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Abstract

Driving world models promise scalable synthesis of corner
cases that are rare but critical for autonomous vehicle de-
ployment. However, the ability to generate corner cases does
not guarantee their quality, and existing evaluations of these
models largely focus on normal driving scenarios. We intro-
duce WorldCorner, a benchmark for evaluating driving world
models on safety-critical event generation. We first build Cor-
nerScenes, a dataset of more than 1,200 safety-critical sce-
narios adapted from nuScenes, each paired with its original
normal scene. Four complementary dimensions are then de-
signed to evaluate the generated videos: generation quality,
controllability, critical event realization, and ADS functional
utility, complemented by a human study. Benchmarking re-
sults indicate broad performance degradation on corner cases
and a tendency to fall back on normal-driving priors, and show
that conventional quality metrics cannot capture the faithful
generation of the intended safety-critical event. WorldCorner
establishes a foundation for evaluating corner case generation
in world models, and shifts the target from perceptual realism
toward safety-oriented fidelity for physical Al systems.

Introduction

Corner cases remain one of the primary obstacles to the large-
scale deployment of autonomous vehicles (AVs) (Chen et al.
2024a; Liu and Feng 2024). Such events rarely occur in the
real world, making them costly, inefficient, and potentially
unsafe to collect at scale. With recent advances in video
generation, driving world models promise high-fidelity data
synthesis with naturalistic traffic behaviors and photorealistic
sensor observations (Wang et al. 2024b; Ren et al. 2025).
Particularly, such models can be steered to generate safety-
critical corner cases, suggesting a new paradigm for scalable
AV safety evaluation (Zhao et al. 2025; Gao et al. 2024).
However, the ability to generate corner cases alone is in-
sufficient. The decisive factor lies in the data quality, and
therefore rigorous evaluation of driving world models is es-
sential. General video-generation and world-model evalua-
tions primarily assess visual realism, physical plausibility,
and temporal or dynamic consistency (Huang et al. 2025; Li
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et al. 2026; Duan et al. 2025), while driving-specific bench-
marks additionally consider domain-related criteria, such as
adherence to ego-motion conditions and utility for down-
stream perception and planning (Arai et al. 2024; Zhou et al.
2026; Liang et al. 2026). Yet these evaluations mainly focus
on normal driving scenarios, leaving the corner cases most
relevant to AV safety largely unexamined. Works that explic-
itly generate corner cases, by contrast, are mostly limited to
evaluating whether a safety-critical event occurs (Xu et al.
2025; Fu et al. 2025). This leaves a key question unanswered:
under corner cases, do generation quality and control adher-
ence degrade, is the intended safety-critical event faithfully
realized, and can an AV system recognize it?

To answer this question, we introduce WorldCorner, a
multi-dimensional benchmark for evaluating driving world
models on safety-critical scenarios, with four complemen-
tary dimensions: 1) generation quality measures visual fi-
delity and consistency; 2) controllability measures how well
generated results follow scenario layout conditions; 3) criti-
cal event realization evaluates whether the intended safety-
critical event is faithfully reproduced; and 4) ADS functional
utility evaluates whether an end-to-end autonomous driving
system (ADS) can correctly interpret the safety-relevant con-
text. The first two dimensions focus on whether performance
degrades under safety-critical conditions, while the latter two
examine event-level fidelity and downstream utility. The four
dimensions comprise 12 metrics in total, which we report
separately rather than aggregate, as they capture distinct and
non-monotonically related capabilities.

Such an evaluation requires realistic and controllable
corner cases, which existing datasets rarely provide. We
therefore construct CornerScenes from the real nuScenes
dataset (Caesar et al. 2020), focusing on safety-critical in-
teractions between the ego vehicle and other traffic par-
ticipants, generated with a pretrained behavior simulation
model (Zhong et al. 2023). Two types of interactions are
considered, depending on whether the ego vehicle or the
other participant acts as the adversarial actor, enabling eval-
uation under both victim and attacker settings. Each corner
case is paired with the original normal driving scene sharing
the same road structure, background traffic, and environment
context, providing a controlled reference for isolating the ef-
fect of the safety-critical interaction.

Figure 1 illustrates the overall pipeline: paired normal and
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Figure 1: Overview of the WorldCorner benchmark pipeline. Behaviors in normal nuScenes scenarios are modified via
adversarial generation to construct the safety-critical scenarios in CornerScenes. Control conditions are then extracted, in
particular the HD map and the 3D control boxes of the surrounding traffic, which specify the scenario layout and encode the
safety-critical interaction. These conditions drive video generation, and the resulting videos are evaluated across four dimensions.

safety-critical scenarios are rendered via generative world
models, and the video outputs are assessed across the four
dimensions. We evaluate seven representative driving world
models, all trained on nuScenes and sharing similar control
conditions to ensure a fair comparison. Our main contribu-
tions are as follows:

¢ We introduce WorldCorner, the first benchmark dedi-
cated to evaluating driving world models on corner cases
with safety-critical interactions.

* We design metrics to systematically measure the corner-
case generation ability: generation quality, controllability,
critical event realization, and ADS functional utility.

¢ We build CornerScenes, a dataset of more than 1,200
safety-critical scenes adapted from real driving scenes,
each paired with its original normal counterpart.

* Benchmarking results reveal broad performance degrada-
tion on corner cases and a persistent tendency to fall back
on normal-driving priors. Conventional generation met-
rics imply neither event realization nor functional utility
for AV safety evaluation.

Related Works

Video Generation. Video generation models have shown
promising capabilities in synthesizing long-horizon, high-
resolution, and temporally coherent videos from text or im-
ages (Brooks et al. 2024; Yang et al. 2025; Kong et al. 2024).
Since they can produce realistic observations of physical en-
vironments, such models are increasingly adopted as scalable
simulators in physical AI (NVIDIA 2026; Parker-Holder and
Fruchter 2025). In autonomous driving, driving world mod-
els enable controllable multi-view street-scene generation,
conditioned on structured signals such as high-definition
maps, 3D bounding boxes, and vehicle trajectories (Gao et al.
2024, 2025; Meiet al. 2024; Guo et al. 2025; Zhao et al. 2025;
Chen et al. 2024b; Yang et al. 2026; Ren et al. 2025).

World Model Benchmark. Standardized benchmarks have
emerged for systematic evaluation of generative world mod-
els. General video benchmarks mostly assess visual realism,
semantic alignment, motion quality, and temporal consis-
tency (Huang et al. 2024, 2025; Liu et al. 2024; Wei et al.
2026). World-modeling capabilities are further evaluated for
simulating the physical world, including instruction follow-
ing, physical plausibility, and dynamic consistency (Duan
et al. 2025; Li et al. 2026). While these benchmarks provide
broad coverage of generation and application metrics, they
mostly focus on normal scenarios only. Building on the sem-
inal work of WorldLens (Liang et al. 2026), which focuses
on driving world models and assesses generation quality over
original normal scenes in the nuScenes dataset (Caesar et al.
2020), we adopt comparable metrics in terms of generation
quality but measure them under synthesized corner cases
and against paired normal references. For controllability,
prior work primarily examines adherence to ego-vehicle mo-
tion (Arai et al. 2024; Zhou et al. 2026; Liang et al. 2026).
This paper, by contrast, evaluates alignment over the entire
scene layout and, in particular, over the surrounding partici-
pants involved in the safety-critical interaction with the ego
vehicle, which captures the corner case generation capability.

Corner Case Generation. The rarity of long-tail scenarios
in real-world driving data has driven interest in corner case
synthesis via world models (Li et al. 2022a; Song et al. 2023;
Xu et al. 2026; Stoler et al. 2024; Zhong et al. 2021). A
growing line of work aims at driving video generation with
safety-critical interactions, either by adversarial optimization
over agent behaviors or scripted hazardous interactions via
language models (Xu et al. 2025; Fu et al. 2025; Wang et al.
2025; Zhao et al. 2025; Gao et al. 2024). However, these
works typically validate their outputs with a narrow set of
proxy metrics, such as collision rate and time-to-collision,
which mainly capture whether a safety-critical event happens.
By contrast, this paper designs critical event realization and



ADS functional utility, which respectively verify whether
the intended event is faithfully reproduced and whether the
generated data can support AV safety testing.

The WorldCorner Benchmark

To systematically evaluate the ability of driving world models
to generate safety-critical corner cases, we introduce World-
Corner. As shown in Figure 2, the benchmark covers four
complementary dimensions: generation quality, controlla-
bility, critical event realization, and ADS functional utility.

The CornerScenes Dataset

Evaluating corner-case generation requires a dataset consist-
ing of realistic safety-critical interactions, which are rare in
existing driving datasets. Dedicated accident datasets (Fang
etal. 2024) are curated from heterogeneous dashcam and web
sources with inconsistent camera configurations, and lack the
structured annotations that driving world models require as
control conditions, such as HD maps and 3D bounding boxes.
Fully synthetic datasets (Wang et al. 2024a) provide such an-
notations but suffer from a significant sim-to-real gap.

We therefore build CornerScenes by adapting the real
nuScenes dataset (Caesar et al. 2020), with only the criti-
cal behaviors modified. For each scene, annotators select a
vehicle with a potential high-risk interaction with the ego ve-
hicle and assign one of two adversarial roles, depending on
whether the ego vehicle or the background vehicle acts as the
attacker. Trajectories are then modified with CTG++ (Zhong
et al. 2023), a diffusion-based trajectory simulation model
trained on nuScenes, and guidance functions are designed to
steer toward close contact while preserving behavior plausi-
bility. Results are filtered by rule-based checks and manual
review to ensure a valid safety-critical interaction.

The resulting CornerScenes dataset contains over 1,200
scenes, with more than 1,000 for the original training split and
173 for the validation split in nuScenes. Two adversarial roles
are roughly evenly distributed. Each corner case is paired
with its original normal scene. Since existing world models
cannot reliably render actual collisions, every sequence is
truncated 3 frames (0.3 s) before the first close-contact frame,
so that collision risk is present but no physical contact occurs.
The same time window is applied to the paired normal scene.

Note that CornerScenes provides control conditions rather
than videos: each scene consists of the modified interaction
trajectories together with the original HD map, background
traffic, environmental context, and sensor configuration in-
herited from nuScenes. No ground-truth video exists. Our
evaluation is designed accordingly, assessing the generated
videos through reference-free visual measures, their align-
ment with the given control conditions, and their deviation
from the intended event. All evaluations in this paper use the
validation split. Since the benchmarked models are trained
on the nuScenes training split, both the corner cases and their
paired normal scenes are unseen at evaluation time, so the
paired comparison is free from data leakage. The remain-
ing scenes, adapted from the nuScenes training split, will be
released to support future work rather than used for evalu-
ation here. More details are provided in the Supplementary
Material.

Generation Quality

This dimension of metrics examines whether world models
can synthesize visually authentic, temporally cohesive, and
semantically sound driving environments under corner cases.
We adopt the generation quality metrics of WorldLens (Liang
et al. 2026) and report them on corner cases relative to their
paired normal scenes.

G1. Subject Fidelity measures the instance-level visual
realism of generated objects in the driving scene. Object re-
gions are cropped from each frame using bounding boxes
and scored by class-specific ViT classifiers (Dosovitskiy
et al. 2020) pretrained on real data. Higher fidelity indicates
stronger category alignment and appearance realism.

G2. Subject Coherence measures the temporal persis-
tence of object identity. Guided by ground-truth track IDs, we
extract per-instance feature representations with pretrained
re-identification models (He et al. 2021; Zuo et al. 2024) and
compute their cross-frame similarity. Higher value indicates
better preservation of shape, color, and texture under motion.

G3. Depth Discrepancy measures geometric integrity
over time. We estimate monocular depth with Depth Any-
thing V2 (Yang et al. 2024), encode the color-mapped depth
maps with a DINOv2 (Oquab et al. 2024) backbone, and
report the mean embedding distance between consecutive
frames. A lower value indicates more stable scene geometry.

G4. Semantic Consistency measures the temporal stabil-
ity of scene semantics. We generate per-frame segmentation
masks with a pretrained SegFormer (Xie et al. 2021) and
compare them across frames in terms of category labeling,
regional layout, and class distribution. A higher value indi-
cates more stable semantic structures, with fewer artifacts
such as boundary jittering or abrupt label changes.

Controllability

This dimension measures whether a generated video follows
its control conditions. Prior work mostly evaluates control-
lability through ego motion (Arai et al. 2024; Zhou et al.
2026; Liang et al. 2026). By contrast, we evaluate control
over the full scene layout, especially the HD map and the 3D
control boxes of surrounding traffic, which captures the road
structure and interaction behaviors.

C1. Map Layout Alignment checks whether the gener-
ated video preserves the road layout in the control condition.
At each timestamp, BEVFormer (Li et al. 2022b) combines
the six camera views and predicts a BEV map. We compare
this prediction with the map in the control condition and re-
port mean Intersection-over-Union (mlIoU). A higher score
means that the generated video follows the map condition
more closely.

C2. 2D Object Alignment evaluates whether controlled
traffic participants are rendered at their intended image-plane
locations. We apply the YOLO11s (Jocher and Qiu 2024)
detector to each frame and match the detections against 3D
control boxes projected onto the 2D image. As projected
boxes are usually larger than detector outputs, we use Inter-
section over Detection (IoDet), which measures the fraction
of a detected box inside the projected box. A higher score
means that the generated video follows the agent conditions
more closely at the image level.
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Figure 2: Overview of the WorldCorner evaluation framework. Four dimensions are designed to measures corner-case generation
capabilities of driving world models: generation quality, controllability, critical event realization, and ADS functional utility.
These dimensions assess whether generated driving scenes look realistic, follow the specified conditions, reproduce the intended
safety-critical events, and can be correctly interpreted by an end-to-end ADS, respectively.

C3. 3D Object Alignment evaluates whether controlled
traffic participants are realized as recognizable 3D objects
aligned with the specified conditions. We apply a BEV-
Former (Li et al. 2022b) model pretrained on nuScenes to
each timestamp and match its detections with the 3D boxes
in the control condition. Here we report two separate scores:
(1) C3.1 Object Realization Score treats the specified 3D
boxes as ground truth and reports the mean average preci-
sion of the detections, and (2) C3.2 Realized Object Quality
Score measures how closely they follow the specified geom-
etry, motion, and attributes. For both scores, higher values
indicate better alignment.

C4. Hallucination counts traffic participants that appear
in the generated video but are absent from the control con-
dition. Hallucinated vehicles indicate that scene layout is
not fully controllable, and they can alter the outcome of AV
safety evaluations by intruding into the intended interaction.
Reusing the 3D detections from C3, an object is counted as
a hallucination if it matches no box of the same category and
lies far from any such box. We report the average number per
frame and the number within 10 m of the ego vehicle, both
restricted to the drivable area. Lower values are better.

Critical Event Realization

The controllability metrics above test whether the scene lay-
out follows the control conditions frame by frame. Correct
realization of a corner case further requires the critical inter-
action to evolve over time as specified. We therefore evaluate
whether the intended event itself is realized, through three
metrics that reuse the 3D detections from C3 and focus on a
series of key frames near the end of the sequence.

E1. Progression Correctness measures whether the criti-
cal vehicle persists throughout the event progression. At each

key frame, the vehicle is counted as recovered if a detection of
the same category falls within a BEV center-distance thresh-
old. An event scores 1 only when the adversarial vehicle is
recovered for every key frame, and O otherwise. We report
the mean score over all events, and a higher value indicates
that more complete corner-case events are realized.

E2. Event Type Correctness measures whether the gener-
ated video renders the same type of safety-critical contact as
the control condition. Since the sequences end before actual
contact, we extrapolate the trajectories forward and label the
first contact as one of three types: front, rear, or side, follow-
ing the definitions in CTG++ (Zhong et al. 2023). A scene
is correct when the labels from the specified trajectories and
from the trajectories recovered in the generated video agree.
We report the fraction of correct scenes, where a higher rate
indicates closer adherence to the intended event type.

E3. Severity Deviation measures how far the severity of
the generated event deviates from the specified one. Severity
is characterized at each key frame by the inter-vehicle dis-
tance and the closing speed derived from it. We combine the
relative errors of the two quantities into a per-frame devia-
tion score and average it over key frames and scenes. This
metric is computed only for scenes in which the adversarial
vehicle is completely recovered, as defined in E1. A lower
score indicates closer adherence to the specified severity.

ADS Functional Utility

This dimension assesses whether generated corner cases can
be correctly interpreted by AVs, which is the ultimate re-
quirement for using such data in AV safety evaluation. If
the safety-relevant content is faithfully represented, an ADS
should recognize the conflict and plan an evasive response.
What we measure is interpretability rather than driving com-



petence: the planned trajectory need not physically avoid the
collision, since an attempted evasion already shows that the
scene conveys the risk and thus constitutes a valid corner
case. Conversely, a planner that proceeds as if nothing were
happening reveals that the generated scene has failed to de-
liver the safety-critical information.

Specifically, we design a score of Ul. Risk Unaware-
ness, which sums the overlap areas between the bird’s-eye-
view footprints of the ego and adversarial vehicles across
all waypoints of the ADS planned trajectory. We deploy
three state-of-the-art open-source end-to-end ADS systems,
UniAD, SparseDrive, and DiffusionDrive (Hu et al. 2023;
Sun et al. 2025; Liao et al. 2025), and average across them
so that the score reflects the generated scene rather than the
capability of an individual ADS system. A lower value in-
dicates that the ADS recognizes the safety-relevant content
and produces a more appropriate response.

Human Evaluation

All metrics above are rule-based, and can be automatically
calculated by machines. Human judgment is instead compos-
ite, weighing multiple factors at once. For ADS functional
utility, for instance, our rule reduces the planned trajectory
to a footprint overlap. By contrast, a human can observe the
overall behavior, such as braking, yield, or steering away,
and can therefore tell whether the generated scene was un-
derstood by the ADS system. Such considerations arise in
every dimension, and no fixed rule captures all of them. We
therefore complement the automated protocol with a human
study that lets this integrative judgment be expressed directly.
This also allows us to check whether the rule-based scores
and model rankings agree with human annotation.

The study mirrors the same four dimensions. The evalua-
tion interface can overlay the input conditions (3D boxes and
map layout) onto the generated video and replay the ADS
planned trajectory in BEV. Annotators answer four manda-
tory questions then ask annotators to holistically rate the
sample across the four dimensions on a 05 scale. The full
guideline and evaluation results are provided in the Supple-
mentary Material.

Experiments

We evaluate seven representative driving world models
based on the WorldCorner framework, including Magic-
Drive (Gao et al. 2024), MagicDrive-v2 (Gao et al. 2025),
DriveDreamer-2 (Zhao et al. 2025), DreamForge (Mei et al.
2024), DiST-4D (Guo et al. 2025), OpenDWM (Chen et al.
2024b), and X-Scene (Yang et al. 2026). These models cover
the main approaches to driving video generation with struc-
tured control conditions. Due to space constraints, more de-
tails are provided in the Supplementary Material.

Per-Aspect Evaluations

Generation Quality. Figure 3 compares each model on Cor-
nerScenes against its paired normal driving scenes. All four
metrics degrade consistently but moderately, indicating that
safety-critical interactions make video generation more chal-
lenging while basic visual quality is largely preserved. The
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Figure 3: Benchmarking results for Generation Quality.

relative ordering of models remains roughly unchanged, sug-
gesting that stronger generation quality in normal driving
scenes tends to carry over to corner cases. Differences across
models lie mainly in subject fidelity. OpenDWM performs
best, likely benefiting from its large-scale multi-dataset train-
ing. Although DiST-4D, DriveDreamer-2, and DreamForge
are all conditioned on real initial frames, DiST-4D appears
more sensitive to inconsistencies between the initial frames
in nuScenes and the control conditions in CornerScenes,
causing its low rank in fidelity. We also report subject-level
results separately for all vehicles and for the adversarial vehi-
cle alone. Fidelity for the adversarial vehicle is much higher,
likely because it stays close to the ego vehicle and occupies
a large, well-resolved image region.

Controllability. Figure 4 shows that the degradation from
normal scenes to corner cases is far more significant in con-
trollability than in generation quality. Map layout alignment
(C1) and object alignment over all vehicles, in both 2D (C2)
and 3D (C3), drop substantially, indicating that reproducing
the road structure and the motion relations among partic-
ipants is considerably harder once the interaction deviates
from normal driving patterns. The drop is most severe for
C3.2 on the adversarial vehicle: even when the critical ve-
hicle is realized, its geometry, position, and motion deviate
markedly from the specified condition, which is precisely
the information that determines whether the safety-critical
event occurs as intended. Model rankings also shift consid-
erably between the two settings, so strong controllability on
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Figure 4: Benchmarking results for Controllability.
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Figure 5: Benchmarking results for Critical Event Realization.

normal scenes does not carry over to corner cases. Hallucina-
tion (C4), by contrast, remains comparable between normal
and corner cases. Most models generate roughly one to four
hallucinated vehicles per frame, suggesting that hallucina-
tion is a general limitation of current models rather than a
corner-case-specific failure.

Critical Event Realization. Figure 5 shows that current
models still struggle to realize safety-critical events: the mean
progression correctness rate is roughly 54%—66% for most
models, and four of the seven fall below 40% on event-type
correctness. X-Scene, OpenDWM, and DriveDreamer-2 per-
form best overall among the three metrics. Comparing the
two setups of the attacker role, most models achieve better
event-level performance when another vehicle acts as the at-

tacker, likely because the ego trajectory then remains closer
to the training distribution. This dimension shows that ob-
ject recovery and control adherence captured in the previous
two dimensions do not guarantee faithful realization of the
entire event. Existing structured controls can constrain scene
elements and spatial layouts per frame, but faithfully realiz-
ing a safety-critical event requires explicitly modeling how
relative motion evolves over time.

ADS Functional Utility. Figure 6 shows that overlap areas
under corner cases significantly exceed those of the paired
normal scenes, confirming that CornerScenes poses a sub-
stantial challenge for existing AV systems. What this dimen-
sion primarily reveals, however, is not planning skill but
scene interpretability: for the same scene generated by dif-
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Figure 6: Benchmarking results for ADS Functional Utility.

(a) The adversarial vehicle is recognized and avoided.

(b) The adversarial vehicle is not recognized.

Figure 7: Representative cases of the ADS Functional Util-
ity dimension. Each example shows the generated multi-view
scene alongside the BEV visualization. The blue and purple
vehicles represent the ego and the adversarial vehicle, re-
spectively. The original trajectory is shown in green and the
ADS-planned trajectory is shown in red.

ferent driving world models, a smaller overlap means the
ADS has understood the risk and attempted an evasive ma-
neuver. Along this direction, DriveDreamer-2 produces the
scenes whose risk is most reliably conveyed to the ADS. Fig-
ure 7 illustrates two representative examples. In Figure 7(a),
the adversarial vehicle on the right is rendered with visible
artifacts yet remains recognizable, and the ego vehicle steers
away for collision avoidance. In Figure 7(b), severe distortion
prevents the ADS from recognizing a valid traffic participant
ahead at all, and the planned trajectory proceeds forward with
no avoidance response. The contrast shows that a generated
scene need not be visually perfect to be functionally usable,
but the safety-critical participant must survive the end-to-end
ADS pipeline to be acted upon.

Observations & Insights

Normal-scene performance masks corner-case failures.
Across most metrics, the evaluated world models consis-
tently perform worse on corner cases than on paired normal

driving scenes. This gap is attributable to the interaction it-
self rather than to scene composition, which remains fixed
during scenario modification. Evaluating on normal scenes
alone therefore overstates a model’s readiness for reliable
synthesis of safety-critical scenarios. Dedicated corner-case
evaluation is necessary.

Object realization does not imply event realization. High
visual quality and successful realization of the critical vehicle
do not translate into faithful reproduction of event type and
severity. Since a high-risk interaction is defined by how traffic
behaviors evolve over time, the correct presence and appear-
ance of controlled objects are necessary but not sufficient for
event fidelity. Both generation models and evaluation frame-
works must explicitly capture multi-agent interaction.
Corner-case generation is bottlenecked by learned scene
priors. Video generation models follow control conditions
poorly when those conditions require deviating from normal
driving patterns, with event realization degrading most when
the ego vehicle acts as the attacker. This suggests that cur-
rent models continue the motion priors learned from training
data rather than realize the intended abnormal interactions.
Enabling robust synthesis of safety-critical events calls for
broader coverage of corner cases in training data and stronger
structured-control mechanisms.

Perceptual realism does not imply functional utility.
Model rankings on the first two dimensions have no mono-
tonic relationship to ADS functional utility. A usable scene
need not reproduce every visual detail. This reframes a cen-
tral question for synthetic data: how real is real enough?
The answer depends not on absolute perceptual realism but
on whether the physical Al system recognizes the critical
information. For safety evaluation, such information must
survive generation and remain recoverable throughout the
downstream decision pipeline. Driving world models should
therefore optimize for decision-relevant fidelity at safety-
critical events rather than perceptual realism alone.

Conclusion

This paper introduces WorldCorner, a standardized bench-
mark for evaluating driving world models on corner case gen-
eration capabilities across four complementary dimensions.
Our results reveal a clear gap between what conventional met-
rics measure on normal scenes and what dedicated corner-
case evaluation exposes. Strong generation quality neither
guarantees faithful realization of the intended safety-critical
event nor ensures that the generated data can be interpreted
by an AV system. Together with the CornerScenes dataset
and the accompanying human study, WorldCorner provides
a foundation for benchmarking world model capabilities to-
ward reliable safety validation of physical Al systems.
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