenization techniques require massive data to
effectively bridge the domain gap, making them less feasible
in data-scarce or rapidly changing environments. Moreover,
these purely data-driven ML approaches may not comply
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Fig. 1. Illustration of two right turn scenarios in two different cities. The
model trained on city A can make correct prediction, but fail in unseen
city B with different lane width, traffic condition and road alignment. To
solve this problem, our method leverages two generalizable knowledge:
domain-invariant knowledge separated from the spatial-temporal features
and vehicle kinematics, to enhance domain generalization ability.

with physical laws. To deal with these issues, recent stud-
ies [11], [12], [13] have developed physics-guided ML that
incorporates system dynamics to enhance the robustness and
generalizability of trajectory prediction. However, existing
approaches often struggle to capture meaningful contextual
information in dynamic and complex environments. In ad-
dition, none of them focuses on zero-shot prediction across
two different domains.

To bridge this gap, we propose a generalizable Physics-
guided Causal Model (PCM) that integrates domain-invariant
features with vehicle kinematics to enhance zero-shot tra-
jectory prediction in unseen domains. As shown in Fig. 1,
models trained in City A often fail to generalize to scenarios
in an unseen City B due to discrepancies in road alignments,
lane widths, and traffic conditions. These characteristics
represent domain-specific knowledge derived from spatial-
temporal distributions. In contrast, broad spatial patterns such
as road topology, and general traffic regulations are typically
consistent across different urban environments. Motivated
by this observation, we hypothesize that domain-invariant
knowledge remains stable across cities, and that predicted
trajectories should additionally conform to vehicle kinematic
constraints to ensure physical plausibility and real-world de-
ployability. The key challenges we are addressing include: (i)
effectively extracting domain-invariant scene representations
from map polylines, and (ii) integrating domain-invariant
representations with kinematics to enhance the zero-shot
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generalizability of trajectory prediction.
To overcome the first challenge, we develop a Disen-

tangled Scene Encoder to learn domain-invariant features
through intervention-based disentanglement. To address the
second challenge, we introduce a CausalODE Decoder that
devises a causal attention mechanism to integrate invariant
features and kinematics-guided predictions. Specifically, to
comply with physical laws, we incorporate a two-wheel kine-
matic model [14] into neural ordinary differential equation
(ODE) [15] to learn vehicle dynamics and then use it to
initialize a trajectory query for the decoder. Besides, inspired
by causal representation learning [7], [16], we design a causal
attention mechanism based on the Transformer decoder [17]
to fuse domain-invariant features and kinematics for captur-
ing the interactions between them, thereby enhancing zero-
shot generalization capability.

To evaluate the performance of our method, we implement
two zero-shot experiments on real-world driving datasets:
i) trained on nuPlan [18] and evaluated on nuScenes [19],
and ii) trained on WOMD [20] and evaluated on nuPlan.
Both of them show that our method significantly outperforms
baselines in zero-shot trajectory predictions, suggesting its
superior generalization capability.

Our contributions include: 1) we propose a novel gen-
eralizable Physics-guided Causal Model (PCM) that can en-
hance zero-shot trajectory prediction performance in unseen
domains; 2) we introduce a Disentangled Scene Encoder to
learn domain-invariant scene representations and a Causa-
lODE Decoder to integrate learned invariant representations
with kinematics to significantly enhance model’s generaliza-
tion capability; and 3) we present extensive experiments to
validate the superior zero-shot prediction performance of our
approach using real-world trajectory prediction datasets.

II. RELATED WORKS

Domain Generalization of Trajectory Prediction. En-
hancing domain generalization of trajectory prediction re-
mains an open research question. Existing techniques lever-
ages transfer learning [21] together with random masks [8],
[9] to tackle this challenge. However, these methods re-
quire high pretraining costs and finetuning models on new
domains. In addition, they struggle with out-of-distribution
(OOD) scenarios [22], [23]. SMART [10] leverages discrete
representation to bridge different domains. However, it re-
quires massive data to construct a generalizable token vo-
cabulary. In addition, the discrepancy between the true value
and its discretized representation can accumulate, which is
harmful over long trajectories. A most recent study [24]
has proposed Adaptive Prediction Ensemble (APE) that
combines a rule-based expert and a learning-based expert to
improve OOD generalization across datasets. However, since
constant velocity rule-based expert struggle with predicting
curved trajectories accurately, APE has to select from two
inferior predictions when its learning-based expert cannot
understand unseen turning scenarios. Different from existing
works, we propose a new method that combines invariant

scene features and kinematics to enhance the zero-shot
generalization ability.

Physics-guided ML for Trajectory Prediction. Recent
studies [13], [25], [11], [12] have explored physics-guided
ML methods for generalized representation learning in tra-
jectory prediction. For example, Geng et al. [13] proposed a
physics-informed hybrid model that combines a data-driven
Transformer with the Intelligent Driver Model (IDM) to
predict final trajectories. Tischmann et al. [25] incorporated a
physics-informed loss based on IDM to guide neural network
training. Other works [11], [12] embedded physical princi-
ples directly into machine learning architectures to enhance
model generalization. While these methods demonstrate im-
proved performance through the integration of physics, their
evaluations are limited to within the same dataset. Moreover,
they often fail to capture generalized contextual information
from dynamic and complex environments, which may lead
to poor predictions in unseen domains. To tackle this issue,
we introduce a Disentangled Scene Encoder for extracting
domain-invariant contextual features and a causal attention
decoder for fusing these features with kinematics.

Causal Representation Learning in Autonomous Driv-
ing. Some research also employed causal representation
learning based on Structural Causal Models (SCMs) [7], [26],
[16], [27] to improve generalization capability of trajectory
prediction. For instance, CausalHTP [26] utilized causal
graphs and counterfactual interventions to avoid environ-
ment biases that mislead prediction results. CaDeT [7] and
CaST [16] proposed disentanglement approaches to separate
spurious parts from causal relations and then de-confound
spurious causality. However, these methods either pre-define
the causal structure or require causal annotations like [28].
To tackle these issues, a recent work, FUSION [27], lever-
ages safety-aware causal Transformer to learn causality of
Reinforcement Learning (RL) inputs. Liu et al. [29] adopted
sim-to-real causal transfer to learn multi-agent causal inter-
actions without real-world causal annotations. CCDiff [30]
automatically identify and inject causal structures into the
diffusion model. Unlike previous works, we introduce a
causal intervention-based technique to disentangle domain-
invariant features from scenes without needing causal anno-
tations and pre-defined causal structures. These features are
then integrated with vehicle kinematics through the attention
block to learn causal interactions between context features
and physics.

III. PROPOSED METHOD

A. Problem statement

The objective is to predict the future trajectory of
the ego agent in a multi-agent autonomous driving
scenario consisting of n− 1 neighboring agents. Let
DH = {X1,X2, · · · ,Xn} represent the observed trajecto-
ries of these agents from time steps t0 to tH in history,
where Xi denotes the observed trajectories of agent i,
namely, Xi = [si(t0), . . . , si(tH)]⊤. For agent i, si(tj) =
[xi(tj), yi(tj), θi(tj), vi(tj)]

⊤ represents its state, including
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the position, heading, and velocity at time step j. Let M de-
notes map polylines, which is represented by coordinate posi-
tions, directions, and lane types. Given environmental context
M and observed trajectories DH , the goal of this work is
to predict future trajectory of the ego agent e in prediction
horizon T , denoted by Ye = [se(tH+1), . . . , se(tH+T )]

⊤.

B. Overall architecture

To achieve domain generalization of the predictor, we
develop a new physics-guided causal model to enhance zero-
shot generalization capability, as shown in Fig. 2. The core
idea is to disentangle domain-invariant features from scenes
and then integrate them with kinematics for trajectory predic-
tion. The proposed method comprises two main components:
(i) Disentangled Scene Encoder, aiming to learn domain-
invariant representations from scenes; and (ii) CausalODE
Decoder that captures the interactions between invariant
features and vehicle dynamics.

C. Disentangled scene encoder

First, we adopt a disentangled scene encoder to learn
domain-invariant features from map polylines, and then feed
them into the scene encoder. By extracting invariant features,
the scene encoder is able to generate meaningful context
representations devoid of domain-specific information, e.g.
different layout of unimportant map polylines in different
cities. As a result, the trajectory decoder would rely ex-
clusively on domain-invariant features to perform zero-shot
prediction.

As shown in Fig. 2, we take observed trajectories of
agents X and map polylines M as inputs. Both inputs
are respectively encoded into feature embeddings ZX and
ZM using the multilayer perceptron (MLP). As illustrated
in Fig. 2 (a), in order to learn invariant features from
map polylines, we learn disentangled scene representation
with the intervention mechanism that separates ZM into
domain-invariant and domain-variant groups, denoted by Z+

M

and Z−
M respectively. We set the first k percent of latent

features to be domain-invariant and the remaining to be
domain-variant. Inspired by causal invariance in Structural
Causal Model (SCM) [7], disentangling can be achieved
by cutting the causal relation between Z+

M and Z−
M with

the intervention denoted by do(Z−
M ). The core idea is to

replace Z−
M with an intervention set to simulate revoking

domain-variant features. In this work, assuming latent fea-
tures follow multivariate Gaussian distribution, we construct
an intervention set with data sampled from standard Gaussian
distribution.

After intervention, both original and intervened map fea-
tures are concatenated with the vehicle trajectory representa-
tion ZX to obtain fused modality embeddings, respectively.
Both embeddings are then fed into a transformer-based scene
encoder gθ1 [31] to obtain meaningful context information
C, C̃ ∈ Rd×h respectively, where d is the spatial latent
dimension size and h is the hidden latent dimension size.

D. CausalODE decoder

To further enhance the generalizability of trajectory pre-
diction, we introduce a CausalODE Decoder that integrates
domain-invariant features with kinematics. It consists of two
parts: 1) a physics-guided neural ODE that serves as query
based on vehicle dynamics, and 2) a causal attention module
based on Transformer decoder [6] that captures interactions
among context features and vehicle dynamics.

Physics-guided neural ODE: We aim to integrate kine-
matics into the neural ODE framework to learn the underly-
ing governing equations. The main idea of neural ODE is to
use deep neural networks (DNN) to approximate the vector
field as ds(t)

dt = Φ(s(t), t, ϕ), where Φ is the vector field
parameterized by DNN and s(t) is system states at time t.

Recall that the vehicle state s(t) contains four attributes,
i.e., (x, y, θ, v), which represents the position of vehicle
wheel center, heading, and velocity respectively. Following
prior works [14], [32], we use the bicycle kinematic model
to model vehicle dynamics as follows:

Φ(s(t), t, ϕ) =


ẋ
ẏ

θ̇
v̇

 =


v cos θ
v sin θ
v tan δ

L
a

 . (1)

δ, a, L represent steering angle, acceleration, and wheel-
base length of the vehicle. These unknown dynamics terms
corresponds to the third and fourth rows in Equation (1),
and are learned via an MLP. Specifically, for each mode i,
the terms (θ̇i, v̇i) are predicted by an MLP as (θ̇i, v̇i) =
MLPi(xi, yi, θi, vi). These learned components vary across
vehicles and over time, capturing individual behavior and
temporal dynamics.

Given the above vehicle dynamics, and let the trajectory’s
initial state be the current observed state s(tH), trajectory
prediction over a time horizon T can be formulated as an
initial value problem (IVP), and then solved by:

s(t) = s(tH) +

∫ t

tH

Φ
(
s(τ), τ, ϕ

)
dτ,

s(tH+j) = ODESolve
(
Φ, s(tH), tH , tH+j

)
,

for j = 1, . . . , T.

(2)

To capture uncertainty of unknown system coefficients in
Eq. (1), we use m neural ODEs with different parameters to
learn vehicle dynamics in complex driving scenarios such as
left turn and right turn.

Causal attention module: Its inputs include outputs from
neural ODEs, and context features generated by the scene
encoder. To learn the causal relationships between them, we
employ multi-head attention mechanism [6] to attend queries
with context features. Specifically, for each prediction mode
j = 1, . . . ,m and spatial index i = 1, . . . , d, the query, key
and value for the decoder are:

Qj = SjWQ,Ki = CiWK ,Vi = CiWV , (3)

where S represents the mode prediction along horizon T .
WQ,WK ,WV denotes the weight of query Q, key K, and
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Fig. 2. Overall framework of the proposed method. It comprises two main parts: (a) a Disentangled Scene Encoder aiming to extract domain-invariant
features; (b) a CausalODE decoder that integrates domain-invariant features with vehicle kinematics learned by neural ODE.

value V , respectively. If we set the hidden feature dimension
of each mode prediction as dk. Then, the attention matrix A
among input nodes are:

A = Softmax(QK⊤/
√
dk). (4)

Each value of attention matrix Ai,j indicates the impact of
context feature Ci to each trajectory Sj . We then compute
each head’s output by weighting the values, concatenating the
vectors, and projecting back yields the physics query output.
We follow each cross-attention block with a self-attention
block to enhance the physics query internal relationship.
After repeating this process for N layers, we we apply a
final linear projection to produce the predicted trajectory Y .

E. Objective function

The overall objective is composed of two loss functions:
(i) intervention loss and (ii) Gaussian Mixture Model (GMM)
loss commonly used in trajectory prediction [6], [33], [34].
We detail these two loss functions below.

Intervention loss: Recall that we feed both original and
domain-invariant latent representations Z and Z̃ through
the encoder gθ1 , resulting in context features C = gθ1(Z)
and C̃ = gθ1(Z̃). These two features are fed into the
decoder, denoted by fθ2 , to predict trajectories Y and Ỹ ,
respectively. To learn domain-invariant features, we force
these two predicted trajectories to be close to each other.
Mathematically, we have the following objective function:

argmin
θ1,θ2

Ldo(Y , Ỹ ) =
1

T

H+T∑
j=H+1

∥∥∥fθ2(C)− fθ2(C̃)
∥∥∥2,

(5)
where H is the current time step and T is the prediction
horizon. gθ1 and fθ2 denote the encoder and decoder, re-
spectively.

GMM loss: During model training, we aim to find the
nearest predicted trajectory compared with ground truth Ŷ
and minimize their difference. Given m different modes of
predictions, define î as the nearest index. This give the best

predtion Yî with probability pî Then the GMM loss [33]
contains classification and regression part as below:

LGMM(Y , Ŷ ) = E(x,y)

[
Lreg

(
Yî, Ŷ

)
+ Lcls

(
pî
)]
, (6)

where Lreg denote negative log-likelihood of the ground-
truth trajectory under the bivariate Gaussian distribution of
the selected nearest mode, and Lcls denote the the cross
entropy to maximize the probability of the selected trajec-
tory Yî.

Overall objective: The final objective is the sum of the
intervention loss and two Gaussian Mixture Model (GMM)
loss:

L = LGMM (Y , Ŷ ) + LGMM (Ỹ , Ŷ ) + λLdo(Y , Ỹ ), (7)

where λ is a hyperparameter that balances the third term.

IV. EXPERIMENTS

A. Datasets

We evaluate our method using public dataset described
below. In data preprocessing, we use ScenarioNet [35] and
unitraj [36] to generated unified descriptions of three dif-
ferent datasets to achieve cross-dataset evaluation. Specifi-
cally, (1) nuScenes dataset [19] contains 850 train-validation
scenarios and 150 test scenarios collected from Boston
and Singapore. (2) nuPlan dataset [18] provides a broader
coverage, with data from Boston, Singapore, Las Vegas, and
Pittsburgh. Since nuScenes and nuPlan share city maps, we
use only the Pittsburgh subset (35,058 scenes) for training
in nuPlan to prevent overlap during cross-dataset evaluation,
while the original nuPlan test split (20,756 scenes from all
four cities) is used for testing. (3) Waymo Open Motion
Dataset (WOMD) [20] offers a significantly larger scale,
with 487K training scenes and 44K test scenes collected from
six cities including San Francisco, Phoenix, Mountain View,
Los Angeles, Detroit, and Seattle—all of which are unseen in
nuPlan. To reduce computational costs, we randomly sample
10% of the training scenes from WOMD for training.
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B. Implementation details

For feature embeddings, we use 1-layer and 2-layer MLP
respectively to project agents trajectories and map polylines
into hidden spaces with size of 240. We select the closest 384
map polylines around the ego agent, with up to 20 points for
each polyline. For disentanglement, we set domain-invariant
percentage to k = 0.5. We will also explore the effect of
k on model performance in Section IV-F. The weight of
intervention loss is λ = 1.

For scene encoder, we use a Perceiver-like [31] architec-
ture with 1 cross-attention layer followed by 2 self-attention
layers. For the decoder, we use 6 3-layer MLPs with hidden
size of 200 to parameterize ODEs and solve IVP with Dopri5
solver [37]. The causal attention block consists of 8 causal
attention layers.

For all experiments, models are trained 100 epochs with
AdamW optimizer and OneCycleLR learning rate scheduler
on 4 Nvidia RTX A5000 GPUs.

C. Metrics

We use four unified metrics in unitraj [36] for evaluation.
For all metrics, we consider the top k = 6 prediction modes.
Specifically, we use the following metrics:
• Minimum Average / Final Displacement Error (mi-

nADE / minFDE): It computes the average / final time
step of L2 distance error between ground truth and the
closest trajectory among 6 modes of predictions:

• Miss Rate (MR): The prediction is defined to miss when
final trajectory displacement exceeding 2 meters. Miss rate
is the ratio of miss samples at prediction horizon T .

• Brier minimum Final Displacement Error (brier-
minFDE): It accounts for probability of the best predicted
trajectory p in minFDE by adding the penalty value (1−
p)2 to the L2 distance.

D. Baselines

To assess the performance of our method, we not only
compare it against competitive trajectory prediction base-
lines, but also some advanced methods with generaliza-
tion capabilities. Specifically, Wayformer [6] fuses multi-
modal input features with self-attention encoder to generate
spatial-temporal relationship, which is attended to predict
trajectories through cross-attention decoder. Autobot [38]
uses multi-head self-attention modules to learn social and
temporal interactions, allowing scene-consistent multi-agent
trajectory predictions. MTR [34] integrates global intention
localization and local movement refinement with a unified
transformer, which ensures the model to learn agent interac-
tions and predict scene-compliant predictions. G2LTraj [39]
simultaneously generates local intermediate trajectory pre-
dictions between global key steps with spatial-temporal con-
straints. APE [24] selects either learning-based or rule-based
prediction expert with the highest ranking score for trajectory
prediction. Forecast-MAE [9] randomly masks both agent
trajectories and map elements, which are used to pretrain
a scene-level encoder. RMP [8] randomly masks historical

TABLE I
NUPLAN-TO-NUSCENES: PERFORMANCE COMPARISON BETWEEN OUR

METHOD AND BASELINES FOR ZERO-SHOT EVALUATION ON NUSCENES,
TRAINED ON NUPLAN DATASET. RESULTS ARE AVERAGED OVER THREE

RANDOM SEEDS. BOLD REPRESENTS THE BEST RESULTS.

Method minADE6 minFDE6
brier

-minFDE
Miss
Rate

Wayformer [6] 1.036 2.621 3.299 0.469
AutoBot [38] 1.197 2.782 3.430 0.465
G2LTraj [39] 1.188 2.754 3.419 0.467
MTR [34] 1.360 3.236 3.877 0.600

Forecast-MAE [9] 1.159 2.673 3.974 0.602
RMP [8] 1.485 3.460 4.032 0.653
SMART [10] 1.812 3.587 4.513 0.695
APE [24] 3.655 9.214 9.214 0.889

Ours 0.897 2.205 2.857 0.398

TABLE II
WOMD-TO-NUPLAN: PERFORMANCE COMPARISON BETWEEN OUR

METHOD AND BASELINES FOR ZERO-SHOT EVALUATION ON NUPLAN,
TRAINED ON WOMD DATASET. RESULTS ARE AVERAGED OVER THREE

RANDOM SEEDS. BOLD REPRESENTS THE BEST RESULTS.

Method minADE6 minFDE6
brier

-minFDE
Miss
Rate

Wayformer [6] 0.745 2.034 2.635 0.317
AutoBot [38] 0.851 2.308 2.934 0.340
G2LTraj [39] 0.872 2.324 2.938 0.388
MTR [34] 0.791 2.125 2.621 0.394

Forecast-MAE [9] 0.936 2.531 2.985 0.407
RMP [8] 1.375 2.832 3.247 0.419
SMART [10] 1.614 4.082 4.626 0.492
APE [24] 3.122 8.373 8.373 0.766

Ours 0.720 1.951 2.562 0.315

agent trajectories and pretrains an agent-centric motion en-
coder that learns motion dynamics and temporal continuity.
SMART [10] models agent trajectories and vectorized map
as discrete sequence tokens for next-token prediction via a
decoder-only transformer.

E. Comparison against the state-of-the-art

We compare the zero-shot generalization performance of
our method with baselines. Specifically, we train models
on one dataset with 21 history time steps and zero-shot
evaluate them on another with 60 prediction time steps.
The performance are evaluated on the top k = 6 prediction
modes with four unified metrics minADE, minFDE, brier-
minFDE and miss rate in unitraj [36].

Evaluation on nuScenes and trained on nuPlan. As
shown in Table I, our method outperforms the second best
baseline by a margin of 0.139, 0.416, 0.442, and 0.067
in terms of minADE, minFDE, brier-minFDE and miss
rate respectively. We attribute the improvement to physics
knowledge and domain-invariant features. It reveals that
our method can learn these two generalized knowledge so
that the model maintains the performance well in unseen
scenarios. The state-of-art generalizable trajectory prediction
method, APE, fails to achieve good performance in our
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Other methods stop here. Stop to avoid collision.
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Fig. 3. The trajectory prediction visualization for top-three methods on 8 different nuScenes scenarios. (a) Our method drives normally, while others crash
into pedestrians. (b) Our method stops before the pavement in the crossroad with heavy traffic, while two other predictions crash into other vehicles. (c)
Our method turns right smoothly, while G2LTraj turns left. G2LTraj and Wayformer’s predictions cannot follow vehicle kinematics well in this scenario.
(d) Our method turns left without driving out of the road. (e) Our method correctly turns left at the crossroad. (f) Our method drives normally with vehicles
parking aside the road, while other methods stop. (g) Our method stops to avoid collision to the pedestrian ahead. (h) Our method turns right smoothly,
indicating it follows vehicle kinematics.

experiments, indicating it may not fully understand the
road conditions in unseen domains. As a result, its routing
function struggles to select the best prediction expert for
trajectory prediction. In addition, our method outperforms
Forecast-MAE, RMP and SMART, indicating our method’s
superior zero-shot generalization ability.

Evaluation on nuPlan and trained on WOMD. Com-
pared to nuScenes and nuPlan, WOMD is an even larger-
scale dataset which contains more complicated driving data
by covering more turning and fewer straight scenarios. As
shown in Table II, our method still achieves the best perfor-
mance in complex scenarios with smaller minADE, minFDE,
brier-minFDE and miss rate values of 0.025, 0.083, 0.059 and
0.002 respectively. It is noticeable that baselines like way-
former and MTR, are able to achieve promising trajectory
prediction performance in unseen datasets. This indicates
that, with sufficient training data, the spatial-temporal rela-
tionships learned by their models may contain generalizable
information. Nevertheless, our method improves it further
by learning vehicle dynamics and domain-invariant features.
Forecast-MAE and RMP fail to deliver strong performance
because randomly masking out data within a single dataset
does not guarantee the learning of generalizable features
that can effectively transfer to other datasets. This risks
overfitting to dataset-specific patterns while ignoring trans-
ferable motion semantics. Similarly, SMART underperforms
due to its tokenization strategy, which may lead to the loss
of fine-grained motion nuances critical for precise trajectory
forecasting.

F. Ablation study

Impact of key components. We also investigate the
impact of two important components: (a) disentangled scene

encoder with intervention loss, and (b) CausalODE decoder,
on trajectory prediction performance using nuScenes dataset,
as shown in Table III. We can observe that the perfor-
mance drops 0.157, 0.514, 0.543 and 0.1 for minADE,
minFDE, berierFDE and miss rate, respectively, when re-
moving physics-guided ODE. This reveals learning physical
dynamics can boost the generalization. Similarly, removing
disentanglement and intervention loss from our method gives
worse performance, which shows the effectiveness of dis-
entanglement to generate domain-invariant features. Finally,
the result without both components shows that fusion of
physical dynamics and domain-invariants features can attend
their relations well and boost model generalization capability.

Impact of domain-invariant percentage. Recall that we
control the percentage of domain-invariant features in the
disentangled scene encoder as illustrated in Table III with
the hyperparameter k. We investigate the impact of k on the
nuScenes dataset to assess its impact on model performance.
As shown in Table VII, the performance degrades when k
is set either too small or too large. When k is too small,
the scene encoder fails to learn latent representations since
most map embeddings are revoked. Conversely, when k is too
large, the domain-variant components lack sufficient latent
dimensions and are captured within the domain-invariant
feature groups. In our experiments, we choose k = 0.5, which
gives the best performance.

Parameter sensitivity. We conduct experiments on the
nuPlan-to-nuScenes setting to analyze the sensitivity of pa-
rameter λ with values sampled from {0, 0.25, 0.5, 0.75, 1}.
As shown in Fig. 4, minADE remains relatively stable when
λ > 0, but increases significantly when λ = 0. Overall, the
proposed method get the best performance with λ = 1, so
we set λ = 1 in our experiments.
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TABLE III
ABLATION STUDIES OF THE PROPOSED METHOD. EXPERIMENTS ARE

TRAINED ON NUPLAN AND EVALUATED ON NUSCENES.

(a) (b) minADE6 minFED6 brier-minFDE Miss Rate

× × 1.484 3.907 4.567 0.667
× ✓ 1.031 2.652 3.309 0.400
✓ × 1.010 2.526 3.196 0.453

Ours 0.853 2.012 2.653 0.353

TABLE IV
IMPACT OF DOMAIN-INVARIANT PERCENTAGE k. EXPERIMENTS ARE

TRAINED ON NUPLAN AND EVALUATED ON NUSCENES.

k minADE6 minFED6 brier-minFDE Miss Rate

0.2 1.115 2.756 3.381 0.533
0.4 0.999 2.573 3.252 0.480
0.6 0.972 2.439 3.105 0.493
0.8 1.012 2.560 3.228 0.487

0.5 (Ours) 0.853 2.012 2.653 0.353

G. Qualitative examples

In Fig. 3, we visualize the best predicted trajectories of
top three methods in eight unseen scenarios in nuScenes.
In case (a), where the traffic condition at the intersection
is relatively clear, our method executes a normal driving
maneuver, whereas Wayformer and G2LTraj fail to detect
pedestrians and collide with them. In case (b), cross-street
traffic is actively moving. Our model is able to stop safely
before the pedestrian crossing, while the baselines overlook
the traffic context and crash into surrounding vehicles. In
case (c), both Wayformer and our method correctly execute
a right turn consistent with the ground truth, while G2LTraj
erroneously turns left. Notably, our predicted trajectory is
smoother than those from the baselines, highlighting the
effectiveness of the vehicle kinematic constraints embedded
in CausalODE. Similarly, the smooth right turn depicted
in case (h) further supports our model’s compliance with
physical vehicle dynamics. Case (d) illustrates our model’s
ability to safely execute a left turn without veering off the
road. In case (e), our method correctly turns left to avoid
both pedestrians on the right and a vehicle ahead, suggesting
a strong understanding of spatial interactions in the scene.
In case (f), despite parked vehicles along the roadside,
our method proceeds normally, while baseline models halt

TABLE V
INFERENCE LATENCY COMPARISON BETWEEN OUR METHOD AND

BASELINES. WE MEASURE ALL THE MODEL’S ONE MODE PREDICTION

TIME ON ONE RTX A5000 GPU (BATCH SIZE=1), AVERAGED OVER THE

WHOLE NUSCENSE TEST DATASET.

Method Wayformer AutoBot G2LTraj MTR Ours

Latency (ms) 13.93 10.05 10.16 65.00 37.23

Method F-MAE RMP SMART APE

Latency (ms) 21.82 12.46 11.75 42.38

unnecessarily. Finally, in case (g), our model appropriately
stops to avoid a pedestrian directly ahead, demonstrating
context-aware behavior.

In summary, these cases reveal that our method is gen-
eralizable to unseen scenarios by learning domain-invariant
knowledge and vehicle kinematics.

H. Inference time

To guarantee safety in autonomous driving, the inference
speed of the model should satisfy real-time requirements. In
Table V, we investigate the inference speed of our method.
Though vehicle kinematics increase the processing time,
our method takes 37.23 ms, which still satisfy real-time
requirement [40] within 100 ms.

V. CONCLUSION

In this work, we proposed a novel generalizable physics-
guided causal model to enable zero-shot trajectory predic-
tion performance by learning domain-invariant features and
physical dynamics. Our method is composed of two core
components: the disentangled scene encoder to effectively
extract domain-invariant parts of scene representations, and
the CausalODE decoder to fuse domain-invariant features
with physics-guided trajectory queries. Extensive experi-
mental results on real-world driving datasets demonstrated
the superior zero-shot generalizability of our method over
baselines.

Despite these promising results, our current implementa-
tion relies on a simplified bicycle model, which may not
fully capture the complex dynamics of real-world vehicles.
In future work, we plan to incorporate more sophisticated
kinematic models to further enhance the physical fidelity.
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K. Santosh, “Advances and challenges in meta-learning: A technical
review,” 2023. [Online]. Available: https://arxiv.org/abs/2307.04722

[23] D. Nguyen, S. Gupta, T. Nguyen, S. Rana, P. Nguyen, T. Tran,
K. Le, S. Ryan, and S. Venkatesh, “Knowledge distillation with dis-
tribution mismatch,” in Machine Learning and Knowledge Discovery
in Databases. Research Track, N. Oliver, F. Pérez-Cruz, S. Kramer,
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