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ABSTRACT

End-to-end (E2E) autonomous driving has recently emerged as a new paradigm,
offering significant potential. However, few studies have looked into the practical
challenge of deployment across domains (e.g., cities). Although several works
have incorporated Large Language Models (LLMs) to leverage their open-world
knowledge, LLMs do not guarantee cross-domain driving performance and may
incur prohibitive retraining costs during domain adaptation. In this paper, we
propose RoCA, a novel framework for robust cross-domain E2E autonomous
driving. RoCA formulates the joint probabilistic distribution over the tokens that
encode ego and surrounding vehicle information in the E2E pipeline. Instantiating
with a Gaussian process (GP), RoCA learns a set of basis tokens with corresponding
trajectories, which span diverse driving scenarios. Then, given any driving scene, it
is able to probabilistically infer the future trajectory. By using RoCA together with
a base E2E model in source-domain training, we improve the generalizability of
the base model, without requiring extra inference computation. In addition, RoCA
enables robust adaptation on new target domains, significantly outperforming direct
finetuning. We extensively evaluate RoCA on various cross-domain scenarios and
show that it achieves strong domain generalization and adaptation performance.

1 INTRODUCTION

Moving beyond the traditional modular design, where distinct components like perception [Li et al.,
2022; Philion & Fidler, 2020; Wang et al., 2024b; Yin et al., 2021], motion prediction [Chai et al.,
2019; Liu et al., 2021; Ngiam et al., 2021], and planning [Sun et al., 2023] are often developed
and optimized in isolation, the focus in autonomous driving research has recently shifted towards
integrated, end-to-end (E2E) systems [Casas et al., 2021; Chen & Krähenbühl, 2022; Chitta et al.,
2021; Hu et al., 2022; Jiang et al., 2023; Wu et al., 2022]. While E2E approaches can potentially
provide enhanced overall driving performance thanks to the joint optimization across components,
their robustness can be lacking when encountering less frequent scenarios. An important factor is the
lack of diversity in existing large-scale training datasets e.g., [Caesar et al., 2020; Dosovitskiy et al.,
2017; Ettinger et al., 2021], which often fail to capture the full spectrum of driving scenarios. For
instance, datasets like nuScenes [Caesar et al., 2020] are dominated by simple events, with limited
coverage of rare, safety-critical edge cases. This imbalance is further amplified by standard training
protocols, which tend to prioritize performance on frequent scenarios, causing the optimization to
under-weigh long-tail events. As a result, E2E models trained in such a ways have sub-optimal
performance when deployed in different domains, such as different cities, lighting environments,
camera characteristics, or weather conditions.

Large language models (LLMs) have recently emerged as a potentially powerful avenue to address
these challenges, as their extensive world knowledge, gleaned from vast internet-scale data, may
enable more effective generalization to unseen or rare scenarios [Wei et al., 2022]. Multi-modal
variants (MLLMs) further enhance this by integrating visual inputs [Li et al., 2023; Liu et al., 2024],
enabling a new wave of E2E driving systems that aim to achieve higher interpretability and improved
long-tail robustness [Hegde et al., 2025; Hwang et al., 2024; Sima et al., 2023; Tian et al., 2024a,b;
Wang et al., 2024a, 2023]. However, this integration introduces its own set of obstacles. One concern
is that there is no inherent guarantee that these LLM-infused models will generalize across disparate
domains without further adaptation. Moreover, retraining these massive models for new domains
is often prohibitively expensive, demanding large quantities of specialized instruction-following
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data. Critically, even with broad world knowledge, the fundamental issue of data imbalance may
persist, limiting model reliability in safety-critical long-tail situations if not explicitly addressed
during training.

To address these challenges, we propose RoCA (Robust Cross-domain end-to-end Autonomous
driving). RoCA is an end-to-end autonomous driving framework designed for enhanced robustness
and efficient adaptation using only multi-view images. Instead of relying on pre-trained LLMs, RoCA
learns a compact yet comprehensive codebook of basis token embeddings (b) that represent diverse
ego states (pose, velocity, acceleration) and agent states (motion trajectory, velocity, acceleration),
spanning both source and potentially target data characteristics. Crucially, RoCA leverages this
learned codebook within a Gaussian Process (GP) framework. During inference, given a new scene’s
token embedding, the GP probabilistically predicts future ego waypoints and agent motion trajectories
by leveraging the correlation between the current embedding and the learned basis embeddings (b)
and their associated known trajectories (w = g(b)) for a learned mapping (g(.)) This probabilistic
formulation inherently supports generalization, as predictions for novel scenes are informed by their
similarity to known embeddings within the diverse codebook. Furthermore, the variance estimated
by the GP provides a principled measure of prediction uncertainty. This variance can be used to
dynamically weight the training loss, enabling RoCA to automatically assign greater importance
to uncertain or difficult predictions, thereby effectively addressing the training imbalance towards
common scenarios and improving performance on critical long-tail events.

The RoCA framework typically involves an initial stage to build the codebook and optimize GP
parameters using source data, followed by efficient deployment or adaptation using only multi-view
images processed through the learned GP component. This architecture also naturally lends itself to
extensions for online streaming adaptation and active learning.

Our main contributions are summarized as follows:

• We propose RoCA, a novel framework for robust cross-domain end-to-end autonomous
driving. Leveraging a Gaussian process (GP) formulation, RoCA captures the joint distribu-
tion over ego and agent tokens, which encode their respective future trajectories, enabling
probabilistic prediction.

• By utilizing our GP to impose regularization on source-domain training, RoCA leads to
more robust end-to-end planning performance both in domain and across domains.

• RoCA enables adaptation of the end-to-end model on a new target domain. Apart from
standard finetuning, its uncertainty awareness makes it possible to select more useful data in
the active learning setup. Furthermore, RoCA also supports online adaptation.

• Through extensive evaluations (including both closed-loop and long-tail scenarios), RoCA
consistently demonstrates robust performance across domains, for instance, transferring
from simulation to real world, driving in different cities, and under challenging image
degradations. Moreover, domain adaptation with RoCA is not only more effective yielding
superior planning accuracy, but is also more efficient, as it leverages predictive uncertainty
to prioritize the most informative data for fine-tuning.

2 PROPOSED APPROACH: ROCA
We present RoCA, a novel, Gaussian process (GP)-based framework for cross-domain end-to-end
autonomous driving. By using a set of basis tokens trained to span diverse driving scenarios, RoCA
module probabilistically infers a trajectory for the current input scene. RoCA not only enhances the
robustness of the trained E2E model, but also provides adaptation capability on a new domain.

2.1 PROBLEM FORMULATION AND ARCHITECTURE

Consider a driving scene at time t consisting of an ego vehicle and a set of surrounding agents. Given
a sequence of multi-view images It, along with the ego status information (that includes pose, velocity,
acceleration), the objective of RoCA is to jointly predict: (i) an ego trajectory (pw, cw) that supports
safe and efficient driving, and (ii) the motion trajectories of surrounding agents (pw,a, cw,a). Our
proposed end-to-end (E2E) pipeline consists of two components: a base E2E model and the RoCA
module. The base model, e.g., [Jiang et al., 2023; Sun et al., 2024], typically includes: 1) a scene
encoder st(·; θst), which converts input images into scene features/tokens, and 2) a motion planner
h(·; θh), which consumes these tokens to predict trajectories; θst and θh are learnable parameters. To
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Figure 1: RoCA framework overview.1 RoCA consists of two components. (1) A base E2E planner extracts the
ego and agent tokens from multi-view images for the motion planner to predict future trajectories. (2) Proposed
RoCA module, which leverages Gaussian process (GP). In source-domain training, RoCA learns a set of basis
tokens from the source domain via reconstructing ego and agent tokens from the basis, supervised by the tokens
from the base model (blue dashed arrow). Its GP-based trajectory regression model predicts trajectories which
are supervised by ground-truth waypoints (green dashed arrow). During adaptation, RoCA generates pseudo
ground truth to fine-tune the base model on the target domain (purple arrow).

enhance robustness across domains, RoCA introduces a Gaussian Process (GP) model. A GP can be
viewed as an infinite collection of random variables, where any finite subset follows a joint Gaussian
distribution. For a set of inputs V = {v1, . . . , vn}, the corresponding function values satisfy:

f(V ) = [f(v1), . . . , f(vn)]
⊤ ∼ N (µ,K(V, V ′) + σ2

ϵ I), (1)

where µ is the mean vector and K(V, V ′) is the covariance matrix defined by the kernel function.
Predictions at unlabeled points are obtained by conditioning on observed data, yielding a closed-form
Gaussian posterior. The RoCA module implements this GP-based formulation as g(·; θg, κ), where
κ(·) is the kernel function and θg denotes the learnable parameters.1 Figure 1 illustrates the overall
system architecture.

Base E2E model. The scene encoder extracts features from the input multi-camera images and cross-
attends learnable queries/tokens with these features. Specifically, the scene encoder produces ego
tokens e, and agent tokens a (among other possible tokens), which encode key information for the ego
vehicle and of the other surrounding vehicles. The motion planner then takes the ego and agent tokens,
and predicts the trajectories for both the ego and other vehicles: ppred, cpred, ppred,a, cpred,a =
h(e, a; θh), where p denotes the waypoints and c denotes the trajectory class (e.g., total number of
classes can be 16 trajectory groups for each driving command of turn left, turn right, and go straight.)

RoCA module. The GP module contains learned basis tokens, as well as a set of candidate trajectories
that one-to-one correspond to the basis tokens. The GP contains learned basis tokens, and for each of
the token, there is a matching representative trajectory. By computing the correlation between e and
a and the basis tokens via the kernel function κ, the GP conditionally infers the future ego and agent
trajectories, pw, cw, pw,a, cw,a = gego(e, a; θg, κ).

Following [Sun et al., 2024], we use an anchor-based method to predict trajectories in both the base
motion planner and RoCA module. More specifically, the model first classifies the future trajectory
into one of the predefined groups: Nego groups for the ego car and Nagent groups for other cars, and
then, predicts a residual. The final predicted trajectory is obtained by adding the classified anchor
trajectory and the predicted residual.

2.2 ROCA MODULE

In this part, we discuss our proposed RoCA module in details. This module allows to create an
informed and diverse codebook of the plausible trajectories based on prior or pre-existing scenarios.
The key advantage is that it can effectively infer trajectories under uncertainty or in new domains by
performing a similarity “lookup” to the basis in the codebook.

1See [Seeger, 2004] for more details on Gaussian Processes.
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2.2.1 BASIS TOKENS AND TRAJECTORIES

We construct a “codebook" of learnable basis tokens, B = {Bk = {bj,k}Cj=1}
Ncode

k=1 , where Ncode is
the number of basis groups, each representing a certain trajectory pattern, e.g., turn left, turn right,
and C is the group size. These basis tokens should learn to span the space of ego and agent tokens, e
and a, encountered across diverse driving scenes.

These basis tokens are designated to bijectively map to a set of plausible, safe driving trajectories,
{Wk}Ncode

k=1 . To construct this set of basis trajectories, we first sample Ncode · C representative
trajectories from ground-truth train data, e.g., nuScenes [Caesar et al., 2020]. They are then clustered
into Ncode groups, such that each group Wk contains C trajectories with similar driving patterns.

In our Gaussian process formulation, each trajectory wj,k ∈ Wk is associated with a unique, learnable
basis bj,k ∈ Bk. In other words, during training, each basis token learns the driving scenario that
corresponds to its trajectory. With these basis tokens and trajectories, given a new driving scenario
encoded by e and a, we can infer the ego and agent trajectories based on the correlation between
the ego/agent tokens and the basis tokens. Within the Ncode groups, we designate Nego groups to
represent distinct ego-car waypoint patterns and Nagent groups for various types of agent trajectories.

2.2.2 RECONSTRUCTING EGO AND AGENT TOKENS

The basis tokens B = {Bk = {bj,k}Cj=1}
Ncode

k=1 should capture the manifold of ego and agent
tokens across diverse driving scenarios. In order to train them, we derive the first set of losses via
reconstruction of the original ego and agent tokens given by the base model from the basis tokens.

Given a driving scenario with ego and agent tokens from the base model, e and a, we first classify
them into the respective basis groups. Specifically, the ego token is classified into one of the Nego

groups and agent token into one of the Nagent groups. Let ce denote the index of the group assigned
to e. This classification is performed based on the kernel distance metric and an MLP operating on
distance, i.e., MLP(κ(e,B)) predicts the classification logits for the ego token (similarly for agent).

Let Bce denote the basis tokens in the classified group ce. The core mechanism for learning the basis
Bce is by reconstructing the original ego token e using Bce based on Gaussian process. The joint
distribution of e and Bce is given by

p(e,Bce) ∼ N
([

e
Bce

]
,

[
κ(e) κ(e,Bce)

κ(e,Bce)
⊤ κ(Bce)

])
, (2)

where p(.) denotes probability density function and κ(., .) is the kernel function evaluating pairwise
distances among tokens (specifically, we use the RBF kernel).

The predictive mean ê (i.e., the reconstruction of e) and predictive variance σ2
e are given by

ê = banchor,ce + κ(e,Bce)κ(Bce)
−1B̄ce ,

σ2
e = κ(e)− κ(e,Bce)κ(Bce)

−1κ(e,Bce)
⊤ + σ2

noiseI,
(3)

where banchor,ce is the mean of the tokens in group ce, B̄ce is the zero-mean version of Bce , and
σ2
noise is a small, learnable noise variance.

This prediction ê serves as an approximation of the original e, reconstructed with the basis tokens.
We supervise this reconstruction with the original ego token. Similarly, we applying the same
reconstruction process to obtain â and σa for each agent token a, using their respective classified
group of basis tokens Bca . The overall reconstruction loss for training the basis tokens is given by

Lrec =
1

σ2
e

|ê− e|2 − log(σe) +
1

σ2
a

|â− a|2 − log(σa) + ||BcaB
⊤
ca − I||2 + ||BceB

⊤
ce − I||2, (4)

where the first four terms are based on maximum likelihood under Gaussian assumption and the last
two terms encourages orthogonality of the basis. When learning the basis tokens and the parameters
in the GP, we treat the original ego and agent tokens e and a as fixed targets, i.e., no gradients flow
through them.

2.2.3 TRAJECTORY PREDICTION VIA GAUSSIAN PROCESS

Similar to the previous part, given the ego and agent tokens from the base model, e and a, we first
classify them to their respective basis groups, ce and ca. A GP-based regression then infers the future
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trajectory based on the correlation between the ego/agent token and the basis tokens. The predicted
mean and variance for the ego trajectory, p̂e and σe, is given by

p̂w = wanchor,ce + κ(e,Bce)κ(Bce)
−1W̄ce ,

σ2
w = κ(e)− κ(e,Bce,w)κ(Bce)

−1κ(e,Bce)
⊤ + σ2

noiseI,
(5)

where wanchor,ce is the mean of the trajectories in group ce, W̄ce is the zero-mean version of Wce ,
and σ2

noise is a small, learnable noise variance. The predicted agent trajectory p̂w,a and variance σ2
w,a

can be obtained similarly.

When training in the source domain, we supervise these GP-based trajectory predictions with the
ground truth, as follows:

Lsup =
1

σ2
w

Lplanning(p̂w, pgt)− log(σw)−
1

σ2
w,a

Lmotion(p̂w,a, pgt,a)− log(σw,a)

+ Lclass(ce, cgt,e) + Lclass(ca, cgt,a) + Ltriplet(ce, cp, cn) + Ltriplet(ca, cp,a, cn,a)

(6)

where pgt and pgt,a are the ground-truth ego and agent trajectories, cgt and cgt,a are ground-truth
ego and agent token categories. The predictive trajectory mean and variance are supervised using
variance-weighted losses, similar to those used in [Jiang et al., 2023; Sun et al., 2024]). Lplanning

and Lmotion denote the waypoint planning and motion tracking losses, as used in [Sun et al., 2024;
Jiang et al., 2023]. To further refine the embedding space, we utilize triplet loss [Schroff et al., 2015].
For each ego/agent class prediction, we identify three positive classes (cp), which exhibit similar
driving patterns as the ground-truth class (e.g., turn left with slightly different angles), and three
negative classes (cn), which have driving behaviors different from the true class (e.g., turn left vs.
turn right). The triplet loss encourages greater separation between distinct driving categories, and
tighter clustering among the same class or similar classes.

2.3 TRAINING AND ADAPTATION

2.3.1 TRAINING IN SOURCE DOMAIN

Pre-training base E2E model. First, we train the base E2E model on the source domain data
following standard training procedure, e.g., [Jiang et al., 2023; Li & Cui, 2024; Sun et al., 2024].

Learning basis tokens and GP parameters. Secondly, we use both Lrec of Eq. 4 and Lsup of Eq. 6
to train RoCA. This includes training the basis tokens and other parameters, e.g., MLP parameters,
kernel parameters.

Finetuning base E2E model. Finally, given the trained RoCA module, we utilize it to perform
regularized finetuning. More specifically, in addition to the standard supervised loss used to train the
base model, we additionally use the following loss by treating RoCA as a teacher:

Lgp =Lclass(cpred, ce) + Lclass(cpred,a, ca) + Ltriplet(cpred, cp, cn) + Ltriplet(ca, cp,a, cn,a)

+
1

σ2
w

Lplanning(ppred, p̂w)− log(σw) +
1

σ2
w,a

Lmotion(ppred,a, p̂w,a)− log(σw,a)

+DKL(cpred,e||ce) +DKL(cpred,a||ca), (7)

where ppred, cpred, cpred,a, and cpred,a are the predicted ego and agent trajectory waypoints and
classes from the base E2E model, DKL is the KL-divergence. This loss encourages the base model’s
prediction to align with the probabilistic prediction by the trained Gaussian process, which improves
prediction robustness and regularizes against noise in training data.

2.3.2 ADAPTATION IN TARGET DOMAIN

In some cases, ground-truth waypoints are available in the target domain, e.g., based on ego status
tracking. In such cases, model adaptation is then the same as the final step in source-domain training,
where the standard ground-truth supervision on planning in Eq. 6 is used together with the GP-based
regularization in Eq. 7. The final loss L = Lsup + Lgp.

There are scenarios where ground-truth trajectories are not available. For instance, it is nontrivial to
process large-volume driving logs and thus, ground-truth waypoints may not be available right after
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Figure 2: tSNE projection of ego/agent tokens with (top) and without (bottom) RoCA. By using our proposed
approach, the model has better separability of different trajectory modes (indicated by different colors). In
contrast, the baseline SparseDrive shows poor separability, indicating a sensitivity to any perturbations. The
analysis is performed on the full nuScenes val set, the Boston and Singapore subsets(left, middle, right).

data is collected in the target domain (while images are usually readily available). As another example,
in an online setting, the E2E driving model streams through video frames as the car drives and does
not have access to the ground-truth waypoints on the fly. For unsupervised domain adaptation, as
ground-truth labels are not available, we use Lgp to update the base E2E model.

3 EXPERIMENTS

We conduct a thorough evaluation of RoCA in both closed-loop and open-loop planning settings.
Our experiments demonstrate the domain adaptation capabilities of RoCA as a general plug-and-
play framework that can be integrated with different end-to-end (E2E) autonomous driving models.
Specifically, we present closed-loop evaluations on Bench2Drive, followed by cross-domain experi-
ments that include simulation-to-real transfer from Bench2Drive to nuScenes, cross-city adaptation
using nuScenes, and domain generalization under image degradations such as adverse weather,
low-light conditions, and motion blur. In addition, we evaluate RoCA in an active learning setting for
cross-domain adaptation, leveraging uncertainty estimates from our GP-based formulation.

3.1 EXPERIMENTAL SETUP

Datasets. We use Bench2Drive [Jia et al., 2024] for closed-loop evaluation, which leverages the
CARLA simulator and features 44 difficult interactive scenarios across diverse weather and urban
conditions.2 We utilize its official base training set (1,000 clips) for a fair comparison with other
baselines, and evaluate performance on 220 challenging routes. To assess open-loop planning,
we use the nuScenes dataset [Caesar et al., 2020], which consists of 28,000 samples with 22k/6k
training/validation splits. nuScenes contains data collected from Boston and Singapore, which
allows us to evaluate cross-domain generalization and adaptation across cities. Within the nuScenes
validation set, we also consider a “targeted” subset containing 689 samples where the vehicle must
make a turn, as established in [Weng et al., 2024]. To further evaluate robustness, we also use
degraded versions of the validation set using controlled image corruptions such as adverse weather
(like snow and fog), motion blur and low light from [Xie et al., 2023].
Evaluation protocol. For closed-loop evaluation metrics, we adopt the protocol proposed by [Jia
et al., 2025], and evaluate the driving score (DS) and efficiency on Dev10. For open-loop evaluation
metrics, we adopt the standardized evaluation proposed by [Weng et al., 2024] to compute two
metrics, the L2 error (in meters) between the predicted and ground-truth waypoints, and the collision
rate (in %) between the ego-vehicle and the surrounding vehicles. We compute open-loop metrics for
comparisons on Bench2Drive and nuScenes validation.
Model details. We consider four recent, representative methods, ORION [Fu et al., 2025], SSR [Li
& Cui, 2024], SparseDrive [Sun et al., 2024] and VAD [Jiang et al., 2023] as the base E2E models.
Specifically, we use VAD-Tiny (tiny configuration) and SparseDrive-S (small configuration). Note

2See Table 2 in Bench2Drive paper for more details
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Table 1: Closed-loop evaluation on the challenging 220 routes of Bench2Drive [Jia et al., 2024]. "L" means
large configuration for the corresponding model.

Method Closed-loop metric Open-loop metric Ability (%)↑
DS↑ SR ↑ Efficiency↑ Avg. L2↓ Merging Overtaking Emergency Brake Give Way Traffic Sign Mean

VAD [Jiang et al., 2023] 42.35 15.0 157.94 0.91 8.11 24.44 18.64 20.00 19.15 18.07
SSR [Li & Cui, 2024] 47.71 24.4 97.41 0.86 19.10 29.38 41.67 30.00 56.75 35.38
SparseDrive-S [Sun et al., 2024] 51.01 27.8 103.1 0.83 22.64 30.38 44.56 30 53.81 36.28
GenAD [] 44.81 15.9 – - - - - - - -
DriveTransformer-L [Jia et al., 2025] 63.46 35.0 100.64 0.62 17.57 35.00 48.36 40.00 52.10 38.60
ORION [] 77.74 54.6 151.48 0.68 25.00 71.11 78.33 30.00 69.15 54.72

RoCA (VAD) 56.90 34.3 175.42 0.74 27.39 43.91 53.76 30 47.17 40.45
RoCA (SSR) 59.81 41.0 110.61 0.69 31.96 48.23 60.94 40 63.75 48.98
RoCA (ORION) 80.38 58.2 181.06 0.57 34.06 74.91 83.76 40 72.83 61.11

Table 2: Sim-to-real model performance in zero-shot and fine-tuned settings from Bench2Drive [Jia et al., 2024]
to nuScenes [Caesar et al., 2020]. When reporting finetuned model performance, we report our results of domain
adaptation without ground truth in parentheses.

Method
Zero-shot Fine-tuned

Full Val Targeted Val Full Val Targeted Val
Avg. L2 ↓ Avg. Col. ↓ Avg. L2 ↓ Avg. Col. ↓ Avg. L2 ↓ Avg. Col. ↓ Avg. L2 ↓ Avg. Col. ↓

VAD-Tiny [Jiang et al., 2023] 1.32 0.51 1.59 0.54 1.01 0.45 1.40 0.46
SSR [Li & Cui, 2024] 1.08 0.31 1.47 0.44 0.82 0.23 1.30 0.37
SparseDrive-S [Sun et al., 2024] 1.17 0.34 1.51 0.49 0.78 0.22 1.18 0.35
DiMA [Hegde et al., 2025] 0.94 0.26 1.29 0.38 0.71 0.19 1.06 0.30
DriveTransformer-S [Jia et al., 2025] 1.12 0.33 1.44 0.43 0.69 0.20 0.95 0.33
ORION [Fu et al., 2025] 0.98 0.44 1.56 0.51 0.72 0.29 1.12 0.37

RoCA (VAD-Tiny) 0.85 0.24 1.19 0.34 0.63(0.77) 0.16(0.20) 0.88(0.95) 0.26(0.29)
RoCA (SSR) 0.79 0.22 1.10 0.32 0.57(0.66) 0.12(0.17) 0.76(0.89) 0.25(0.29)
RoCA (SparseDrive-S) 0.75 0.22 0.98 0.30 0.55(0.64) 0.10(0.16) 0.64(0.80) 0.24(0.27)
RoCA (ORION) 0.78 0.26 1.04 0.32 0.51(0.63) 0.12(0.17) 0.60(0.94) 0.24(0.28)

that our proposed RoCA can be used with any E2E planning model, as long as it provides a tokenized
representation. When there are no explicit ego/agent tokens, we can apply RoCA over the queries
or tokens that are fed into the planner. When we implement the codebook in RoCA, for ego tokens,
we use 16 groups for each of the driving commands: turn left, turn right, and go straight, resulting
in Nego = 48. We use Nagent = 64 groups to capture various types of agent trajectories. The total
groups in the codebook is Ncode = Nego +Nagent = 112 and we set the group size C = 64.

3.2 LEARNED TOKENS IN GP

Our proposed GP-based formulation in RoCA provides more robust scene representation and trajec-
tory planning. Specifically, as shown in Figure 2 (top), the learned basis tokens form clearly distinct
clusters (as marked by the different colors), with each cluster representing a different trajectory
pattern. As such, even in a new domain, RoCA can still robustly parse the driving scenario in its
probabilistic framework and infer a proper trajectory. In contrast, SparseDrive in Figure 2 (bottom)
produces mixed pattern across trajectories types, making it fragile when model is deployed in a new
domain. For instance, given a token that corresponds to turning left, a slight perturbation to this token
(e.g., due to different camera characteristics, lighting, etc.) can result in drastically different driving
behavior in the output of the planner.

3.3 CLOSED-LOOP EVALUATIONS ON BENCH2DRIVE

Table 1 shows the results on the challenging 220 routes of Bench2Drive. In this case, we only use
RoCA as a training regularization and no adaptation is conducted during test time. We see that by
using RoCA, we significantly improve the planning performance, e.g., improving driving score from
77.76 to 80.38 with ORION as the base model. This table highlights similar trends: RoCA (ORION)
improves mean ability by 10.5% over the baseline ORION (i.e. 54.72 → 61.11), while RoCA (SSR)
delivers a 27.8%(i.e. 35.38 → 48.98) improvement over SSR. Performance gains span critical skills
such as merging, overtaking, emergency braking, yielding, and traffic-sign compliance—underscoring
that GP module of RoCA predicts better posterior for ego waypoint trajectories.

3.4 SIM-TO-REAL EVALUATION

We conduct a sim-to-real experiment by transferring models trained on Bench2Drive to the nuScenes
dataset. The base E2E model, state-of-the-art baselines, and the proposed RoCA module are first
trained on the source domain (Bench2Drive) for 12 epochs. In the target domain (nuScenes),
we evaluate both zero-shot performance (i.e., no adaptation) and performance after 6 epochs of
adaptation/fine-tuning. Specifically, we compare: (i) the baseline model, (ii) RoCA with source-only

7



378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

Under review as a conference paper at ICLR 2026

Table 3: Cross-city planning performance on nuScenes dataset [Caesar et al., 2020].

Method Adapt Boston → Singapore Singapore → Boston

Avg. L2 (m) ↓ Avg. Col.(%)↓ Avg. L2 (m) ↓ Avg. Col.(%)↓
Senna [Jiang et al., 2024] ✗ 1.03 0.26 0.96 0.24

w/ finetuning using GT ✓ 0.98 0.23 0.69 0.19
DiMA [Hegde et al., 2025] ✗ 1.15 0.23 0.92 0.22

w/ finetuning using GT ✓ 1.01 0.21 0.72 0.17

VAD-Tiny [Jiang et al., 2023] ✗ 1.25 0.43 1.16 0.23
w/ finetuning using GT ✓ 1.19 0.26 1.11 0.19
w/ RoCA training regularization ✗ 1.17 0.21 1.01 0.19
w/ RoCA unsupervised adaptation ✓ 1.02 0.19 0.94 0.17
w/ RoCA adaptation using GT ✓ 0.94 0.17 0.89 0.16

SparseDrive-S [Sun et al., 2024] ✗ 0.91 0.18 1.02 0.24
w/ finetuning using GT ✓ 0.55 0.12 0.67 0.12
w/ RoCA training regularization ✗ 0.79 0.15 0.88 0.15
w/ RoCA unsupervised adaptation ✓ 0.71 0.13 0.68 0.11
w/ RoCA adaptation using GT ✓ 0.49 0.09 0.51 0.10

training regularization, and (iii) adaptation approaches with and without ground-truth labels. We
also report results on the more challenging targeted split of nuScenes. Table 2 shows that RoCA
consistently achieves superior sim-to-real performance compared to baselines and the LLM-based
ORION model. For example, in zero-shot settings on the full validation split, RoCA improves average
L2 error from 0.99 (ORION) to 0.78, and on the targeted split from 0.39 to 0.32. After fine-tuning,
RoCA further reduces error to 0.51 (0.63 without ground truth) on full validation and 0.24 (0.28
without ground truth) on the targeted split, outperforming ORION and other baselines. Moreover,
even without ground-truth labels during adaptation, RoCA maintains strong performance (values in
parentheses), demonstrating its robustness and effectiveness in unsupervised domain adaptation.

3.5 CROSS-CITY EVALUATION

Table 3 summarizes the results of transferring models across cities for evaluating cross-domain
performance. When performing zero-shot inference in the target city without adaptation, RoCA
performs more robustly as compared to the baseline. For instance, using VAD-Tiny as the baseline and
running Boston-trained models in Singapore, the collision rate of RoCA is less than half of VAD-Tiny
(0.211% vs. 0.430%). When adapting with ground truth, RoCA significantly outperforms direct
finetuning across all metrics. For example, on Boston → Singapore transfer using SparseDrive, RoCA
reduces L2 error from 0.544 m to 0.492 m and collision rate from 0.114% to 0.096%. This setting
provides the fairest comparison, as both approaches utilize ground-truth supervision. Even when
unsupervised, RoCA still outperforms direct finetuning with ground truth in most cases, highlighting
its strong domain adaptation capability and the benefit of our probabilistic modeling.

3.6 ACTIVE LEARNING

In the target domain, active learning reduces annotation and adaptation costs if the the most informa-
tive samples are identified and used for training. To achieve this, we propose using the GP-based
predictive variance as a sampling criterion, selecting samples with the highest uncertainty. We
compare our variance-based selection with the random sampling baseline, evaluated at 5%, 10%,
and 15% sampling rates of the full target training data. Table 4 reports results of transfers between
Singapore and Boston after fine-tuning with ground-truth supervision, using SparseDrive-S as the
baseline. Across all sampling rates, selection based on RoCA consistently results in better planning
compared to random selection. These results demonstrate the effectiveness of our uncertainty-guided
sampling. Furthermore, RoCA consistently outperforms the baseline under both sampling strategies,
underscoring its better adaptation capability.

3.7 ADAPTION TO IMAGE DEGRADATIONS

We further assess the generalization and adaptation performance when the image quality is compro-
mised, e.g., due to low light, motion blur, snow, and fog. Table 5 shows that, without adaptation,
the baseline SparseDrive-S has significantly worse performance under such adverse conditions,
whereas the model trained with our RoCA regularization performs more robustly. When adaptation
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Table 4: Cross-city active learning performance, using 5%, 10%, and 15% target training samples selected
randomly or based on predictive variance by RoCA. The base model is SparseDrive-S in this case.

Adapt. Method Sampling 5% 10% 15%

Avg. L2 (m) ↓ Avg. Col.(%)↓ Avg. L2 (m) ↓ Avg. Col.(%)↓ Avg. L2 (m) ↓ Avg. Col.(%)↓
Singapore → Boston

Direct finetune random 0.767 0.215 0.753 0.199 0.711 0.175
Direct finetune RoCA 0.745 0.191 0.719 0.183 0.678 0.126
RoCA random 0.644 0.123 0.584 0.121 0.552 0.121
RoCA RoCA 0.617 0.110 0.554 0.110 0.513 0.108

Boston → Singapore
Direct finetune random 0.891 0.198 0.839 0.201 0.823 0.185
Direct finetune RoCA 0.828 0.192 0.815 0.172 0.793 0.166
RoCA random 0.707 0.148 0.656 0.133 0.633 0.126
RoCA RoCA 0.673 0.135 0.604 0.113 0.561 0.102

Table 5: Planning performance under image degradations including low light and motion blur.
Model Adapt lowlight motion blur Snow Fog

Avg. L2 (m) ↓ Avg. Col.(%)↓ Avg. L2 (m) ↓ Avg. Col.(%)↓ Avg. L2 (m) ↓ Avg. Col.(%)↓ Avg. L2 (m) ↓ Avg. Col.(%)↓
Full Val

SparseDrive-S ✗ 0.577 0.145 0.729 0.369 0.857 0.192 0.809 0.349
w/ supervision using GT ✓ 0.547 0.228 0.573 0.118 0.610 0.111 0.704 0.272
w/ RoCA training regularization ✗ 0.564 0.129 0.671 0.208 0.729 0.173 0.750 0.253
w/ RoCA unsupervised adaptation ✓ 0.531 0.098 0.589 0.146 0.628 0.121 0.682 0.173
w/ RoCA supervised adaptation using GT ✓ 0.526 0.090 0.541 0.104 0.581 0.096 0.619 0.151

Targeted Val
SparseDrive-S ✗ 0.712 0.325 0.832 0.389 0.907 0.287 0.939 0.399

w/ supervision using GT ✓ 0.707 0.291 0.721 0.282 0.729 0.188 0.772 0.256
w/ RoCA training regularization ✗ 0.703 0.228 0.766 0.248 0.849 0.208 0.853 0.220
w/ RoCA unsupervised adaptation ✓ 0.626 0.188 0.733 0.203 0.756 0.135 0.721 0.166
w/ RoCA supervised adaptation using GT ✓ 0.591 0.169 0.696 0.192 0.660 0.119 641 0.141

Figure 3: Visualization of sample planning results. Left (Right) two scenarios are in Boston (Singapore); note
that t is right (left) driving in Boston (Singapore). The red car is the ego vehicle. The color gradient indicates the
temporal horizon of the trajectory.

is performed, our RoCA unsupervised adaptation achieves significant improvement, and is on par
with or better than the baseline adaptation which trains the model using ground-truth data with
the adverse-conditioned images. When we further utilize the ground truth in adaptation, RoCA
achieves significantly better planning performance. These results collectively confirm that RoCA
enables stronger generalizability and adaptation in diverse conditions, enhancing the reliability of
E2E planning.

3.8 QUALITATIVE RESULTS

Figure 3 shows qualitative planning results on turning scenarios. Our RoCA approach generates
trajectories that closely align with the ground-truth trajectories. On the other hand, the baseline
SparseDrive model produces trajectories that will lead the vehicle into non-drivable areas.

4 CONCLUSIONS AND DISCUSSION

We present RoCA, a novel framework for robust cross-domain end-to-end autonomous driving. By
leveraging a GP formulation, RoCA models the joint distribution over ego and agent trajectories,
enabling probabilistic prediction and uncertainty-aware planning. This GP-based regularization en-
hances source-domain training and significantly improves generalization to unseen domains. RoCA’s
key strength lies in its flexible domain adaptation: it supports standard finetuning, uncertainty-guided
active learning, and online adaptation, making it well-suited for real-world deployment. Extensive
experiments on the nuScenes benchmark show that RoCA achieves state-of-the-art performance,
reducing L2 trajectory error, collision rate, and long-tail errors.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

REFERENCES

Holger Caesar, Varun Bankiti, Alex H Lang, Sourabh Vora, Venice Erin Liong, Qiang Xu, Anush
Krishnan, Yu Pan, Giancarlo Baldan, and Oscar Beijbom. nuscenes: A multimodal dataset for
autonomous driving. In Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition, pp. 11621–11631, 2020.

Sergio Casas, Abbas Sadat, and Raquel Urtasun. Mp3: A unified model to map, perceive, predict and
plan. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
pp. 14403–14412, 2021.

Yuning Chai, Benjamin Sapp, Mayank Bansal, and Dragomir Anguelov. Multipath: Multiple proba-
bilistic anchor trajectory hypotheses for behavior prediction. arXiv preprint arXiv:1910.05449,
2019.

Dian Chen and Philipp Krähenbühl. Learning from all vehicles. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pp. 17222–17231, 2022.

Kashyap Chitta, Aditya Prakash, and Andreas Geiger. Neat: Neural attention fields for end-to-end
autonomous driving. In Proceedings of the IEEE/CVF International Conference on Computer
Vision, pp. 15793–15803, 2021.

Alexey Dosovitskiy, German Ros, Felipe Codevilla, Antonio Lopez, and Vladlen Koltun. Carla: An
open urban driving simulator. In Conference on robot learning, pp. 1–16. PMLR, 2017.

Scott Ettinger, Shuyang Cheng, Benjamin Caine, Chenxi Liu, Hang Zhao, Sabeek Pradhan, Yuning
Chai, Ben Sapp, Charles R Qi, Yin Zhou, et al. Large scale interactive motion forecasting
for autonomous driving: The waymo open motion dataset. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, pp. 9710–9719, 2021.

Haoyu Fu, Diankun Zhang, Zongchuang Zhao, Jianfeng Cui, Dingkang Liang, Chong Zhang,
Dingyuan Zhang, Hongwei Xie, Bing Wang, and Xiang Bai. Orion: A holistic end-to-end
autonomous driving framework by vision-language instructed action generation. arXiv preprint
arXiv:2503.19755, 2025.

Deepti Hegde, Rajeev Yasarla, Hong Cai, Shizhong Han, Apratim Bhattacharyya, Shweta Mahajan,
Litian Liu, Risheek Garrepalli, Vishal M. Patel, and Fatih Porikli. Distilling multi-modal large
language models for autonomous driving. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), pp. 27575–27585, June 2025.

Shengchao Hu, Li Chen, Penghao Wu, Hongyang Li, Junchi Yan, and Dacheng Tao. St-p3: End-to-end
vision-based autonomous driving via spatial-temporal feature learning. In European Conference
on Computer Vision, pp. 533–549. Springer, 2022.

Yihan Hu, Jiazhi Yang, Li Chen, Keyu Li, Chonghao Sima, Xizhou Zhu, Siqi Chai, Senyao Du,
Tianwei Lin, Wenhai Wang, et al. Planning-oriented autonomous driving. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 17853–17862, 2023.

Jyh-Jing Hwang, Runsheng Xu, Hubert Lin, Wei-Chih Hung, Jingwei Ji, Kristy Choi, Di Huang, Tong
He, Paul Covington, Benjamin Sapp, et al. Emma: End-to-end multimodal model for autonomous
driving. arXiv preprint arXiv:2410.23262, 2024.

Xiaosong Jia, Zhenjie Yang, Qifeng Li, Zhiyuan Zhang, and Junchi Yan. Bench2drive: Towards
multi-ability benchmarking of closed-loop end-to-end autonomous driving. Advances in Neural
Information Processing Systems, 37:819–844, 2024.

Xiaosong Jia, Junqi You, Zhiyuan Zhang, and Junchi Yan. Drivetransformer: Unified transformer for
scalable end-to-end autonomous driving. arXiv preprint arXiv:2503.07656, 2025.

Bo Jiang, Shaoyu Chen, Qing Xu, Bencheng Liao, Jiajie Chen, Helong Zhou, Qian Zhang, Wenyu Liu,
Chang Huang, and Xinggang Wang. Vad: Vectorized scene representation for efficient autonomous
driving. In Proceedings of the IEEE/CVF International Conference on Computer Vision, pp.
8340–8350, 2023.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Bo Jiang, Shaoyu Chen, Bencheng Liao, Xingyu Zhang, Wei Yin, Qian Zhang, Chang Huang,
Wenyu Liu, and Xinggang Wang. Senna: Bridging large vision-language models and end-to-end
autonomous driving. arXiv preprint arXiv:2410.22313, 2024.

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-2: Bootstrapping language-image
pre-training with frozen image encoders and large language models. In International conference
on machine learning, pp. 19730–19742. PMLR, 2023.

Peidong Li and Dixiao Cui. Navigation-guided sparse scene representation for end-to-end autonomous
driving. arXiv preprint arXiv:2409.18341, 2024.

Zhiqi Li, Wenhai Wang, Hongyang Li, Enze Xie, Chonghao Sima, Tong Lu, Yu Qiao, and Jifeng Dai.
Bevformer: Learning bird’s-eye-view representation from multi-camera images via spatiotemporal
transformers. In European conference on computer vision, pp. 1–18. Springer, 2022.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. Visual instruction tuning. Advances in
neural information processing systems, 36, 2024.

Yicheng Liu, Jinghuai Zhang, Liangji Fang, Qinhong Jiang, and Bolei Zhou. Multimodal motion
prediction with stacked transformers. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pp. 7577–7586, 2021.

Jiquan Ngiam, Benjamin Caine, Vijay Vasudevan, Zhengdong Zhang, Hao-Tien Lewis Chiang, Jeffrey
Ling, Rebecca Roelofs, Alex Bewley, Chenxi Liu, Ashish Venugopal, et al. Scene transformer: A
unified architecture for predicting multiple agent trajectories. arXiv preprint arXiv:2106.08417,
2021.

Chenbin Pan, Burhaneddin Yaman, Tommaso Nesti, Abhirup Mallik, Alessandro G Allievi, Senem
Velipasalar, and Liu Ren. Vlp: Vision language planning for autonomous driving. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 14760–14769,
2024.

Jonah Philion and Sanja Fidler. Lift, splat, shoot: Encoding images from arbitrary camera rigs
by implicitly unprojecting to 3d. In Computer Vision–ECCV 2020: 16th European Conference,
Glasgow, UK, August 23–28, 2020, Proceedings, Part XIV 16, pp. 194–210. Springer, 2020.

Carl Edward Rasmussen. Gaussian processes in machine learning. In Summer school on machine
learning, pp. 63–71. Springer, 2003.

Florian Schroff, Dmitry Kalenichenko, and James Philbin. Facenet: A unified embedding for face
recognition and clustering. In Proceedings of the IEEE conference on computer vision and pattern
recognition, pp. 815–823, 2015.

Matthias Seeger. Gaussian processes for machine learning. International journal of neural systems,
14(02):69–106, 2004.

Chonghao Sima, Katrin Renz, Kashyap Chitta, Li Chen, Hanxue Zhang, Chengen Xie, Ping Luo,
Andreas Geiger, and Hongyang Li. Drivelm: Driving with graph visual question answering. arXiv
preprint arXiv:2312.14150, 2023.

Qiao Sun, Shiduo Zhang, Danjiao Ma, Jingzhe Shi, Derun Li, Simian Luo, Yu Wang, Ningyi Xu,
Guangzhi Cao, and Hang Zhao. Large trajectory models are scalable motion predictors and
planners. arXiv preprint arXiv:2310.19620, 2023.

Wenchao Sun, Xuewu Lin, Yining Shi, Chuang Zhang, Haoran Wu, and Sifa Zheng. Sparsedrive:
End-to-end autonomous driving via sparse scene representation. arXiv preprint arXiv:2405.19620,
2024.

Ran Tian, Boyi Li, Xinshuo Weng, Yuxiao Chen, Edward Schmerling, Yue Wang, Boris Ivanovic,
and Marco Pavone. Tokenize the world into object-level knowledge to address long-tail events in
autonomous driving. arXiv preprint arXiv:2407.00959, 2024a.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Xiaoyu Tian, Junru Gu, Bailin Li, Yicheng Liu, Chenxu Hu, Yang Wang, Kun Zhan, Peng Jia,
Xianpeng Lang, and Hang Zhao. Drivevlm: The convergence of autonomous driving and large
vision-language models. arXiv preprint arXiv:2402.12289, 2024b.

Shihao Wang, Zhiding Yu, Xiaohui Jiang, Shiyi Lan, Min Shi, Nadine Chang, Jan Kautz, Ying Li,
and Jose M Alvarez. Omnidrive: A holistic llm-agent framework for autonomous driving with 3d
perception, reasoning and planning. arXiv preprint arXiv:2405.01533, 2024a.

Wenhai Wang, Jiangwei Xie, ChuanYang Hu, Haoming Zou, Jianan Fan, Wenwen Tong, Yang Wen,
Silei Wu, Hanming Deng, Zhiqi Li, et al. Drivemlm: Aligning multi-modal large language models
with behavioral planning states for autonomous driving. arXiv preprint arXiv:2312.09245, 2023.

Zitian Wang, Zehao Huang, Yulu Gao, Naiyan Wang, and Si Liu. Mv2dfusion: Leveraging modality-
specific object semantics for multi-modal 3d detection. arXiv preprint arXiv:2408.05945, 2024b.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny
Zhou, et al. Chain-of-thought prompting elicits reasoning in large language models. Advances in
neural information processing systems, 35:24824–24837, 2022.

Xinshuo Weng, Boris Ivanovic, Yan Wang, Yue Wang, and Marco Pavone. Para-drive: Parallelized
architecture for real-time autonomous driving. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pp. 15449–15458, 2024.

Penghao Wu, Xiaosong Jia, Li Chen, Junchi Yan, Hongyang Li, and Yu Qiao. Trajectory-guided
control prediction for end-to-end autonomous driving: A simple yet strong baseline. Advances in
Neural Information Processing Systems, 35:6119–6132, 2022.

Shaoyuan Xie, Lingdong Kong, Wenwei Zhang, Jiawei Ren, Liang Pan, Kai Chen, and Ziwei
Liu. Robobev: Towards robust bird’s eye view perception under corruptions. arXiv preprint
arXiv:2304.06719, 2023.

Tianwei Yin, Xingyi Zhou, and Philipp Krahenbuhl. Center-based 3d object detection and tracking.
In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition, pp.
11784–11793, 2021.

Jiang-Tian Zhai, Ze Feng, Jinhao Du, Yongqiang Mao, Jiang-Jiang Liu, Zichang Tan, Yifu Zhang,
Xiaoqing Ye, and Jingdong Wang. Rethinking the open-loop evaluation of end-to-end autonomous
driving in nuscenes. arXiv preprint arXiv:2305.10430, 2023.

12



648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

A NUSCENES EVALUATION

A.1 EVALUATION PROTOCOL

We evaluate the predicted trajectory of the ego vehicle for 3 seconds into the future, with 2 waypoints
per second. We use two metrics, the L2 error (in meters) between the predicted and ground-truth
waypoints, and the collision rate (in %) between the ego-vehicle and the surrounding vehicles. Since
the evaluation protocols in earlier works [Hu et al., 2023; Jiang et al., 2023; Zhai et al., 2023] were
not consistent, e.g., using different BEV grid sizes, not handling invalid/noisy frames, we adopt the
standardized evaluation proposed by [Weng et al., 2024], which provides a fair comparison across
methods.

A.2 STANDARDIZED EVALUATION ON NUSCENES VALIDATION

Table 6 summarizes the results on nuScenes validation set, using the standardized evaluation protocol
by [Weng et al., 2024]. We see that our proposed method RoCA significantly improves the baseline
model and achieves competitive performance among the latest state of the art. For instance, when
using VAD-Tiny as the base model, by imposing RoCA’s training regularization, we reduce the
average L2 error by 16% and collision rate by 38%. Note that this improvement solely results from
our improved training and does not require any additional computation at inference time.

When using the trained Gaussian process module in RoCA to predict trajectory, we achieve further
improved planning performance, for both base models of VAD-Tiny and SparseDrive-Small, reducing
the collision rate by 54% and 36%, respectively. This mode of operation, however, requires running
the GP module along with the base E2E model and thus, incurs extra inference cost.

While the motivation of RoCA is mainly to enhance cross-domain performance, it is able to boost the
planner’s performance even when training and testing are performed in the same domain.

Table 6: Comparison of L2 trajectory error and collision rate comparison on nuScenes validation set [Caesar
et al., 2020] using the standardized evaluation [Weng et al., 2024]. *Uses the trajectory inferred by the RoCA
Gaussian process module.

Model Using Ego Status Full Val Targeted Val

Avg. L2 (m) ↓ Avg. Col. (%)↓ Avg. L2 (m) ↓ Avg. Col. (%)↓
UniAD [Hu et al., 2023] ✗ 0.95 0.45 1.59 0.47
PARA-Drive [Weng et al., 2024] ✗ 0.66 0.26 1.08 0.24
TOKEN [Tian et al., 2024a] ✗ 0.68 0.15 – –
VAD-Tiny [Jiang et al., 2023] ✗ 0.91 0.39 1.27 0.39

w/ RoCA training regularization ✗ 0.76 0.24 0.99 0.28
w/ RoCA trajectory prediction* ✗ 0.64 0.18 0.91 0.25

AD-MLP [Zhai et al., 2023] ✓ 0.66 0.28 1.13 1.40
TOKEN [Tian et al., 2024a] ✓ 0.64 0.13 – –
PARA-Drive+ [Weng et al., 2024] ✓ 0.59 0.19 0.70 0.24
SparseDrive-Small [Sun et al., 2024] ✓ 0.65 0.14 0.85 0.31

w/ RoCA training regularization ✓ 0.63 0.13 0.77 0.28
w/ RoCA trajectory prediction* ✓ 0.55 0.09 0.65 0.25

A.3 ROCA TRAINING DETAILS FOR THIS EXPERIMENT

We trained RoCA using 2 NVIDIA A100 GPUs. As described in Section 3.3 of main paper, in the
source domain, we first train the base E2E model following standard supervised procedure, for 48
epochs, requiring approximately 24 hours. Then, we train the Gaussian process in RoCA for 6 epochs,
taking approximately 3 hours, to learn the basis tokens, based on the loss in Eqs. 3 and 5 of main
paper. Finally, we finetune the base model using the standard supervised trajectory loss and RoCA
regularization of Eq. 6 of the main paper for 20 epochs, taking around 10 hours. When adapting in
the target domain, using the GP module as the teacher, we finetune the base model for 10 epochs,
which takes approximately 5 hours.

Algorithm 1 provides the pseudo code of our source-domain training (showing 1 epoch for each step).
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Algorithm 1 RoCA source-domain training

1: Training samples in source domain: Ds = {Ss
1 , . . . , S

s
N}

2: In base E2E model, tokenizer st(.) with parameters θst and planner h(.) with parameters θh
3: In RoCA module, Gaussian process g(.) with parameters θg , basis token codebook B = {Bk =

{bj,k}Cj=1}
Ncode

k=1 , and trajectory codebook W = {Wk = {wj,k}Cj=1}
Ncode

k=1

# Step 1: Pretrain base E2E model
4: for Ss

i ∈ Ds do
5: e, a = st(Ss

i ) # extract ego and agent tokens
6: ppred, cpred, ppred,a, cpred,a = h(e, a; θh) # predicting ego and agent trajectories
7: Compute standard trajectory losses: Lplanning(ppred, pGT ) and Lmotion(ppred,a, pGT,a), as

in [Sun et al., 2024; Jiang et al., 2023]
8: Update θst and θh using Lplanning(ppred, pGT ) and Lmotion

9: end for

# Step 2: Learn basis tokens and RoCA parameters
10: for Ss

i ∈ Ds do
11: Keep θst, θh frozen
12: Calculate group labels ce and ca for ego and agent tokens, respectively, based on Section 3.2.2
13: Calculate reconstructed ego and agent tokens as well as the predictive variances: ê, σ2

e , â, σ2
a,

according to Eq 2
14: Compute loss Lrec based on Eq. 3
15: Calculate predicted trajectories and variances for ego and agent: p̂w, σ2

w, p̂w,a, σ2
w,a, based on

Eq. 4
16: Compute loss Lsup based on Eq. 5
17: Update B and θg using losses Lrec and Lsup

18: end for

# Step 3: Finetune base E2E model with RoCA regularization
19: for Ss

i ∈ Ds do
20: Keep B and θg frozen
21: Compute standard trajectory losses: Lplanning(ppred, pGT ) and Lmotion(ppred,a, pGT,a), as

in [Sun et al., 2024; Jiang et al., 2023]
22: Compute loss Lgp based on Eq. 6
23: Update θst and θh using both the standard trajectory losses and Lgp

24: end for

14
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A.4 COMPUTATION ANALYSIS

We compare the computational costs without and with using our proposed RoCA module for trajectory
prediction. As shown in Table 7, using RoCA to perform trajectory prediction introduces slightly
increased latency and parameters. However, this also considerably improves planning performance,
as we have seen in Table 6.
Table 7: Latency, inferences per second (IPS), and parameters for VAD-Tiny and SparseDrive-Small without
and with RoCA Gaussian process-based trajectory prediction. These measurements are conducted on an NVIDIA
GeForce RTX 3090 GPU.

Metrics RoCA (VAD-Tiny) RoCA (SparseDrive-Small)

Base model Base model + RoCA Base model Base model + RoCA

Latency (ms) 59.5 75.7 133 167
IPS 16.8 13.2 7.5 6
Parameters (M) 15.4 16.8 88.5 89.9

A.5 ABLATION STUDY

Table 8 shows the effect of the different loss terms that we use in training, with SparseDrive-Small as
the base E2E model, i.e., the last row (ID 5) corresponds to SparseDrive-Small w/ RoCA training
regularization in Table 6 in the main paper. We see that these terms are effective, each contributing to
reducing the trajectory error and/or collision rate of the trained model.

Table 8: Effect of different loss terms on source-domain training.

ID Lrec
Lsup Avg. L2 (m) ↓ Avg. Col.(%)↓

Lplanning + Lmotion Lclass Ltripplet

1 ✗ ✗ ✗ ✗ 0.65 0.140
2 ✓ ✗ ✗ ✗ 0.65 0.136
3 ✓ ✓ ✗ ✗ 0.64 0.130
4 ✓ ✓ ✓ ✗ 0.63 0.130
5 ✓ ✓ ✓ ✓ 0.63 0.127

A.5.1 ABLATION STUDY ON KERNEL FUNCTIONS

We conducted an experiment to compare using different kernel functions, including radial basis
function (RBF), linear kernel (Lin), and rotational quadratic kernel (RQ). As shown in Table 9 below,
the different choices of kernels (i.e., pairwise similarity functions) do not significantly affect the
performance.

Table 9: Using different kernel functions for κ in the Gaussian process module, with SparseDrive-
Small as the base model and evaluating on nuScenes.

Metric Lin RBF RQ

Avg L2 0.57 0.55 0.52
Avg Col 0.09 0.09 0.09

A.5.2 ABLATION STUDY ON Nego

To understand the effect of diversity, we compare using different numbers of groups, i.e., 6 and 16,
for each driving command, as shown in Table 10 here. It can be seen that using fewer groups (i.e.,
less diversity) can result in worse planning performance as trajectory diversity is lacking.

B COMPARISON WITH DIFFERENT PLANNERS

Existing deterministic approaches based on MLP planner heads or anchor-based planner heads (e.g.,
k-means or deterministic residual prediction) like diffusion planner heads, treat trajectory anchors
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Table 10: Ablation study on different Nego groups used to construct the trajectory codebook. We use
SparseDrive-Small as the base model and evaluate on nuScenes.

Metric Nego = 3*6 Nego = 3*16

Avg L2 0.58 0.55
Avg Col 0.10 0.09

Table 11: Comparison with diverse planners. DS and SR denote Driving Score and Success Rate respectively.

Generative Planner Closed-loop Open-loop Ability Avg.
DS↑ SR(%)↑ Avg. L2 (m)↓

ORION w/ MLP 70.73 41.52 0.75 48.44
ORION w/ Diffusion 71.97 46.54 0.73 46.68
ORION w/ VAE 77.74 54.62 0.68 54.72
RoCA (ORION) w/ GP 80.38 58.22 0.57 61.11

as fixed prototypes and rely on hard classification followed by residual regression. This approach
does not account for uncertainty and cannot adaptively weigh predictions when encountering out-of-
distribution scenarios. In contrast, RoCA models the joint distribution over token embeddings and
trajectories using a GP formulation provides two key advantages: (i) Kernel-based similarity ensures
that predictions are influenced by all relevant basis tokens rather than a single nearest anchor, and (ii)
Uncertainty-aware inference via σ2 enables RoCA to regularize training and adapt to ambiguous or
unseen scenarios. To further isolate the benefit of GP, in Table 11 we have added an comparing RoCA
with a deterministic anchor-based variant example diffusion planner. The GP variant consistently
outperforms the deterministic version, validating the advantage of our approach.

C GAUSSIAN PROCESSES

A Gaussian process (GP) f(v) is as an infinite collection of random variables, where any finite subset
follows a joint Gaussian distribution. A GP is fully characterized by its mean function and covariance
function, given by

m(v) = E[f(v)], (8)

K(v, v′) = E
[
(f(v)−m(v))(f(v′)−m(v′))

]
, (9)

where v, v′ ∈ V represent possible input points. The covariance matrix is derived from a kernel
function K, which encodes prior assumptions about the smoothness of the underlying function. A
GP can then be expressed as

f(v) ∼ GP(m(v),K(v, v′) + σ2
ϵ I), (10)

where I is the identity matrix and σ2
ϵ denotes the variance of additive noise. For a set of inputs

V = {v1, . . . , vn}, the corresponding function values follow

f(V ) = [f(v1), . . . , f(vn)]
T ∼ N (µ,K(V, V ′) + σ2

ϵ I), (11)

with mean vector µ and covariance matrix defined by the GP. To predict at unlabeled points, one can
compute the Gaussian posterior distribution in closed form by conditioning on observed data. For a
detailed review of Gaussian processes, refer to [Rasmussen, 2003].

C.1 WHY GAUSSIAN PROCESSES IMPROVE ROBUSTNESS.

Unlike deterministic anchor-based methods, GPs model the joint distribution of token embeddings
and trajectories. This formulation provides two key advantages: (i) Kernel-based similarity ensures
that embeddings close in latent space influence predictions more strongly, and (ii) Uncertainty-aware
inference via σ2 enables RoCA to regularize training and adapt to ambiguous or unseen scenarios.
These properties lead to tighter clusters and better generalization, as evidenced by the improved
separability in Figure 4.
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Figure 4: tSNE projection of ego/agent tokens with (top) and without (bottom) RoCA. Baseline SparseDrive-S
shows mixed and overlapping clusters, indicating weaker separation and higher sensitivity to domain shifts.
RoCA’s Gaussian Process formulation enables kernel-based similarity and uncertainty-aware inference, leading
to improved clustering and robustness.

Figure 4 illustrates the t-SNE projections of token embeddings for different driving commands on
Boston and Singapore validation sets. Compared to the baseline SparseDrive, our proposed RoCA
method produces well-clustered and clearly separated groups corresponding to commands such as
Go Straight, Turn Left, and Turn Right. Within the Turn Left group, sub-clusters representing sharp
left turns are farther from the Go Straight cluster, while very soft left turns are closer—reflecting
semantic similarity in driving behavior. This improved separation stems from RoCA’s probabilistic
formulation using Gaussian Processes (GPs).

D COMPARISON WITH VLP [PAN ET AL., 2024]

VLP is one of few existing works that investigate cross-domain performance for end-to-end au-
tonomous driving. Since VLP authors have not released their codes/models, we cannot evaluate their
method using the standardized nuScenes evaluation protocol. In order to compare with their reported
numbers in the paper, here we use the VAD [Jiang et al., 2023] evaluation protocol.

Table 12 summarizes the comparison of cross-domain generalization performance on nuScenes
validation set. The models are trained on the subset of training data collected in one city (e.g., Boston)
and then, zero-shot evaluated on the validation data belonging to the other city (e.g., Singapore). We
see that our proposed RoCA provides the best domain generalized planning.

Table 12: Cross-domain evaluation on Boston and Singapore subsets of nuScenes validation.

Model Boston Singapore

Avg. L2 (m) ↓ Avg. Col. (%) Avg. L2 (m) ↓ Avg. Col. (%)

VAD-Tiny [Jiang et al., 2023] 0.86 0.27 0.78 0.39
SparseDrive-Small [Sun et al., 2024] 0.84 0.23 0.70 0.15
VLP (VAD) [Pan et al., 2024] 0.73 0.22 0.63 0.20
VLP (UniAD) [Pan et al., 2024] 1.14 0.26 0.87 0.34
RoCA (VAD-Tiny) 0.69 0.14 0.56 0.21
RoCA (SparseDrive-Small) 0.52 0.09 0.50 0.12
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E CROSS-CITY EVALUATION ON TARGETED VALIDATION SPLIT

As an extension of Table 3 in the main paper, Table 13 here provides the cross-domain performance
on targeted scenarios (where the ego vehicle has to make a turn) on nuScenes.

We see that in these more challenging scenarios, our proposed RoCA consistently outperforms the
baseline model in terms of domain generalization (no adaptation), and the direct finetuning in terms
of domain adaptation (model weights are updated). It it noteworthy that even without using the
ground-truth trajectory annotations, models adapted using RoCA perform better than those directly
finetuned with ground truth in the target city. When using ground-truth labels, RoCA further improves
the performance of the adapted models.

Table 13: Cross-city planning performance on targeted scenarios.

Method Adapt Boston → Singapore Singapore → Boston

Avg. L2 (m) ↓ Avg. Col.(%)↓ Avg. L2 (m) ↓ Avg. Col.(%)↓
VAD-Tiny ✗ 1.629 0.482 1.157 0.224

w/ finetuning using GT ✓ 1.402 0.270 1.105 0.190
w/ RoCA training regularization ✗ 1.241 0.256 1.006 0.198
w/ RoCA unsupervised adaptation ✓ 1.035 0.231 0.951 0.172
w/ RoCA adaptation using GT ✓ 0.897 0.200 0.890 0.169

SparseDrive-Small ✗ 1.061 0.281 1.014 0.241
w/ finetuning using GT ✓ 0.785 0.199 0.671 0.122
w/ RoCA training regularization ✗ 0.942 0.192 0.886 0.156
w/ RoCA unsupervised adaptation ✓ 0.800 0.104 0.688 0.115
w/ RoCA adaptation using GT ✓ 0.701 0.094 0.511 0.104

F LONG-TAIL EVALUATION ON NUSCENES VALIDATION

Table 14 is an extension of Table 6 in the main paper, where we evaluate the long-tail scenarios, such
as resume from step, overtake, and 3-point turn, in the nuScenes validation set, using the standardized
evaluation protocol. We use the average L2 trajectory error as the metric and do not use the collision
rate here, as it is less statistically stable due to the small number of long-tail samples.

We see that RoCA enables better performance in these long-tail scenarios, confirming its effective-
ness in making the model more generalizable. In particular, while a base model like VAD-Tiny
under-performs other existing methods, by leveraging RoCA, we are able to significantly boost its
performance and make it work better in these challenging long-tail cases.
Table 14: Comparison of L2 trajectory error and collision rate comparison on long-tail scenarios of nuScenes
validation set [Caesar et al., 2020] using the standardized evaluation [Weng et al., 2024]. *Uses the trajectory
inferred by the RoCA Gaussian process module.

Model Using Ego Status Resume from Stop Overtake 3-Point Turn

PARA-Drive [Weng et al., 2024] ✗ 1.08 1.03 1.55
TOKEN [Tian et al., 2024a] ✗ 0.80 0.90 1.43
VAD-Tiny [Jiang et al., 2023] ✗ 1.75 1.32 1.83

w/ RoCA training regularization ✗ 1.13 1.21 1.72
w/ RoCA trajectory prediction* ✗ 0.95 1.00 1.41

TOKEN [Tian et al., 2024a] ✓ 0.65 0.74 0.73
Senna [Jiang et al., 2024] ✓ 1.44 0.94 1.59
DiMA [Hegde et al., 2025] ✓ 1.11 0.82 1.27
SparseDrive-Small [Sun et al., 2024] ✓ 0.67 0.69 0.79

w/ RoCA training regularization ✓ 0.41 0.63 0.71
w/ RoCA trajectory prediction* ✓ 0.34 0.53 0.61

G MOTION PREDICITON EVALUATION ON NUSCENES VALIDATION

We evaluate the agent trajectories using minADE (minimum Average Displacement Error) and
minFDE (minimum Final Displacement Error) metrics in Table 15 below with and without using
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RoCA. Here we use SparseDrive-Small as the base model. It can be seen that RoCA clearly improves
agent trajectory prediction when used as a training regularization.

Table 15: Agent trajectory evaluation on nuScenes dataset. Both minADE and minFDE are lower the
better. *Uses the trajectory inferred by the RoCA Gaussian process module.

Method minADE ↓ minFDE ↓
SparseDrive-Small 0.62 0.99
SparseDrive-Small w/ RoCA training regularization 0.54 0.83
SparseDrive-Small w/ RoCA trajectory prediction* 0.51 0.77

H TRAINING PLOTS

H.1 VARIANCE PLOT ACROSS EPOCHS

In practice, the ROCA framework assigns higher σ2 values to problematic or out-of-distribution
token embeddings and gradually reduces these values as training progresses across epochs. Figure 5
illustrates the variance across epochs during RoCA training regularization on the source dataset using
Eq. 6 from the main paper for 20 epochs on the nuScenes dataset.

Figure 5: Variance across epochs during RoCA training regularization on source dataset using Eq. 6
of the main paper for 20 epochs, on nuScenes dataset.

Table 16 clearly shows that RoCA is slightly less confident in predicting way-point trajectories and
has higher variance values compared to nuScenes validation. Similarly, variance values for long-tail
scenes like “Overtake” and “Resume from stop” are higher than nuScenes validation, indicating that
the confidence of RoCA is lower in these cases.

Variance Val Long-tail
Resume from stop Overtake 3-point Turn

0.87 1.08 1.21 1.56

Table 16: Variance values for nuScenes validation and long-tail scenarios including Resume from
stop, Overtake, and 3-point Turn.

H.2 TOKEN EMBEDDINGS PLOT ACROSS EPOCHS

Figure 6 illustrates the t-SNE projections of 500 "Turn left" and 500 "Turn right" driving command
of token embeddings across training epochs (1, 3, 6, and 18). The plots illustrate the progressive
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clustering of embeddings as training advances. Early epochs (1 and 3) show dispersed clusters, while
later epochs (6 and 18) exhibit well-separated groups corresponding to driving maneuvers. By epoch
18, clusters representing critical actions such as left turn and right turn become clearly distinguishable,
indicating improved semantic organization in the learned representation.

Figure 6: t-SNE visualization of token embeddings across training epochs (1, 3, 6, and 18). The
plots illustrate the progressive clustering of embeddings as training advances. Early epochs (1 and 3)
show dispersed clusters, while later epochs (6 and 18) exhibit well-separated groups corresponding
to driving maneuvers. By epoch 18, clusters representing critical actions such as left turn and
right turn become clearly distinguishable, indicating improved semantic organization in the learned
representation.
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I ADDITIONAL QUALITATIVE RESULTS

We show additional qualitative results on challenging scenes in the nuScenes validation set (best
viewed in color).3

Fig. 7 shows a night-time scenario where it is very dark. RoCA generates the correct trajectory while
the baseline leads the car outside the drivable area.

Fig. 8 shows a sample at an intersection with several other cars and multiple pedestrians. RoCA
provides the right action. The baseline generates a trajectory that goes out of the road. The predicted
trajectories of other agents are also shown in the figure.

Figure 7: Qualitative result on a night-time scenario in nuScenes validation set.

Figure 8: Qualitative result on an intersection scenario in nuScenes validation set.

3Images from nuScenes, licensed under CC BY-NC-SA 4.0.
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