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Abstract

Safety-critical interactions are rare in real-world driv-
ing data, making it difficult for end-to-end autonomous-
driving planners to learn reliable collision-avoidance be-
haviour from standard training datasets alone. This work
presents CriticalScenes, a reconstruction-based framework
for automatically transforming ordinary recorded driv-
ing scenes into controllable, photorealistic critical sce-
narios for both evaluation and training. The framework
operates on editable 3D Gaussian Splatting reconstruc-
tions of real driving environments, enabling the gener-
ation of collision-course threat interactions and corre-
sponding safe ego responses while preserving compatible
surrounding traffic and the original scene’s appearance.
To improve visual fidelity under modified viewpoints and
actor placements, the rendered observations are subse-
quently processed with a diffusion-based image restora-
tion model to reduce novel-view artefacts. The gener-
ated scenarios expose substantial weaknesses in UniAD, a
structured, end-to-end autonomous-driving planner, partic-
ularly in interactions requiring strong evasive behaviour.
Fine-tuning UniAD on the generated critical scenarios sub-
stantially improves performance on unseen generated in-
teractions while preserving performance on conventional
nuScenes driving. Evaluation on NeuroNCAP, an inde-
pendent photorealistic closed-loop safety benchmark, fur-
ther shows that the learned behaviour transfers beyond the
proposed generation pipeline, although the improvement
is interaction-dependent and considerably smaller than in
open-loop evaluation. Overall, the results demonstrate
that reconstruction-based critical-scenario generation can
provide useful and scalable supervision for safety-critical
autonomous-driving behaviour.

1. Introduction

End-to-end autonomous-driving systems increasingly inte-
grate perception, prediction, and planning within a single
learning framework, allowing driving decisions to be opti-
mised directly toward the final planning objective. Struc-
tured end-to-end approaches, such as UniAD [20], have
demonstrated strong performance on large-scale real-world
autonomous-driving benchmarks, including nuScenes [5].
However, these models are predominantly trained by imitat-
ing recorded human driving, in which imminent collisions
and emergency avoidance manoeuvres occur only rarely.
Consequently, strong performance on conventional open-
loop benchmarks does not necessarily imply that a planner
has learned how to respond when rapid corrective action is
required.

Closed-loop safety benchmarks such as NeuroN-
CAP [25] expose this limitation by placing autonomous-
driving models in photorealistic reconstructions of real driv-
ing scenes and introducing actors on predefined collision
courses. Rather than evaluating only the deviation be-
tween a predicted trajectory and a recorded expert trajec-
tory, closed-loop evaluation allows the planner’s decisions
to influence the future scene state and directly measures
whether the resulting collision is avoided. Such bench-
marks demonstrate that safety-critical behaviour cannot be
assessed solely through conventional open-loop evaluation.
At the same time, they highlight a broader data-generation
problem: constructing controlled, photorealistic critical in-
teractions typically requires carefully selected scenes and
actors, manually designed trajectories, and substantial su-
pervision to ensure that the resulting scenario remains visu-
ally and physically valid.

Synthetic data generation offers a way to provide the
missing critical-scenario supervision without deliberately
collecting dangerous interactions in the real world. Con-
ventional simulators such as CARLA [14] and AirSim [34]
provide strong controllability but introduce a visual sim-to-



real gap. Generative video methods [24, 39] can produce

diverse and realistic driving observations, but maintain-

ing temporal and cross-view consistency while providing
precise control over scene evolution remains challenging.

World models [3, 19, 31] offer powerful learned representa-

tions of driving dynamics, but can require substantial com-

putational resources and are generally formulated around
learned scene evolution rather than explicit geometric spec-
ification of individual actor trajectories. Reconstruction-
based approaches provide an attractive alternative by mod-
ifying recorded real-world environments while retaining
their original appearance and geometry. Methods such as

NeuRAD [36] and StreetGaussians [42] additionally sep-

arate dynamic traffic participants from the static environ-

ment, enabling controlled actor manipulation.

This work builds on the reconstruction-based formula-
tion and introduces an automated framework to convert
ordinary nuScenes recordings into photorealistic, safety-
critical scenarios. The framework reconstructs an ed-
itable real-world scene, automatically constructs a con-
trolled collision-course interaction together with a corre-
sponding safe ego response, and renders the modified in-
teraction while preserving compatible surrounding traffic.
The resulting observations and annotations are converted
into a nuScenes-compatible representation that can be used
directly for end-to-end planner evaluation or training.

The framework is evaluated from both a data-generation
and planner-adaptation perspective. We first investigate
whether the manipulated threat actors remain perceptually
usable, whether the generated interactions provide chal-
lenging yet plausible planner test cases, and whether mul-
tiple critical variants can be produced efficiently from re-
constructed scenes. The generated scenarios are then used
to fine-tune UniAD, with evaluation on unseen-source syn-
thetic scenarios and on ordinary nuScenes driving sce-
narios. Finally, NeuroNCAP provides an independent
closed-loop test of whether the learned behavioural changes
transfer beyond the proposed StreetGaussians generation
pipeline.

Based on this formulation, this work addresses the fol-
lowing research questions:

1. Can vehicles rendered using 3D Gaussian Splatting be
used to create critical scenarios that remain perceptually
usable by an end-to-end planner?

2. Can the generated scenarios provide challenging yet
physically plausible test cases for end-to-end planners?

3. Can the proposed framework efficiently generate diverse
critical scenarios from reconstructed real-world driving
scenes?

4. Does fine-tuning on the generated critical scenarios im-
prove collision-avoidance behaviour while preserving
ordinary driving performance?

In addressing these questions, this work makes the fol-

lowing contributions:

* We introduce CriticalScenes, a scalable reconstruction-
based framework that transforms ordinary recorded driv-
ing scenes into diverse, photorealistic critical scenarios
for direct use by end-to-end driving planners. The gen-
erated scenarios include both controlled collision-course
interactions and corresponding safe ego responses, allow-
ing the same reconstructed environment to support multi-
ple critical variants.

* We demonstrate that the generated scenarios provide both
targeted safety evaluation and useful supervision for plan-
ner adaptation. Using UniAD as the downstream planner,
the scenarios expose substantial weaknesses in collision
avoidance during safety-critical interactions that are rare
in ordinary driving data and enable targeted fine-tuning of
the corresponding behaviour.

* We identify and analyse an open—closed-loop generali-
sation gap in the fine-tuned UniAD planner: strong im-
provements on unseen-source-generated critical scenarios
do not uniformly translate to closed-loop collision avoid-
ance, revealing limitations in the initiation and mainte-
nance of evasive behaviour under replanning.

2. Related Work
2.1. End-to-End Autonomous Driving

End-to-end autonomous driving seeks to optimise driving
decisions directly from sensor observations rather than rely-
ing on independently designed perception, prediction, plan-
ning, and control modules [1, 32]. Direct approaches such
as TransFuser [9] and TCP [41] map sensor observations to
trajectories or vehicle controls with limited explicit interme-
diate structure. Structured end-to-end methods instead re-
tain interpretable intermediate representations while jointly
optimising the system toward planning.

UniAD [20] is a representative structured end-to-end
architecture that integrates object tracking, online map-
ping, motion forecasting, occupancy prediction, and ego
planning within a unified framework. Subsequent ap-
proaches have explored alternative scene representations
and planning structures. VAD [21] represents surrounding
agents and map elements using vectorised queries, while
SparseDrive [35] employs sparse scene representations to
reduce the computational cost associated with dense BEV
features. More recent methods, such as BridgeAD [43], ad-
ditionally incorporate historical prediction and planning in-
formation to improve temporal consistency between succes-
sive decisions. Despite these architectural developments,
driving behaviour is still largely learned from recorded real-
world trajectories. Consequently, the ability of such mod-
els to perform rare collision-avoidance manoeuvres remains
closely related to the availability of corresponding examples
in the training distribution.



The scale of the training data used by representative end-
to-end driving methods further illustrates this dependency.
As summarised in Table [, established structured planners
are typically trained on hundreds to thousands of driving
scenes, while more recent VLA-based approaches [8] in-
creasingly rely on tens of thousands of curated samples
or substantially larger collections of driving video. At the
same time, dedicated safety-critical or long-tail interactions
are absent from the standard training data of many widely
used planners. Providing such behaviour through manually
constructed scenarios would therefore be difficult to scale to
the volume required for modern end-to-end training, moti-
vating automated methods for generating controlled critical
interactions.

2.2. Critical-Scenario Data Generation

Safety-critical interactions form a long-tailed component
of real-world driving data and are difficult to deliber-
ately collect because reproducing imminent collisions is
unsafe. Synthetic generation, therefore, provides a prac-
tical means of introducing controlled critical interactions
into training and evaluation. Conventional simulators such
as CARLA [14] and AirSim [34] provide explicit control
over the environment and traffic participants, but the vi-
sual discrepancy between simulated and real-world obser-
vations can introduce a sim-to-real domain gap [30]. Gen-
erative approaches offer greater visual diversity, but intro-
duce different challenges. Diffusion-based driving genera-
tors explicitly identify temporal and cross-view consistency
and controllability as key difficulties [24, 39]. World mod-
els such as GAIA-1 [19] can model complex scene evolu-
tion and provide conditioning over ego behaviour and scene
properties, but large generative world models can require
substantial computational resources for training and high-
dimensional video generation. Moreover, they are formu-
lated around learned scene evolution rather than explicit ge-
ometric construction of individual actor trajectories.
Reconstruction-based rendering provides an alterna-
tive by constructing editable representations directly from
recorded real-world environments. NeRF [27] and 3D
Gaussian Splatting [22] enable novel views of reconstructed
scenes to be rendered while preserving much of their orig-
inal appearance and geometry. Driving-specific methods
such as NeuRAD [36] and StreetGaussians [42] adapt
reconstruction-based rendering to dynamic road scenes by
modelling the static environment and traffic participants
separately. However, reconstruction quality is inherently
limited by the viewpoints observed in the original driv-
ing sequence. Unlike many novel-view-synthesis settings
in which images can be deliberately captured from diverse
viewpoints around a scene or object, autonomous-driving
datasets are recorded primarily along the vehicle’s natu-
ral ego trajectory and therefore provide comparatively nar-

row viewpoint coverage. As a result, repositioning a traffic
actor may expose surfaces that were never observed dur-
ing recording, leading to incomplete or distorted actor ap-
pearances. Similarly, rendering the scene from a substan-
tially modified ego trajectory can reveal previously unseen
regions of the environment, producing missing geometry
or degraded background reconstruction. These limitations
make actor selection, trajectory design, and restoration of
novel-view artefacts important when constructing modified
critical interactions.

NeuroNCAP  demonstrates  the  potential  of
reconstruction-based rendering for safety-critical eval-
uation. Using NeuRAD reconstructions of real nuScenes
sequences, the benchmark places selected traffic actors
on collision courses with the ego vehicle and evaluates
whether an autonomous-driving system can avoid the
resulting interaction in a closed loop. Its scenarios,
however, rely on manually selected source sequences
and actors together with predefined collision trajectories.
SceneCrafter [16] extends reconstruction-based simulation
toward training-data generation by introducing interactive
traffic into 3D Gaussian Splatting reconstructions and using
an expert planner to generate corresponding ego supervi-
sion. Augmenting real training data with these synthetic
driving logs improves both open- and closed-loop perfor-
mance of VAD. However, the expert primarily follows the
recorded ego route while adapting its speed according to
the surrounding traffic, whereas our framework explicitly
constructs collision-course interactions together with
corresponding evasive ego trajectories. Its manipulated
traffic participants primarily follow predefined behaviours
such as lane-following, turning, and lane-changing.

These works establish reconstruction-based rendering as
a promising basis for both safety evaluation and synthetic
training. However, automatically constructing planner-
ready collision-course interactions remains comparatively
underexplored. In particular, a scalable critical-scenario
generation pipeline must identify suitable actors, generate
both the dangerous interaction and an appropriate avoid-
ance response, maintain physically plausible motion and
surrounding traffic context, and remain robust to artefacts
from novel-view reconstruction. Our work targets this gap
by combining StreetGaussians-based scene reconstruction
with automated threat and ego trajectory generation, preser-
vation of compatible recorded traffic, and Fixer [40]-based
restoration, enabling reconstructed real-world scenes to be
converted into controllable critical scenarios for both plan-
ner evaluation and supervision.

2.3. Closed-Loop Safety Evaluation and Adaptation

Open-loop planning evaluation measures agreement be-
tween a predicted trajectory and a recorded expert trajec-
tory, but does not capture how executing the planner’s own



Table 1. Training data and supervision used by the representative end-to-end autonomous-driving planners. Reported data quantities follow
the units used by the respective works and are therefore not directly comparable. The final column indicates whether the targeted critical
or long-tail data are used for training, used only for evaluation, or are not specifically reported.

Method Family Training Dataset Reported scale Driving supervision Critical-
data use
P3[33] Partial Multi-task IL Proprietary 6,100 scenarios (25 s) Scene + ego planning No
structured
MP3 [6] Partial Multi-task IL Urban Expert 5,000 scenarios (25 s) Map + perception/prediction + No
structured planning
UniAD [20] Structured Multi-task IL nuScenes 700 scenes (20 s) Perception + motion + planning No
VAD [21] Structured Multi-task IL nuScenes 700 scenes (20 s) Agent/map + planning No
BridgeAD [43] Structured Multi-task IL nuScenes 700 scenes (20 s) Perception + motion + planning Eval. only
VaVAM [2] Direct Video pretrain. + OpenDV + 1,700+ h pretrain.; 94h + 5.5h IL Ego trajectory Eval. only
IL nuPlan +
nuScenes
Impromptu VLA [8] VLA VLA fine-tuning 8 public datasets ~ 80k+ curated clips Trajectory + planning-language Training
supervision
Reasoning-VLA [44] VLA SFT + RL 8 public datasets ~ Unified 8-dataset corpus Trajectory + reasoning No
Alpamayo-R1 [29] VLA SFT + RL NVIDIA 80k h driving + 700k CoC clips Trajectory + CoC reasoning Training
proprietary

decisions changes its future observations. Moreover, mul-
tiple trajectories may safely resolve the same critical in-
teraction, making deviation from a single recorded trajec-
tory an incomplete measure of collision-avoidance capabil-
ity. Closed-loop evaluation instead allows the planner to
influence the scene’s future state and directly assess the out-
comes of its decisions.

NeuroNCAP provides such an evaluation using pho-
torealistic nuScenes reconstructions containing stationary,
frontal, and lateral collision threats. Its original experiments
showed substantial closed-loop failure rates for both UniAD
and VAD despite their strong conventional open-loop per-
formance. NeuroNCAP has subsequently been used as
a complementary safety benchmark by methods including
BridgeAD [43] and VaVAM [2]. Recent work has also be-
gun to investigate the role of training data in such evalua-
tions. Impromptu VLA [8], for example, curates challeng-
ing long-tail driving examples from real autonomous driv-
ing datasets and reports improvements in both open-loop
planning and closed-loop NeuroNCAP performance after
targeted training.

These results suggest that closed-loop safety depends
not only on planner architecture but also on whether ap-
propriate critical behaviour is represented during training.
Rather than introducing a new planning architecture, this
work investigates whether automatically generated photo-
realistic critical scenarios can provide such supervision.
The resulting planner is evaluated on held-out synthetic
data, standard nuScenes driving data, and independently
rendered NeuroNCAP scenarios, while UniAD’s existing
occupancy-based collision optimiser is treated separately as
an inference-time ablation.

3. Methodology

This section presents the proposed critical-scenario genera-
tion framework, covering editable scene reconstruction, au-
tomated critical-interaction generation, rendering and qual-
ity control, and the use of the resulting scenarios for end-to-
end planner adaptation.

3.1. System Overview

The proposed framework transforms ordinary recorded
driving sequences into photorealistic, planner-ready safety-
critical scenarios. As illustrated in Fig. 1, the pipeline starts
from a real driving scene and progressively converts it into
an editable reconstruction, constructs a controlled critical
interaction, renders the modified scene, and performs qual-
ity control and dataset conversion to produce a planner-
compatible scenario.

Each selected scene is first reconstructed using an object-
centric 3D Gaussian Splatting method, providing an ed-
itable representation of the static environment and its dy-
namic traffic participants. In the implementation used in
this work, StreetGaussians [42] provides this reconstruc-
tion. A conflict pose along the nominal ego trajectory is
then defined, together with a suitable reconstructed threat
actor and starting pose. Hybrid A* is used to construct
the threat trajectory and the corresponding ego collision-
avoidance response, after which the interaction is tempo-
rally aligned with the recorded scene. Surrounding traffic is
preserved whenever its recorded motion remains compati-
ble with the modified interaction.

The resulting ego and actor trajectories are converted
into the pose sequences required for novel-view rendering.
The modified scene is rendered from the generated ego tra-
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Figure 1. Overview of the proposed critical-scenario generation framework. Starting from an ordinary recorded driving scene, the frame-
work reconstructs an editable 3D representation, selects a suitable traffic actor and conflict pose, and constructs a collision-course threat
trajectory together with a corresponding ego collision-avoidance trajectory. Compatible surrounding traffic is preserved before the modi-
fied scene is rendered and restored. Following geometric, perceptual, and rendering-quality checks, accepted scenarios are converted into

a planner-compatible representation for evaluation or training.

jectory, and a diffusion-based image-restoration model is
then applied to reduce visual artefacts arising from view-
points not observed during the original recording. In this
work, Fixer [40] is used for this restoration stage. Fi-
nally, geometric, perceptual, and rendering-quality checks
are applied before accepted scenarios are converted into a
planner-compatible representation containing the observa-
tions, annotations, and planning supervision required by the
downstream model.

For the experiments in this work, nuScenes provides the
recorded source scenes, and UniAD is used as the down-
stream end-to-end planner.

3.2. Scene Reconstruction and Traffic Representa-
tion

The proposed framework assumes an editable, object-
centric 3D Gaussian Splatting reconstruction in which the
static environment and foreground traffic participants are
represented separately. In this work, the reconstruction is
obtained using StreetGaussians [42] on recorded nuScenes
sequences. Rather than representing the complete driving
scene as a single static reconstruction, StreetGaussians ex-
plicitly separates the static environment from dynamic fore-
ground traffic participants. Similar object-centric decom-
positions have also been adopted by other 3D Gaussian
Splatting methods for driving scenes, such as DrivingGaus-
sian [46] and OmniRe [7], which separately represent the
environment and dynamic actors to support reconstruction
and manipulation of complex traffic scenes.

This decomposition is particularly useful for the pro-
posed critical-scenario generation framework, since the
Gaussian representation of each reconstructed vehicle is as-
sociated with that individual object, while the remaining
Gaussians represent the static environment. Consequently,
a vehicle can be manipulated independently of the back-

ground: its recorded poses can be replaced by those of a
newly generated trajectory, or the actor can be suppressed
from the rendered scene without modifying the remainder
of the reconstruction. Figure 2 illustrates this separation
between the reconstructed static environment and the indi-
vidually represented rigid traffic objects.

The identities and recorded trajectories of the recon-
structed traffic participants are retained as part of the ed-
itable scene representation. This allows the proposed frame-
work to manipulate selected actors while preserving the
remaining traffic context whenever possible, to increase
scene realism and diversity. The reconstruction configura-
tion, rigid-object association, and implementation of object
transformation and suppression are detailed in Appendix A.

3.3. Conflict-Pose Construction and Threat-Actor
Selection

The construction of a critical interaction begins by selecting
where and when to challenge the nominal ego trajectory. A
conflict pose q. = (¢, Ye, ¥c) is sampled directly from
the recorded future ego trajectory between 5 and 15 s after
the beginning of the sequence. The corresponding position
defines the interaction location, while its timestamp deter-
mines the time available for the threat actor to reach it. A
feasible threat starting pose qs = (s, Ys, Vs ) is then sam-
pled from the surrounding drivable area. Candidate starts
are restricted to the same connected drivable region as the
conflict point, must allow the threat to reach the conflict
point within the available time at a plausible urban speed,
and must produce an approach direction sufficiently differ-
ent from the ego trajectory to suppress approximately paral-
lel rear-end interactions. The sampled pose must addition-
ally be collision-free. The complete sampling constraints
and implementation are provided in Appendix B.1.
Geometric suitability alone is insufficient for selecting



(a) Static environment.

(b) Dynamic rigid objects.

Figure 2. StreetGaussians scene decomposition used by the proposed framework. The static environment is represented separately from
foreground traffic participants, allowing individual reconstructed vehicles to be independently manipulated when constructing a critical

scenario.

the reconstructed vehicle used as the threat, since render-
ing quality depends on whether the viewpoints required by
the generated interaction were sufficiently observed dur-
ing reconstruction. The framework, therefore, estimates an
actor-relative visibility profile for each reconstructed vehi-
cle and compares it with the viewpoints required by the gen-
erated threat trajectory. As illustrated in Fig. 3, different ac-
tors can provide substantially different viewpoint coverage.
Candidate actors with compatible viewpoint coverage are
retained, after which the actor whose original observation
conditions most closely match those required by the gener-
ated interaction is selected. The complete visibility-profile
construction and matching procedures are detailed in Ap-
pendix B.2, while the final candidate-ranking procedure is
provided in Appendix B.3.

3.4. Critical-Scenario Generation

Given the conflict pose and threat starting pose defined in
Sec. 3.3, the framework constructs a collision-course tra-
jectory for the threat actor and a corresponding collision-
avoidance response for the ego vehicle. Hybrid A* is
used to generate kinematically feasible trajectories within
the available drivable region, accounting for the non-
holonomic motion of car-like vehicles. This formulation
has been widely adopted for autonomous vehicles and non-
holonomic wheeled robots, where feasible steering and ori-
entation must be considered during path generation [4, 11,
12, 28]. For threat generation, alternative terminal orienta-
tions support both crossing and oncoming interactions, and
the lowest-cost valid forward trajectory is retained. If no
feasible moving trajectory can be generated, the selected
actor is retained as a stationary threat. Rear-end configura-
tions are excluded because the framework focuses on inter-
actions that require an active ego-avoidance response. The
complete Hybrid A* formulation, terminal-pose construc-
tion, collision model, and planner configuration are pro-
vided in Appendix C.1.

For moving threats, the generated spatial trajectory is
temporally synchronised with the recorded ego trajectory

such that the threat and nominal ego reach the conflict re-
gion at approximately the same time. Hybrid A* therefore
determines the spatial geometry of the threat motion, while
temporal synchronisation determines when the critical in-
teraction occurs. The complete trajectory resampling and
timing procedure is described in Appendix C.2.

A corresponding safe ego response is then generated. A
steering-based evasive manoeuvre is first sought using Hy-
brid A*, allowing the ego vehicle to depart from the nom-
inal trajectory, avoid the threat, and subsequently recover
towards the recorded route. Moving head-on interactions
require such lateral avoidance and are discarded if no feasi-
ble steering response can be generated. For interactions in
which stopping before the conflict region provides a valid
response, a braking trajectory is generated instead by mod-
ifying the ego vehicle’s longitudinal progression along its
recorded route. The original recorded ego trajectory is re-
tained as the nominal collision trajectory, while the gener-
ated response provides corresponding supervision for safe
planning. The complete reaction-point selection, steering
and braking construction, and trajectory post-processing are
detailed in Appendix C.3.

Representative generated threat and ego-avoidance tra-
jectories are shown in Fig. 4, illustrating lateral-crossing,
head-on steering, and head-on braking interactions. Addi-
tional moving- and stationary-threat examples are provided
in Appendix C.4.

3.5. Rendering and Restoration

Once the threat and ego trajectories have been generated,
they are applied to the editable 3D Gaussian Splatting re-
construction to produce the modified critical interaction.
The generated ego trajectory determines the camera poses
used for novel-view rendering, while the selected recon-
structed vehicle is repositioned according to the generated
threat trajectory. Surrounding traffic participants retain
their recorded trajectories whenever these remain compat-
ible with the modified interaction, preserving as much of
the original scene structure and traffic context as possible.
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Figure 3. Examples of the actor-visibility analysis produced directly by the visibility module for different reconstructed rigid actors. White
regions denote the drivable area used by the geometric visibility test, while black regions lie outside the drivable area. The red curve
represents the recorded ego trajectory, and the blue curve or marker represents the recorded trajectory of the candidate actor. Each green
dashed segment connects the ego and actor at a timestep for which the actor passes the line-of-sight visibility test; the orientations of
these segments therefore indicate the relative viewpoints from which the vehicle was observed during the original sequence. The visible
observations are subsequently classified into eight actor-relative viewing directions and used to construct the actor’s visibility profile.

Despite the viewpoint-aware actor selection in Sec. 3.3, malformed actor appearance, or incomplete restoration.

the modified ego and actor poses can still depart from the
viewpoint distribution observed during reconstruction, re-
sulting in incomplete geometry, missing image regions, or
other novel-view rendering artefacts.

To improve the visual completeness of the generated ob-
servations, the raw novel-view renderings are subsequently
processed with a diffusion-based image restoration model.
In the implementation used in this work, this stage is per-
formed with Fixer [40]. The restoration stage operates on
the rendered images rather than modifying the underlying
trajectories or reconstructed scene geometry, and is there-
fore used only to improve the visual appearance of the final
camera observations. An example of the raw and restored
output is shown in Fig. 5. Exact rendering and restora-
tion settings and additional examples are provided in Ap-
pendix C.5.

3.6. Scenario Quality Control and Dataset Con-
struction

Not every successfully planned and rendered interaction is
suitable for training or evaluation, and generated scenarios
therefore undergo a quality-control stage before being con-
verted into the final dataset representation. Most quality-
control steps are automated. Geometric checks reject in-
teractions with invalid trajectory placement or collisions
with incompatible scene geometry, while perception-based
target-actor recall provides an automatic post-render mea-
sure of whether the manipulated threat remains recognis-
able to the downstream planner. Scenarios are additionally
rejected when the threat actor is missing or incorrectly posi-
tioned. Manual inspection is retained only for visual failure
modes that are difficult to capture reliably with the current
automatic criteria, such as severe reconstruction artefacts,

Particular attention is given to the reconstructed threat
actor, since it represents the central modification of each
generated scenario. The actor must remain sufficiently ob-
servable during the critical part of the interaction, and its
rendered position must remain consistent with the gener-
ated trajectory. These post-render checks complement the
viewpoint-aware actor selection described in Sec. 3.3: actor
selection reduces the likelihood of unsupported novel views
before rendering, while quality control evaluates the result-
ing observations after the complete scene has been gener-
ated. The exact target-recall criterion and filtering proce-
dure are described in Sec. 4.2.

Accepted scenarios are subsequently converted into
the data representation required by the downstream plan-
ner, thereby associating rendered observations with gener-
ated ego poses, modified actor annotations, and collision-
avoidance planning supervision. Variants originating from
the same reconstructed source scene are retained within
the same dataset split to prevent closely related versions
of the same environment from appearing in both training
and evaluation. In the implementation used in this work,
the scenarios are converted into the nuScenes-compatible
representation required by UniAD. The complete temporal-
subsampling, image, pose, annotation, trajectory, sequence-
linkage, and CAN-bus conversion procedure is provided in
Appendix C.6.

3.7. UniAD Fine-Tuning

The generated critical scenarios are used as targeted super-
vision for adapting UniAD. Fine-tuning is initialised from
the pretrained Stage-2 checkpoint rather than training the
model from scratch.

For each accepted synthetic scenario, the rendered multi-
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(c) Head-on - brake
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Figure 4. Representative critical interactions generated by the proposed trajectory-generation module. Red denotes the generated collision-
course threat trajectory or stationary threat location, green the nominal recorded ego trajectory, and blue the generated collision-avoidance
response, which in steering-based cases is constructed to return to the nominal route after passing the conflict.

Figure 5. Example of the rendering and restoration stage. Left:
raw novel-view render produced by StreetGaussians after modity-
ing the ego and threat trajectories. Right: the corresponding image
after Fixer restoration. The restoration stage reduces visual arte-
facts arising from viewpoints that differ from those used during
scene reconstruction.

camera observations are paired with the generated collision-
avoidance ego trajectory described in Sec. 3.4. This trajec-
tory replaces the original collision-course ego motion as the
planning supervision for the modified interaction, thereby
providing an explicit example of the desired response to
the introduced threat. Synthetic critical scenarios are com-
bined with samples from the original nuScenes training set
to reduce the risk that adaptation to the comparatively small
critical-scenario set degrades ordinary driving behaviour.
A similar fine-tuning strategy has been followed in Scen-
crafter [16] to avoid catastrophic forgetting.

Following the Stage-2 training procedure, the
perception-related representation is kept frozen, and
fine-tuning is concentrated on the task-specific components
responsible for downstream prediction and planning. This
focuses adaptation on the components relevant to the in-
troduced critical behaviour while preserving the pretrained
perception representation. The exact data mixture, optimi-
sation settings, module-freezing configuration, and training
duration are reported in Sec. 4.1 and Appendix D.2.

4. Experiments

The experiments evaluate the proposed framework from
both a data-generation and planner-adaptation perspective.
We first assess the perceptual quality, trajectory feasibil-
ity, and scalability of the generated critical scenarios. We
then use the scenarios as an open-loop stress test for pre-
trained UniAD, before evaluating whether targeted fine-
tuning improves critical-scenario behaviour while preserv-
ing performance on ordinary nuScenes driving and trans-
ferring to the independently rendered NeuroNCAP closed-
loop benchmark.

4.1. Experimental Protocol

After trajectory generation, rendering, and initial quality-
control filtering, 188 candidate critical scenarios remain.
From this pool, 100 scenarios are selected for fine-tuning,
and a separate set of 20 scenarios is selected for synthetic
evaluation. To ensure independence between the two sets,
all variants originating from the same reconstructed source
scene are assigned to a single split; consequently, none of
the source scenes used to generate the evaluation scenarios
contributes any scenarios to the fine-tuning set. We refer to
this as the unseen-source evaluation set, since it measures
generalisation to critical interactions generated from pre-
viously unseen reconstructed environments. The 100 fine-
tuning scenarios comprise 39 head-on steering, 36 head-on
braking, and 25 side-interaction cases, while the held-out
set contains 10, 5, and 5 scenarios of each type. Finally,
the synthetic scenarios are mixed with original nuScenes
data rather than used in isolation, so that the rare collision-
avoidance behaviour receives substantial training weight
while the model remains exposed to ordinary driving be-
haviour.



All UniAD experiments are initialised from the pub-
licly released Stage-2 checkpoint. Fine-tuning is per-
formed according to the procedure described in Sec. 3.7,
while keeping the pretrained perception representation fixed
and adapting the downstream task-specific components.
Similar selective-training strategies have been used in au-
tonomous driving to preserve pretrained perception rep-
resentations while adapting downstream planning or con-
trol modules [13, 45]. The complete fine-tuning con-
figuration, including the data mixture, optimisation set-
tings, and module-freezing configuration, is provided in
Appendix D.2.

Planner performance is evaluated on three complemen-
tary datasets. The held-out synthetic set measures perfor-
mance on critical interactions generated by the proposed
framework, while the standard nuScenes validation set mea-
sures retention of ordinary driving performance. Finally,
NeuroNCAP provides an independent closed-loop safety
evaluation based on NeuRAD reconstructions and is not
used during either scenario generation or fine-tuning. It
tests whether behaviour learned from the generated Street-
Gaussians scenarios transfers to critical interactions outside
the proposed rendering pipeline.

All main UniAD evaluations use the standard
occupancy-based collision optimiser with identical
parameters for the original and fine-tuned checkpoints.
Sensitivity to alternative collision-optimiser settings is
analysed separately in Appendix D.5.

4.2. Scenario Generation Quality and Scalability

The proposed pipeline is applied to 53 reconstructed
nuScenes source scenes. Across these reconstructions,
1,060 critical-interaction planning attempts are performed,
of which 979 produce feasible threat trajectories. From
these, 259 interactions are selected while preserving as
many distinct variants per source scene as possible. An ini-
tial geometric filtering stage removes trajectories that col-
lide with scene objects not included in the drivable-area map
used by Hybrid A*, such as road barriers or vehicles not re-
constructed as rigid objects. The remaining scenarios are
rendered with StreetGaussians and restored with Fixer, then
undergo a final manual check for missing threat actors or se-
vere artefacts that Fixer cannot correct, resulting in 188 can-
didate scenarios that are subsequently used for perceptual
and trajectory-quality evaluation. Subsets are then selected
for fine-tuning and held-out evaluation. We evaluate this
generated scenario pool along three dimensions. First, we
assess whether the repositioned threat actor remains percep-
tually usable to UniAD during the critical interaction. Sec-
ond, we evaluate whether the generated trajectories reliably
construct the intended collision-course interaction while re-
maining geometrically and kinematically plausible. Finally,
we analyse the success rate and computational cost of the

Table 2. UniAD target-actor detection recall at different ego—target
distances. NeuroNCAP results are reproduced from [25].

Scenario set 5-15m 15-25m 25-35m

NeuroNCAP - Stationary 0.970 0.980 0.890
NeuroNCAP - Frontal 0.830 0.970 0.900
NeuroNCAP - Side 0.920 0.960 0.650
Ours — StreetGaussians 0.864 0.718 0.554

generation pipeline to characterise its scalability.

Following the target-actor evaluation introduced by Neu-
roNCAP [25], a predicted vehicle is considered a true pos-
itive when its predicted bounding box has non-zero over-
lap with the target annotation or when the distance between
their centres is below 2 m. Recall is evaluated over the same
ego—target distance intervals used by NeuroNCAP.

For dataset selection, we additionally define a critical-
window recall score using the same target-matching crite-
rion. For each generated scenario, the score is computed
only over frames in which the threat is within 15 m of the
ego vehicle and up to the frame of closest approach. This
focuses the ranking on whether the threat remains reliably
detectable during the approach to the critical interaction,
while excluding post-interaction observations after the vehi-
cles have passed. The 188 StreetGaussians-rendered candi-
date scenarios are ranked using this score, and the highest-
quality candidates are prioritised for the 100-scenario fine-
tuning set, while scenarios overlapping with NeuroNCAP
source scenes are excluded to preserve the independence of
the closed-loop evaluation.

For the proposed scenarios, particular emphasis is placed
on the 5-15m interval, since this corresponds to the close-
range portion of the interaction in which the ego vehicle
must recognise the introduced threat and initiate an avoid-
ance response. UniAD achieves a target-actor recall of
0.864 in this range. This lies within the 0.83-0.97 range
reported by NeuroNCAP for its stationary, frontal, and side
collision scenarios. Despite repositioning the reconstructed
vehicle and introducing modified ego and threat trajectories,
the threat actor therefore generally remains perceptually us-
able during the most safety-critical part of the interaction.

Recall decreases to 0.718 at 15-25m and 0.554 at 25—
35m. These longer-range measurements are less central to
the intended avoidance interaction and are also more sen-
sitive to the smaller image footprint of distant actors and,
potentially, to occlusions caused by the surrounding traffic
retained in the generated scenes. Close-range recall is there-
fore treated as the primary indicator of perceptual usability,
while the longer-range measurements are reported for com-
pleteness.

The 979 feasible planned interactions are first examined
to determine whether the generated threat produces the in-



tended collision-course geometry. In all 979 cases, the gen-
erated threat approaches the original recorded ego trajec-
tory to within 2m during the interaction, confirming that
the generated path intersects the nominal ego motion rather
than merely occupying the same road region. The generated
moving threats travel at an average speed of approximately
22.8 km/h, consistent with the 15-30 km/h urban operating
range targeted during start-pose construction.

The robustness of the trajectory planner is additionally
evaluated on an independently sampled subset of 100 gen-
erated interactions, for which Hybrid A* recovers a valid
threat trajectory in 99 cases. These threat trajectories ex-
hibit a relatively aggressive dynamic tail, with a median ef-
fective lateral acceleration of 3.59 m/s? and 21.2% exceed-
ing 8 m/s2. This is less critical than the dynamic feasibility
of the generated ego trajectories, which provide the actual
planning supervision: none of the braking trajectories ex-
ceeds 8 m/s?, while only 9.0% of steering-based avoidance
trajectories do, with a median maximum lateral accelera-
tion of 3.94 m/s2. The generated ego responses are therefore
generally dynamically plausible, although the most aggres-
sive swerving manoeuvres approach the vehicle’s grip lim-
its. Hybrid A* itself enforces kinematic rather than full dy-
namic feasibility. A more detailed geometric and dynamic
feasibility analysis, including the generated threat speed,
curvature constraints, and effective lateral-acceleration dis-
tributions, is provided in Appendix D.1.

The 979 successful trajectories from 1,060 planning at-
tempts correspond to a trajectory-generation success rate
of 92.4%. From this feasible pool, 259 interactions are
selected for further processing while preserving diversity
across the reconstructed source scenes, leaving 720 feasible
planned interactions that are not considered further in the
present experiments. After geometric filtering, the remain-
ing interactions are rendered and restored, with subsequent
post-render quality control reducing the selected set to 188
candidate scenarios, as described above. The trajectory-
generation stage, therefore, can produce feasible critical-
interaction trajectories in large numbers, with 979 valid tra-
jectories obtained from 1,060 planning attempts. Although
subsequent geometric and visual quality filtering remains
necessary, 188 of the 259 interactions selected for further
processing are retained in the final candidate pool, corre-
sponding to an acceptance rate of approximately 72.6%.
This indicates that the framework can generate critical in-
teractions at scale while maintaining a high downstream
scenario-retention rate.

StreetGaussians reconstruction represents the dominant
one-time computational cost, with a median reconstruction
time of 59.2min per source scene. Once a reconstruc-
tion is available, additional critical variants are consider-
ably cheaper to produce: Hybrid A* planning requires ap-
proximately 15 s per attempted interaction, StreetGaussians
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Table 3. Open-loop planning performance of pretrained UniAD
on the full nuScenes validation set (6,019 samples) and the 100
generated critical scenarios used for the pre-fine-tuning stress test.

Scenario set Metric 1s 2s 3s

nuScenes L2 [m] 0.4421 0.8786 1.5177
nuScenes Object collision 0.0000 0.0005 0.0012
nuScenes Object-box collision  0.0013  0.0020  0.0053
Critical L2 [m] 6.01 10.26 14.02
Critical Object collision 0.0171  0.0422  0.0438
Critical Object-box collision  0.1519  0.2160 0.2128

rendering approximately 35 s per generated entry, and Fixer
restoration approximately 120s. Since the same recon-
structed environment can support multiple independently
generated critical interactions, the reconstruction cost can
be amortised across scenario variants, providing the main
source of scalability in the proposed framework.

4.3. Critical-Scenario Planning Performance

We next evaluate whether the generated scenarios provide
a meaningful planning challenge for the pretrained UniAD
model. This experiment is performed before any synthetic
fine-tuning and therefore measures the behaviour of the
original Stage-2 checkpoint on the generated critical inter-
actions. The 100 synthetic training scenarios are used here
as a stress-test set, while the 20 held-out scenarios are re-
served for evaluating planner adaptation in Sec. 4.4.

Table 3 compares UniAD’s open-loop planning perfor-
mance on the generated critical scenarios with its perfor-
mance on conventional nuScenes validation data. On the
generated scenarios, the L2 planning error reaches 6.01 m,
10.26 m, and 14.02m at horizons of 1, 2, and 3 s, respec-
tively. In comparison, the corresponding errors on nuScenes
are 0.44, 0.88, and 1.52 m, thus the generated critical inter-
actions increase the planning error by approximately 13.7x,
11.7x, and 9.2 at the respective horizons.

The degradation is also reflected in the collision-based
metrics. At a 3s horizon, the object-collision metric in-
creases from 0.0012 on conventional nuScenes validation
data to 0.0438 on the generated critical scenarios, while
the object-box collision metric increases from 0.0053 to
0.2128. The latter represents an approximately 40x in-
crease, and together with the substantially larger L2 errors,
these results indicate that the generated interactions expose
safety-relevant planning failures rather than merely causing
the predicted trajectory to deviate from the reference trajec-
tory.

The difficulty of the generated scenarios also depends
on the required avoidance behaviour. As shown in Ta-
ble 4, head-on interactions requiring a steering-based eva-
sive manoeuvre produce the largest planning errors, reach-



Table 4. Pretrained UniAD planning error for different generated
critical-interaction types.

Interactiontype L2@1s[m] L2 @ 3s[m]
Head-on — swerve 8.93 24.19
Head-on — brake 5.02 12.81
Side 4.26 10.05

ing 8.93m after 1s and 24.19m after 3s. Head-on inter-
actions resolved through braking result in errors of 5.02m
and 12.81 m at the same horizons, while lateral interactions
reach 4.26 m and 10.05m. Although the number and ge-
ometry of scenarios differ between categories, the consis-
tently larger errors for steering-based head-on avoidance
suggest that interactions requiring a substantial lateral de-
parture from the nominal trajectory are particularly chal-
lenging for the pretrained planner.

Overall, the generated scenarios expose a pronounced
weakness in the pretrained planner, particularly when the
required response differs substantially from ordinary lane-
following behaviour. The results, therefore, establish the
generated scenarios as a meaningful stress test for UniAD
and motivate the targeted fine-tuning evaluation in Sec. 4.4.

4.4. Fine-Tuning and Safety Evaluation

We finally evaluate whether the generated critical scenarios
provide useful supervision for adapting UniAD. The analy-
sis considers three complementary settings: generalisation
to unseen generated critical scenarios, retention of conven-
tional nuScenes performance, and transfer to the indepen-
dently constructed NeuroNCAP closed-loop benchmark.
All results use the standard UniAD inference pipeline,
including its default occupancy-based collision optimiser,
with the same configuration applied to the original and fine-
tuned checkpoints.

Synthetic generalisation is evaluated on the 20-scenario
unseen-source evaluation set introduced in Sec. 4.1, com-
prising 715 frames. These scenarios are selected from
the same quality-controlled candidate pool as the fine-
tuning data, but their underlying nuScenes source scenes
do not contribute any generated variants to the training set.
The evaluation, therefore, measures whether the learned
collision-avoidance behaviour generalises beyond the re-
constructed environments observed during fine-tuning.

As shown in Table 5, fine-tuning substantially reduces
planning error across all evaluated horizons. At 1s, the L2
error decreases from 7.19m to 0.84m, while at 3s it de-
creases from 16.92m to 2.46 m, corresponding to an ap-
proximately 6.9 x reduction. Object-collision rates also im-
prove strongly at short horizons: at 1s, the collision rate
decreases from 0.0215 to 0.0025. The difference is smaller
at the 3s horizon, where the rate changes from 0.0203 to
0.0190. This longer-horizon open-loop metric should be
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Table 5. Open-loop performance of the original and fine-tuned
UniAD checkpoints on the 20-scenario unseen-source evaluation
set of generated critical scenarios.

Metric 1s 2s 3s

Base L2 [m] 7.1860 12.4322 16.9187
Tuned L2 [m] 0.8416 1.6876 2.4644
Base obj. col.  0.0215 0.0241  0.0203
Tuned obj. col.  0.0025 0.0177  0.0190

Table 6. Planning-performance retention on the 6,019-sample
nuScenes validation set.

Model L12@1s L2@2s L2@3s Obj.col. @3s
Original UniAD 0.4421 0.8786 1.5177 0.0015
Fine-tuned UniAD  0.4339 0.8594 1.5042 0.0015

interpreted differently from an executed closed-loop colli-
sion outcome, since in closed-loop operation UniAD re-
plans before committing to the complete 3 s predicted tra-
jectory. The strong reduction in short-horizon collision rate
is therefore particularly relevant to the immediate avoidance
response, while the substantial reduction in L2 error across
the full horizon indicates that fine-tuning also improves the
overall shape and timing of the predicted evasive manoeu-
vre.

The fine-tuned checkpoint is next evaluated on all 6,019
samples of the standard nuScenes validation set to deter-
mine whether adaptation to critical interactions degrades
nominal driving capability. Since the perception rep-
resentation remains frozen during fine-tuning, detection,
tracking, and mapping performance remains unchanged:
both checkpoints achieve an NDS of 0.4502, an mAP of
0.3810, AMOTA/AMOTP of 0.3857/1.3171, and drivable-
area/lane IoU of 0.6921/0.3137. Motion-prediction metrics
are similarly unchanged across the evaluated classes.

Planning performance is also preserved, as shown in Ta-
ble 6. The fine-tuned checkpoint achieves a slightly lower
L2 error across all reported horizons, with the 3 s error de-
creasing from 1.5177 m to 1.5042 m. Object-collision rates
remain effectively unchanged, reaching 0.0015 for both
checkpoints at 3 s. The large improvement in unseen-source
critical scenarios, therefore, does not result in a measurable
degradation of conventional nuScenes performance.

The final experiment evaluates whether the behaviour
learned from the generated StreetGaussians scenarios trans-
fers to an independently constructed closed-loop environ-
ment. NeuroNCAP [25] is selected for this purpose be-
cause it provides a photorealistic closed-loop safety bench-
mark based on NeuRAD reconstructions and has also been
adopted by several recent autonomous-driving methods,
including BridgeAD [43], VaVAM [2], and Impromptu
VLA [8], making it a useful common reference for evaluat-



Table 7. Corrected closed-loop NeuroNCAP results using the stan-
dard UniAD inference configuration. Overall collision rate fol-
lows the official category-level aggregation. A lower collision rate
and a higher NeuroNCAP score are better.

Model Frontal Side Stationary Overall Score
Original UniAD 90.2 76.8 33.1 66.70  1.824
Fine-tuned UniAD  94.0 784 23.1 65.17 1937

ing collision-avoidance behaviour. Its reconstructed scenes
and predefined collision trajectories are not used during ei-
ther scenario generation or fine-tuning in this work, pro-
viding an evaluation setting independent of the proposed
StreetGaussians pipeline. The objective is not to opti-
mise specifically for NeuroNCAP, but to determine whether
training an existing end-to-end planner with the proposed
synthetic data produces measurable behavioural changes in
an established closed-loop benchmark outside the genera-
tion pipeline.

Both checkpoints are evaluated using the same stan-
dard UniAD inference configuration, including its default
occupancy-based collision optimiser. Following the official
NeuroNCAP aggregation procedure, collision rates are first
averaged within the frontal, side, and stationary categories,
after which the category-level results are averaged to ob-
tain the overall result. During verification of the evaluation
pipeline, a collision-handling issue affecting several scenes
that contained an excavator or a barrier was identified and
corrected. All results reported here use the corrected eval-
uation; the issue and its verification are documented in Ap-
pendix D.3.

Fine-tuning reduces the official overall collision rate
from 66.70% to 65.17% and increases the NeuroNCAP
score from 1.824 to 1.937. The aggregate improvement
is modest compared with the large open-loop gains on the
unseen-source set, and the category-level results show that
the effect is not uniform. In particular, stationary colli-
sions decrease substantially from 33.1% to 23.1%, whereas
frontal and lateral collision rates increase slightly. The gen-
erated supervision, therefore, transfers to closed-loop be-
haviour, but the learned avoidance strategy does not gener-
alise equally across interaction geometries.

To investigate this asymmetry, we compare the same-
seed closed-loop trajectories for which the two check-
points produce different outcomes while keeping the com-
plete inference pipeline fixed. The strongest discrimina-
tor is the magnitude of the lateral avoidance response.
In stationary-0278, where the fine-tuned checkpoint
succeeds when the baseline fails, the fine-tuned model pro-
duces the larger lateral manoeuvre in all 44 matched runs,
with a mean peak lateral offset of 4.87 m compared with
1.15m for the baseline. Conversely, across 58 matched
frontal and lateral runs in which the fine-tuned checkpoint
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performs worse, the baseline produces the larger lateral dis-
placement in 54 cases (93%). The fine-tuned model also
brakes more frequently in many of these interactions, al-
though this behaviour is not universal. Insufficient lateral
commitment, therefore, emerges as the dominant failure
mode in the difficult frontal and lateral cases. The complete
trajectory-level analysis is provided in Appendix D.4.

5. Discussion, Limitations, and Future Work

Despite the significant improvement in unseen-source-
generated scenarios, the corresponding closed-loop Neu-
roNCAP gain is considerably smaller and varies across in-
teraction types. This discrepancy highlights an important
distinction between open- and closed-loop evaluation. In
open-loop evaluation, UniAD predicts a future trajectory
from a fixed point in the expert trajectory and is evalu-
ated against the generated collision-avoidance supervision.
In closed-loop operation, only part of each predicted tra-
jectory is executed before new observations are obtained
and the planner is invoked again. Each decision, therefore,
changes the subsequent ego state and sensor observations,
allowing small differences in the initial response to propa-
gate through successive replanning steps. Accurately pre-
dicting the desired avoidance trajectory in open loop does
not consequently guarantee that the same behaviour will re-
main effective throughout a closed-loop interaction.

The trajectory-level analysis in Sec. 4.4 and Ap-
pendix D.4 confirms that this discrepancy reflects a gen-
uine change in avoidance strategy rather than a failure of
the frozen perception representation. Lateral commitment
emerges as the principal behavioural difference between the
checkpoints, while increased braking accompanies some,
but not all, fine-tuned responses. The generated supervi-
sion therefore changes the learned planning behaviour, but
the resulting strategy does not generalise uniformly across
interaction geometries.

A further factor is that open-loop evaluation can par-
tially mask this lateral-commitment failure. Predictions are
generated from states along the expert avoidance trajectory,
meaning that at later evaluation frames, the ego vehicle may
already be laterally displaced and committed to the manoeu-
vre. In those cases, the planner is primarily required to con-
tinue an avoidance behaviour that has already begun, rather
than decide when to initiate it. Closed-loop evaluation is
more demanding because the planner must independently
trigger and maintain the manoeuvre from its own evolving
state. Consequently, insufficient or delayed lateral commit-
ment can have a much larger effect in closed loop than is
reflected by open-loop trajectory error alone.

The remaining open—closed-loop gap is unlikely to be
explained solely by missing interaction types in the syn-
thetic training data, since the fine-tuning set already con-
tains frontal and lateral collision scenarios together with



corresponding steering- and braking-based avoidance tra-
jectories. Instead, the discrepancy highlights the greater
difficulty of closed-loop generalisation. The amount of syn-
thetic supervision used in this work is comparatively lim-
ited: only 100 critical scenarios are used for fine-tuning,
and the adaptation procedure deliberately makes relatively
small changes to a pretrained UniAD model to preserve its
nominal driving capability. The remaining closed-loop lim-
itations may therefore reflect a combination of the plan-
ner architecture, the quantity and diversity of adaptation
data, and the selected fine-tuning configuration rather than
an inability of the proposed framework to generate the re-
quired avoidance behaviours. Isolating the contribution of
each factor would require controlled ablations over dataset
size, data composition, fine-tuning strategy, and down-
stream planner.

NeuroNCAP should therefore be interpreted as the most
demanding generalisation test evaluated in this work. Un-
like the unseen-source synthetic evaluation, which uses pre-
viously unseen environments but follows the same scenario-
generation process as the training data, NeuroNCAP in-
troduces both an independent NeuRAD-based rendering
pipeline and a closed-loop feedback process in which the
planner’s actions determine its future observations. The
purpose of this evaluation is not to optimise UniAD specif-
ically or to establish a new state-of-the-art NeuroNCAP
result, but to test whether supervision produced by the
proposed framework changes the behaviour of an exist-
ing structured end-to-end planner outside the generation
pipeline. More recent planning architectures and training
paradigms have begun to address limitations relevant to
closed-loop driving through improved use of temporal in-
formation [43], large-scale video pretraining [2], and tar-
geted training on challenging long-tail scenarios [8]. Eval-
uating the same generated scenarios with stronger planners,
therefore, represents an important next step and would help
separate limitations of the generated data from limitations
of the particular downstream model used in this work.

Rendering quality remains an important limitation of the
current framework. Although viewpoint-aware actor selec-
tion and Fixer restoration are used to mitigate novel-view
artefacts, the decrease in target-actor recall at larger dis-
tances and the need for post-generation quality control show
that reconstruction quality still limits which generated vari-
ants can be retained. A particularly important limitation is
the viewpoint dependence of the reconstructed threat actors.
Each rigid vehicle is reconstructed only from the viewpoints
available in the original nuScenes sequence, and its appear-
ance can therefore become incomplete when the generated
interaction exposes previously unobserved sides of the ve-
hicle. The viewpoint-aware actor-selection procedure mit-
igates this problem by matching the viewing requirements
of the generated trajectory to the actor’s observed visibility
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profile, but this also restricts which scene-native actors can
be used for a particular interaction geometry. Consequently,
the available viewpoint coverage of the recorded traffic lim-
its both the visual fidelity and the diversity of critical sce-
narios that can be generated from a given source scene.

A promising extension is to supplement scene-native
rigid actors with independently reconstructed vehicle as-
sets when the required viewpoints are not sufficiently cov-
ered. Several existing works provide such 3DGS vehicle re-
sources [15, 23, 38], and SceneCrafter [16] already demon-
strates the use of external 3DRealCar vehicles within recon-
structed driving scenes. A hybrid strategy could therefore
prioritise native actors and use external vehicle assets only
as a fallback when viewpoint coverage is insufficient.

More recent reconstruction methods could additionally
reduce the underlying viewpoint limitation. For example,
OmniRe [7] extends Gaussian-based driving-scene recon-
struction beyond rigid vehicles to pedestrians, cyclists, and
other non-rigid actors while achieving improved reconstruc-
tion quality, which could both increase novel-view fidelity
and broaden the range of critical interactions supported by
the framework. Likewise, newer generative reconstruc-
tion methods such as ArtiFixer [10] improve extrapolation
into poorly observed or entirely unseen regions and could
provide a stronger alternative to the current Fixer-based
restoration stage. Domain-specific adaptation of the restora-
tion model may also be beneficial: the automotive version
of Fixer is trained on an in-house real-driving-scene dataset
rather than nuScenes, so fine-tuning it directly on nuScenes
reconstruction artefacts could improve restoration of the
camera observations encountered by the proposed pipeline.
Combining stronger reconstruction backbones, complete
external vehicle assets, and driving-domain-specific restora-
tion therefore represents a promising direction for improv-
ing visual quality, increasing the usable scenario yield, and
extending the framework to additional road-user classes.

The current quality-control stage already automates ge-
ometric validation, viewpoint-based actor filtering, and
perception-based target verification, but manual inspection
is still used to identify a small subset of severe render-
ing artefacts and scene inconsistencies. A natural exten-
sion is to remove this remaining manual stage by combin-
ing the existing checks with automatic perceptual-quality
measures, actor-projection consistency tests, and learned
artefact detection. This would enable fully automatic fil-
tering and further improve the scalability of the generation
pipeline.

More generally, the present work establishes that auto-
matically generated critical scenarios can provide effective
supervision for modifying an end-to-end planner, but it does
not attempt to optimise every component of the resulting
training system. The logical next step is therefore to jointly
investigate the planner, the fine-tuning strategy, the gener-



ated data distribution, and the renderer. A stronger planner
could be adapted by using a larger and more diverse set of
generated critical interactions, while improved reconstruc-
tion could increase visual fidelity and reduce the need for
post-generation filtering. Fine-tuning itself could be studied
more systematically by varying learning rates, training du-
rations, data mixing ratios, module freezing strategies, and
curriculum designs.

Ultimately, the generation framework could be incor-
porated into an iterative, failure-driven training loop in
which synthetic critical scenarios are used not only for train-
ing but also to discover planner weaknesses. By generat-
ing and evaluating a broad range of interaction geometries
across different reconstructed scenes, threat actors, con-
flict locations, approach directions, and timings, the frame-
work could provide a substantially wider closed-loop search
space than fixed sets of hand-crafted benchmark scenar-
ios such as those used by NeuroNCAP. Failures observed
during this synthetic closed-loop evaluation could then be
grouped according to the underlying interaction geometry
or behavioural deficiency, after which additional scenarios
targeting the identified weakness could be generated for re-
training. Repeating this process would allow both the eval-
uation distribution and the training data to evolve in re-
sponse to observed safety failures, extending the proposed
framework from static critical-scenario generation to an it-
erative system for discovering and addressing weaknesses
in autonomous-driving planners.

6. Conclusion

This work presented a reconstruction-based framework to
convert ordinary nuScenes recordings into photorealistic,
safety-critical scenarios for end-to-end driving evaluation
and training. The framework combines editable scene
reconstruction, automated threat-actor selection, control-
lable collision-course and avoidance-trajectory generation,
novel-view rendering and restoration, quality control, and
conversion to a UniAD-compatible representation.

The experiments provide largely positive answers to the
four research questions posed in Sec. |. First, the frame-
work can generate critical interactions in which manipu-
lated vehicles rendered using 3D Gaussian Splatting remain
perceptually usable during the safety-critical portion of the
scenario, although reconstruction quality remains depen-
dent on the available viewpoints. Second, the generated sce-
narios provide challenging, largely geometrically plausible,
and kinematically feasible test cases that expose substantial
failure modes in pretrained UniAD. Third, the framework
can efficiently generate multiple critical-scenario variants
from reconstructed real-world scenes, covering different in-
teraction geometries and avoidance behaviours while re-
quiring comparatively little additional computation once the
scene reconstruction is available. Finally, fine-tuning on the
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generated scenarios substantially improves performance on
unseen generated critical interactions while preserving con-
ventional nuScenes driving performance. The independent
closed-loop evaluation further reveals a substantial open—
closed-loop generalisation gap: although fine-tuning pro-
duces strong improvements on held-out generated scenar-
ios, these gains transfer only partially to closed-loop colli-
sion avoidance. The trajectory-level analysis indicates that
successfully initiating and maintaining sufficiently strong
evasive manoeuvres under repeated replanning remains a
key limitation.

Overall, the results demonstrate that reconstruction-
based critical-scenario generation can provide useful and
controllable supervision for autonomous-driving models
while also enabling systematic safety evaluation beyond
fixed sets of manually constructed scenarios. Future work
should combine larger and more diverse generated datasets
with improved fine-tuning strategies, stronger downstream
planners, more capable rendering methods, and fully auto-
mated quality control. More broadly, integrating the frame-
work into an iterative, closed-loop process in which gen-
erated scenarios are used to identify planner weaknesses
and subsequently produce targeted training data represents
a promising direction toward more systematic improvement
in autonomous driving safety.
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Table 8. Main StreetGaussians reconstruction settings used in this
work.

Setting Value
Training iterations 30,000
Input frequency 10Hz
Cameras 6 surround-view
Image downscale 3x
Effective image resolution ~ 533 x 300
Dataset split nuScenes trainval
SMPL reconstruction Disabled
Moving-only RigidNodes Disabled
Maximum points per instance 5,000
Rigid trajectory threshold 1.0

SH degree 3

A. StreetGaussians Reconstruction and Object
Manipulation

A.1. Reconstruction Configuration

Each selected nuScenes scene is reconstructed indepen-
dently using the StreetGaussians implementation provided
by DriveStudio [7]. The reconstruction uses all six
surround-view cameras and the 10 Hz processed nuScenes
sequences. The native 1600 x 900 camera images are loaded
with a factor-three downscale, resulting in an effective train-
ing resolution of approximately 533 x 300 pixels. The com-
plete temporal extent of each selected scene is used for re-
construction.

The resolved configuration used throughout this work is
summarised in Table 8. Most reconstruction and optimisa-
tion parameters follow the current DriveStudio StreetGaus-
sians configuration. The main dataset-level changes are
the use of the nuScenes t rainval split, disabling SMPL-
based non-rigid reconstruction, since we do not reconstruct
pedestrians, and allowing both moving and stationary rigid
vehicles to be represented as RigidNodes to allow more can-
didates in the threat actor selection process.

A.2. Rigid-Object Representation

StreetGaussians represents the static environment sepa-
rately from rigid traffic objects. Each reconstructed rigid
instance is represented by an individual RigidNode contain-
ing its Gaussian geometry and appearance together with its
pose over time. In contrast to the default DriveStudio con-
figuration, only moving=false is used in this work, al-
lowing stationary as well as moving eligible vehicles to be
reconstructed as individually manipulable objects.
Internally, the Gaussians belonging to the rigid-object
representation carry an object identifier through the
point_ids tensor. All Gaussians associated with the
same RigidNode therefore share the same instance identi-
fier, allowing the Gaussian subset belonging to a particular
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vehicle to be isolated independently of other objects and the
static background.

For the proposed pipeline, the original nuScenes
instance_token is additionally associated with the cor-
responding RigidNode index during preprocessing. This
provides the connection between actors selected from the
original nuScenes annotations and their Gaussian represen-
tation in the reconstructed scene, so the visibility of the
available rigid objects can be assessed directly from the
nuScenes API without requiring the reconstruction of the
scene.

A.3. Actor Manipulation

Once the RigidNode corresponding to a selected traffic par-
ticipant has been identified, its recorded pose sequence can
be replaced by poses generated by the critical-scenario plan-
ner. The Gaussian geometry and appearance of the vehicle
remain unchanged; only its placement and orientation over
time are modified. The conversion from the planar planner
output to the 3D pose sequence required by the renderer is
described in Sec. A 4.

Actors that should not appear in the generated interac-
tion are suppressed rather than permanently removed from
the trained reconstruction. The opacity of the Gaussian sub-
set associated with the corresponding RigidNode is reduced
to effectively zero during rendering. The identities of sup-
pressed actors are retained so that their annotations can also
be excluded when constructing the corresponding UniAD-
compatible ground truth, maintaining consistency between
the rendered observations and their labels.

A 4. Trajectory-to-Render Pose Construction

Because the number of poses returned by the critical-
scenario planner generally differs from the number of
frames in the rendering interval, the generated planar tra-
jectory (z,y,) is resampled to the required frame count.
The original planner poses and the required rendering-
frame poses are each parameterised uniformly over the nor-
malised interval [0, 1], and (x, y, ) are interpolated piece-
wise linearly at the rendering-frame locations. This opera-
tion changes only the sampling density of the already gen-
erated path rather than introducing additional path geome-
try. Before interpolation, the yaw sequence is unwrapped
to eliminate discontinuities caused by its periodic 27 repre-
sentation.

Since the generated trajectory contains no vertical co-
ordinate, a vertical position is estimated independently for
every generated (x,y) location so that the actor follows
changes in the road elevation. The nuScenes Velodyne
HDL-32E contains 32 beams with approximately 1080 re-
turns per ring, corresponding to roughly 34,500 points in
a raw LiDAR sweep [5]. For each trajectory location, Li-
DAR points within a radius of 1.5 m are selected and used



to estimate the local road surface. If fewer than 20 points
are available within this neighbourhood, the local surface is
considered insufficiently sampled; such sparse observations
typically occur at larger distances or in partially occluded
regions. In this case, the neighbourhood is expanded by
selecting the 150 nearest LiDAR points in the horizontal
plane. The candidate heights are sorted, the lowest 20% are
retained, and the median of this subset is used as a robust es-
timate of the local road height, reducing the influence of re-
turns from vehicles, vegetation, and other structures above
the road surface. The vertical position of the actor centre is
then obtained by adding a center-to-ground offset estimated
from the actor’s original recorded pose when available, with
half of the annotated bounding-box height used as a lower
bound. Repeating this procedure along the trajectory pro-
duces a sequence (z, y, z, 1) that follows the local road ele-
vation and defines the 3D poses subsequently applied to the
corresponding RigidNode.

A.5. Coordinate Convention

The reconstruction involves four relevant coordinate
frames: the global nuScenes frame VWV, the local DriveS-
tudio reconstruction frame £, the ego-vehicle frame &;, and
the individual camera frames C;. The generated ego and
threat trajectories are defined in the global nuScenes frame,
whereas the trained Gaussian scene and its RigidNodes are
expressed in the local reconstruction frame £, whose origin
is defined by the initial front-camera pose. Consequently,
generated poses must be transformed from W into £ before
being applied to the reconstruction. For ego rendering, the
fixed extrinsic transform between each camera C; and the
ego vehicle £ is retained, such that all six cameras follow
the generated ego trajectory while preserving their original
relative positions and orientations. For camera ¢, the corre-
sponding local rendering pose is computed as

TE, = (T) T/ TE, (1)
where T‘E/‘ft is constructed from the generated ego pose
(¢, ye, Vr)s Ta_ is the fixed camera-to-ego extrinsic trans-
form, and Tzv denotes the world pose of the initial front
camera that defines the reconstruction origin. Generated
threat-actor poses are similarly represented in the local re-

construction frame before being applied to the correspond-
ing RigidNode.

B. Conflict-Pose Construction and Threat-
Actor Selection Details

B.1. Conflict-Pose and Start-Pose Sampling

The conflict pose is sampled directly from the recorded
future ego trajectory. A nuScenes keyframe index k. is
drawn uniformly from the interval [10, 30], corresponding
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to 5-15s after the beginning of the scenario at the 2Hz
nuScenes annotation frequency, in order for the ego to have
a meaningful time window to react within the scene lim-
its. The ego pose at this keyframe defines the conflict
pose q. = (., Ye, ¥.), while the corresponding time-to-
conflict is t. = 0.5k.. Selecting the conflict location from
the recorded ego trajectory ensures that the generated in-
teraction is constructed around a position that the nominal
ego vehicle actually reaches at the nuScenes annotation fre-
quency.

The local map is rasterised into an 80 x 80 binary
drivable-area grid, corresponding to a spatial resolution of
2.5m per pixel. This resolution is chosen as a compro-
mise between map fidelity and computational efficiency:
it preserves the coarse road topology required for feasi-
ble trajectory generation while reducing the Hybrid A*
search space. The drivable-area mask is partitioned using 8-
connected component labelling, and candidate threat starts
are restricted to the component containing the conflict point.
This ensures that the sampled start position is connected to
the conflict region through the drivable area rather than ly-
ing on a disconnected road segment. Non-drivable cells and
the boundary of the local map patch are represented as ob-
stacles for the subsequent planner.

Candidate threat positions are randomly sampled from
the valid drivable-area points, with at most 1,000 candidates
evaluated per scenario. Let ps = (x5, ys) and p. = (¢, Ye)
denote the sampled start and conflict positions. To ensure
that the threat can reach the conflict point within the avail-
able time at a plausible urban speed, the Euclidean start-to-
conflict distance must satisfy

Umintc S ||pc - psHQ S vmaxtca (2)

where vy, = 15km/h and vy.x = 30km/h. This range
is chosen to remain representative of the low-speed urban
driving conditions in nuScenes, for which reported mean
ego speeds are approximately 16—18 km/h, while allowing
sufficient variation to construct more dynamic critical inter-
actions. The initial threat heading is directed towards the
conflict point,

3)

To suppress approximately parallel, same-direction inter-
actions, which are more likely to result in rear-end rather
than ego-avoidance scenarios, the difference between this
approach direction and the ego heading 1. at the conflict
point must be at least 70°. Finally, the complete start
pose gs = (s, ys,¥s) is checked using the same vehicle-
footprint collision model employed by the trajectory plan-
ner and is rejected if it already overlaps an obstacle. The
first sampled pose satisfying all criteria is retained; if no
valid pose is found after 1,000 attempts, the scenario is dis-
carded.

Vs = atan2(ye — Ys, Te — Ts)-



B.2. Visibility-Profile Construction and Matching

Because the reconstructed appearance of each RigidNode
depends on the viewpoints from which it was observed in
the original sequence, the framework estimates the view-
point coverage available for every candidate actor. For each
frame in which the ego vehicle and candidate actor are si-
multaneously present, a geometric line-of-sight test is per-
formed between their positions. The line segment is ras-
terised onto the local drivable-area mask, and the observa-
tion is considered visible only when all traversed cells re-
main within the drivable region and the line of sight is not
occluded by another annotated vehicle. For the occlusion
test, the ground-plane footprints of surrounding vehicles are
expanded by 0.5m before the intersection is evaluated to
take into account misalignments of the nuScenes bounding
boxes. This procedure provides a lightweight geometric ap-
proximation of viewpoint availability rather than an image-
based visibility estimate.

For every visible observation, the relative bearing from
the candidate actor towards the ego vehicle is expressed in
the actor’s local heading frame. The resulting angle is as-
signed to one of eight discrete viewing directions: front,
front-left, left, rear-left, rear, rear-right, right, and front-
right. Accumulating these observations across the sequence
produces an eight-bin visibility histogram for each recon-
structed actor. The same procedure is subsequently applied
to the generated ego—threat interaction, producing a second
histogram that describes the viewpoints required to render
the selected threat trajectory.

To compare the available and required viewpoint cover-
age, viewing directions accounting collectively for the dom-
inant observations of the generated threat trajectory are first
identified. A direction is considered required when it con-
tributes at least 25% of the synthetic visibility observations.
Candidate actors that do not contain observations from ev-
ery required direction are rejected. For the remaining actors,
the candidate and synthetic histograms are normalised over
the required directions, and their difference is measured us-
ing the L, distance

dvis =

Do [nprm = mid] )

bEBreq

where B,oq denotes the set of required viewing directions
and A" and h$"d are the corresponding normalised his-
togram values. A visibility similarity score is then defined

as
1

1+ dvis .
Candidates with Sy;; > 0.80 are retained for the final threat-
actor ranking described in Appendix B.3. If no candidate

satisfies this threshold, the actor with the highest visibility
similarity is retained as a fallback.

Svis = (5)
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B.3. Final Threat-Actor Ranking

The visibility matching described in Appendix B.2 can re-
tain multiple reconstructed actors with sufficiently compati-
ble viewpoint coverage. A final ranking is therefore applied
to select the actor whose original observation conditions
most closely resemble those required by the generated crit-
ical interaction. This design is motivated by the limited ex-
trapolation capability of driving-scene novel-view synthesis
methods, whose rendering quality can deteriorate when the
requested viewpoint differs substantially from the observa-
tions available during reconstruction [17, 18, 26]. Conse-
quently, the ranking favours actors that were originally ob-
served at distances and viewing directions similar to those
required during the synthetic interaction.

The closest approach between the generated ego and
threat trajectories is used as the reference for the ranking.
This represents the most demanding part of the interaction
because the threat is rendered at close range and therefore
occupies a larger portion of the image. Let d* denote the
ego—threat distance at closest approach. For each candidate
actor 7, the minimum distance at which it was observed from
the ego in the original sequence is denoted by d;. Their dif-
ference is defined as

Ad; = |d; — d¥|. 6)
Since the generated scenarios intentionally create near-
collision interactions, d* is generally small. The distance
term therefore primarily favours reconstructed actors that
were also observed at close range in the original sequence,
reducing the amount of scale and viewpoint extrapolation
required when the actor is rendered near the ego vehicle.

The relative bearing at closest approach, 5*, is addition-
ally compared with the bearings from which each candidate
actor was observed in the original sequence. Let B; de-
note the set of recorded ego-relative bearings for candidate
1. The bearing discrepancy is defined as

. *

Afi = min [wrap(8 — 57|, ()
where the angular difference is wrapped to account for the
periodicity of the bearing representation. A small Ap;
therefore indicates that the actor was previously observed
from a direction similar to that required during the closest
part of the generated interaction.

The final candidate score combines these two geometric
discrepancies with the actor’s visibility quality and number
of available observations,

J; = 2.0 Ad;+0.05 AB; —0.5 V; —0.05 min(V;, 40), (8)

where V; denotes the candidate’s average visibility measure
and NNV, its number of valid observations. Lower scores are
preferred. The coefficients are heuristic weighting factors



chosen to encode the desired priority of the ranking rather
than parameters adopted from prior work. Distance agree-
ment is assigned the greatest influence, since the gener-
ated interaction requires the selected actor to be rendered
at close range. Bearing agreement provides a secondary
preference for similar viewing direction, while the visibil-
ity and observation-count terms favour actors supported by
stronger reconstruction evidence. The observation contribu-
tion is capped at 40 frames so that actors with long tracks do
not dominate the ranking solely because they appear more
frequently.

Since this ranking is applied only after the visibility-
compatibility stage of Appendix B.2, it is used to distin-
guish between actors that already provide suitable view-
point coverage rather than to determine actor suitability by
itself. The candidate with the lowest score is selected as the
final threat actor.

C. Critical-Scenario Generation Details

C.1. Hybrid A* Configuration

The Hybrid A* implementation used for all generated sce-
narios discretises the continuous vehicle state for search
while propagating each motion primitive using a car-like
kinematic model. Each search state is represented by the
vehicle pose (z,y, 1)) together with its current driving di-
rection and steering command. Candidate successors are
generated by applying a discrete set of steering inputs in
both forward and reverse motion. During the search, an
analytic Reeds-Shepp expansion is additionally attempted
from the current state to the goal pose. If the resulting
connection satisfies the vehicle’s turning constraints and is
collision-free, it is accepted as the terminal portion of the
trajectory and the search terminates; otherwise, Hybrid A*
continues expanding kinematically feasible motion primi-
tives. This follows the structure of the open-source Hy-
brid A* implementation used as the basis of the planner,
which combines kinematic and Reeds—Shepp expansions
with holonomic and non-holonomic search costs.

Search nodes are prioritised according to

f(n) = g(n) + wphpo (n), 9)

where g(n) is the accumulated motion cost and hyei(n) is
an obstacle-aware holonomic cost-to-go from the current
position to the goal. The latter is obtained from a two-
dimensional A* search over the static obstacle map and
therefore guides the vehicle around obstacles without itself
imposing the non-holonomic constraints considered by the
Hybrid A* state expansion.

For a motion primitive of length As, steering angle
and driving direction dj, € {—1,+1}, the incremental mo-
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Table 9. Hybrid A* configuration used for critical-scenario gener-
ation.

Parameter Value Role

X Yieso 2.0m  Position discretisation
Preso 15°  Heading discretisation
Move step 0.4m  Primitive propagation step
Steering samples 10 Steering choices per expansion
Collision step 5 Collision-check interval
Search margin 1cell Grid-bound extension
Wheelbase 3.5m  Vehicle kinematics

Front extent 4.5m  Rear axle to front bumper
Rear extent 1.0m  Rear axle to rear bumper
Vehicle width 3.0m  Collision footprint

Max. steering 0.6rad Steering constraint
Gear-change cost 200 Direction-change penalty
Reverse cost 100 Reverse-motion multiplier
Steering-change cost 50 Steering variation penalty
Steering-angle cost 20 Steering magnitude penalty
Heuristic weight 5 Holonomic heuristic weight
Planning timeout 15s Maximum search time

tion cost can be written as

Ag = wagAs+wgearl[dr, # di—1]+ws|0k|+was|0x—0k—1],
(10)
where wy 1 for forward motion and wy = wyey for
reverse motion. The remaining terms penalise changes
in driving direction, large steering angles, and changes in
steering between successive primitives. The resulting ob-
jective therefore favours short forward-moving trajectories
with few gear changes and comparatively smooth steering,
while the holonomic heuristic encourages efficient progress
towards the goal through the available drivable region.

The configuration used by the batch-generation pipeline
is summarised in Table 9. These values correspond to the
planner configuration that produced the trajectories evalu-
ated in this work.

The first group of parameters controls search resolution
and computational efficiency. The spatial and angular dis-
cretisation, motion-primitive step, collision-check interval,
and number of steering samples were selected to provide
sufficient trajectory fidelity while keeping individual plan-
ning attempts short, which is important for scalable scenario
generation. The second group specifies the vehicle footprint
used during collision checking. The footprint is deliberately
conservative relative to a typical passenger vehicle, intro-
ducing additional clearance around obstacles and reducing
the likelihood that paths passing very close to surrounding
geometry are accepted as feasible. The final group contains
the cost weights appearing in Egs. 9 and 10. In particular,
the high reverse and gear-change penalties strongly favour
direct forward-driving trajectories and suppress parking-
like manoeuvres, while the steering-related penalties dis-
courage unnecessarily sharp or oscillatory motion.

For threat-trajectory generation, the sampled starting



pose qs = (zs,ys, 1s) is connected to the fixed conflict
position (z., y.). Two alternative terminal orientations are
considered,

P =y, PP =y —m, (11)

where 1. is the nominal ego heading at the conflict
pose. The first hypothesis allows the planner to construct
crossing-type interactions while approximately preserving
the threat’s approach orientation, whereas the second ex-
plicitly encourages an oncoming configuration by orienting
the threat opposite to the ego vehicle. Hybrid A* is exe-
cuted independently for both terminal poses. Solutions that
reach the conflict region in reverse motion are rejected, and
when both hypotheses produce valid forward trajectories,
the lower-cost path is retained. Rear-end interaction ge-
ometries are subsequently excluded because the framework
focuses on scenarios that require an active ego-avoidance
response.

Each of the two goal-pose hypotheses is given a maxi-
mum planning time of 15s. If no valid solution is found
within this budget, the corresponding search is terminated
rather than allowing a difficult planning instance to delay
the wider scenario-generation process. If neither hypothe-
sis produces a feasible moving threat trajectory, the sam-
pled interaction is not immediately discarded; instead, the
selected threat actor is retained as a stationary threat and
the pipeline proceeds to ego collision-avoidance generation.
This fallback increases the diversity of generated interac-
tions while allowing otherwise suitable scene and actor con-
figurations to remain usable when a kinematically feasible
moving threat path cannot be constructed.

C.2. Threat Timing and Temporal Synchronisation

Hybrid A* produces a geometric path without an explicit
temporal parameterisation. To construct a time-indexed
threat trajectory, the selected path is resampled according
to the conflict time defined by the recorded ego trajectory,
let k. denote the nuScenes keyframe containing the selected
conflict pose. Since nuScenes keyframes are spaced by
0.5s, the nominal time-to-conflict is

t.=0.5k,.. (12)

The generated threat trajectory is represented at 10 Hz
to match the temporal resolution used during scene recon-
struction and rendering. The number of output samples is
set to

N =5(k. +1). (13)

Rather than interpolating directly over the indices of the
Hybrid A* output, the trajectory is parameterised by cumu-
lative planar arc length. For a raw path containing positions
pi = (x4, y;), the cumulative distance is defined as
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so=0,  si=Y I[Pk —Pr-al,. (14
k=1

The resampled trajectory is evaluated at N uniformly
spaced arc-length locations,

s — J
7 N-1

where s.q denotes the total length of the Hybrid A*
path. The x and y coordinates are linearly interpolated as
functions of cumulative arc length. Vehicle yaw is first un-
wrapped to avoid discontinuities at 7 and is subsequently
interpolated using the same arc-length parameterisation.

Because successive output frames are uniformly spaced
both in time and along cumulative path length, this pro-
cedure imposes an approximately constant path-length rate
over the generated threat trajectory. In other words, Hy-
brid A* determines the spatial geometry of the interaction,
while the subsequent resampling assigns a nominally con-
stant speed such that the trajectory occupies the time in-
terval associated with the selected conflict keyframe. The
start-position constraints described in Appendix B.1 ensure
that this implied speed remains within the intended urban
operating range of 15-30 km/h.

The implementation uses N = 5(k. + 1) samples. At a
10 Hz sampling rate, the interval between the first and final
samples is therefore

Send j:O7"‘7N_1u (15)

Tihreat = (N —1)0.1 =t. 4+ 0.4s. (16)

Consequently, the generated threat reaches the end of its
planned path with a fixed 0.4 s offset relative to the nom-
inal conflict timestamp. This discretisation effect is small
relative to the 5—15s interaction horizon and is explicitly
evaluated in the trajectory-feasibility experiments.

This arc-length-based temporal construction is distinct
from the later renderer-specific resampling described in Ap-
pendix A. The procedure here assigns the threat’s progres-
sion along its generated path, whereas the subsequent step
only converts an already generated trajectory into the pose
sequence required by the rendering pipeline.

C.3. Ego Collision-Avoidance Generation

Once the moving or stationary threat configuration has been
established, a corresponding safe ego response is gener-
ated. A steering-based collision-avoidance trajectory is first
sought using Hybrid A*. If a valid steering trajectory is ob-
tained, it is retained as the ego response. If steering-based
avoidance cannot be generated, braking is considered only
when stopping before the conflict region provides a valid
collision-avoidance response. Moving oncoming head-on
interactions require lateral avoidance, since stopping on the
nominal route would leave the ego vehicle in the path of



the approaching threat; such interactions are therefore dis-
carded if no valid steering-based response can be generated.

The original nuScenes ego trajectory is retained before
the response begins, and the reaction point is determined
spatially with respect to the selected conflict location rather
than from a fixed time offset. Let p. (2, ye) denote
the ego position at the conflict keyframe and py, = (zx, yr)
the recorded ego position at frame k. The reaction frame is
selected as

k, = max(0, k—1), E=min{j:|p; — pcll2 < d;},

a7
where the reaction distance is d,, = 25 m for steering-based
avoidance and d,, = 15 m for braking.

The different reaction distances reflect the distinct spa-
tial requirements of the two response types. For brak-
ing, a reaction threshold of 15m is used together with a
stopping threshold of 5m. The latter identifies the point
along the recorded ego trajectory at which the generated re-
sponse should have reached zero speed, thereby maintain-
ing a spatial margin before the conflict location. On a lo-
cally straight trajectory, these thresholds correspond to ap-
proximately 10 m of available braking distance; the exact
distance used by the implementation is subsequently com-
puted from the cumulative arc length of the recorded ego
trajectory. Under constant deceleration, the magnitude re-
quired to stop over distance D is

v

5D (18)

|areq| =
At urban ego speeds of approximately 16—18 km/h, this cor-
responds to approximately 0.99-1.25m/s? for D = 10m,
while even at 30 km/h the required deceleration is approx-
imately 3.47 m/s2. These values are within the braking ca-
pability expected of conventional passenger vehicles; for
reference, UN Regulation No. 13-H specifies a mean fully
developed deceleration of at least 6.43 m/s? for the Type-0
service-brake test [37]. The selected braking distance there-
fore provides a physically feasible stopping response over
the urban-speed range considered in this work.

Steering-based avoidance is assigned a larger reaction
distance because lateral displacement must be developed
progressively before the conflict point. Providing additional
distance before the interaction gives the planner more op-
portunity to construct a collision-free departure from the
nominal route and reduces the need for abrupt steering close
to the conflict region. The 25 m steering threshold is there-
fore used as a practical design value rather than a universal
safety limit.

For steering-based avoidance, a new Hybrid A* search is
performed from the recorded ego pose at k,.. The terminal
pose is deliberately selected on the original recorded ego
trajectory after the conflict rather than at an independently
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sampled location. Starting immediately after the conflict
keyframe, arc length is accumulated along the recorded tra-
jectory until 25 m has been travelled beyond the conflict
location. The corresponding recorded position and head-
ing define the rejoining goal pose. If fewer than 25m of
recorded trajectory remain, the final available ego pose is
used instead.

This rejoining constraint is an intentional part of the gen-
erated supervision. Rather than terminating the trajectory
once the immediate collision has been avoided, the gener-
ated manoeuvre leaves the nominal route before the critical
interaction and subsequently returns to the same recorded
path after passing the threat. The supervision therefore con-
tains both the evasive manoeuvre and the subsequent recov-
ery phase, allowing the ego vehicle to return towards nomi-
nal driving and continue along its original route. The result-
ing trajectory captures the complete response from manoeu-
vre initiation through collision avoidance to post-interaction
recovery.

To force the Hybrid A* search to avoid the threat with
sufficient clearance, an additional rectangular keep-out re-
gion is inserted around the threat pose at the critical interac-
tion. In a coordinate frame aligned with the threat head-
ing, the region extends 1 m ahead of the threat, 6 m be-
hind it, and 0.5m to either side. The asymmetric longi-
tudinal extent provides a larger exclusion region behind the
threat and reduces the likelihood that the generated ego path
passes closely behind the collision-course vehicle. No ex-
plicit left- or right-swerve direction is prescribed; Hybrid
A* selects whichever collision-free route satisfies the vehi-
cle constraints and the combined static-obstacle and threat
keep-out map.

The resulting steering-based path is parameterised at the
10 Hz trajectory rate using a constant assigned speed. Be-
cause the discrete Hybrid A* motion primitives can intro-
duce abrupt steering transitions, only the post-reaction por-
tion of this trajectory is subsequently smoothed. The = and
y coordinates and unwrapped yaw sequence are indepen-
dently filtered using a Gaussian filter with 0 = 4 frames,
corresponding to 0.4 s at 10 Hz. The first smoothed sample
is reset to its original value,

smooth

qx 19)

= Yk,

r

to preserve continuity with the unchanged recorded trajec-
tory preceding the reaction point. The pre-reaction segment
is not filtered.

When a valid steering-based avoidance trajectory can-
not be obtained and the interaction can instead be safely
resolved by stopping before the conflict region, a braking
response is generated. Braking does not generate a new
spatial path. Instead, the original ego trajectory is repa-
rameterised in time so that the vehicle decelerates to a stop
before entering the conflict region. In addition to the 15 m



reaction threshold, a stopping threshold of 5m is used to
identify the first recorded frame ks sufficiently close to the
conflict point. If no valid reaction frame is found before &,
the reaction point falls back to

kr = max(0, ks — 1).

(20)
Let s(k) denote the cumulative arc length of the original
ego trajectory, with
sr = s(ky), ss = s(ks), D=s,—s,.. (21
The implementation estimates the initial motion from the
recorded arc-length increment immediately before braking,
Asg = s(ky) — sk, — 1). (22)
Since the trajectory is represented at 10 Hz, Asy is the trav-
elled distance per frame, corresponding to a physical initial
speed of
ASO

s At =0.1s.
At >

Vg = (23)
The number of frames required to stop under constant de-

celeration is then chosen as

2D
Ngtop = round (Aso) . 24)
For frame offset i = 1,. .., Ngtop, the new arc-length posi-
tion is
1A
1= 87 + Asoi — 5 N::p 2, (25)

This is the discrete-frame form of a constant-deceleration
trajectory. Once Ny, frames have elapsed, the arc-length
position is held fixed for the remainder of the sequence.

The new arc-length schedule is finally mapped back onto
the original recorded trajectory by interpolating its z, y, and
yaw values as functions of cumulative arc length. Braking
therefore changes only the ego vehicle’s longitudinal pro-
gression along the nominal route and introduces no new lat-
eral geometry, in contrast to the steering-based response,
which performs a new Hybrid A* search. No Gaussian
smoothing is consequently required for the braking trajec-
tory.

The resulting collision-avoidance trajectory is retained
as the safe planning target associated with the generated in-
teraction, while the original recorded ego trajectory defines
the corresponding nominal collision course. The gener-
ated supervision therefore represents not only the immedi-
ate collision-avoidance action but, for steering-based cases,
also the recovery towards ordinary driving after the critical
interaction.
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C.4. Representative Generated Trajectories

Figures 6 and 7 present additional examples of the critical
interactions produced by the proposed trajectory-generation
pipeline. The examples complement those shown in Fig. 4
and illustrate variation in both the generated threat config-
uration and the corresponding ego collision-avoidance re-
sponse.

Stationary threats can be resolved through either steer-
ing or braking, depending on the surrounding road geom-
etry. For steering-based responses, Hybrid A* determines
the collision-free direction of the evasive manoeuvre within
the available drivable region and subsequently steers the ego
vehicle back onto its recorded route. Braking responses in-
stead retain the original spatial path while modifying the
ego vehicle’s longitudinal progression so that it stops be-
fore the conflict region.

Moving threats impose additional constraints on the ad-
missible set of responses. Moving head-on interactions re-
quire lateral avoidance because stopping on the nominal
route would leave the ego vehicle in the path of the ap-
proaching threat; such scenarios are therefore retained only
when a valid steering manoeuvre can be generated. For lat-
erally moving threats, braking can be an effective response
by preventing the ego vehicle from entering the conflict re-
gion before the threat crosses its path.

C.5. Rendering and Restoration Details

The generated ego and threat trajectories are applied
to the reconstructed StreetGaussians scene using the
pose-construction, coordinate-transformation, and actor-
manipulation procedures described in Appendix A. The
modified interaction is then rendered from all six surround-
view cameras, and the resulting images are subsequently
processed by Fixer to reduce novel-view reconstruction
artefacts.

The StreetGaussians reconstructions used in this work
are trained with a factor-three image downscale, as al-
ready described. The resulting rendered camera observa-
tions therefore have a spatial resolution of approximately
533 x 300 pixels, compared with the native nuScenes reso-
lution of 1600 x 900. The modified ego and threat poses
can additionally depart substantially from the viewpoints
observed during reconstruction. A steering-based ego re-
sponse may expose previously unseen regions of the static
environment, while repositioning the threat actor can reveal
vehicle surfaces that were weakly observed or entirely un-
observed in the original sequence. Consequently, the raw
StreetGaussians outputs can contain incomplete geometry,
degraded object surfaces, blurred regions, or other novel-
view artefacts.

To reduce these artefacts, the rendered observations are
subsequently processed using the pretrained Fixer model
released with Difix3D+ [40]. The checkpoint used in this



— Threat path / stationary threat Ego (original) — Ego avoidance

(a) (b)
Collision: head_on | path cost: static Collision: head_on | path cost: static
1100
1050
1000
950
200
1900 1950 2000 2050 2100 1775 1800 1825 1850 1875 1900 1925 1950 1975
(c) (d)
Collision: head_on_stop | path cost: static Collision: side | path cost: static
1225 1050
1200 1025
axis 1000
1150 578
1125 50
1100 025
1075 500
1050 875
1025
850
50 75 100 125 150 175 200 225 250 1575 1600 1625 1650 1675 1700 1725 1750 1775

Figure 6. Representative interactions involving stationary threats. Red denotes the stationary threat location, green the nominal recorded
ego trajectory, and blue the generated collision-avoidance response. Panels (a)—(b) show steering-based avoidance, while panels (c)—(d)
show braking-based responses.

workis pretrained_fixer.pkl anditisloaded on top ing the fast-tokeniser VAE, with the pretrained Fixer check-
of the Cosmos Predict2 0.6B image-generation pipeline us- point replacing the corresponding UNet and VAE param-
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Figure 7. Representative interactions involving moving threats. Red denotes the generated threat trajectory, green the nominal recorded
ego trajectory, and blue the generated collision-avoidance response. Panels (e)—(f) show moving head-on interactions resolved through
steering-based avoidance, while panels (g)-(h) show lateral moving threats resolved through braking.

eters. The no-conditioning variant is used during infer- is therefore supplied; the restoration is determined entirely
ence. No text prompt or scene-specific textual conditioning from the rendered input image.
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Fixer uses a single-step diffusion formulation rather than
iterative sampling. The inference timestep is set to 250,
corresponding to ¢ = 0.25, and a single denoising pre-
diction is performed. VAE skip connections are disabled,
and inference is performed with a batch size of one using
bfloatl6 precision on CUDA. The model is wrapped
using torch.compile. Before processing the scenario
images, 50 dummy warm-up iterations are executed to ini-
tialise the compiled inference path; these iterations affect
execution efficiency rather than the restoration result.

Each input image is first converted to RGB. Although
the rendered StreetGaussians image has a resolution of ap-
proximately 533 x 300, Fixer internally operates at a canon-
ical 1024 x 576 resolution. The input is therefore bilin-
early resized to 1024 x 576 before normalisation and in-
ference. Following the single denoising step, the output is
denormalised, clamped to the valid image range, converted
back to an RGB image, and bilinearly resized to the dimen-
sions of the original input frame. Consequently, Fixer does
not permanently upscale the generated observations: both
the raw StreetGaussians image and the saved restored im-
age remain at approximately 533 x 300. The 1024 x 576
representation exists only internally during the restoration
process.

Fixer modifies only the rendered RGB observations. It
does not alter the generated ego trajectory, threat trajec-
tory, camera calibration, RigidNode poses, or the under-
lying StreetGaussians reconstruction. The geometric and
temporal construction of the critical interaction therefore
remains exactly that produced by the preceding scenario-
generation stages; restoration is applied solely as a visual
post-processing operation.

The complete restoration configuration used in the ex-
periments is summarised in Table 10.

Figure 8 provides additional qualitative examples of the
restoration stage. The examples illustrate three represen-
tative types of novel-view degradation encountered in the
generated scenarios: background artefacts caused by mod-
ified ego viewpoints, degradation of a repositioned threat
actor observed from the front, and degradation of the same
type of manipulated actor from a lateral viewpoint. In each
case, the raw StreetGaussians rendering is shown alongside
the corresponding Fixer-restored output. Since both images
retain the same external resolution, the visual differences
result from the restoration model rather than from spatial
upsampling.

C.6. UniAD-Compatible Dataset Construction

After rendering and restoration, each accepted synthetic
interaction is converted into the information-file represen-
tation consumed by the UniAD nuScenes data pipeline.
Rather than modifying UniAD’s input interface, the con-
version constructs a new sample-information dictionary for
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Table 10. Fixer restoration configuration used for the generated
StreetGaussians observations.

Setting Value

Checkpoint pretrained_-fixer.pkl
Base model Cosmos Predict2 0.6B
Tokenizer / VAE Fast tokenizer

Conditioning None

Diffusion steps Single step

Inference timestep 250

o 0.25

Rendered input resolution ~ 533 x 300
Internal Fixer resolution 1024 x 576
Saved output resolution ~ 533 x 300
Resize interpolation Bilinear

VAE skip connection Disabled

Batch size 1

Precision bfloatl6
Compilation torch.compile
‘Warm-up iterations 50

Camera filtering None

Frame filtering None within supplied input
Guardrail Disabled

each synthetic keyframe by retaining compatible metadata
from the corresponding original nuScenes sample and re-
placing the fields affected by the generated ego and threat
motion. The resulting samples can therefore be loaded us-
ing the same dataset and training pipeline as the original
nuScenes data.

The trajectory-generation and rendering stages operate
on a 10 Hz representation, whereas UniAD uses the 2 Hz
nuScenes keyframe rate. The generated ego-avoidance and
threat trajectories are therefore subsampled using a common

stride of five,

10Hz

2Hz __
q; =45

(26)
ensuring that the generated ego and threat states remain
temporally aligned. Camera observations are not indepen-
dently downsampled during information-file construction;
instead, the conversion directly references the already gen-
erated 2 Hz images stored for each camera. Similarly, the
annotations of unmodified traffic participants originate from
the original nuScenes keyframes and are therefore already
represented at 2 Hz.

For each synthetic sample, the original per-sample token,
temporal links, frame index, and timestamp are retained. A
new synthetic scene token is constructed so that different
generated variants originating from the same recorded scene
remain distinct temporal sequences. The original nuScenes
scene token is stored separately as orig_scene_token.
This original token is used whenever the nuScenes API or
HD-map information must be queried, while the synthetic
scene token is preserved for dataset-level temporal group-
ing. During data loading, the scene token is temporarily
replaced by orig_scene_token for the parent nuScenes
lookup and subsequently restored to the synthetic value.
The occupancy temporal-window information is then re-



Raw StreetGaussians

Fixer restored

Figure 8. Additional examples of the rendering and restoration pipeline. The left column shows raw StreetGaussians novel-view renderings,
and the right column shows the corresponding outputs after Fixer restoration. The first row illustrates restoration of background artefacts
introduced by a modified ego viewpoint, while the second and third rows show restoration of a repositioned threat actor observed from
frontal and lateral viewpoints, respectively. Both raw and restored images retain the same spatial resolution of approximately 533 x 300;
the 1024 x 576 representation used by Fixer exists only internally during inference.

computed using the restored synthetic token so that neigh-
bouring frames belonging to the same generated scenario
remain correctly associated.

The generated ego trajectory replaces the
original ego2global _translation and
ego2global_rotation fields. The fixed LiDAR-
to-ego calibration is retained, since the physical sensor
extrinsics are unchanged. The CAN-bus representation is
partially recomputed from the generated ego trajectory.

Specifically, entries 7—15 are replaced with the ego-frame
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acceleration, rotational-rate, and velocity components ob-
tained by finite differences of the 2 Hz generated trajectory.
World-frame velocity and acceleration are rotated into the
instantaneous ego frame, the vertical velocity and accel-
eration components are set to zero, and the rotational-rate
vector contains only the generated yaw rate. The remaining
CAN-bus entries are retained from the corresponding
original sample during information-file construction, while
the generated position and orientation are represented
explicitly by the updated ego-to-global pose fields.



The rendered observations are associated with all six
camera entries of the synthetic sample. StreetGaussians and
Fixer operate on images at approximately 533 x 300 reso-
lution, corresponding to a factor-three downscale relative to
the native nuScenes camera resolution of 1600 x 900. Af-
ter Fixer restoration, the images are upscaled to the native
1600 x 900 nuScenes resolution before being used in the fi-
nal UniAD-compatible dataset. Consequently, the original
nuScenes camera calibration and intrinsic parameters can
be retained in the final dataset representation, since the im-
ages presented to the UniAD data pipeline again follow the
native nuScenes image dimensions. The camera extrinsics
are likewise preserved, as the physical relative transforma-
tions between the ego vehicle and the six cameras remain
unchanged.

Object annotations are initialised from the corresponding
original nuScenes keyframe. Actors suppressed during ren-
dering are identified through the stored suppression-token
list and removed consistently from all parallel annotation
arrays. The selected threat actor is then inserted or updated
using its generated world-frame position and heading. Its
pose is transformed into the LiDAR coordinate system used
by UniAD, while its velocity is estimated from consecutive
generated threat positions and rotated into the same frame.
If the selected instance already appears in the original an-
notations, its box and motion information are replaced; oth-
erwise, a new vehicle annotation is appended. Compati-
ble surrounding actors retain their original annotations and
recorded motion.

Future and past motion labels are additionally con-
structed for the modified interaction. Fresh past and future
trajectories are generated directly from the synthetic threat
trajectory, whereas the original precomputed motion labels
are retained for surrounding actors whose trajectories have
not been modified.

The generated ego avoidance trajectory provides the
planning supervision used during UniAD fine-tuning. For
each keyframe, the next six planning steps are transformed
into the initial-frame LiDAR coordinate system following
the same transformation chain used by UniAD for the orig-
inal nuScenes planning labels. The corresponding plan-
ning mask indicates which future steps are available. A
high-level driving command is inferred from the final valid
planning waypoint: a sufficiently positive or negative lat-
eral displacement produces a left or right command, re-
spectively, while smaller lateral deviations are classified
as forward motion. The generated ego future trajectory is
stored separately from this planning-specific representation
so that the synthetic sample provides both the standard ego-
motion target and the planner-specific supervision expected
by UniAD.

Table 11 summarises the principal transformations ap-
plied during construction of the synthetic information files.
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Table 11. Principal transformations used to construct the UniAD-
compatible synthetic dataset representation.

Component

Synthetic representation

Temporal rate
Camera observations
Image resolution
Camera intrinsics
Ego pose

Sensor extrinsics
CAN bus

Threat annotation
Other actors
Suppressed actors
Threat motion labels
Other motion labels
Planning supervision
Scene identity

Generated trajectories: 10Hz — 2Hz

Six restored 2 Hz views

Restored at ~ 533 X 300, then upscaled to 1600 x 900
Original nuScenes intrinsics retained

Replaced by generated avoidance pose
Original calibration retained

Accel., yaw rate, velocity recomputed
Generated box, heading, and velocity

Original annotations retained when compatible
Removed from all annotation arrays
Recomputed from generated trajectory
Original labels retained

Generated safe ego trajectory

Synthetic scene token + original lookup token

D. Experimental Details and Additional Anal-
ysis
D.1. Trajectory-Feasibility Analysis

The trajectory-generation module is based on Hybrid
A* and therefore directly enforces geometric and non-
holonomic feasibility, but it does not optimise a full vehicle-
dynamics model. We consequently perform an additional
post-generation analysis to determine whether the resulting
threat and ego trajectories exhibit reasonable geometric and
dynamic behaviour. The analysis considers three comple-
mentary properties: whether the generated threat produces
the intended collision-course interaction, whether the tra-
jectories remain compatible with the planner’s kinematic
constraints, and whether the accelerations induced by the
generated motion remain within plausible ranges.

Across the 1,060 threat-planning attempts reported in
Sec. 4.2, 979 produce a feasible trajectory, corresponding
to a planning success rate of 92.4%. For every successful
interaction, the minimum distance between the generated
threat trajectory and the original recorded ego trajectory is
additionally evaluated. All 979 trajectories approach the
nominal ego path to within 2 m, confirming that the planner
consistently constructs an actual conflict with the recorded
ego motion rather than merely placing the threat elsewhere
within the same drivable region. Moving threats travel at
an average speed of approximately 22.8 km/h, which lies
within the 15-30 km/h operating range used during threat-
start construction and temporal synchronisation.

As an additional robustness check, 100 generated inter-
actions are independently sampled and replanned using the
same Hybrid A* configuration. A valid threat trajectory is
recovered in 99 of the 100 cases.

Dynamic quantities are evaluated from the time-
parameterised trajectories after trajectory generation and
post-processing. For a trajectory with planar position p; =
(2¢,yt), heading 1, and sampling interval At, translational



Table 12. Distribution of maximum effective lateral acceleration
for generated trajectories and ordinary nuScenes motion. Per-
centiles are computed across trajectories.

Trajectory set P50 P9 P99 >7 >8
[m/s°] [%]
nuScenes reference  0.29 2.04 3.88 - -
Generated threat 3.59 954 11.72 303 21.2
Ego braking 0.17 196 3.88 0.0 0.0
Ego steering 394 7.73 1056 15.7 9.0

speed and yaw rate are estimated from successive states.
Curvature is evaluated from the change in unwrapped vehi-
cle heading relative to travelled arc length,

~ BV

~ 2
As,’ 27

Kt Asy = ||pe+1 — Ptlly 5
and the corresponding effective lateral acceleration is esti-
mated as

(28)

Qlat,t = U?‘Ht|~

For each trajectory, the maximum absolute effective lateral
acceleration over the generated manoeuvre is retained, and
the reported percentiles are computed across trajectories.
This quantity is used as a diagnostic measure of manoeuvre
aggressiveness rather than as evidence of full dynamic fea-
sibility, since tyre forces, suspension behaviour, road fric-
tion, and vehicle-specific dynamics are not represented by
Hybrid A*.

The steering geometry itself remains bounded by the
vehicle model used during Hybrid A*. With wheelbase
L = 3.5m and maximum steering angle d,,,x = 0.6rad,
the corresponding kinematic curvature bound is

|5 max = £an (Omae) ~0.195m™ ' (29)
L

The generated Hybrid A* trajectories remain within this
steering constraint by construction.

The independently replanned threat trajectories exhibit
a substantially more aggressive dynamic tail than ordinary
recorded nuScenes motion. Table 12 reports the distribu-
tion of the maximum effective lateral acceleration. For
the 99 successfully replanned threat trajectories, the me-
dian is 3.59 m/s?, increasing to 9.54 m/s? at the 90th per-
centile and 11.72m/s? at the 99th percentile. Approxi-
mately 30.3% exceed 7 m/s? and 21.2% exceed 8 m/s?. For
comparison, the corresponding values measured from ordi-
nary nuScenes ego motion are substantially lower, with a
median of 0.29 m/s?, a 90th percentile of 2.04 m/s?, and a
99th percentile of 3.88 m/s.

These results show that collision-course threat genera-
tion occasionally produces motions that are considerably
more aggressive than those in ordinary recorded driving.
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This is primarily a consequence of using a kinematic plan-
ner to satisfy a constrained start pose, a conflict pose, a
heading, and an arrival time without explicitly optimising
vehicle dynamics. The threat trajectories should therefore
be interpreted as kinematically feasible collision-course
motions rather than as trajectories guaranteed to satisfy a
complete vehicle-dynamics model. This limitation is less
consequential for the training objective of this work be-
cause the threat trajectory defines the hazardous interaction,
whereas the generated ego response provides the planning
supervision that UniAD learns.

The generated ego responses exhibit substantially milder
dynamics overall. Braking trajectories retain the recorded
route and modify only longitudinal progression, and conse-
quently exhibit low lateral acceleration: the median max-
imum value is 0.17 m/s2, the 90th percentile is 1.96 m/s?,
and the 99th percentile is 3.88 m/s2. None of the evaluated
braking responses exceeds either 7 or 8 m/s.

Steering-based avoidance is necessarily more aggressive
because the ego vehicle must depart from the recorded
route, achieve sufficient lateral displacement to clear the
threat, and subsequently recover towards the nominal tra-
jectory. The final steering trajectories have a median max-
imum effective lateral acceleration of 3.94 m/s2, with 90th-
and 99th-percentile values of 7.73 and 10.56 m/s?, respec-
tively. Approximately 15.7% exceed 7 m/s? and 9.0% ex-
ceed 8m/s?. The majority of the generated steering su-
pervision, therefore, remains below these high-acceleration
thresholds, although a small tail contains aggressive evasive
manoeuvres approaching practical vehicle-grip limits.

The feasibility analysis, therefore, indicates a distinc-
tion between the generated threat and ego trajectories. The
threat planner successfully constructs the intended colli-
sion geometry with high reliability, but its most aggressive
trajectories can exceed the dynamics typically observed in
nuScenes, whereas the ego trajectories used for learning su-
pervision are considerably better behaved.

D.2. UniAD Fine-Tuning Configuration

All fine-tuning experiments are initialised from
the publicly released UniAD Stage-2 checkpoint,
uniad_base_e2e.pth. The training data are im-
plemented as a ConcatDataset containing 100 original
nuScenes training scenes and the 100 selected synthetic
critical scenarios, corresponding to 4,031 and 3,789
keyframes, respectively. No source-specific reweighting or
oversampling is applied, and all samples are seen once per
epoch in shuffled order.

Synthetic scenarios are mixed with original driving data
rather than used in isolation. This follows the general data-
augmentation strategy demonstrated by SceneCrafter [16],
which fine-tunes end-to-end planners using synthetic driv-
ing logs together with real-world training data; its closed-



loop experiments augment 32k real samples with 6k sim-
ulated samples generated from 60 reconstructed training
scenes. In our setting, an approximately balanced mix-
ture is used instead because the objective is specifically to
adapt the planner to rare collision-avoidance behaviour. The
similar numbers of real and synthetic keyframes give the
generated critical supervision substantial influence during
the short fine-tuning stage while maintaining continued ex-
posure to ordinary driving and reducing the risk of catas-
trophic forgetting. SceneCrafter therefore provides prece-
dent for the real-synthetic mixing strategy, while the ap-
proximately balanced mixture used here is a design choice
specific to the targeted adaptation objective of this work.
The image backbone remains frozen at the model
level following the Stage-2 configuration, including
its BatchNorm parameters. Additional perception-
related components are frozen through zero learning-

rate  multipliers in the optimiser configuration:
pts_bbox_head, seg.head, query_embedding,
reference_points, query-interact, and
memory_bank. The motion_head, occ_head,

and planning_head remain trainable.  Fine-tuning
is therefore concentrated on the downstream motion,
occupancy, and planning components while preserving
the pretrained image, detection, tracking, and mapping
representations.

Training is performed for five epochs using AdamW with
a peak learning rate of 2 x 10> and weight decay of 0.01.
The cosine-annealing schedule inherited from the Stage-2
configuration is retained, with a minimum learning-rate ra-
tio of 1073. Linear warm-up is applied for the first 500
iterations using a warm-up ratio of 1/3. Training uses one
sample per GPU on four Tesla V100-SXM2-32GB GPUs,
resulting in an effective batch size of four.

No validation-based checkpoint selection or early stop-
ping is performed. The evaluation hook is executed at the
end of the fifth epoch, while intermediate checkpoints are
stored every 1,000 optimisation iterations for recovery pur-
poses. All fine-tuned results reported in Sec. 4.4 use the
final epoch_5.pth checkpoint.

D.3. NeuroNCAP Evaluation Verification

During verification of the NeuroNCAP closed-loop evalua-
tion, we identified a collision-registration issue affecting a
small number of reconstructed scenes containing obstacles
such as an excavator or road barriers. In these cases, the
closed-loop rollout could visibly progress into and through
the obstacle region without the interaction being registered
as a collision by the original evaluation path. Since Neu-
roNCAP collision rate is determined from the outcome
of the executed closed-loop trajectory, such missed con-
tacts would incorrectly count the corresponding rollout as
collision-free and therefore bias the reported safety metric.
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Table 13. Detailed UniAD fine-tuning configuration.

Setting Value

Initial checkpoint
Synthetic scenarios
Original nuScenes scenes
Dataset combination

uniad._-base_e2e.pth

100 (3,789 keyframes)

100 (4,031 keyframes)
Concatenation, no source reweighting

Optimizer AdamW

Peak learning rate 2x107°

Weight decay 0.01

LR schedule Cosine annealing

Minimum LR ratio 1073

Warm-up Linear, 500 iterations, ratio 1/3
Gradient clipping Max Ly norm 35

Training epochs 5

Batch size 1/GPU, 4 effective

GPUs 4x Tesla V100-SXM2-32GB

Frozen components
Trainable components
Evaluation checkpoint

Image/perception components (see text)
Motion, occupancy, planning heads
Final epoch (epoch_5.pth)

Figure 9 illustrates this behaviour for two representative
interactions. Panels (a)-(c) show successive closed-loop
frames from a scene containing an excavator. As the roll-
out progresses, the ego vehicle enters the obstacle region
and continues past the expected contact point, rather than
the evaluation terminating with a collision. Panels (d)—(f)
show the same failure mode for an affected barrier interac-
tion. The use of several successive frames is important here,
since it confirms that the observation is not a single-frame
visualisation artefact: the simulated ego state continues to
advance through the occupied region over multiple closed-
loop steps.

The affected collision handling was corrected before pro-
ducing the final results reported in this work. The evaluation
was then repeated using the corrected implementation for
both the original and fine-tuned UniAD checkpoints, while
keeping the model checkpoints and inference configuration
identical between the two evaluations. The corrected col-
lision rates are therefore used consistently for all NeuroN-
CAP comparisons in Sec. 4.4.

D.4. Closed-Loop Avoidance-Strategy Analysis

To better understand the asymmetric NeuroNCAP results
reported in Sec. 4.4, we analyse same-seed closed-loop runs
in which the original and fine-tuned UniAD checkpoints
produce different collision outcomes. Since both check-
points are evaluated with identical scene initialisation, infer-
ence settings, and collision-optimiser configuration, these
matched runs isolate differences in the resulting driving be-
haviour rather than differences in the evaluation setup.

The primary quantity used for this comparison is the
peak lateral offset from the original recorded nuScenes ego
trajectory. Let pego(t) denote the closed-loop ego position
at time ¢, and let prer(t) and 1,0 (t) denote the position
and heading of the recorded nuScenes ego trajectory inter-
polated to the same timestamp. The signed lateral deviation
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Figure 9. Representative examples of the collision-registration issue identified during NeuroNCAP evaluation. Panels (a)—(c) show suc-
cessive frames from an interaction involving an excavator, while panels (d)—(f) show an affected barrier interaction. In both cases, the
closed-loop rollout continues through the obstacle region over successive timesteps without the original collision-handling path registering

the contact as a collision.

is computed as

dlat (t) = (pego (t) - pref(t)) * Npef (t)v (30)

where
Npef (t) = (_ Sin Yref (t)a COS Yref (t))

is the normal direction of the recorded route at that times-
tamp. The peak lateral offset for a rollout is then defined
as
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max
lat

= max |d1at ()] - (32)
This, therefore, measures the maximum cross-track devi-
ation from the recorded route in the route’s local time-
varying frame, rather than relative to a fixed initial ego

heading.
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The clearest positive transfer is observed in the
stationary—-0278 scenario. Across 44 matched runs
for which the fine-tuned checkpoint avoids the obstacle
while the original checkpoint collides, the fine-tuned model
produces the larger peak lateral offset in all 44 cases. Its
mean peak lateral offset is 4.87 m, compared with 1.15m
for the original checkpoint. This indicates that successful
avoidance in this scenario is associated with a substantially
stronger lateral departure from the nominal route.

The opposite behaviour is observed in the frontal and lat-
eral scenarios, for which fine-tuning degrades the closed-
loop outcome. Across 58 matched runs from six such sce-
narios, the original checkpoint produces the larger peak lat-
eral offset in 54 cases (93%). The dominant difference in
these runs is therefore not an inability of either model to



Table 14. Same-seed closed-loop comparison for interactions in
which the original and fine-tuned checkpoints produce different
collision outcomes.

Interaction set Runs Larger lateral response  Frequency

44
58

Fine-tuned
Original

44/44 (100%)
54/58 (93%)

stationary-0278
Frontal/side failures

alter its longitudinal motion, but insufficient lateral com-
mitment by the fine-tuned checkpoint in interactions that
require a stronger steering response.

Figure 10 shows representative examples of both be-
haviours. The displayed runs are selected near the median
lateral-response magnitude of the checkpoint exhibiting the
larger avoidance manoeuvre, rather than as extreme exam-
ples. In stationary-0278, run 52, the original check-
point remains close to the recorded route and collides, with
a peak lateral offset of 0.89 m. The fine-tuned checkpoint
achieves a lateral offset of 4.65 m and successfully avoids
the obstacle. Conversely, in frontal-0346, run 6, the
original checkpoint produces a pronounced lateral manoeu-
vre with a peak offset of 5.27m and avoids the threat,
whereas the fine-tuned checkpoint remains much closer to
the recorded route, reaching only 0.76 m before colliding.

Longitudinal behaviour provides a secondary distinction.
Across the same 58 frontal and lateral matched runs, the
fine-tuned checkpoint brakes in 45 cases (78%), compared
with 5 cases (9%) for the original checkpoint. This pattern
is not consistent across all scenarios, however, so the more
reliable difference remains the reduced lateral commitment
of the fine-tuned model.

Overall, the matched-run analysis indicates that fine-
tuning changes the balance between longitudinal and lateral
avoidance responses. The stronger lateral behaviour learned
from the generated data is beneficial in stationary interac-
tions, substantially improving collision avoidance. In sev-
eral frontal and lateral interactions, however, the fine-tuned
checkpoint instead exhibits insufficient lateral displacement
and, frequently, a stronger braking response. This explains
why the substantial improvement for stationary obstacles
does not translate into uniform gains across all NeuroNCAP
interaction geometries.

D.5. Collision-Optimiser Ablation

UniAD applies an occupancy-based nonlinear collision op-
timiser to the trajectory predicted by its planning head be-
fore execution. This module is deterministic and oper-
ates only during inference; it does not modify the learned
model parameters and is not applied during training. All
main NeuroNCAP experiments in Sec. 4.4 use the standard
UniAD optimiser configuration for both checkpoints, so
that the reported comparison isolates the effect of synthetic-
data fine-tuning. We nevertheless conduct a separate abla-
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tion study to assess the extent to which this post-processing
stage influences closed-loop collision avoidance.

The optimiser refines the trajectory predicted by the
learned planner while penalising proximity to locations pre-
dicted as occupied. In simplified form, its objective can be

written as
33
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where p; denotes the optimised ego position, p; is the tra-
jectory originally predicted by the planning head, and o, ;
denotes a predicted occupied location. The first term en-
courages the optimiser to remain close to the learned trajec-
tory, whereas the second introduces a Gaussian cost around
predicted occupancy.

The standard UniAD configuration uses oy = 1, agol =
5, and 0 = 1. The parameter «, controls the weight of
the collision cost relative to trajectory preservation, while
o determines its spatial extent. A smaller o produces a nar-
row repulsive region whose influence decreases rapidly with
distance. Consequently, the optimiser may modify the tra-
jectory substantially only once it is already relatively close
to predicted occupancy. These parameters originate from
the standard UniAD inference configuration evaluated on
nuScenes and were not specifically selected for the aggres-
sive collision-course interactions considered by NeuroN-
CAP.

For the ablation, we retain o, = 1 and increase the col-
lision parameters to o, = 10 and o 2. Importantly,
because the Gaussian cost is normalised by o, simultane-
ously doubling «., and o leaves its maximum value at zero
distance approximately unchanged. The main effect is in-
stead to broaden the repulsive region: the collision penalty
decreases more slowly with distance, allowing predicted oc-
cupancy to influence the trajectory earlier. This behaviour
is visible in Fig. 11, where the tuned optimiser begins de-
viating from the original predicted path substantially earlier
than the default configuration.

Table 15 reports the resulting corrected NeuroNCAP col-
lision rates and official NeuroNCAP scores. Strengthening
the optimiser produces a large improvement for both check-
points. For the original UniAD checkpoint, the collision
rate decreases from 66.70% to 38.87%, while the NeuroN-
CAP score increases from 1.824 to 3.355. For the fine-
tuned checkpoint, the collision rate decreases from 65.17%
to 40.37%, while the score increases from 1.937 to 3.306.

The relative ordering of the checkpoints reverses under
the tuned optimiser, although the remaining difference is
small. With the default configuration, the fine-tuned check-
point achieves a 1.53-percentage-point lower collision rate

Qo] exp
Vamo
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Figure 10. Representative same-seed closed-loop trajectories illustrating the dominant avoidance-strategy difference between the original
and fine-tuned UniAD checkpoints. Left: stationary—-0278, where the original checkpoint collides and the fine-tuned checkpoint
avoids the threat through a substantially larger lateral manoeuvre. Right: frontal-0346, where the original checkpoint avoids the
threat while the fine-tuned checkpoint remains close to the recorded route and collides. The dashed trajectory denotes the original recorded
nuScenes ego route, while the dotted trajectory denotes the threat actor. The displayed runs are selected near the median lateral-response
magnitude of the checkpoint that exhibits the larger manoeuvre, rather than as extreme examples.

Table 15. Effect of collision-optimiser tuning on corrected Neu-
roNCAP performance. Lower collision rate and higher NeuroN-
CAP score are better.

Optimiser Checkpoint Collision [%] Score

Default Original 66.70 1.824
Default Fine-tuned 65.17 1.937
Tuned Original 38.87 3.355
Tuned Fine-tuned 40.37 3.306

and a 0.113-point higher NeuroNCAP score. With the tuned
configuration, the original checkpoint instead achieves a
1.50-percentage-point lower collision rate and a 0.049-
point higher score. The latter score difference corresponds
to less than 1% of the full 0-5 NeuroNCAP scale and is
small compared with the improvement produced by chang-
ing the optimiser itself.

This reversal is consistent with the trajectory-level anal-
ysis in Appendix D.4. In several difficult frontal and lat-
eral interactions, the original checkpoint already produces a
larger lateral response than the fine-tuned model. Since the
optimiser refines the trajectory supplied by the learned plan-
ner rather than generating an independent avoidance ma-
noeuvre, its effect depends on the trajectory and occupancy
predictions produced by each checkpoint.
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Figure 11 illustrates the qualitative effect in two rep-
resentative scenarios. For each interaction, three succes-
sive frames are shown with the default configuration and
three with the tuned configuration. Under the default op-
timiser, the avoidance correction occurs late and does not
generate sufficient clearance from the threat, resulting in a
collision. With the broader collision penalty produced by
o = 2, the trajectory begins moving away from the pre-
dicted occupied region earlier and the corresponding rollout
successfully avoids the collision. These examples are con-
sistent with the interpretation of o as controlling the spatial
range over which predicted occupancy influences trajectory
refinement.

The magnitude of the improvement demonstrates that
UniAD’s deterministic collision optimiser has a substantial
influence on closed-loop NeuroNCAP performance. This
experiment, however, addresses a different question from
the main contribution of this work. Changing o, and o
does not improve the collision-avoidance behaviour learned
from the generated data; it changes how an already pre-
dicted trajectory is modified during inference. The main
experiments therefore retain the standard UniAD optimiser
configuration, since the objective of this work is to de-
termine whether the proposed critical-scenario generation
pipeline provides useful training supervision. More broadly,
the substantial performance improvement achieved by mod-
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Figure 11. Representative effect of collision-optimiser tuning on closed-loop trajectory generation. Panels (a)—(c) and (d)—(f) show suc-
cessive frames from the same interaction using the default and tuned optimiser, respectively, while panels (g)—(i) and (j)—(1) show a second
interaction. With the default configuration, the avoidance correction occurs late and the rollout collides. Increasing the collision parame-
ters to acol = 10 and o = 2 broadens the occupancy-based repulsive region, resulting in an earlier trajectory correction and successful
avoidance in both examples. Within each comparison, the model checkpoint is unchanged; only the deterministic collision-optimiser con-
figuration differs.

ifying this deterministic post-processing stage highlights
UniAD’s dependence on its hand-designed collision opti-
miser for closed-loop safety. The fact that such a mecha-
nism is required in the first place suggests that improving
the learned planner itself, so that collision-aware behaviour
is produced directly by the model rather than recovered
through post-processing, is a more desirable direction for
future work. This limitation is discussed further in Sec. 5.
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