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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 [24,[30}/42,/58], motion prediction [3,27,29], and planning [35] are
often developed and optimized in isolation, the focus in autonomous driving
research has recently shifted towards integrated, end-to-end (E2E) systems
[21/4,5,/1320L{46]. 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. [1,/8,9],
which often fail to capture the full spectrum of driving scenarios. For instance,
datasets like nuScenes [1] are dominated by simple events, with limited coverage
of rare, safety-critical edge cases. This imbalance is further amplified by standard
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Fig. 1: RoCA framework overview." 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).

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 way 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 . Multi-modal variants (MLLMs) further enhance this by
integrating visual inputs , enabling a new wave of E2E driving systems
that aim to achieve higher interpretability and improved long-tail robustness
[12[16,[34,[37-{40]. 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 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.
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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 distribution 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 sce-
narios), 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 adapta-
tion 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 Related Work

Autonomous driving (AD) systems have evolved from modular pipelines [3,6,24] to
end-to-end (E2E) architectures mapping sensor inputs to trajectories |2}5]. Vision-
only E2E models such as UniAD [14], VAD |20], SSR |23|, and SparseDrive [36|
improve efficiency but struggle with domain shifts and rare long-tail events [9].
Recent work addresses these challenges via graph-based transformers [28|, domain-
invariant objectives [15,|41], and normalization techniques [31,/57], yet robust
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handling of safety-critical edge cases remains difficult. Gaussian Processes (GPs)
provide principled uncertainty modeling [45/|52-56] and have aided domain
adaptation in related fields [111{21}25,/50,51|, but their integration into E2E AD
is underexplored. This work introduces a GP-based module to enhance trajectory
prediction and improve generalization to long-tail scenarios.

3 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, RoOCA module probabilistically infers a trajectory
for the current input scene. RoOCA not only enhances the robustness of the trained
E2E model, but also provides adaptation capability on a new domain.

3.1 Problem Formulation and Architecture

Consider a driving scene at time ¢ consisting of an ego vehicle and a set of
surrounding agents. Given a sequence of multi-view images I, along with the
ego status information (that includes pose, velocity, acceleration), the objective
of RoCA is to jointly predict: (i) an ego trajectory (pw, cyw) 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. |20L[36], typically
includes: 1) a scene encoder st(-; 0y ), which converts input images into scene
features/tokens, and 2) a motion planner A(-;8,), which consumes these tokens
to predict trajectories; 8¢ and 6, are learnable parameters. Figure [1] illustrates
the overall system architecture.

RoCA Preliminaries of GP. To enhance robustness across domains, RoCA
incorporates a Gaussian Process (GP) model. A GP can be viewed as an infinite
collection of random variables such that any finite subset follows a joint Gaussian

distribution. For a set of inputs V' = {vy,...,v,}, the corresponding function
evaluations satisfy:
FOV)=1fwn) - fon)]T ~ N(p, KE(V,V) +021), (1)

where p denotes the mean vector and K (V, V) is the covariance matrix induced by
the kernel function. Predictions at unlabeled points are obtained by conditioning
on the observed data, yielding a closed-form Gaussian posterior. The RoCA
module instantiates this GP-based formulation as g(-; 0,4, k), where x(-) is the
kernel function and 8, represents the learnable parameters

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

! See [33] for additional details on Gaussian Processes.
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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 = R(e,a;60;), where p denotes the waypoints and ¢
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 x, the GP conditionally infers the future ego
and agent trajectories, Pw, Cw, Pw,a, Cw,a = Jego(€, 8; 04, K).

Following [36], 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: N4, groups for
the ego car and Nygen¢ 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.

3.2 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.

Basis Tokens and Trajectories We construct a “codebook" of learnable basis
tokens, B = {Bj = {bj,k}le}g;"ldﬁ, where Noq. is the number of basis groups,
each representing a certain trajectory pattern, e.g. turn left, turn right, and C
is the group size. Each basis token is a D-dimensional vector b, € RP. 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}g;"lde. To construct this set of basis trajectories, we
first sample Ngoqe - C' representative trajectories from ground-truth train data,
e.g. nuScenes [1]. They are then clustered into Nguqe groups, such that each group
W, contains C trajectories with similar driving patterns.

In our Gaussian process formulation, each trajectory w; € Wy, is associated
with a unique, learnable basis b; ; € By. 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 N,oqe groups,
we designate N4, groups to represent distinct ego-car waypoint patterns and
Nygent groups for various types of agent trajectories.
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Reconstructing Ego and Agent Tokens The basis tokens B = {B; =
{bj,k,}jcz1 ivjlde 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 N.4, groups and agent token into one
of the Nggent groups. Let c. 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(k(e, B)) predicts the classification logits for the
ego token (similarly for agent).

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

peBe) <N ([ | Loy ")) @

where p(.) denotes probability density function and «(.,.) is the kernel function
evaluating pairwise distances among tokens (specifically, we use the RBF kernel).
The predictive mean é (i.e. the reconstruction of e) and predictive variance

2 are given by

Oc

- banchor,c(3 + /{(e, BCC)H(BCC)ichcv

é
3
3 = r(e) — (e, BCC)H(BCC)_H‘@(Q; BCC)T + Jrzwisel[v ®)

where bgnchor,c, 1S the mean of the tokens in group ce, B, is the zero-mean
version of B, and o2, . is a small, learnable noise variance.

This prediction € 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 a and o,
for each agent token a, using their respective classified group of basis tokens B, .

The overall reconstruction loss for training the basis tokens is given by

1 1
‘C'rec = 7|é - e|2 + lOg(Ue) + 7|é - a‘|2 + log(oa)
o? oz (4)

+1Be, B, —I|I* + [[Be, B, ~III%,

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.

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, ¢, and c,. A GP-based regression then
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infers the future trajectory based on the correlation between the ego/agent token
and the basis tokens. The predicted mean and variance for the ego trajectory, pe
and o, is given by

ISW = Wanchor,ce + Iﬁ:(e, Bce)ﬁ(Bce)ilwcea
02 = r(e) — k(e,Be, )k(Be,) 'h(e,Be,) | + o

w

2 ()

e

where Wopchor,c, 1S the mean of the trajectories in group c., W, is the zero-mean
version of W, and o2, is a small, learnable noise variance. The predicted
agent trajectory P, and variance a?w can be obtained similarly.

When training in the source domain, we supervise these GP-based trajectory

predictions with the ground truth, as follows:

1 .
['sup = J_Qﬁplan (pW7 pgt) + IOg(UW) + Ecls(cea Cgt,e)
A%
1 .
+ O_Q—»Cmot (pw,aa pgt,a) + log(aw,a) + »Ccls(caa Cgt,a)
w,a
+ ‘Ctpt (Ce, Cp, Cn) + Ctpt(caa Cp,as Cn,a)
(6)
where pg; and pyt q are the ground-truth ego and agent trajectories, cgs and cgy o
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 [20,36]). Lpian and Lo denote the waypoint planning and motion tracking
losses, as used in |20436]. To further refine the embedding space, we utilize triplet
loss [32]. For each ego/agent class prediction, we identify three positive classes
(¢p), which exhibit similar driving patterns as the ground-truth class (e.g. turn
left with slightly different angles), and three negative classes (c,), 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.

3.3 Training and Adaptation

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. [20,23.[36].

Learning basis tokens and GP parameters. Secondly, we use both L.,
of Eq. [l and L.y of Eq. [§] 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
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following loss by treating RoCA as a teacher:

1 .
Egp = Lcls(cpred7 Ce) + O_izlcplan (ppreda pw) + log(aw)

w

1 .
+ ECZS(CpTed7a7 Ca) + JTEmot (ppred,ay pw,a)

+ log(aw,a) + [-"tpt (Cpreda Cp, Cn) + Etpt(ca7 Cp,as Cn,a)
+ DKL(Cpred,e |Ce) + DKL(Cpred,a||Ca)7 (7>

where Ppred, Cpreds Ppred,as a0d Cpred,q are the predicted ego and agent trajectory
waypoints and classes from the base E2E model, Dk 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.

Adaptation in Target Domain When 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. m The final loss £ = Lgup + 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 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 L, to update the base E2E model.

4 Experiments

We conduct a thorough evaluation of RoCA in both closed-loop and open-loop
planning settings. Our experiments demonstrate the domain adaptation capabili-
ties 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 experiments
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.

4.1 Experimental Setup

Datasets. We use Bench2Drive [17] for closed-loop evaluation, which leverages
the CARLA simulator and features 44 difficult interactive scenarios across diverse
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Table 1: Closed-loop evaluation on the challenging 220 routes of Bench2Drive [17]. “L"
means large configuration for the corresponding model.

Method Closed-loop metric  Open-loop metric Ability (%)1

DSt SR 1 Efficiencyt Avg. L2] Merging Overtaking Emergency Brake Give Way Traffic Sign Mean
VAD |20 42.35 15.0  157.94 0.91 8.11 24.44 18.64 20.00 19.15 18.07
SSR |23 47.71 24.4 97.41 0.86 19.10 29.38 41.67 30.00 56.75 35.38
SparseDrive-S 36| 51.01 27.8 103.1 0.83 22.64 30.38 44.56 30 53.81 36.28
GenAD 48] 44.81 15.9 - - - - - - -
DriveTransformer-L 18] 63.46 35.0  100.64 0.62 17.57 35.00 48.36 40.00 52.10 38.60
ORION |10 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

weather and urban conditionsﬂ 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 [1], 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 [44]. 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 [47].

Evaluation protocol. For closed-loop evaluation metrics, we adopt the protocol
proposed by [1§|, and evaluate the driving score (DS) and efficiency on Dev10.
For open-loop evaluation metrics, we adopt the standardized evaluation proposed
by [|44] 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 and representative E2E planning models
as our base architectures: ORION [10], SSR [23], SparseDrive [36], and VAD |20].
In our experiments, we adopt the tiny configuration of VAD (VAD-Tiny) and
the small configuration of SparseDrive (SparseDrive-S). Note 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 Nq, = 48.
We use Nygent = 64 groups to capture various types of agent trajectories. The
total groups in the codebook is Neoge = Nego + Nagent = 112 and we set the
group size C' = 64. Each basis has dimension of D = 256.

4.2 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

2 See Table 2 in Bench2Drive paper for more details
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Table 2: Sim-to-real model performance in zero-shot and fine-tuned settings from
Bench2Drive [17] to nuScenes [1]. For fine-tuned results, values in parentheses denote
our domain adaptation performance without using ground-truth labels.

Zero-shot Fine-tuned

Method 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 [20] 1.32 0.51 1.59 0.54 0.91 0.39 1.27 0.39
SSR 23] 1.08 0.31 1.47 0.44 0.75 0.15 1.19 0.37
SparseDrive-S [36] 1.17 0.34 1.51 0.49 0.65 0.14 0.85 0.31
DiMA |[12] 0.94 0.26 1.29 0.38 0.61 0.19 0.94 0.30
DriveTransformer-S |18 1.12 0.33 1.44 0.43 0.69 0.20 0.95 0.33
ORION |10, 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(0.73) 0.12(0.17) 0.88(0.95) 0.24(0.27)
RoCA (SSR) 0.79 0.22 1.10 0.32 0.54(0.63) 0.09(0.13) 0.65(0.77) 0.25(0.29)
RoCA (SparseDrive-S) 0.75 0.22 0.98 0.30 0.55(0.64) 0.10(0.15) 0.64(0.80) 0.24(0.27)
RoCA (ORION) 0.68 0.23 0.94 0.30 0.44(0.52) 0.08 (0.11) 0.56 (0.72) 0.20(0.24)

Table 3: Cross-domain closed-loop evaluation results. Higher is better.

(a) Bench2Drive — NAVSIM (b) Bench2Drive — DriveArena
Method NCt EPtT PDMS?T Method RCT PDMS?T
SparseDrive 97.1 742 82.1 SparseDrive 13.7 68.3
Orion 97.9 78.7 844 Orion 179 71.6
RoCA-SparseDrive 98.0 77.5 85.8 RoCA-SparseDrive 28.1 84.4
RoCA-Orion 98.4 82.6 87.9 RoCA-Orion 33.7 91.2

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 11.7% 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.

4.3 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 perfor-
mance (i.e. no adaptation) and performance after 12 epochs of adaptation/fine-
tuning. Specifically, we compare: (i) the baseline model, (ii) RoCA with source-
only 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 0.98 (ORION) to 0.68, and on the targeted split from 1.56 to 0.94.
After fine-tuning, RoCA further reduces error to 0.44 (0.51 without ground truth)
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on full validation and 0.56 (0.72 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 paren-
theses), demonstrating its robustness and effectiveness in unsupervised domain
adaptation.

4.4 Closed-Loop Cross-Domain Evaluation on NAVSIM

To further evaluate performance under realistic interactive conditions, we conduct
a closed-loop cross-domain evaluation by training on Bench2Drive (source) and
evaluating on NAVSIM vl [7] (target). We adopt planning-oriented metrics—No-
at-fault Collisions (NC?), Ego Progress (EP1), and PDMST—which better reflect
closed-loop performance compared to displacement-based open-loop metrics. For
RoCA-Orion and RoCA-SparseDrive, we additionally perform unsupervised fine-
tuning following Sections 3.2 and 3.3. As shown in Table[3|(a), RoCA consistently
improves performance across all metrics. In particular, RoCA improves PDMS
by +3.7 over SparseDrive (85.8 vs. 82.1) and by +3.5 over Orion (87.9 vs. 84.4),
while also achieving gains in EP (+2.3 / +3.2) and NC (+0.9 / 40.5). These
results demonstrate stronger closed-loop planning under domain shift, including
robustness to differences in sensor configurations and interaction dynamics.
Evaluating on NAVSIM provides a more realistic assessment beyond nuScenes,
and we plan to extend this analysis to NAVSIM v2 in future work.

4.5 Closed-Loop Evaluation in DriveArena

To further evaluate performance under realistic interactive conditions, we con-
duct closed-loop cross-domain experiments using the DriveArena [49] simulator.
Specifically, models are trained on Bench2Drive (source) and evaluated zero-shot
on DriveArena (target). We report Route Completion (RC1) and PDMS?, which
measure task success and planning quality in closed-loop environments. Table (b)
shows that RoCA consistently improves performance over the corresponding base
planners. For example, RoCA-Orion improves route completion from 17.9 to
33.7 and PDMS from 71.6 to 91.2, demonstrating substantial gains in interactive
driving performance under domain shift. Importantly, RoCA is plug-and-play
for real-world simulators such as DriveArena. The Gaussian Process module is
used only during training and adaptation, and the deployed planner remains
unchanged, incurring no additional inference latency.

4.6 Cross-City Evaluation

Table [] 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
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Table 4: Cross-city planning performance on nuScenes dataset [1].

Method Adapt Boston — Singapore Singapore — Boston
Avg. L2 (m) | Avg. Col.(%)| Avg. L2 (m) | Avg. Col.(%)}
Senna |19 X 1.03 0.26 0.96 0.24
w/ finetuning using GT v 0.98 0.23 0.69 0.19
DIiMA [12] X 1.15 0.23 0.92 0.22
w/ finetuning using GT v 1.01 0.21 0.72 0.17
VAD-Tiny [20] X 1.25 0.43 1.16 0.23
w/ finetuning using GT v 1.19 0.26 1.11 0.19
w/ RoCA training regularization X 1.17 0.21 1.01 0.19
w/ RoCA unsupervised adaptation v 1.02 0.19 0.94 0.17
w/ RoCA adaptation using GT v 0.94 0.17 0.89 0.16
SparseDrive-S |36] X 0.91 0.18 1.02 0.24
w/ finetuning using GT v 0.55 0.12 0.67 0.12
w/ RoCA training regularization X 0.79 0.15 0.88 0.15
w/ RoCA unsupervised adaptation v 0.71 0.13 0.68 0.11
w/ RoCA adaptation using GT v 0.49 0.09 0.51 0.10

Table 5: 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.

5% 10% 15%

Avg. L2 (m) | Avg. Col.(%)! Avg. L2 (m) | Avg. Col.(%)| Avg. L2 (m) | Avg. Col.(%)|
Singapore — Boston

Adapt. Method Sampling

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

direct finetuning across all metrics. For example, on Boston — Singapore transfer
using SparseDrive, RoCA reduces L2 error from 0.55 m to 0.49 m and collision
rate from 0.12% to 0.09%. 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.

4.7 Active Learning

In the target domain, active learning reduces annotation and adaptation costs
if the the most informative samples are identified and used for training. To
achieve this, we propose using the GP-based predictive variance as a uncertainty
criterion, selecting samples with the highest estimated variance. 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 5| reports
cross-city transfer results between Singapore and Boston after fine-tuning using
ground-truth supervision, with SparseDrive-S as the base model. Across all
sampling rates, uncertainty-based selection with RoCA consistently improves
planning performance over random sampling. Furthermore, RoCA consistently
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Fig. 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). Models
are trained on a source city and evaluated using t-SNE projections on a target city. For
example, in the left column, the model is trained on Singapore and plotted on Boston
validation.

outperforms the baseline under both sampling strategies, underscoring its better
adaptation capability.

4.8 Learned Tokens in GP

Our GP-based formulation in RoCA yields a more structured and semantically
meaningful token space for ego and agent trajectories, leading to robust general-
ization across domains. As illustrated in Figure 2] RoCA produces well-separated
clusters that correspond to distinct trajectory modes, whereas the baseline
SparseDrive-S exhibits significant overlap and entanglement, making it sensitive
to perturbations or noises to tokens to this token (e.g. due to different camera
characteristics, lighting, etc.). The improved separability is further evident in
Figure 2| where commands like Go Straight, Turn Left, and Turn Right form
coherent groups, with sub-clusters capturing fine-grained variations (e.g., soft
vs. sharp turns). This organization arises from the GP’s kernel-based similarity
structure and its uncertainty-aware regularization, enabling RoCA to maintain
stable behavior and infer consistent trajectories even under domain shift.

4.9 Adaption to Image Degradations

We further assess the generalization and adaptation performance when the image
quality is compromised, e.g. due to low light, motion blur, snow, and fog. Table [f]
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Table 6: Planning performance under image degradations including low light, motion
blur, and under adverse weather conditions.

lowlight motion blur Snow Fog

Model Adapt
Avg. L2 (m) | Avg. Col.(%)} Avg. L2 (m) | Avg. Col.(%) Avg. L2 (m) | Avg. Col.(%)! Avg. L2 (m) | Avg. Col.(%)}
Full Val
SparseDrive-S X 0.577 0.345 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 X 0.564 0.129 0.671 0.208 0.729 0.173 0.750 0.253
w/ RoCA unsupervised adaptation v 0.531 0.098 0.589 0.146 0.628 0.121 0.682 0.173
w/ RoCA supervised adaptation using GT v 0.526 0.090 0.541 0.104 0.581 0.096 0.619 0.151
Targeted Val
SparseDrive-S X 0.712 0.325 0.832 0.389 0.907 0.287 0.939 0.399
w/ supervision using GT v 0.707 0.291 0.721 0.282 0.729 0.188 0.772 0.256
w/ RoCA training regularization X 0.703 0.228 0.766 0.248 0.849 0.208 0.853 0.220
w/ RoCA unsupervised adaptation v 0.626 0.188 0.733 0.203 0.756 0.135 0.721 0.166
w/ RoCA supervised adaptation using GT v 0.591 0.169 0.696 0.192 0.660 0.119 0.641 0.141
co t=6s Agent traj. =0 BN -3: SparseDrive
o I =3 GT o I =35 RoCA (ours)
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Fig. 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.

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 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 confirm that RoCA strengthens generalization and
adaptation under diverse degradations, improving the reliability of E2E planning.

4.10 Qualitative Results

Figure [3| shows qualitative planning results on turning scenarios. Our RoCA ap-
proach 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.

5 Conclusions

We introduced RoCA, a robust cross-domain E2E autonomous driving frame-
work built on a Gaussian Process formulation that jointly models ego and agent
trajectories. This probabilistic structure enables uncertainty-aware planning, im-
proves source-domain training through GP-based regularization, and significantly
enhances generalization to unseen environments. A key strength of RoCA is its
flexible adaptation capability, supporting standard finetuning, uncertainty-guided
active learning, and online adaptation for practical deployment.
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