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Abstract

Modern end-to-end driving planners have improved rapidly on common driving benchmarks, but
whether they can safely handle rare, high-consequence corner cases remains unclear. Evaluating such
cases is difficult because natural driving logs contain few safety-critical events, while staged data collection
is costly and difficult to scale. We present CornerFactory, an automated pipeline for constructing corner
cases from real-world driving logs according to structured scene specifications. CornerFactory supports
multi-view-consistent object insertion, novel-view synthesis from perturbed ego poses, and transfer
across vehicle platforms with different camera configurations. Building on this pipeline, we introduce
CornerBench, a benchmark that organizes generated corner cases into a structured taxonomy and
evaluates planners using continuous, severity-aware metrics that capture graded safety differences. Using
CornerBench, we evaluate representative planners along several dimensions commonly expected to
improve robustness, including training data volume and model size, multimodal sensing, language-based
scene understanding and chain-of-thought reasoning in VLA planners, and the use of world models for

future prediction and planning.
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1 Introduction

End-to-end autonomous driving has advanced rapidly in recent years. This paradigm can produce
driving behavior that is smoother, more context-aware, and closer to human-like decision making,
and it has raised the performance ceiling of autonomous driving systems in many common
scenarios.

Existing planning benchmarks have substantially standardized the evaluation of end-to-end
driving planners. For example, nuPlan [1], NAVSIM [2], and Bench2Drive [3] provide common
testbeds for comparing planners. However, many of these benchmark scenes still follow
the distribution of regular driving scenes. This makes it difficult to precisely evaluate how
planning models behave in long-tail corner cases, for example when a horse is crossing the
road and is about to collide with the ego vehicle. This limitation also makes it harder to design,
diagnose, and compare model architectures that are specifically intended to improve corner-case
robustness, such as VLA-based planners [4, 5, 6,7, 8,9, 10, 11] and world-model-based planners
[5,6,7,11,12,13, 14, 15].

The lack of corner-case benchmarks is largely caused by the difficulty of obtaining such data.
Natural road collection is inefficient because safety-critical long-tail events occur with low
probability, while deliberately staging them in the physical world requires high economic cost,
safety control, repeated setup, and careful manual inspection. Simulation platforms such as
CARLA [16, 17] can create risky situations more easily, but simulated observations may differ
from real sensor data and may not match the input interface expected by planners trained on
real driving logs. This gap suggests that generative models are a promising solution: they can
synthesize realistic driving scenes, reduce the cost of data collection, and make it easier to create
targeted corner cases. Recent advances in controllable driving-scene generation and editing
make this direction increasingly feasible. Nevertheless, existing methods primarily optimize
visual realism and controllability under nominal driving conditions, rather than the targeted
construction of rare and safety-critical events. Many methods can already synthesize plausible
multi-view observations for routine driving scenarios [18, 19, 20, 21, 22, 23, 24, 25], but only a
small body of work explicitly targets corner-case generation [26]. Such risk-oriented generation
remains largely limited to a single view, preventing direct evaluation of planners that require
multi-view camera inputs.

To close this gap, this report first introduces CornerFactory, a pipeline for constructing corner cases
with multi-view camera observations from real driving logs. CornerFactory uses a structured
scene specification to represent the target case and retrieve a compatible base scene from real
driving logs. The pipeline supports multi-view-consistent object insertion for object-centered
cases and free-view synthesis from perturbed ego poses for ego-state cases, and can further
transfer generated cases to different vehicle configurations so that the same corner case can be used
to evaluate planners designed for different vehicle platforms and camera layouts. It also updates
LiDAR observations for planners that require LiDAR input and applies VLM-assisted plus human
quality filtering before exporting benchmark-ready records. Table 1 compares CornerFactory
with representative controllable driving-scene generation and editing methods.

Cosmos

Magic Driving Scene World Dream  Horizon ~Compo Fail Uni Drive X Xiaomi  GAIA Waymo  Corner
Capability Drive [18] Diffusion [19] Crafter [20] Splat [21] 4Drive [22] Forge [27] SIA [26] 2Drive [17] Scene [23] Dreams [24] World [25] Auto WM [28] 3[29] WM [30] Factory
Real-log grounding v v v v v v v X v v v 4 4 4 v
Corner-case focus X X X X X v X X 4 v v v
Multi-camera observations v v v v v X X v v v v v v 4 v
Cross-vehicle transfer X X X X X X X v X X X X v X 4
LiDAR observations X X X X X X X 4 v v X X X v v
Open source v v v v v v v v v v X X X X 4

Table 1: Comparison with representative controllable driving generation and editing methods.
Rows denote capabilities and columns denote methods.
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Building on this construction pipeline, we instantiate CornerBench. CornerBench provides
a comprehensive taxonomy of generated corner cases, covering object-centric, ego-state, and
environmental challenges such as rare obstacles, abnormal road users, off-nominal ego starts,
visual cue conflicts, and local environmental hazards. CornerBench further introduces continuous,
corner-case-aware metrics that preserve meaningful differences among unsafe behaviors—for
example, distinguishing a low-speed collision from a high-speed collision—rather than treating all
failed cases identically. Because the scenarios are exported in a NAVSIM-compatible format, the
benchmark can be used with a broad set of existing end-to-end planners while preserving a shared
evaluation interface. Table 2 compares CornerBench with representative autonomous-driving
benchmarks.

Capability NAVSIM [2] Bench2Drive [3] Fail2Drive [17] WOD-E2E [31] KITScenes [32] nuReasoning [33] CornerBench

Real-log grounding 4 X X 4 4 v/ 4
Corner-case focus
Severity-aware metrics

> X X

X 4 4 4 4
X X X X X
X X X X X

SSRNAN

Economical

Table 2: Comparison with representative autonomous-driving benchmarks. Real-log grounding
indicates whether scenarios are grounded in real-world driving records; corner-case focus indicates
whether long-tail safety-critical cases are the benchmark’s primary target; severity-aware metrics
indicate whether failed trajectories remain distinguishable through graded scores based on
violation severity rather than receiving a shared binary outcome; economical indicates whether
the benchmark avoids expensive simulation or new data collection.

Building on CornerBench, we investigate which commonly assumed advances actually improve
the robustness of modern end-to-end driving models under generated corner cases. Our evaluation
is organized around five factors: (1) training data and model scaling, examining how data volume,
data diversity, and model size relate to corner-case robustness; (2) multimodal sensing, assessing
whether LiDAR enables stronger responses to rare hazards; (3) VLM-based scene understanding,
testing whether semantic understanding translates into safer trajectories; (4) CoT reasoning,
examining whether its benefits generalize from routine driving scenes to corner cases; and
(5) world modeling, evaluating whether predicted futures support appropriate safety-critical
responses. Figure 1 summarizes the overall scope of this paper.

In summary, this work makes three main contributions:

e We introduce CornerFactory, an automated pipeline for constructing corner cases from real-
world driving logs according to structured scene specifications. It supports multi-view-
consistent object insertion, novel-view synthesis from perturbed ego poses, transfer across
vehicle configurations, and corresponding LiDAR updates for multimodal planners.

e We build CornerBench, a NAVSIM-compatible benchmark covering object-centric, ego-state,
and environmental corner cases. It combines a structured scenario taxonomy with continuous,
severity-aware metrics that distinguish graded unsafe behaviors rather than treating all failed
cases identically.

e We systematically evaluate representative end-to-end driving planners on CornerBench to
assess their robustness to generated corner cases. Our analysis covers training data scale and
diversity, model size, multimodal sensing, VLA reasoning, world models, and recovery from
off-nominal ego states.



2 Related Work

Driving Scene Generation and Editing. Recent controllable driving generation methods
synthesize realistic driving scenes from structured conditions, while editing methods modify
existing driving clips. MagicDrive [18], DrivingDiffusion [19], DriveDreamer [34], GAIA-1 [35],
Drive-WM [36], Panacea [37], GenAD [38], Vista [39], DriveDreamer-2 [40], CogDriving [41],
UniScene [42], and Genesis [43] use layout, 3D, agent, or action conditions for controllable driving-
scene generation. SceneCrafter [20], Dream4Drive [22], and HorizonForge [27] further support
driving-scene editing, such as inserting or removing vehicles in existing scenes. WorldSplat [21],
MagicDrive3D [44], FreeVS [45], DriveDreamer4D [46], FreeSim [47], StreetCrafter [48], and
FlexDrive [49] improve 3D or free-view driving-scene generation and rendering. These methods
mainly focus on generating plausible ordinary driving scenes or controllable traffic variations.
Risk-oriented methods such as CompoSIA [26] and RiskMV [50] move closer to safety-critical
scenario generation, but most existing methods do not directly provide multi-camera observations
with cross-view consistency for multi-view planners or the corresponding LiDAR sensor records
for multimodal-input planners.

Driving Scene Benchmarks. Driving scene benchmarks establish standardized data, protocols,
and metrics for evaluating autonomous-driving planners. nuPlan [1] provides large-scale
real-world driving logs, while NAVSIM [2] builds on these logs with standardized routes and
planning metrics for end-to-end evaluation. Bench2Drive [3] complements real-log evaluation
with closed-loop testing in simulation. Although these general-purpose benchmarks are effective
for measuring performance under the nominal driving distribution, they offer limited coverage of
rare, safety-critical events. Recent efforts address this gap from two complementary perspectives:
Fail2Drive [17] constructs failure-oriented scenarios for closed-loop evaluation, whereas WOD-
E2E [31], KITScenes [32], and nuReasoning [33] collect or annotate long-tail cases in real-world
driving data, including scenarios that require explicit reasoning. However, the former depends
on predefined simulation assets and the latter on rare events present in existing logs; neither
provides an economical and flexible mechanism for creating user-specified corner cases while
retaining real-log context.

End-to-End Autonomous Driving Planners. Early planning-oriented methods, such as
UniAD [51] and VAD [52], established the modern end-to-end paradigm by jointly learning scene
representations and future trajectories. Subsequent planners explore several complementary
directions that are commonly expected to improve robustness in corner cases. First, VLA planners
incorporate VLM-based scene understanding, language-conditioned actions, or intermediate
reasoning, as exemplified by ReCogDrive [53], DriveVLA-WO0 [5], OneVL [7], DynVLA [6],
AutoVLA [10], CuriousVLA [8], and Alpamayo [4]. Second, world-model planners introduce
future-representation learning, predictive video objectives, or video-pretrained features to sup-
port planning, including DriveLaW [13], WOTE [15], SeerDrive [14], DriveWorld-VLA [11], and
Drive-JEPA [12]. Third, sensor-rich planners, such as TransFuser [54], GoalFlow [55], Mimir [56],
DiffusionDrive [57], and DiffusionDriveV2 [58], incorporate LIDAR to provide explicit geometric
information. Finally, methods such as SimScale [59], Drive-JEPA [12], and RAP [60] exploit
additional training data or simulated experience to improve generalization. These directions
are not mutually exclusive, but together represent the principal design choices currently used to
strengthen end-to-end driving planners.



3 CornerFactory

CornerFactory is an automated pipeline for constructing corner cases from real-world driving
logs. The pipeline begins with a structured scene specification that defines the desired corner
case and guides the retrieval of a compatible base scene from real-world driving logs. From the
retrieved base scene, the pipeline constructs object-centered cases through multi-view-consistent
object insertion and ego-state cases through free-view synthesis from perturbed ego poses. It can
further transfer generated cases to different vehicle configurations, allowing the same corner case
to be used to evaluate planners across vehicle platforms and camera layouts. It then updates the
LiDAR observations to match the generated camera views so that the generated cases can also be
used to evaluate planners that require LiDAR input. Finally, a VLM-based reviewer screens the
generated clips for mismatch with the scene specification, temporal inconsistency, and obvious
visual artifacts before human filtering.
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Figure 2: Structured scene specification and real-log retrieval for object-centered and ego-state
cases. The specification defines the intended object hazard or ego-state perturbation, while
retrieval selects a compatible base scene from real driving logs.

3.1 Structured Scene Specification and Real-Log Retrieval

This stage determines both what corner case to construct and where it can be plausibly instantiated.
The structured scene specification represents the intended intervention with explicit 3D spatial
and temporal attributes, while real-log retrieval uses these attributes as constraints to select
a compatible base scene from real driving logs. We consider two categories of specifications,
object-centered hazards and ego-state perturbations, as illustrated in Figure 2.

For object-centered cases, the specification defines an inserted object with a semantic type that is
rare in autonomous-driving scenes, a plausible 3D box size, and a location and temporal motion
chosen to intersect the original ego trajectory in the future and thereby create a targeted hazard for
evaluating whether a planner can slow down, stop, or steer away safely. Real-log retrieval then
selects suitable base scenes from real driving logs that satisfy compatibility constraints, such as
avoiding collisions between the inserted object’s specified trajectory and existing non-ego agents,
to keep the insertion physically plausible in the generated scene.

For ego-state cases, the specification defines an off-nominal ego pose, such as a lane-straddling or
non-drivable-area start, to require recovery toward a nominal driving state and thereby create a
targeted case for evaluating whether a planner can recover toward the lane center rather than
simply continuing from the perturbed ego state. Real-log retrieval then selects suitable base
scenes from real driving logs that satisfy compatibility constraints, such as road geometry and
surrounding traffic that can support the specified perturbation.
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Figure 3: Multi-view-consistent object insertion. A controllable video editing model first inserts
the corner object into the front-view video. The edited front view is then reconstructed and
rendered into the remaining camera views, where NeoObj completes the target-view appearance.

3.2 Multi-View-Consistent Object Insertion

Following the structured scene specification, CornerFactory performs multi-view-consistent
insertion of the specified object into the retrieved base scene. Figure 3 illustrates this object
insertion pipeline. Given the 3D object specification, the pipeline first projects the box trajectory
into all camera views to obtain temporally and cross-view consistent object-insertion masks.
These projections turn the 3D placement into explicit 2D image-space constraints, allowing the
corner object to be inserted at the intended position rather than generated freely. The masked
front-view video and a semantic prompt describing the target object and its behavior are then
provided to a controllable video editing model; in our implementation we use VACE [61] to
synthesize the visual appearance of the inserted corner object while preserving the original
surrounding scene content. However, VACE performs single-view video editing and does not
produce corresponding observations of the inserted object in the other camera views. This reflects
a broader limitation of current video editing models, which generally lack support for jointly
editing synchronized multi-camera views.

To overcome this single-view limitation, we introduce a pipeline that transfers the inserted object
from the edited front view to the remaining camera views. The pipeline first reconstructs the
edited front-view scene with a feed-forward reconstruction model. In our implementation, we
use Depth Anything 3 (DA3) [62] to recover 3D geometry from the edited front-view video and
our fine-tuned Gaussian head to produce per-frame Gaussian representations. The reconstructed
content is then rendered into the precomputed masked regions of each target view as geometric
and appearance conditions, after which NeoObj refines the transferred object and completes
its appearance in the target views. Its training details are provided in Appendix A.1. This
design keeps the inserted object tied to a specific 3D trajectory while producing photorealistic
observations in which its geometry and appearance remain consistent across camera viewpoints.
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Figure 4: Free-view synthesis from perturbed ego poses. The original scene is first reconstructed.
It is then rendered from the perturbed ego poses defined in the scene specification to produce
novel-view conditions, after which NeoView completes newly visible regions.

3.3 Free-View Synthesis from Perturbed Ego Poses

Ego-state corner cases perturb the ego vehicle’s pose while preserving the underlying map,
route, and surrounding traffic. CornerFactory constructs these cases through free-view synthesis,
generating camera observations from the perturbed ego poses defined in the structured scene
specification. Figure 4 illustrates this pipeline. The pipeline reuses the DA3-based reconstruction
stack from the object-insertion pipeline to obtain per-frame Gaussian representations of the
original multi-view scene. It then renders these representations along the perturbed ego trajectory
to produce novel-view conditions, after which NeoView synthesizes the newly visible content. Its
training details are provided in Appendix A.2.

By perturbing only the ego trajectory, the pipeline synthesizes new camera viewpoints while
preserving the original map, route, and surrounding traffic. This makes it possible to test whether
a planner simply extrapolates the perturbed initial state or actively recovers toward a safer
nominal driving pose.

3.4 Vehicle-Configuration Transfer

Beyond constructing corner cases for the source vehicle, CornerFactory can transfer each generated
case to a target vehicle configuration while preserving the underlying scene. Figure 5 illustrates this
vehicle-configuration transfer pipeline. This capability enables the same corner case to be rendered
under different camera configurations, allowing planners designed for different vehicle platforms
to be evaluated on equivalent scenarios. The pipeline reuses the DA3-based reconstruction stack
from the object-insertion pipeline to obtain per-frame Gaussian representations of the source
scene. It then re-renders these representations using the camera parameters of the target vehicle
configuration to produce a novel-embodiment condition, after which NeoEmb completes the
newly exposed regions to synthesize the target embodiment. Its training details are provided in
Appendix A.3.

The resulting observations retain the original corner-case geometry and traffic context but match
the visual input format expected by the target planner. This capability allows corner cases
constructed from nuPlan scenes to evaluate planners trained with other camera configurations,
such as NVIDIA's Alpamayo family.
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Figure 5: Vehicle-configuration transfer. The source scene is first reconstructed and then
rendered using the target camera parameters to produce a novel-embodiment condition, after
which NeoEmb completes newly exposed regions to synthesize the target embodiment.

3.5 Aligning LiDAR with Edited Camera Views

Camera-based editing alone is insufficient for multimodal planners because an inserted object
would appear in the RGB observations but remain absent from the original LiDAR point cloud.
To restore cross-modal consistency, CornerFactory uses the same feed-forward reconstruction
pipeline to reconstruct the edited multi-view observations as 3D Gaussians and identifies the
Gaussians associated with the inserted content. We then employ Gaussian-based ray tracing [63]
to synthesize the corresponding LiDAR returns. The synthesized returns replace the inconsistent
original measurements, yielding geometrically aligned camera and LiDAR observations. The
complete alignment pipeline is illustrated in Figure 6.
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Figure 6: LiDAR alignment for edited corner cases. CornerFactory uses feed-forward recon-
struction to obtain 3D Gaussians from the edited multi-view observations and synthesizes the
corresponding LiDAR returns, producing geometrically aligned camera and LiDAR observations.

4 CornerBench

Using the CornerFactory construction pipeline described above, we build CornerBench as a
suite of generated driving scenarios that stress end-to-end planners. Each benchmark case
starts from a real driving clip and uses the pipeline to produce NAVSIM-compatible scene
records, including multi-view camera observations and aligned LiDAR observations. To capture
meaningful differences among planner responses, CornerBench evaluates predicted trajectories
using continuous, severity-aware metrics.



4.1 Scenario Taxonomy

Using the pipeline described above, we construct a suite of meaningful corner cases that are
challenging for driving and informative for evaluating current planning models. CornerBench
organizes generated cases into three major groups: Ego-state cases, such as a lane-straddling
start; Environmental cases, such as smoke; and Object-centric cases. Object-centric cases are
further divided according to whether the challenge comes from an uncommon object, such as a
fallen bicycle; uncommon behavior of a common object, such as a red-light runner; or uncommon
texture of a common object, such as a bus with a stop-sign marking. Figure 7 shows this taxonomy
with representative examples.

Ego-state. In most real driving logs, the ego vehicle starts from nominal states, such as driving
near the lane center. CornerBench creates ego-state corner cases, producing two case types: Lane-
Straddling Start, where the ego vehicle initially overlaps a lane marking, and Non-Drivable-Area
Start, where the ego vehicle starts from a non-drivable area. These cases evaluate whether a
planner can actively recover toward the lane center or another safer nominal state instead of
simply extrapolating the perturbed initial pose.

Object: uncommon objects. This object-centric family inserts rare static or dynamic obstacles
near the future ego path. Examples include unusual obstacles, such as a fallen bicycle, tree branch,
baby stroller, and elephant, as well as rare road users, such as elephant, horse, and deer. These cases
evaluate whether planners can recognize rare objects and agents, avoid collisions, and yield when
needed.

Object: uncommon behavior. CornerBench inserts common traffic participants with abnormal
behavior, including path-intrusion cases such as crossing vehicles, crossing pedestrians, and cut-ins,
where another road user enters the ego lane and creates an imminent collision risk, and other
special cases such as red-light runners, where another vehicle runs a red light and tests whether
the ego planner stops instead of causally following the violating vehicle through the red light.
These cases evaluate whether planners can react to interaction-critical motion and rule violations.

Object: uncommon texture. This object-centric family keeps the object category familiar but
changes its visual appearance with an unusual cue, such as a bus carrying a stop-sign marking or
another traffic-sign-like texture. These cases evaluate whether planners can distinguish object
identity from misleading local texture.

Environment. This family edits local scene conditions that affect traversability, as well as traffic
signs and markings. Examples include smoke, fire, and construction zones that affect traversability,
and edited lane-arrow markings that simulate stale navigation cues. These cases evaluate whether
planners respond to scene-level context.

Together, these categories help distinguish whether a planner fails because it cannot recover from
an abnormal ego state, fails to recognize rare objects, responds poorly to abnormal agent behavior,
misuses visual cues, or misses local environmental hazards.

Following this taxonomy, we construct 230 cases spanning 19 concrete scenario types from 125
source scenes in the nuPlan test set [1]; Appendix B reports the detailed distribution.

4.2 Metrics

CornerBench metrics are designed to expose graded differences among planners. The binary
pass/fail criteria used in standard NAVSIM evaluation are often too coarse for corner-case
evaluation. Because CornerBench deliberately concentrates on difficult long-tail cases, many
planners can receive the same failing outcome under a binary scoring protocol that assigns zero
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Figure 7: CornerBench scenario taxonomy. The suite covers ego-state perturbations, rare or
unusual objects, uncommon object behavior, uncommon visual texture, and environmental
hazards.

to any failed case, which collapses their differences into a large group of zeros. This makes the
metric weakly discriminative precisely in the regime where robustness differences matter most:
two planners may both fail, for example by colliding with the hazard, but one may slow down
before impact while another drives through the hazard at high speed. We therefore score each
case on a continuous 0-1 scale using severity terms. Let clip[O,”(x) = min(max(x, 0), 1).

Hazard response. For both static and dynamic object cases, let ¢ € {0, 1} denote collision, v, the

ego speed at the collision moment, and vm.x a normalization speed. The score is

S 3 1, c=0, 1
hazard = 0.6 (1 _ Clip[(),]] ( Veol )), c=1. 1)

Umax

Thus collision-free behavior receives full credit, while colliding trajectories remain distinguishable
by collision speed. This metric is mainly used for Uncommon Objects, Uncommon Behavior, and the
Environment cases that introduce traversability hazards.

Lane keeping. Following the NAVSIM-style lane-keeping rule, let ¢, be the total duration within
the 4-second planning horizon for which the ego trajectory deviates from the lane center by more
than 0.5 m. Instead of assigning a binary failure once ¢, reaches 2's, CornerBench uses

S _ 1, tout < 2/ (2)
e 71 0.6(1 - clippgy (242)),  tfou = 2.

Thus a threshold-level lane-keeping failure receives 0.6, and the score decreases linearly to 0 as
the violation duration approaches the full 4-second horizon. This metric is used for ego-state
cases, including Lane-Straddling Start and Non-Drivable-Area Start.

Traffic-rule compliance. For red-light cases, let p;.q be the maximum overlap ratio between the
ego footprint and the red-light forbidden polygon over the trajectory, normalized by the ego
footprint area. The score is

1, Pred = 0,
Sre = . 3
d {0.6 (1 - Chp[o,l](Pred)) , Pred > 0. ®)

This preserves the NAVSIM-style no-overlap requirement while distinguishing minor boundary
intrusions from large overlaps. This metric is used for red-light runners.
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5 Experiments

We evaluate a broad range of end-to-end planners on CornerBench to assess their robustness
under generated corner cases and thereby address the central question of this report: Are Modern
End-to-End Driving Models Safe Enough? Section 5.1 summarizes the evaluated planners used
in our comparisons, while Section 5.2 presents the quantitative results and qualitative failure
analyses.

5.1 Evaluated Planners

Our evaluation covers a broad set of end-to-end planners, with particular attention to three design
directions often used to improve corner-case robustness: VLA planning with language reasoning,
world modeling, and LiDAR-based sensing. We also track whether each planner uses extra data
beyond the default training setting to examine whether additional training sources translate into
measurable gains.

VLA planners and CoT reasoning. Vision-language-action (VLA) planners, including CoT-
enabled variants, use the scene understanding and language reasoning capabilities of VLMs to
support action planning. Rather than relying only on visual feature extraction, these methods
introduce textual descriptions, intermediate reasoning traces, or language-conditioned action
representations so that object relations and traffic context can inform the planner. The evaluated
VLA planners, including CoT-enabled variants, are Alpamayo R1 and Alpamayo 1.5[4], OneVL[7],
DynVLA [6], WAM-Flow [9], DriveVLA-WO [5], AutoVLA [10], CuriousVLA [8], and ReCogDrive-
IL/RL with 2B and 8B VLM backbones [53].

World-model planners. World-model planners explicitly learn scene evolution, future repre-
sentations, future-conditioned scoring signals, or video-pretrained representations that capture
driving dynamics for downstream planning. The evaluated planners in this group are Drive-JEPA
and Drive-JEPA-PF [12], DriveLaW [13], OneVL [7], DynVLA [6], WOTE [15], SeerDrive [14],
DriveVLA-WO [5], and DriveWorld-VLA [11].

Planners with LIDAR. Camera-plus-LiDAR planners let us test whether additional geometric
sensing is sufficient for rare object response. The evaluated LiDAR-enabled planners are
WOTE [15], TransFuser [54], SeerDrive [14], GoalFlow [55], Mimir [56], DiffusionDrive [57], and
DiffusionDriveV2 [58].

Extra-data planners. We mark a planner as using Extra data when it uses additional driving
scenes, video pretraining, or synthetic augmentation beyond the default NAVSIM navtrain
setting. Alpamayo R1and Alpamayo 1.5 [4] use large-scale multi-camera driving data, reported as
80,000 driving hours. SimScale [59] uses synthetic-real co-training with 100K NAVSIM real-world
scenarios plus 384K diverse off-nominal scenes synthesized by perturbing ego trajectories in
ordinary driving scenarios, comprising 237K planner-based and 147K recovery-based examples.
DriveLaW [13] uses nuPlan and nuScenes for latent driving-world/video generation. WAM-
Flow [9] reports training on the full 668K-sample nuPlan training set rather than only the
103K NAVSIM navtrain subset. Drive-JEPA and Drive-JEPA-PF [12] use 208 hours of driving-
video pretraining. RAP [60] uses scalable 3D rasterization to generate synthetic counterfactual
viewpoints, recovery maneuvers, and cross-agent views for planner training. Additional QA or
reasoning annotations built on the same NAVSIM scenes, such as those used by ReCogDrive [53]
and AutoVLA [10], are treated as annotation enrichment rather than extra driving-scene data in
Figure 11.
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Table 3: CornerBench planner comparison, sorted in descending order by Hazard-response score
from the left block to the right block. Higher is better. VLA denotes vision-language-action;
WM, world model; Extra, additional data beyond NAVSIM navtrain; and Sens., sensor type (C:
camera, C+L: camera plus LiDAR, N: ego status only). Colored superscripts mark the top three
planners for each metric.

Hazard Lane Traffic-rule Hazard Lane Traffic-rule
Planner VLA WM Extra Sens. res?ozoar;e keeping compliance 11270 VLA WM Extra Sens. | response keeping compliance
114 v v 0.4761 081 07407  RAP[60] X X v C | 0438 0109 0016
Alpamayo R1 [4] x ¢ ool DriveJEPA-PF[12] X v « C | 0437 0060 0253
SimScale [59] ¥ x v/ C | 0475° 0274 0312 MeanFuser [68] X X X C | 043 009 0283
Drive-JEPA[12] X v v C | 0475 0.148 0.084 AutoVLA [10] /X X C | 0436 0000 0442
GTRS-Augl64] X Xx x C 0.468  0.122 0.133 Ego-MLP [2] X X x N | 0436 0014 0217
GTRS-Dense [64] X X X C 0.461 0.146 0.395 GoalFlow [55] X X X C+L | 0435 0.062 0.182
DiffusionDriveV2[58] X X X C+L| 0434 0120  0.062
5[ . . 0.890%
Alpamayo 1L5[4] v x v/ C ) 04570 1432 Mimir [56] X X X C+L| 043¢ 0129 0198
Hydra-MDP[65] X X Xx C 0454 0177 0.304 LEAD [69] X x x C | 0434 o071 0312
VeteranAD [66] x x x C 0.452  0.051 0.128 SparseDriveV2 [70] X x x C 0434 0.104 0.040
DriveLaW [13] x v v C 0.444  0.059 0.292 DriveWorld-VLA[11] v v X C | 0433 0129 0284
DrivoR [67] X Xx x C 0.443  0.139 0.181 DiffusionDrive [57] X X x C+L| 0432 0030 0214
SeerDrive [14] X v X C+L| 0441 0138 0.277 LTF[2] X x x C | 0432 0023 0337
DriveVLA-WO0 [5] v v X C 0.441 0.059 0.166 ReCogDrive-IL-8B[53] v X X C 0.430 0.064 0.361
OneVL [7] 4 v X C 0.441 0.085 0.506 ReCogDrive-IL-2B[53] v X X C 0.430 0.098 0.427
DRVIAL) v v C | om oo oxe BNDL K x o C s om
:- 44 . . e Og rive- i~ ol . A A
‘évszfj;\;]L ALS] ‘)/( ‘; i CéL 8_ . 48 84(1)3? 82?3 ReCogDriveRL-2B[53] v X x C | 0424 0128  0.166
WAM-Flow [9] v x v C 0439  0.094 0.923!
TransFuser [54] X X X C+L | 0438 0.046 0.240

5.2 Results

We organize our quantitative results and qualitative failure analyses around five questions
concerning the factors most often expected to improve the corner-case robustness of end-to-end
planners:

How do training-data scale and model size affect corner-case robustness?

How much do multimodal sensors help under rare and safety-critical corner cases?

How much does language-based scene understanding help VLA planners under corner-case scenarios?
How much does CoT help VLA planners handle corner cases?

How much does world model help planners respond under corner-case scenarios?

S-SR S

5.2.1 Analysis of Training-Data Scale and Model Size

Q1. How do training-data scale and model size affect corner-case robustness?

Training-data scale. Alpamayo R1 and Alpamayo 1.5 [4] perform strongly with large-scale
external driving data and without using the NAVSIM navtrain set, showing strong cross-domain
generalization. This suggests that increasing training-data volume can bring clear gains to
planning models. However, data volume alone does not explain the quantitative results. Table 3
summarizes the overall CornerBench comparison using the corner-case-aware metrics defined in
Section 4, while Figure 11 relates the Hazard-response scores to training-data volume and model
size. Drive-JEPA [12], SimScale [59], DriveLaW [13], and WAM-Flow [9] use additional data at
comparable scales. Nevertheless, Drive-JEPA and SimScale achieve Hazard-response scores of
0.475 and 0.475, respectively, compared with 0.444 for DriveLaW and 0.439 for WAM-Flow. A
closer inspection of their training data reveals a key difference in data composition. DriveLaW
and WAM-Flow rely primarily on standard driving data from nuPlan and nuScenes. By contrast,
Drive-JEPA and SimScale expand training-data diversity in different ways: the former uses
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Figure 8: Open-world corner cases from DrivingDojo. Representative frames from one of
the driving-video data sources used by Drive-JEPA cover unusual road obstructions, animal
interactions, and nighttime roadside hazards.

Drive-JEPA Other planners == === History Y,

Figure 9: Drive-JEPA’s response behavior in the CornerBench test environment. Across cases
involving moving or stationary objects and unusual environmental hazards, Drive-JEPA produces
a more conservative response than other planners. No green trajectory appears in the front-view
panels because Drive-JEPA slows down early, making its planned trajectory too short to project
into the images.

driving videos covering diverse long-tail events, while the latter perturbs ego trajectories in
ordinary driving scenes to synthesize diverse off-nominal situations.

Drive-JEPA pretrains its V-JEPA backbone on 208 hours of driving video assembled from
CoVLA [72], DrivingDojo [73], and other datasets before training the downstream NAVSIM
planner. This collection exposes the visual encoder to a broader range of object interactions than
NAVSIM-style planning data alone. Figure 8 shows representative open-world corner cases from
DrivingDojo, including overhanging branches, animals near the ego lane, and nighttime roadside
fire. This training-data diversity is reflected in Drive-JEPA’s performance in our test environment.
Drive-JEPA ranks among the strongest planners on the CornerBench Hazard-response score in
Table 3, and Figure 9 shows cases in which it produces a more conservative response to the
corner-case hazard than other planners.

SimScale [59] augments its training data with 384K synthetic off-nominal scenes. To construct
these scenes, it first perturbs ego trajectories in ordinary driving scenes to create off-nominal
ego states, and then uses rule-based strategies or existing planners to generate trajectories that
return the vehicle toward normal lane-centered states, providing explicit supervision for ego-state
recovery. This targeted training-data augmentation is reflected in SimScale’s performance in
our test environment. SimScale achieves the highest Lane-keeping score of 0.274 in Table 3, and
Figure 10 shows cases in which it steers back toward the lane center from Lane-Straddling Start
and Non-Drivable-Area Start, whereas most planners continue along the perturbed initial pose.
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Figure 10: SimScale’s recovery behavior under Lane-Straddling Start and Non-Drivable-Area
Start. In both types of cases, SimScale actively moves back toward the lane center, while most
other planners continue along the perturbed initial state.

For Drive-JEPA, driving-video pretraining on long-tail events is associated with stronger responses
to unusual objects. For SimScale, training with synthetic off-nominal states and recovery
trajectories is associated with clearer lane-centering behavior from perturbed starts. Together,
these cases suggest that diversifying the training data to cover rare objects and off-nominal ego
states is more important for corner-case robustness than merely increasing the volume of routine
driving data.

Model size. The right panel of Figure 11 shows no clear positive relationship between reported
model size and CornerBench Hazard-response score. This is also visible within the same
ReCogDrive family [53]: scaling the backbone from 2B to 8B leaves the Hazard-response score
unchanged in both settings, at 0.430 for IL and 0.424 for RL, while models with smaller active
planners such as Drive-JEPA [12] and SimScale [59] remain among the strongest methods. These
comparisons suggest that simply increasing active model size is not sufficient; corner-case
robustness also depends on data diversity.

0.48- Drive-JEPA 0.48- Drive JEPA
o o e o e b
© SimScale Alpamayo R1 © SimScale Alpamayo R1
o) o
Q Q
w
§ 0.46- ® Alpamayo 1.5 2 0.46- o Alpamayo 1.5
= ° = ®
3 o) o]
& ; &
8 DriveLaW o
1 o |
:% 0.44 - ; . ° :% 0.44-  Ego-MLP o . ReCoglL2p °
N § WAM-Flow 5 ° - : "ReCog IL-8B
T H T ® ReCogRL-2B'® °
° ) °
0.42- ‘ - . 042- ‘ ‘ RecogRL-ED
103 104 10° 102 101 100 10!
Data volume (equiv. hours, log) Model size (B parameters, log)

Figure 11: Scale factors versus CornerBench Hazard-response score. Left: training-data volume
normalized to equivalent driving hours. Right: model size measured in billions of parameters.
Both x-axes use logarithmic scale.

A1l. Training-data diversity is more important for corner-case robustness than simply increasing data volume or
model size.
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Figure 12: Planner failures with and without LiDAR. Across three CornerBench test scenes,
DiffusionDrive receives a 2D LiDAR BEV input, whereas Ego-Status MLP uses neither LIDAR
nor camera input. Both planners fail to avoid the frontal obstacle, resulting in similarly low
Hazard-response scores.

5.2.2 Analysis of Multimodal Sensing

Q2. How much do multimodal sensors help under rare and safety-critical corner cases?

Many evaluated planners use LiDAR together with camera inputs to obtain more reliable
geometric perception of object distances and spatial structure [14, 15, 54, 55, 56, 57, 58]. However,
the quantitative ranking in Table 3 shows that several top-performing planners do not use a
LiDAR sensor. Figure 12 further shows qualitative results on three CornerBench test scenes:
DiffusionDrive receives a 2D LiDAR BEV input, whereas Ego-Status MLP uses no LiDAR and
does not even use camera input; nevertheless, the trajectories from both planners fail to avoid the
frontal obstacle. This indicates that adding a LiDAR sensor does not by itself ensure stronger
corner-case response.

| A2. Adding a LiDAR sensor does not by itself ensure stronger corner-case response.

5.2.3 Analysis of Language-Based Scene Understanding

| Q3. How much does language-based scene understanding help VLA planners under corner-case scenarios?

VLA planners leverage the strong scene-understanding capability of VLMs to incorporate visual
observations and language-level representations into action planning [4, 7, 8, 10, 53]. In Figure 13,
ReCogDrive’s VLM output identifies the inserted hazard or red traffic light and proposes a
reasonable high-level response, but the final trajectory remains inconsistent with that response.
For example, in the horse-crossing case, the VLM output first recognizes the horse crossing ahead
and then recommends braking to a complete stop, but the planner’s trajectory output still collides
with the horse. This shows that VLM scene understanding is not reliably converted into correct
trajectory-planning output.

15



Front view + plan BEV + plan Raw VLM output

"The most influential object in the current driving
situation is the bicycle lying on the road ahead. [...]
The driver should slow down and prepare to
maneuver around the bicycle, ensuring there is
enough space to pass safely without risking a
collision."

"The most influential object in the current driving
situation is the horse crossing the road ahead. [...]
Given the size and unpredictability of the horse, it is
crucial for the driver to prioritize safety. The
appropriate action for the driver should take is to
gently apply the brakes to come to a complete stop
before the horse crosses, ensuring a safe distance is
maintained”

"The most influential object affecting the current
driving situation is the traffic light, which is
currently red. [...] The red light indicates that the
vehicle must not proceed, as it would otherwise
violate traffic rules and could potentially cause an
accident. Therefore, the appropriate driving action is
to come to a complete stop before the crosswalk."

J

Figure 13: Examples where VLM scene understanding is not reliably converted into safe
trajectories. Although the VLM output identifies the hazard or red traffic light and suggests a
safety-aware response, the planned trajectory still collides with the obstacle or fails to stop at the
red light.

A3. VLMs can show strong scene understanding, but VLA planners do not always convert that understanding
into safe trajectory plans.

5.2.4 Analysis of Chain-of-Thought Reasoning

Q4. How much does CoT help VLA planners handle corner cases?

CoT is widely regarded as a promising way to enhance the reasoning and planning capabilities of
VLA planners in complex driving situations [4, 7, 8, 10]. We test these four CoT-enabled VLA
planners on the same corner-case scenes. In Figure 14, OneVL states that there are no relevant
objects, CuriousVLA marks the critical object category as absent, and AutoVLA treats the scene
as a straightforward driving case. Alpamayo 1.5 instead recognizes the corner-case hazard and
suggests a safer response. The first three planners are trained primarily on regular driving scenes,
whereas Alpamayo 1.5 uses 80,000 hours of diverse driving data. This comparison suggests that
CoT alone does not ensure generalization to corner cases; its effectiveness also depends strongly
on the diversity of the training data.

| A4. CoT planners trained only on regular driving scenes may fail to generalize to corner cases.

5.2.5 Analysis of World Models

| Q5. How much does world model help planners respond under corner-case scenarios?

World models are widely expected to improve driving planning by predicting how a scene may
evolve and using the predicted future to inform planning [11, 13, 14, 15]. To examine whether
this benefit extends to corner-case scenarios, we inspect the future images decoded by OneVL [7]
together with its corresponding planned trajectories on CornerBench. As shown in Figure 15, the
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OneVL CoT

No relevant animal.

"There are no objects in the current
scene that I need to pay attention
to."

AutoVLA CoT

Treats the case as straightforward.
<think> This is a straightforward
scenario, and a direct decision can
be made. </think>

OneVL CoT

No relevant animal.

"There are no objects in the current
scene that I need to pay attention
to."

AutoVLA CoT
Treats the case as straightforward.
<think> This is a straightforward

= OneVL === CuriousVLA === AutoVLA === Alpamayo 1.5

CuriousVLA CoT

Critical object marked absent.
"animal": "no"; "No critical objects
or conditions are present in the
scene."

Alpamayo 1.5 CoT
Recognizes the hazard.

"Slow down to yield to the animal
crossing ahead since it is blocking
our lane"

CuriousVLA CoT

Critical object marked absent.
"animal": "no"; "There are no critical
objects or conditions affecting the
trajectory.”

Alpamayo 1.5 CoT
Recognizes the hazard.
"Slow down to maintain a safe distance

scenario, and a direct decision can from the obstacle blocking the lane
be made. </think> ahead”

J

Figure 14: Trajectory and CoT outputs from CoT-enabled VLA planners on corner-case scenes.
OneVL, CuriousVLA, and AutoVLA do not identify or reason about the visible corner-case object
in their CoT outputs, while Alpamayo 1.5 recognizes the hazard and gives a safer response.

decoded futures appear visually plausible, but neither the decoded futures nor the corresponding
trajectories show the correct response to a frontal obstacle or a Lane-Straddling Start case. One
likely reason is that OneVL is trained mainly on regular driving scenes, so its decoded futures do
not generalize reliably to these rare corner-case situations.

BEV¥ plan

\_ m===_QOneVL planned trajectory == === History )

Figure 15: OneVL’s decoded future images and planned trajectories on two CornerBench test
scenes. In a frontal obstacle case and a Lane-Straddling Start case, the future images at t+0.5s and
t+1.0s appear visually plausible, but both the decoded futures and the final planned trajectories
fail to show the desired obstacle response or lane-centering recovery.

A5. A world model does not by itself ensure a correct corner-case response: although the decoded future images
may appear visually plausible, neither the predicted scene evolution nor the corresponding planned trajectory
necessarily reflects the correct response.

6 Limitations
Although our multi-view-consistent object insertion achieves strong visual quality, its explicit

geometric consistency mechanism introduces a requirement on the camera configuration. Specifi-
cally, we reconstruct the edited object from one camera and render the resulting geometry into a
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neighboring camera before completing the target view, which requires sufficient overlap between
the fields of view of adjacent cameras. When this overlap is too small, the geometry observed
and reconstructed in one view cannot be rendered into the neighboring view at the required
location, and the proposed insertion pipeline is therefore not directly applicable. The nuPlan
camera rig provides substantial overlap between the adjacent views used in our experiments,
whereas datasets with narrow-field-of-view or sparsely arranged cameras may not satisfy this
requirement. One possible extension is to introduce intermediate virtual cameras and propagate
the reconstructed object through a sequence of overlapping viewpoints, using each virtual view
as a bridge between the original cameras. This strategy could extend the method to camera rigs
with limited overlap, but would require additional rendering and completion stages and therefore
increase inference cost.

7 Conclusion

We presented CornerFactory, an automated pipeline for constructing corner cases from real-
world driving logs, and CornerBench, a NAVSIM-compatible benchmark with diverse scenarios
and severity-aware metrics. Together, they enable systematic evaluation of end-to-end driving
planners under rare objects, abnormal behaviors, environmental hazards, and off-nominal ego
states.

Our evaluation shows that modern end-to-end driving models are not yet reliably safe under
the tested corner cases. Data diversity is more important than simply increasing data volume or
model size, while LiDAR input, chain-of-thought reasoning, and visually plausible world-model
predictions do not by themselves guarantee safe trajectories. VLM-based scene understanding
exposes a different bottleneck: VLMs can correctly recognize corner-case hazards and recommend
safety-aware responses, yet current action planners do not reliably translate this knowledge into
safe trajectories. Future work should therefore focus on stronger knowledge-to-action alignment,
enabling action planners to make effective use of the rich scene understanding and driving
knowledge provided by VLMs. More broadly, these findings highlight the need for targeted
corner-case data and stronger alignment between perception, reasoning, prediction, and planning.
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A Training NeoObj, NeoView, and NeoEmb

NeoObj, NeoView, and NeoEmb are specialized for the three completion tasks in CornerFactory through distinct
conditioning interfaces and task-specific training data. Their shared generation backbone is initialized from the
pretrained NeoVerse model [74] and kept frozen, while the task-specific control branches are optimized with the
rectified-flow denoising objective. All three modules are trained on 81-frame clips resized to 336 x 560, with a batch
size of one, bfloat16 precision, and a learning rate of 107°. This design supports three distinct completion settings
without retraining the video-generation backbone. They differ primarily in how the conditioning—target pairs are
constructed, as described below.

A.1 NeoObj: Masked Cross-View Object Completion

Training-Pair Construction. NeoObj is designed to complete the target-view appearance of an object
transferred from the front camera to a neighboring camera while preserving the observed target-view background,
thereby enabling the multi-view-consistent object insertion described in Section 3.2. We construct training pairs from
nuPlan front, front-left, and front-right videos, using tracked real objects as proxies for cross-view object transfer. For
each clip, we select either the front-left or front-right view together with a tracked vehicle. We project the tracked
3D boxes into the selected view to obtain a temporally varying 2D mask, and first mask out this object region from
the neighboring-view video. We then reconstruct the front-view video with a DA3-based Gaussian reconstruction
stack and render the resulting Gaussians into the masked region using the calibrated poses and intrinsics of the
neighboring camera. The RGB condition combines this cross-view Gaussian rendering inside the mask with the
original neighboring-view pixels outside it. The corresponding unmodified neighboring-view video serves as the
supervision target. The second and third columns of Figure 16 illustrate the resulting training pairs.

Difference from the Original NeoVerse. Although NeoVerse provides a strong general-purpose completion

prior, its original weights are not specialized for the localized cross-view artifacts introduced when transferring an
object between cameras. As shown in Figure 16, both NeoVerse and NeoObj can complete the transferred vehicle
under identical inference settings. The main difference lies in the surrounding background: NeoVerse often leaves
visible black residuals from the input mask, whereas NeoObj fills these regions naturally and blends the completed
object with the observed target-view context. This comparison shows that NeoObj resolves the localized cross-view
artifacts encountered in multi-view-consistent object insertion, with additional examples shown in Figure 17.

-

Front view Condition Target NeoVerse NeoObj

Sample 2

Sample 3

-

Figure 16: NeoObj training-pair construction and comparison with NeoVerse. In each row, the
tirst three columns show the front view, composite RGB condition, and target RGB supervision
that form a training example; the last two columns compare the outputs of NeoVerse and NeoObj
under identical inference settings.
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Figure 17: Examples of NeoObj. Each row shows the original multi-view observations and the
results after multi-view-consistent object insertion.

A.2 NeoView: Perturbed-Pose Novel-View Completion

Training-Pair Construction. NeoView is designed to complete the novel views produced by perturbing the
ego-camera pose, as described in Section 3.3. We construct training pairs from nuPlan multi-view videos. For each
clip, we reconstruct the original scene into Gaussian representations using a DA3-based feed-forward reconstruction
pipeline [62]. Following the visibility-based degradation simulation of NeoVerse [74], we apply a random lateral
displacement to the camera trajectory, remove Gaussian primitives that are invisible from the displaced viewpoints,
and render the remaining Gaussians back into the original views. The resulting degraded renderings serve as
conditions, while the corresponding original videos serve as supervision targets. The first two columns of Figure 18
illustrate the resulting training pairs.

Difference from the Original NeoVerse. NeoView adopts the same overall condition—target construction
and visibility-based degradation simulation as NeoVerse, but differs in its reconstruction setting. To scale 4D
world-model training with in-the-wild data, NeoVerse reconstructs monocular videos, whereas NeoView reconstructs
multi-camera driving videos with DA3, including all eight camera views in nuPlan. This multi-view setting
introduces reconstruction artifacts that are uncommon in the monocular training data of NeoVerse. As shown by
Samples 1 and 2 in Figure 18, exposure differences across cameras can produce abrupt local brightness changes.
Moreover, inconsistent geometry estimates across views can place the same object at slightly different locations,
leading to fragmented or ghosted structures, as illustrated by Sample 3 in Figure 18. NeoVerse tends to preserve
these multi-view-specific artifacts, whereas NeoView learns to reconcile the inconsistent appearance and geometry,
producing more uniform illumination and coherent object structures. Additional examples are shown in Figure 19.

A.3 NeoEmb: Full-View Vehicle-Configuration Transfer

Training-Pair Construction. NeoEmb is designed to complete the views rendered using the camera intrinsics
and extrinsics of a different vehicle platform, as described in Section 3.4. We construct training pairs from front-wide
videos in the NVIDIA Physical Al Autonomous Vehicles dataset [75]. For each clip, we reconstruct the original video
into Gaussian representations using the same DA3-based feed-forward reconstruction pipeline [62]. Following the
visibility-based degradation simulation of NeoVerse [74], we construct degraded RGB renderings from the Gaussian
representations. We additionally mask the lower region of each frame containing the ego-vehicle hood, requiring the
model to recover the platform-specific foreground appearance. The resulting RGB renderings form the conditions,
while the corresponding original front-wide videos serve as supervision targets. The first two columns of Figure 20
illustrate the resulting training pairs.

Difference from the Original NeoVerse. NeoVerse is trained on generic scenes and therefore lacks the
vehicle-specific prior needed to recover the ego hood of a target platform. As shown in Figure 20, NeoVerse produces
hoods with incorrect appearance and geometry in Samples 1 and 2, and omits the hood entirely in Sample 3. Through
training on data collected with the target vehicle configuration, NeoEmb learns the characteristic shape, appearance,
and image-space location of its ego hood, enabling consistent recovery of the target-platform foreground together
with the surrounding driving scene. Additional examples are shown in Figure 21.
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Figure 18: NeoView training-pair construction and comparison with NeoVerse. In each row, the
first two columns show the perturbed-pose RGB condition and its target RGB supervision; the last
two columns compare the outputs of NeoVerse and NeoView under identical inference settings.
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Figure 19: Examples of NeoView. Each row shows the original multi-view observations and the
results after free-view synthesis from a perturbed ego pose; the views are ordered as front-left,
front, and front-right.

B CornerBench Statistics

The current CornerBench release comprises 230 generated cases across 19 concrete scenario types, constructed from
125 distinct source scenes in the nuPlan test set [1]. Object-centric scenarios account for 132 cases (57.4%): 99 involve
uncommon objects, 28 involve uncommon behavior, and 5 involve uncommon texture. The remaining cases comprise
81 environmental scenarios (35.2%) and 17 ego-state scenarios (7.4%). Because different corner-case edits can be
applied to the same source scene, the number of benchmark cases exceeds the number of distinct source scenes.
Table 4 reports the complete scenario-level distribution.
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Figure 20: NeoEmb training-pair construction and comparison with NeoVerse. In each row, the
first two columns show the degraded front-wide condition and its target RGB supervision; the last
two columns compare the outputs of NeoVerse and NeoEmb under identical inference settings.
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Figure 21: Examples of NeoEmb. Each row shows the original multi-view observations and the
results after vehicle-configuration transfer.

Table 4: Scenario distribution in the current CornerBench release. Scenario types are grouped
according to the taxonomy in Section 4.1.

Taxonomy family ~ Concrete scenario type Cases Taxonomy family Concrete scenario type Cases
Eeo stat Lane-Straddling Start 9 Same-Direction Vehicle Running a Red Light 16
g0 state Non-Drivable-Area Start 8 Uncommon behavior Crossing Pedestrian 7
Crossing Vehicle Collision 5
Baby Stroller 21

Large Tire Ahead 19 Construction-Sign Stand 26
Fallen Tree Branch 16 Fire Cloud 22
Uncommon object  Static Elephant Ahead 16  Environment Burning Car 16
Fallen Bicycle 14 Smoke Cloud 8
Crossing Horse 5 Traffic-Cone Cluster 6

Crossing Deer 8 Straight-Only Arrow Before Turn

Uncommon texture Bus with Stop-Sign Marking 5 Total 230
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