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Abstract

Recent advances in end-to-end autonomous driving (E2E-AD), enabled by founda-
tion models have shown great promise towards full self-driving. To fairly evaluate
E2E-AD frameworks, simulation-based benchmarks are used to test performance
in safety-critical scenarios, offering a more convenient and controlled alternative
to on-road testing. However, their effectiveness is limited by (1) low extensibility,
due to manual effort in scenario design, and (2) a large sim-to-real gap, caused by
low photorealism, both especially problematic for rare corner cases. To address
these issues, inspired by the safety-critical corner case design in the European New
Car Assessment Programme (Euro NCAP), we propose Gen-NCAP, to the best
of our knowledge, the first generative closed-loop simulator for benchmarking
E2E-AD corner cases. Gen-NCAP improves extensibility by combining (1) a
vision-language model that places them appropriately in a scene, enabling scenario
creation using only text prompts while enhancing coverage by supporting multiple
corner cases and (2) a 3D object generation model that enhances flexibility by
creating diverse and high-quality objects from text. To narrow the sim-to-real gap,
we introduce a video refinement pipeline using world models trained on datasets
curated to (1) fix artifacts in closed-loop simulation, i.e., foreground-background
misalignment arising from the insertion of complete 3D objects into existing scenes,
and blurriness in novel view synthesis, thereby improving visual fidelity, and (2)
ensure temporal consistency of the refinement results across frames to maintain
the stability of the simulator. Using Gen-NCAP, we release a benchmark of 300
interactive scenarios across § types of corner cases and introduce a fine-grained col-
lision metric for closed-loop evaluation. With the proposed Gen-NCAP, E2E-AD
developers and researchers can not only leverage the generated data for open-loop
training to enhance model robustness in safety-critical situations but also conduct
fair and reproducible benchmarking of different E2E-AD frameworks.

1 Introduction

Recent breakthroughs in autonomous driving have demonstrated the effectiveness of end-to-end
autonomous driving (E2E-AD) models that directly output planned trajectories from sensor inputs [1,
2,3, 4, 5]. Despite the great promise of fully self-driving vehicles enabled by data-driven E2E-AD,
evaluating such systems remains a significant challenge [6, 7, 8, 9, 10]. Specifically, direct on-road
testing is costly and does not enable fair benchmarking across different E2E-AD models. Meanwhile,
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Figure 1: We propose Gen-NCAP, a generative closed-loop simulator demonstrating strong exten-
sibility across diverse corner cases and reduced sim-to-real gap through high-fidelity, temporally
consistent video refinement module.

log-replay of recorded trajectories only provides open-loop evaluation, lacking the ability to interact
with the surrounding environment based on the model’s outputs. As a result, simulation-based closed-
loop evaluation [9, 10, 11] has gained increasing attention as a convenient and controllable approach,
especially for benchmarking safety-critical corner cases where timely and accurate environmental
feedback is essential. However, the effectiveness of existing simulation-based benchmarks is hindered
by two key challenges. (1) Low extensibility: Although environmental feedback can be automatically
obtained from simulators, designing each corner case still requires substantial manual effort, and the
resulting scenarios often exhibit limited diversity and low quality in the objects involved. This issue
can be further categorized into two dimensions, namely coverage and flexibility, as illustrated below.

Identified Challenge 1A: Coverage

The traditional manual design of corner cases requires substantial manual effort, which limits the
volume of scenarios in closed-loop simulation benchmarks.

Identified Challenge 1B: Flexibility

Existing simulation-based benchmarks can only augment previously seen scenes with known
objects and lack the capability to generate diverse, high-quality ones. Moreover, most corner cases
inherently involve out-of-distribution (OOD) objects.

(2) Large sim-to-real gap: In closed-loop simulation, the sim2real gap, defined as the discrepancy
between simulated and real-world dynamics, affects model reliability and comprises two key aspects,
fidelity and stability, as illustrated below.

Identified Challenge 2A: Fidelity

In simulation environments, directly inserting 3D objects into existing scenes can cause foreground-
background misalignment, and imperfect 3D reconstruction may introduce artifacts in novel-view
rendering, posing critical challenges for reliable benchmarking.
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Identified Challenge 2B: Stability

Existing world models for 3D reconstruction artifact restoration overlook dynamic foregrounds and
lack temporal consistency, causing instability in closed-loop simulation.

To address these challenges, we propose Gen-NCAP, to the best of our knowledge, the first generative
closed-loop simulator for benchmarking E2E-AD corner cases that achieves high rendering quality,
large-scale scene generation, and strong extensibility (see Fig. 1). Inspired by the corner case
design principles in the European New Car Assessment Programme (Euro NCAP) [12], Gen-NCAP
provides a scalable and reproducible framework for such evaluations. To tackle the extensibility
issue, Gen-NCAP integrates a generative pipeline combining a 3D object generation model (to
synthesize cars, pedestrians, etc.) and a vision-language model (to plan their layout, including size
and placement) based on natural language prompts, eliminating the need for manual scene design. To
bridge the sim-to-real gap, we train a unified video diffusion model on a carefully curated dataset
to correct foreground-background misalignment resulting from the insertion of 3D vehicles into
existing scenes, as well as blurriness in novel-view synthesis. Moreover, to ensure the stability of
closed-loop simulation, the trained video diffusion model is applied to the simulator to preserve
temporal consistency. This refinement is agnostic to the underlying scene representation used by
the simulator. Built on Gen-NCAP, we curate a benchmark comprising 300 interactive scenarios
across eight categories of corner cases and introduce a dedicated metric to assess E2E-AD model
performance on this benchmark.

Built on top of the contributions illustrated above, Gen-NCAP offers the following features:

* Generative Scenario Design: Enables scalable creation of diverse, safety-critical driving
scenes using text prompts, enhancing extensibility for large-scale evaluations.

* Photorealism via Video Refinement: Minimizes the sim-to-real gap through a novel video
refinement pipeline, reducing the FID by 29.49.

* Fine-Grained Closed-Loop Benchmarking: Provides 300 interactive scenarios and a
collision-based metric for detailed E2E-AD evaluation.

* Support for Open-Loop Training: Generated scenes can augment datasets, improving
E2E-AD robustness on corner cases. Fine-tuning VAD with Gen-NCAP data reduces
collision rate by 5% on the NeuroNcap benchmark.

These capabilities make Gen-NCAP a novel and practical tool for researchers aiming to evaluate and
improve the safety and robustness of modern E2E-AD systems in rare but critical driving scenarios.

2 Related Works

2.1 End-to-End Autonomous Driving

The development of end-to-end autonomous driving systems [1, 2, 3, 4, 13, 14, 5] allows models to
map raw sensor data directly to trajectories or control commands, eliminating the need for manually
engineered features. This approach enhances data efficiency and improves adaptability across diverse
driving conditions [15]. For instance, SparseDrive [16] employs symmetric sparse perception to
support parallel motion planning, but its simplistic architecture and lack of ego-centric interaction
constrain both planning performance and computational efficiency. DiffusionDrive [17] proposes
a truncated diffusion policy that denoises an anchored Gaussian distribution into a multi-modal
distribution of driving actions while UniAD [18] introduces a goal-conditioned planning framework,
which integrates perception and motion prediction modules to improve decision-making. Similarly,
VAD [19] improves end-to-end planning through the use of vectorized scene representations.

2.2 Evaluation Benchmarks for E2E-AD

Benchmarking is crucial for E2ZE-AD research, providing standardized metrics for performance and
practicality. Closed-loop evaluation captures interactions and metrics like collision rate and rule
compliance. CARLA [20] supports several benchmarks but relies on synthetic scenarios. Platforms
like nuPlan [21] and Waymax [22] use realistic trajectories but lack full end-to-end pipelines. NeRF-
based simulators such as NeuroNCAP [9] and Unisim [11] offer photorealistic sensor data but face
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Figure 2: Overview of Gen-NCAP. Our Gen-NCAP framework consists of two key modules: (a) a
Corner Case Generation Module, which generates a diverse range of safety-critical driving scenarios,
and (b) a Video Refinement Module, which reduces rendering artifacts using targeted video diffusion
models, minimizing the sim-to-real gap.
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scalability challenges [23, 24, 25], and current methods struggle with complex trajectories. Gen-
NCAP overcomes these limitations with a generative closed-loop benchmark using real-world traffic
data, providing high-quality and highly extensible evaluation for E2E-AD systems.

2.3 Generative Model for AD Simulation

Novel-view rendering quality remains a key challenge in autonomous driving simulation. Recent
generative models enhance realism and scalability [26]. FreeVS [27] uses pseudo-image view priors
with viewpoint transformation to emulate camera motion, while FreeSim [28] combines a generative
enhancement model with progressive reconstruction for off-trajectory views. StreetCrafter [29]
leverages LiDAR renderings and generative priors, ReconDreamer [30] applies online refinement,
and Difix3D+ [31] uses a one-step diffusion model with progressive updates. Despite progress, these
methods neglect foreground refinement and 4D temporal consistency.

3 Gen-NCAP Simulator

3.1 Gen-NCAP: Framework Overview

In this section, we introduce Gen-NCAP, the first generative closed-loop simulator for benchmarking
corner cases. As illustrated in Fig. 2. Gen-NCAP comprises two core components: (1) Corner
Case Generation, which produces high-quality, highly controllable autonomous driving corner case
scenarios with low sim2real gaps based on text prompts inputs and (2) a Video Refinement module,
which delivers high-fidelity rendering for closed-loop simulation.

3.2 Gen-NCAP: Corner Cases Generation

Object Generation. To achieve high-quality and strong extensibility closed-loop Simulator, we
design a text-to-image-to-3DGS object generation pipeline. Specifically, we use text prompts to
generate high-quality images via FLUX.1-dev [32], and then feed these images into TRELLIS [33], a
SoTA 3D generation method, to create high-quality 3D Gaussian vehicle assets G,;. Importantly,
since assets generated or retrieved often lack physically plausible sizes [34], we leverage GPT-
40’s natural language understanding capabilities to learn typical object dimensions from annotated
categories in the driving scene. GPT-4 then outputs the most contextually appropriate size for each
object. The generated results of the objects are shown in Fig. 3(a).

Technique 1A: Object Generation Module

We propose a text-to-3D object generation module to produce high-quality and diverse objects,
addressing the flexibility issue in corner case simulation.
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Figure 3: Visualizations of generated objects and trajectories.

Trajectory Generation. To construct moving foreground objects, we leverage the powerful spatial
understanding capabilities of GPT-40 to generate realistic motion trajectories for the objects. Specifi-
cally, we use the ego vehicle as the origin of the coordinate system to build the scene’s bird’s-eye
view (BEV) representation. This includes the BEV coordinates and bounding box dimensions of
the existing objects. Then, we combine the spatial information including BEV information and
image with target object’s attributes including semantic category and scale parameters to feed into
the VLM allowing VLM to understand the spatial representation at the current time. We then
provide VLM with the desired Cornercase prompt, generating a series of trajectories in the BEV

coordinate system pPFV = (24, ;) € R2.These trajectories are subsequently transformed into the

world coordinate system using the ego-to-world transformation matrix pP=Y =[x, vy, 0, 1]—r € R4,

Pl = Tegorvona - PPEY yielding the object’s global trajectory, where pyo™d = [z yw 2w 1]7.

The trajectory generation results are shown in Fig. 3(b).

Technique 1B: Trajectory Generation Module

We propose a vision-language-based trajectory generation module that uses BEV and image inputs
to generate object positions and trajectories from text prompts, enabling Gen-NCAP to efficiently
design large-scale corner case scenarios and cover a wide variety of corner case types.

Driving Scene Reconstruction. To simulate driving scenarios, we employ 3D Gaussian Splatting
[35] to reconstruct a 3D environment from real-world data, allowing sensor rendering from arbitrary
viewpoints and enabling closed-loop simulation. To support flexible scene editing, we adopt the
Gaussian Scene Graph [36], where the scene is represented by distinct nodes: sky nodes G**¥,
background nodes G%9, rigid nodes G"%9'? (e.g., vehicles), and non-rigid nodes G"°" "9 (e.g.,
pedestrians). This structured representation allows independent editing of each Gaussian node while
preserving reconstruction quality, forming a semantically organized 3D driving scene.

4 Gen-NCAP Simulator

4.1 Gen-NCAP: Video Refinement Module

To enable high-quality closed-loop simulation and narrow the sim-to-real gap, we propose a novel
video refinement pipeline for driving scenario refinement. Our Video Refinement approach allows
the world model [37] to learn the transition from low-quality to high-quality distributions.

Data Curation. To supervise our video diffusion model, we construct a large dataset of paired
images with two types of artifacts and their corresponding ground-truth. The first type arises from
foreground-background misalignment. To create these examples, we segment foreground vehicles
from the nuScenes dataset and process them with TRELLIS [33] to obtain visually consistent 3D
Gaussian rigid nodes. Replacing the original nodes with these Gaussian representations yields a
low-quality foreground dataset that deliberately introduces misalignment. The second type of artifact
appears in novel view synthesis. We simulate this by using under-trained driving scene reconstruction
models to render low-quality videos, generating image pairs that exhibit perspective inconsistencies
and distortions characteristic of imperfect novel view generation. Consequently, the constructed
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Figure 4: Visualization of the paired dataset. (a) simulates artifacts in novel-view rendering, (b)
simulates foreground-background misalignment.

(a)

Figure 5: Illustration of the eight distinct categories of safety-critical scenarios in Gen-NCAP.

rendering data pairs are represented as {V,, Vgt}. The dataset visualization is shown in Fig. 4.

Training of the Video Refinement Module. Once the above dataset has been constructed, we

proceed to train the video diffusion model using these image pairs. We use V" as a control condition
to provide appearance priors. The video transformer Fj is optimized by minimizing the following
loss objective:

£=Ey. |7 = Fo ia D3] (M)

where z; and Z; are the latent codes of Vg and VI/ , respectively, obtained through a pre-trained VAE
encoder.

Technique 2A: Training of the Video diffusion model

To jointly repair artifacts in both the foreground(vehicle) and background, we train a video refine-
ment module on a large dataset consisting of paired clean and artifact-contaminated samples.

Application of the Video Refinement Module in Closed-Loop Simulation. Since the end-to-end
closed-loop simulator can only access images from past time steps {ig, ¢1, ..., 1 } and the current
frame 7;, we combine these images into a video V; and feed it into the trained video refinement model
to correct artifacts and ensure temporal consistency. The refined video Vt, provides the artifact-free
current frame z';, which is then used as input to the AD model. More details of the closed-loop
simulator are provided in the Appendix.

Technique 2B: Application of the Video Refinement Module in Closed-Loop Simulation

We adapt the video diffusion model to the characteristics of the end-to-end closed-loop simulator,
ensuring temporal consistency while refining artifacts and maintaining the stability of the closed-
loop simulation.

5 Gen-NCAP Benchmark

Using the generative simulator, we evaluate E2E-AD models in safety-critical scenarios. The Gen-
NCAP dataset, derived from nuScenes [38], contains 300 driving scenarios, including 47 nuScenes
clips and diverse Corner Case scenarios inspired by Euro NCAP protocols. These Corner Cases cover
a wide range of rare but plausible events to test AD system robustness. Visualizations are shown in
Fig. 5 and Fig. 6, and details of the eight scenario types are provided in the Appendix.
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Figure 6: Visualization of dynamic corner cases at different timesteps generated by Gen-NCAP.

5.1 Gen-NCAP: Evaluation Metrics

In closed-loop simulation, traditional open-loop metrics such as L2 distance fail to reflect the true
performance of E2E AD models. Therefore, we design two metrics to evaluate the effectiveness of
E2E AD models in closed-loop scenarios: the first focuses on collision assessment, and the second
evaluates the sensitivity of the ego vehicle’s responses to corner cases.

Gen-NCAP Score(GNS). Traditional collision metrics such as Collision Rate can only determine
whether a collision occurred, but in reality, the consequences of colliding with a pedestrian are very
different from those of colliding with a road obstacle. Moreover, the impact of a high-speed collision
differs significantly from that of a low-speed one. To accurately assess the performance of E2E-AD
models, we design the following metric inspired by the concept of momentum in physics:

100 if no collision

GNS = { 100/(1+k-s-v) otherwise J 2

here, k is a weighting factor based on the category of the object involved in the collision, s represents
the size (volume) of the collided object, and v is the speed of the ego vehicle at the time of collision.
Gen-NCAP Responsiveness Score(GNRS). To evaluate the AD model’s responsiveness to Corner-
Cases in closed-loop simulation, we propose a new metric based on the ego vehicle’s acceleration and
the L2 distance between the closed-loop trajectory and the reference trajectory annotated in nuScenes.

GNRS = log(1 + a*) x (1 + L), 3)

where a is acceleration and L represent L2 distance. A higher value of GNRS indicates greater
sensitivity and responsiveness of the autonomous driving model to corner-case scenarios.

6 Experiments

Dataset. Among various autonomous driving datasets, nuScenes [38] is widely used for end-to-end
planning, from which we selected 47 scenes to generate corner cases. Additionally, we curated an
extra dataset of unprocessed novel-view images from closed-loop simulations for evaluating the video
refinement module (details in the appendix).

E2E-AD Models. In our benchmark, we evaluate four representative SoTA end-to-end autonomous
driving models: UniAD [18], VAD [19], SparseDrive [16], and DiffusionDrive [17]. For evaluation,
we use the pre-trained weights provided by the authors. More detailed on evaluation of E2E-AD
models can be found in the Appendix.

Metric. In closed-loop evaluation, conventional open-loop metrics such as L.2 distance often fail to
accurately reflect the performance of AD models. Therefore, we use Gen-NCAP Score(GNS) and
Gen-NCAP Responsiveness Score(GNRS) with NeuroNcap Score(NNS) [9], Collision Rate(CR) in
NeuroNCAP [9].In addition, Acceleration is selected to evaluate driving comfort. To evaluate the
quality of images without GT, we use FID[39], FID-A(FID on vehicle-centric crops), and FVD[40].

6.1 Gen-NCAP Enables Fair Evaluation

The quantitative results of the AD models are shown in Tab. 1 we observe that DiffusionDrive
achieves the lowest collision rate among the quantitative metrics, while VAD attains the highest
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Figure 7: Qualitative comparisons of the failure cases of four E2E-AD models in handling corner
cases within closed-loop simulation.

scores in NNS and GNS. UniAD, however, achieves the best performance in GNRS. Notably, as
shown in Tab. 1, among the four AD models, SparseDrive performs the worst across all metrics. This
is partly due to its sparse perception design, which unifies detection, tracking, and mapping but tends
to fall into the “lazy regime” [41], limiting its generalization in complex scenarios. Furthermore, the
results also suggest that, while ride comfort is often emphasized in closed-loop evaluations, our corner
case analysis reveals a trade-off, reducing acceleration improves comfort but increases collision risk
and degrades NNS and GDS performance. This implies that a certain level of discomfort may be
necessary to ensure safety. The qualitative results in Fig. 7 illustrate the failure cases of the four AD
models in the corner cases we designed.

Table 1: Quantitative results of four E2E-AD models on the Gen-NCAP benchmark. 'Horizontal bars
provide an intuitive comparison of performance across different metrics.

Metrics Method CCRS CCRM CCRB CCS CCFHS CPF COF CAF Avg.
UniAD 2.030 1.310 2.180 2.430 1.310  1.210 1.110 1.130 1.460
NeuroNCAP Score[9] VAD 2.110 1.160 1780  2.230 1.130  1.540 1.500 1.580 1.610

SparseDrive 1.690 1.180 1.820  2.290  0.940 1.140 1.030 0.740 1.250
DiffusionDrive  1.940 1.510 1.960 2.530 1.760  0.920 1.290 0.950 1.490

UniAD 0.722 0.888 0.640 0.565 0.885 0.954 0975 0.948 0.863
VAD 0.777 0.944 0.760 0.652 0942  0.886 0.887 0.871 0.853
SparseDrive 0.805 0.944 0.680 0.608  0.942  0.909 0.937 0974 0.876
DiffusionDrive  0.750 0.888 0.640 0.565 0.800 1.000 0912 0.974 0.850

UniAD 0.749 1.370 1.134  0.614 1.213 1.018 0971 1.029 0.997
VAD 0.719 1.510 0.533 0510 0.892 1.309 1311 1.426 1.091
SparseDrive 0.560 1.242 0.533 0469 0.725 0988 0.963 1.018 0.841
DiffusionDrive  0.633 1.098 0.649 0.689  0.690 1.183 1.151 1.168 0.962

UniAD 33.98 11.57 40.44 43.78 12.63 8.63 56.65 1633 3147
VAD 40.28 18.53 3598 43.5 1564 1848 6897 32.05 3939
SparseDrive 19.71 5.790 32.18  39.31 5.960 11.92 51.09 11.81 26.01
DiffusionDrive ~ 25.58 11.37 3620 4373 20,55 3.170 4873 11.61 27.49

Collision Rate(%) |

Acceleration (%) |

Gen-NCAP Score 1

UniAD 5.37 8.20 11.9 4.26 6.52 299 279 450 5.20
GNRS 1 VAD 2.95 4.65 3.32 3.55 242 470 479 519 5.04
SparseDrive 2.34 5.52 3.42 2.54 1.95 419 384 359 3.83

DiffusionDrive ~ 4.24 10.8 5.07 6.49 3.26 433 465 427 5.65
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6.2 Gen-NCAP Boosts Performance on Corner Case via Providing Open-Loop Data

Since corner cases are relatively rare in real-world driving and collecting such data is both time-
consuming and costly, we tackle this challenge by leveraging synthetic data generated by Gen-NCAP.
Specifically, we use this data for open-loop training to improve the robustness of autonomous
driving (AD) models in handling rare and safety-critical situations during closed-loop simulation.
Table 2 presents the performance of the VAD model after fine-tuning on NeuroNCAP scenarios.
The results demonstrate that, after fine-tuning
with our generated data, the model not only
achieves higher overall scores but also sig-

Table 2: Quantitative comparison between the orig-
inal VAD and the VAD fine-tuned(VAD¥*) using

nificantly reduces the collision rate, indicat- Gen-NCAP. —

ing an enhanced ability to cope with chal- Method NeuroNcap Score T CollisionRate |
lenging corner cases. This shows that vyAD 0.81 0.90
scenario-focused synthetic data effectively mit- yAp* 1.24 0.85

igates the scarcity of real-world corner cases.

6.3 Real-to-sim evaluation in open loop

When conducting evaluations in simulation en-
vironments, a critical challenge is the Sim2Real
gap, the degree to which simulation outcomes
deviate from real-world results. To examine this
issue, we conduct an open-loop evaluation us-
ing data generated by our Gen-NCAP. For a fair

Table 3: Evaluation of real-to-sim performance
on NeuronCap scenarios using typical planning
metrics in an open-loop setting. ADE stands for
Average Displacement Error.

ADE@Tm)| | CR@T (%)

Model Modality

g . ] ¢ 1.0s 2.0s 3.0s 1.0s 2.0s 3.0s

comparison, the generated data is aligned with —
the scenarios present in the NeuroNCAP. As Original 044 -0.75 " 1.16 10.00 0.12 -0.21
di pr 3. th displ : UniAd NeuroNcap 0.47 0.80 1.24 0.00 0.12 0.24
presented in 1ab. 3, the average displacement Gen-NCAP 045 0.78 122 0.00 0.09 0.20

error between the original and generated images —
remains minimal, indicating high fidelity. More- Original 0.3 071 101 0.00 0.08 0.11
over, our generated data achieves comparable or VAD NeuroNcap 044 076 1.16 0.00 0.00 0.08
»our g P Gen-NCAP 035 0.63 1.03 0.00 0.00 0.00

lower collision rates than the original.

Original scene

Novel views in closed-loop

Figure 8: Vehicle motion blur restoration with zoom-in results (below each example).
6.4 Results of the video refinement module

Qualitative results. As shown in Fig. 9, our video refinement module corrects foreground-background
misalignment and removes novel-view artifacts. Compared with Difix [31], it achieves better visual
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quality and remains robust under severe artifacts. As further shown in Fig. 8, Difix mainly improves
global image quality but overlooks foreground vehicle restoration.

Original scene

Naive Insertion Difix Ours
i, e Tar T T T ¥

(b) restore blurriness in novel views

Figure 9: Visualization of the Video Refinement Module’s performance in correcting the two types of
artifacts. Compared to other methods, our method significantly improves image quality.

Quantitative results. We also provide quantitative results. As Table 4: Quantitative results of video
shown in Table 4, our method significantly improves the FID  refinement module.

compared to images without any post-processing (denoted  \ethod FID | FID-A | FVD |
as the baseline in the table) and clearly outperforms Difix.
The FID-A further demonstrates one key advantage of our ap- ~ Baseline 77.97 3446 9524

proach: the ability to restore both background and foreground ~ Difix  52.63  21.97 1113
regions. Ours 48.48 21.86 816.8

7 Conclusion

In conclusion, Gen-NCAP offers a novel benchmark for comprehensive safety evaluation in au-
tonomous driving by providing a large-scale and diverse corner case dataset alongside a high-fidelity
closed-loop simulation engine. Our systematic evaluation reveals significant safety risks in current
SoTA E2E-AD models when exposed to challenging and rare corner cases. Additionally, Gen-
NCAP’s dataset can effectively fine-tune these models, enabling them to substantially improve their
robustness, reliability, and overall safety performance in real-world driving scenarios.
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