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Abstract— Evaluating the safety of autonomous vehicles
(AVs) requires diverse, safety-critical scenarios, with collisions
being especially important yet rare and unsafe to collect in
the real world. Therefore, the community has been focusing
on generating safety-critical scenarios in simulation. However,
controlling attributes such as collision type and time-to-accident
(TTA) remains challenging. We introduce a new task called
controllable collision scenario generation, where the goal is
to produce trajectories that realize a user-specified collision
type and TTA, to investigate the feasibility of automatically
generating desired collision scenarios. To support this task,
we present COLLIDE, a large-scale collision scenario dataset
constructed by transforming real-world driving logs into diverse
collisions, balanced across five representative collision types and
different TTA intervals. We propose a framework that predicts
Collision Pattern, a compact and interpretable representation
that captures the spatial configuration of the ego and the
adversarial vehicles at impact, before rolling out full adversarial
trajectories. Experiments show that our approach outperforms
strong baselines in both collision rate and controllability.
Furthermore, generated scenarios consistently induce higher
planner failure rates, revealing limitations of existing planners.
We demonstrate that these scenarios fine-tune planners for
robustness improvements, contributing to safer AV deployment
in different collision scenarios. Additional generated scenarios
are available at this project webpage.

I. INTRODUCTION

Evaluating the reliability of autonomous vehicles (AVs)
demands testing in diverse, safety-critical scenarios with
varying attributes, including scenario categories (e.g., lane
change, junction crossing), traffic participant types and states
(e.g., time to accident), and road topologies [1]-[5]. Among
these, collision scenarios stand out as especially critical,
since they directly test an AV’s ability to anticipate, react, and
ensure safety under high-risk conditions. However, collision
scenarios are statistically rare and inherently unsafe for
testing in the real world. Therefore, the community has been
focusing on generating safety-critical scenarios in simula-
tion [1], [6] and controlling attributes for diverse scenario
generation [1].

In this work, we propose a new task: controllable colli-
sion scenario generation. Given a target collision type and
a desired time-to-accident (TTA), the goal is to generate
trajectories that realize the specified collision. Prior work
has primarily focused on adversarial trajectories that force
a crash with the test vehicle. However, they lack explicit
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Fig. 1: Given an initial scenario, users specify condition
inputs including collision type and time-to-accident (TTA).
The framework predicts a Collision Pattern, defined as the
relative configuration between the ego vehicle (green car)
and the attacker (red bounding box) at the collision moment.
This predicted pattern then guides the trajectory planner to
generate a feasible attacker motion (red arrow), resulting
in controllable generated scenarios such as lane change or
LTAP.

controllability over key aspects of the scenario, such as
varying the granularity of collision types or adjusting the
time-to-accident. For example, recent advances [7], [8] can
generate accident-prone scenarios, but these are often limited
to specific accident types, such as rear-end or head-on crashes
(see Fig. 6 in [7]). More recently, conditional generation
with diffusion models [9], [10] has opened new possibilities
for controllable collision scenario generation, yet existing
formulations have not addressed fine-grained controllability.
These gaps motivate our investigation into what it would take
to achieve controllable collision scenario generation.

To this end, we introduce COLLIDE, a large-scale colli-
sion scenario dataset specifically designed for controllable
collision scenario generation. Existing collision scenario
datasets [11]-[17] lack collision-type annotations and do not
provide scenarios with varying time-to-accident (TTA). To
address this, we propose an automatic pipeline that trans-
forms non-collision trajectories from real-world driving logs
into diverse collision scenarios. Specifically, we select target
collision types based on common accident categories defined
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by the U.S. National Highway Traffic Safety Administration
(NHTSA) [18]. For a given ego trajectory, we choose a
timestamp and extract the corresponding ego bounding box
as a reference. An adversarial vehicle is then placed at all
feasible spatial locations. The configuration that satisfies the
definition of the desired collision type (see the bottom of
Fig. 1) is selected. Finally, given the spatial configuration
of the ego and adversarial vehicles and the specified TTA,
we use a quintic polynomial planner to generate a plausible
trajectory. This pipeline enables scalable and controllable
collision scenario generation, supporting systematic evalua-
tion of the corresponding algorithms. This raises a question:
how can we automatically generate collision scenarios given
a collision type and TTA?

We argue that the key to generating collision scenarios
lies in contextualizing collision type. For example, a Lane
Change collision evokes a rough pattern, as illustrated in
the bottom part of Fig. |. A Left-Turn-Across-Path (LTAP)
collision would be a different pattern. Once we have a
rough pattern, we can generate the corresponding plausible
trajectories. We term these patterns as Collision Pattern,
which encodes the relative position, heading, and roles of the
ego and adversarial vehicles at the moment of impact. Rather
than modeling full trajectories, Collision Patterns focuses on
the critical endpoint and offers a compact and interpretable
representation for collision scenario generation.

Our framework is inspired by region proposal net-
works [19] in object detection, where a rough location is first
estimated and then refined. Similarly, we first predict a coarse
collision pattern as an anchor and refine it to determine the
precise spatial configuration. Based on this configuration,
we generate the full adversarial trajectory. This outcome-
driven and coarse-to-fine strategy enables effective genera-
tion, avoiding error accumulation from stepwise prediction
while improving controllability and flexibility.

We conduct experiments on the COLLIDE dataset and
benchmark conditional trajectory prediction baselines, in-
cluding SGAN [20], MID [10], and STRIVE [7]. Our method
consistently generates collisions that match user-specified
time-to-accident (TTA) and collision types, achieving higher
collision rates and thus more plausible scenarios. We fur-
ther evaluate the generated scenarios on three rule-based
motion planners—IDM [21], a rule-based planner [7], and
PDM [22]—and find that our method induces more planner
failures than C-STRIVE, exposing critical blind spots in
existing planning strategies. To further evaluate the impact of
the generated scenarios, we use them to update AV planners
and found that ours can offer improvement in terms of
collision rate in diverse dangerous scenarios.

Our contributions are summarized as follows:

« We propose controllable collision scenario generation,

a new task designed for comprehensive and systematic
evaluation of autonomous vehicle safety.

o We introduce an automatic data collection pipeline that
accounts for collision types and TTA, enabling bench-
marking of controllable collision scenario generation
algorithms.

o We introduce a compact and interpretable representation
Collision Pattern, which encodes the relative position,
heading, and roles of the ego and adversarial vehicles
at the moment of impact.

o« We demonstrate that our framework can effectively
generate user-specified scenarios, outperforming strong
baselines. Moreover, the generated scenarios reveal lim-
itations in rule-based motion planners and can be used
to improve their robustness.

II. RELATED WORK

Scenario Generation. Existing approaches can be cate-
gorized as data-driven, adversarial, and knowledge-based,
according to [1]. Data-driven methods [23]-[25] extract rare
collision events from large-scale real-world datasets [26], but
such events are sparse and highly imbalanced in terms of
both collision type and urgency (TTA), limiting their value
for training or evaluation. Adversarial methods [7], [8], [27]
perturb agent trajectories within learned traffic dynamics
models [28] to induce failures, but they often bias toward
specific failure modes and lack explicit controllability over
collision semantics. Knowledge-based approaches [17], [29]—
[31] incorporate rule-based priors or pre-defined templates to
guarantee coverage of certain collision types but are not scal-
able, as increasing intra-class variation requires substantial
manual effort and does not generalize efficiently.

Our formulation does not fall into the existing three
categories. Instead, it bridges data-driven realism by
learning the distribution from COLLIDE and knowledge-
based structure via collision pattern supervision. This
formulation directly addresses the limitations of prior work:
by training on synthesized collision trajectories derived
from real-world logs , we mitigate the data scarcity faced
by real-world—only methods; by conditioning on structured
collision patterns and TTA, we enable intra-category
diversity that knowledge-based methods, which rely on
rule-based or heuristic-driven methods, often fail to provide;
and by aligning each generated outcome with collision
types, our design ensures controllability over collision types,
which adversarial optimization approaches like STRIVE [7]
and KING [8] cannot guarantee.

Trajectory Prediction and Traffic Simulation. Since our
task involves generating future agent trajectories under col-
lision constraints, it is most closely related to trajectory
prediction, so we briefly review generative models for traffic
simulation. Early generative models such as Social-GAN
[20] learn from past trajectories of each agent to predict
diverse but plausible future motions. TrafficSim [28] and
BITS [32] utilize map information as additional input to
generate traffic flows. However, these autoregressive predic-
tors typically generate trajectories step by step, which often
leads to error accumulation over longer horizons and makes
it difficult to guarantee precise long-term outcomes such as
specific collision types or TTA. STRIVE [7] builds upon
TrafficSim to generate safety-critical scenarios by optimizing
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TABLE I. Comparison of existing collision-related
datasets. The table lists representative collision datasets
with their primary task, the number of collision cases, and
available attributes.

Dataset Task #Collision Attributes
YouTubeCrash [14] collision prediction 122 X
Street Accident [11]  collision prediction 678 X
Collision [34] collision detection 803 X
VIENA [35] behavior prediction 1200 single behavior
CTA [15] collision reasoning 1935 collision cause
NIDB [12], [13] collision prediction 4595 topology
GTACrash [14] collision prediction 7720 X
RiskBench [17] risk identification 1873 single behavior
HazardVLM [16] hazard description 3860 single behavior
COLLIDE scenario generation 8586 collision type TTA

perturbations in the latent space. More recently, diffusion-
based predictors [9], [10] have demonstrated a stronger abil-
ity to capture the diverse distribution of multi-agent behav-
iors, alleviating the mode-collapse problem often observed
in previous trajectory predictors. CTG++ [33] introduces
language-guided conditional generation via large language
models (LLMs), where users provide prompts to influence
future behavior. However, such natural-language conditions
only guide agent behaviors at a coarse semantic level (e.g.,
intent or style), rather than enforcing precise spatial relations
or collision timing.

Our method instead adopts a back-to-front, coarse-to-fine
generation process: rather than incrementally predicting each
next step, which risks compounding errors and missing the
desired outcome, we first predict the final collision pattern
that encodes the collision type and TTA. The attacker’s full
trajectory is then generated to realize this outcome while
maintaining physical plausibility.

Collision Dataset. Existing real-world datasets such as
YouTubeCrash [14], StreetAccidents [11], and VIENA [35]
have been widely used for training or evaluating models
on accident anticipation or classification tasks. However,
these datasets passively collect crash incidents from traffic
camera footage or dashcams, offering biased coverage and
lacking detailed semantic annotations such as collision types
and time-to-accident (TTA). Some simulation-based datasets,
such as RiskBench [17], SafeBench [31], and Target [36],
offer synthetic crash scenes for wider coverage of rare events,
but they lack semantic labels for collision types, limited to
per-vehicle behaviors rather than structured collision pat-
terns. To bridge this gap, we propose COLLIDE, a struc-
tured dataset derived from real-world logs via an automatic
generation pipeline. It ensures balanced coverage across five
NHTSA-defined collision types and TTA intervals, providing
fine-grained control over scenario attributes. As shown in
Table I, COLLIDE contains 8,586 task-specific collision
cases, enabling scalable training and evaluation compared
to prior datasets. Moreover, COLLIDE is the only dataset
among existing works that supports scenario generation with
explicit collision type control.

III. DATA COLLECTION

This section introduces the definition of collision types, the
data collection methodology, and scenario augmentation. We
construct a dedicated dataset called COLLIDE, providing
large-scale, balanced, and semantically grounded collision
scenarios that are ideal for controllable scenario generation.

A. Collision Types

We adopt five representative collision categories based
on NHTSA [18] statistics, which reflect societal impact
across crash frequency, injury severity, and economic burden.
These include: (1) Junction Crossing (JC), (2) Lane Change,
(3) Opposite Direction, (4) Rear-End, and (5) Left-Turn
Across Path (LTAP). We use the relative heading angle at
the collision point to assign categories: Rear-End (~ 0°),
Lane Change (~20°), Opposite Direction (~ 180°), Junction
Crossing (~ 90°), and LTAP (~ 90°). A 10° tolerance
is applied to account for noise. Since both JC and LTAP
involve a 90° collision angle, we distinguish them by the
relative heading when entering the intersection: JC maintains
orthogonal paths throughout, while LTAP involves a left turn
with vehicles approaching at a 180° difference.

B. Data Collection

Given the scarcity of labeled collision scenarios in existing
real-world datasets, we develop an automatic data collection
pipeline that transforms non-collision scenes collected in
the nuScenes dataset into synthetic collision scenarios. Each
modified scene incorporates our self-defined collision pattern
and preserves physical feasibility.

The original nuScenes scenarios span 20 seconds at 2Hz.
We segment these into 4.5s to 9s clips, and at every 0.5-
second interval, define a target collision point. The ego
vehicle’s bounding box serves as a reference to compute
a collision target for an attacker. For example, in a rear-
end scenario, the attacker must reach a predefined position
behind the ego vehicle at the moment of collision.

A quintic polynomial planner is used to generate smooth
attacker trajectories toward the target location. Candidate
attackers are selected from other vehicles in the same scene
that exhibit continuous motion. If a generated trajectory leads
to infeasibility, such as collisions with other agents or off-
road paths, the scenario is discarded. This ensures that the
resulting dataset exhibits high control over both the collision
type and TTA.

C. Scenario Coverage

To ensure comprehensive coverage of safety-critical cases,
our dataset incorporates multiple sources of variation.
Collision geometry augmentation. To enrich collision di-
versity, we sample collision angles uniformly within the de-
fined margins to generate varied but semantically consistent
scenarios.

TTA augmentation. The time-to-accident (TTA) is defined
as the temporal gap between the current time and the moment
when the ego reaches the collision point. By uniformly sam-
pling such collision points, we obtain TTAs distributed in the
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Fig. 2: The proposed architecture for controllable collision scenario generation. Given structured scene context and
user-specified conditions (collision type and TTA), our model predicts the “collision pattern”, representing the relative
configuration of ego and attacker vehicles (ATT) at the moment of collision. The predicted pattern then guides a motion

planner to produce a feasible attacker trajectory.

range of 4.5s to 9.0s, which balances between short-horizon,
high-risk interactions and longer-horizon, low-urgency cases.
Map diversity. Our dataset covers all four cities in nuScenes,
which provides diverse road structures and driving norms
(e.g., left-hand vs. right-hand driving). This geographical di-
versity naturally enriches the collision scenarios with varied
map topologies, ensuring broader coverage of intersection
layouts, lane geometries, and driving conventions.

IV. METHOD
A. Problem Formulation

We aim to generate controllable collision scenarios condi-
tioned on user-specified attributes, namely the desired colli-
sion type and time-to-accident (TTA). The input to the task
consists of past trajectories of all traffic participants and the
map topology. Each agent trajectory is represented as a se-
quence of positions and headings: st 5. = {(xf,y¢,0¢)}™,
where (z!,y!) denotes the 2D location of agent i at time ¢,
and 6! is its heading angle. Let M denote the map topology.
Given the historical trajectories of N agents {si,,. }¥,
and map M, the goal is to generate an attacker trajectory
SaTms[:tm that collides with the ego vehicle exactly at ¢ = tyya.
The generated trajectory is consistent with the user-specified
collision type Cype and the urgency level determined by
TTA. This formulation emphasizes two key challenges: (1)
localizing where and how the collision occurs, and (2)
realizing a kinematically feasible attacker trajectory that
satisfies the specified conditions.

B. Framework Overview

As illustrated in Fig. 2, rather than directly predicting the
full attacker trajectory, we first predict a collision pattern, a
compact and interpretable representation of the final spatial
configuration of the ego and attacker vehicles at the collision
moment. Specifically, we define the collision pattern as a
4D vector p = (Ax, Ay, Af,a) where (Az, Ay) denotes
the relative position of the attacker with respect to the ego

vehicle, Af denotes their relative heading at impact, and
a indicates the selected attacker. The predicted pattern is
then used as a target for trajectory realization by a quintic
polynomial planner. Three trainable modules, Ego Position
Prediction, Attacker Offset Prediction, and Attacker Selec-
tion, operate on the encoded scene and condition features to
predict the collision pattern.

C. Input Representation

We adopt a VectorNet-based encoder [37] to extract
vectorized features from map topology and agent trajecto-
ries, forming the scene feature Fe.. The user-specified
condition, including collision type (one-hot vector Ciype)
and normalized TTA value, is concatenated with Fepe to
produce the final feature: Fna = [Ficene, Ciype; TTA]. This
final feature serves as the input to all subsequent modules.

D. Collision Pattern Prediction

a) Ego Position Prediction.: We localize the anticipated
collision point of the ego vehicle by framing it as a region
proposal task. Candidate anchors {T;} are sampled along
lane centerlines and classified as positive or negative de-
pending on their proximity to the ground-truth collision point
Tego, gT Within radius 7:

positive,  ||T; — Zegogr|| < 7

label(T;) = {

negative, otherwise.

Each candidate anchor 7; is represented by a feature vector
that includes its own spatial attributes (z,y,6) together
with concatenated local map around 7;. For the top-ranked
candidate, heading and offset regression produce the final ego
bounding box Beg,(trra). The local feature design allows the
model to exploit richer local geometric information for more
reliable ranking.
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TABLE II: Results of controllable collision scenario generation on COLLIDE. Our method achieves the highest collision

rate and similarity across five collision types, outperforming conditional baselines.

Method Metric Lane Change  Opposite Direction Rear End  Junction Crossing LTAP  Average
C-SGAN [20] 20% 20% 18% 9% 0% 14%
C-STRIVE [7] Collision Rate 32% 21% 39% 16% 15% 25%
C-MID [10] 15t 25% 10% 9% 5% 10% 11%
Ours 73% 77 % 84% 81% 90 % 81%
C-SGAN 34% 33% 68% 0% 0% 39%
C-STRIVE Similarit 52% 75% 93% 52% 18% 68%
C-MID y 42% 68% 74% 33% 22% 49%
Ours 62% 90 % 87% 84% 76 % 81%

b) Attacker Offset Prediction.: Given Beg, and Fipg,
the model predicts a relative offset to determine the adver-
sarial bounding box:

Batacker = Bego + (A.’L', Ay, AH)

This ensures controllable geometric relations consistent with
the target collision type.

c) Attacker Selection.: For each candidate agent ¢, its
current state P; is concatenated with Fg,, and scored via an
MLP with softmax. The selected attacker is

4 = arg max MLP([P;, Fgpa)).
K]

E. Trajectory Realization

Given the predicted collision pattern, which specifies the
relative spatial configuration of the ego and attacker at ¢ =
Trra, we employ a quintic polynomial planner to realize a
smooth and kinematically feasible attacker trajectory. The
collision pattern serves as the boundary condition for tra-
jectory generation: the attacker must start from its observed
history s‘f:Tm and reach the configuration By,cer €Xactly at
the designated TTA. Formally, the trajectory is obtained as

a
=P (STMS” Buttackers TTTA) s

where P denotes the polynomial planner. This construction
guarantees physical feasibility while ensuring that the trajec-
tory faithfully realizes the user-specified collision type and
timing.

a
SThise:Tria

V. EXPERIMENTAL RESULTS
A. Baselines and Evaluation Setup

We compare our method with three conditional scenario
generation baselines, C-SGAN, C-MID, and C-STRIVE,
implemented using Social-GAN [20], MID [10], and the
traffic dynamic model of STRIVE [7], respectively. For all
baselines, a one-hot vector of collision type and the normal-
ized time-to-accident (TTA) are concatenated as conditional
inputs to the decoder. To ensure a fair comparison, baselines
are extended to the same prediction horizon by applying
open-loop autoregression: each iteration predicts 4 frames
and appends them to the input sequence for the next step.
Our method uses the same history input to directly predict a
compact collision pattern, the terminal spatial configuration

of the ego and attacker. A quintic polynomial planner then
generates the full attacker trajectory to meet the predicted
pattern at the desired TTA. This difference in generation
strategy (pattern prediction + planner vs. autoregressive roll-
out) is explicitly accounted for in the evaluation by enforcing
the same input horizon and final prediction horizon for all
methods.

We do not compare with script-based or adversarial-based
scenario generation methods, as they rely on pre-defined
attacker scripts or agent-level adversarial optimization within
simulation environments. These approaches are designed to
explore possible crashes but are not directly applicable to
offline driving logs such as COLLIDE, and they do not
provide explicit controllability over collision type or TTA.
Instead, we adapt conditional trajectory prediction models as
baselines, since they naturally operate on logged data and can
be extended to support generation conditioned on collision
attributes.

B. Evaluation Metrics

To evaluate controllable scenario generation, we define
two key metrics:

o Collision Rate: the percentage of modified attacker
trajectories that result in a collision with the ego vehicle.

e Scenario Similarity: the percentage of collisions in
which the relative angle between ego and attacker
matches the desired collision type, within a 10-degree
tolerance.

C. Implementation and Training Details

Three modules, Ego Position Prediction, Attacker Offset
Prediction, and Attacker Selection, are trained jointly in
an end-to-end manner using supervision from ground-truth
collision patterns extracted from COLLIDE. The full training
loss is defined as a weighted sum of the ego position
prediction loss, attacker offset regression loss, and attacker
selection classification loss. We train the network for 1000
epochs using the Adam optimizer with a learning rate of
5 x 107° and a batch size of 128. The overall inference
latency is approximately 0.37 ms per scene on a single GPU,
including both collision pattern prediction and polynomial
trajectory realization.
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Fig. 3: Qualitative comparison of generated scenarios across different collision types. We compare our dataset and model
against C-STRIVE [7], the strongest baseline. Our models demonstrate strong controllability in generating user-specified

collision types.

TABLE III: Ablation study on ego position prediction
module. We evaluate different approaches for predicting the
ego vehicle’s position at the collision moment, comparing
regression-based prediction, target point ranking, and region
proposal.

Displacement Angle Collision

Setting Error (m) Distance (°) Rate Similarity
Regression-based 3.95 16 69% 67%
Target point ranking 2.15 11.4 80% 74%
Region proposal 3.1 10.18 77% 78%

D. Results of Conditional Collision Scenario Generation

Tab. 1T shows that our method consistently achieves higher
collision rates and scenario similarity across all five col-
lision types compared to conditional baselines. The gen-
erated scenarios not only cause more collisions but also
better match the intended collision patterns specified by
time-to-accident (TTA) and collision type. Fig. 3 highlights
common failure cases of the baselines. For instance, in
the Opposite Direction example, C-STRIVE [7] predicts
U-turn behaviors rather than intrusions into the ego lane,
resulting in high deviation from the ground-truth trajectory.
Similarly, in Rear-End scenarios, C-STRIVE [7] fails to
capture overtaking attackers that decelerate sharply in front
of the ego and instead defaults to benign forward-driving
behaviors. In contrast, C-STRIVE [7] performs well in the
common scenario where both vehicles are driving in the

same direction. This limitation arises because C-STRIVE
lacks fine-grained collision type guidance and therefore tends
to overfit to the dominant prevalent, and safer behaviors
in the dataset. By introducing collision patterns as explicit
intermediate targets, our method overcomes this bias and
reliably generates hazardous yet underrepresented events
consistent with the specified collision type and TTA.

E. Ablation Study on Ego Bounding Box Prediction

We investigate three strategies for localizing the ego
collision endpoint, a key step for shaping the collision
pattern. The regression-based approach directly predicts off-
sets in (z,y,0), but often produces imprecise goals. Target
point ranking [38] improves positional accuracy by selecting
among candidate anchors along centerlines, yet may still
misalign with the lane topology. Our region proposal design
further attaches local subgraph features to anchors, empha-
sizing lane-conforming orientations.

Tab. III shows that regression yields the largest errors,
ranking reduces displacement but lacks angular precision,
while region proposals achieve the best similarity to ground-
truth patterns. Since our task prioritizes semantic consistency
of collision patterns over raw collision frequency, we adopt
the region proposal variant in the final framework.

While the target ranking strategy better predicts whether
a collision will occur, the region proposal method more
faithfully captures how the collision happens. Since our goal
is to generate controllable scenarios that match specific types,

18455



TABLE IV: Evaluation of generated scenarios on autonomous vehicle planners. We report collision rates of C-STRIVE
and our method across five collision types, tested on different planners. Higher collision rates indicate stronger effectiveness

in exposing planner failure cases.

Planner Algorithms  lane change  opposite direction rear end junction crossing LTAP  Average
IDM [21] C-STRIVE 17 % 11% 58% 9% 4% 21%
Ours 16% 30% 65% 20% 6% 29%
Rule-based [7] C-STRIVE 23% 24% 40% 13% 23% 25%
Ours 31% 52% 18% 28% 22% 30%
C-STRIVE 12% 12% 67% 11% 11% 24%
PDM [22] Ours 19% 37% 76% 18% 9%  39%

we prioritize semantic consistency and pattern fidelity over
mere collision frequency. Therefore, we adopt the region
proposal variant in our final model.

F. Planner Evaluation under Safety-Critical Scenarios

To assess the practical impact of our generated scenarios,
we evaluate three planners: IDM [21], the STRIVE [7] rule-
based planner, and the PDM [22] planner from the nuPlan
2023 planning challenge, under scenarios generated by our
method and C-STRIVE. As shown in Tab. IV, our scenarios
consistently lead to higher collision rates across all scenario
types and planners.

Both the IDM and STRIVE rule-based planners rely on the
original ego trajectory as a reference path. The IDM planner
treats the attacker as a lead vehicle and follows a conservative
car-following policy, often resulting in early braking and thus
lower collision rates. In contrast, the STRIVE rule-based
planner applies a simple brake—accelerate rule to slightly
adjust the replayed speed, producing behavior more similar
to the original collision scenario. The PDM planner uses
the lane centerline as a reference path, generates candidate
maneuvers in both lateral and longitudinal directions, and
evaluates them using an internal scoring function. To assess
potential collisions, it simulates the future motion of sur-
rounding vehicles under the assumption that each continues
with its current velocity rather than relying on learned
trajectory predictors. This uncertainty in reasoning about the
front agent leads to a higher collision rate.

The results confirm that our method produces more ad-
versarial scenarios, capable of consistently triggering planner
failures even under motion planning setups.

G. Improving Planner with Generated Scenarios

Planner optimization process. To demonstrate the utility
of our generated collision scenarios, we conduct parameter
optimization of the PDM planner [22] via grid search under
both C-STRIVE-generated scenarios and those from our
method (Tab. V). The planner constructs candidate trajecto-
ries by laterally shifting the centerline reference path of the
ego vehicle to simulate evasive maneuvers and combining
each shifted path with different velocity scales to simulate
varying levels of deceleration. Each candidate trajectory is
evaluated with the IDM policy, and the best one is selected

TABLE V: Parameter tuning results on planners. We tune
the policy parameters of PDM to evaluate collision rate using
scenarios generated by different methods.

Parameter LC OD RE JC LTAP
Default 81% 434 % 72.6% 14.9% 27.8%
C-STRIVE’s 87 % 394 % 70.3% 12.9% 20.9%
Ours 87% 400 % 70.4% 125% 20.8%

according to a scoring function. We tune both IDM parame-
ters (e.g., minimum desired distance, maximum acceleration)
and the scoring weights (e.g., progress and timing weights).

Results. C-STRIVE tends to yield overly aggressive at-
tacker behaviors, often leading to collisions earlier than the
specified TTA. This drives the PDM planner to favor more
frequent lane changes, which is advantageous in scenar-
ios such as Opposite Direction (OD) and Rear-End (RE),
where collision avoidance is only feasible through lateral
maneuvers. These results highlight that different scenario
generation methods expose different planner failure modes,
underscoring the need for a broader and more controllable
set of testing scenarios to comprehensively assess planner
robustness and generalization. Qualitative visualizations of
planner behavior after fine-tuning with the generated scenar-
ios are provided in the project webpage.

VI. CONCLUSION AND FUTURE WORKS

We present controllable collision scenario generation as a
new task for systematic AV safety evaluation. To this end,
we build COLLIDE, the first dataset with balanced coverage
of collision types and time-to-accident (TTA). We further
introduce the concept of Collision Pattern and design a
region-proposal-inspired framework that enables fine-grained
control over collision outcomes. Experiments show that our
method outperforms strong baselines in controllability and
plausibility, while also revealing planner limitations and
improving their robustness.
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