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Abstract— Evaluating the safety of autonomous vehicles
requires simulation of safety-critical scenarios such as po-
tential collisions, which are difficult to reproduce in real-
world environments. Prior methods rely on future trajectory
predictions and heuristically select adversarial agents based on
spatial proximity to the ego vehicle, often producing unrealistic
scenarios that misalign with real-world temporal dynamics and
contextual risk. To address these issues, we propose CRASH, the
first learning-based adversarial agent selection approach that
operates solely on past and present observations. It comprises
two key components: (1) a Motion-Aware Masking (MAM)
module that filters out static agents unlikely to collide with
the ego vehicle due to negligible movement, and (2) an Adver-
sarial agent Selection Module (ASM) that models contextual
interactions to probabilistically estimate each agent’s likelihood
of inducing a collision with the ego vehicle. Experiments on
the nuScenes and Waymo datasets demonstrate that CRASH
significantly improves the success rate of generating realistic
collision scenarios under both replay and rule-based planners,
validating the effectiveness of context-aware agent modeling
without access to future information.

I. INTRODUCTION

Ensuring the safety of autonomous vehicles necessitates
rigorous assessment of their responses under safety-critical
scenarios such as potential collisions. However, such haz-
ardous events occur rarely in real-world driving and are
difficult to reproduce due to ethical and safety constraints.
Consequently, simulation-based frameworks have become
crucial for systematically assessing the reliability and robust-
ness of autonomous systems. Simulations enable controlled
and repeatable generation of critical events, allowing for
precise quantitative analysis of autonomous vehicle behavior,
particularly collision avoidance performance.

Recently, several model-based approaches [1], [2], [3]
have been proposed to automatically generate safety-critical
scenarios for autonomous vehicles. As illustrated in Fig. 1
(a), these methods typically identify adversarial agents that
are likely to induce a collision by forecasting the future
trajectories of all non-ego agents and selecting those in close
proximity to the ego vehicle that refers to the autonomous
vehicle under evaluation. Although intuitive, such designs
face two fundamental limitations.

First, relying on full future trajectories deviates from real-
istic driving conditions, where such long-horizon predictions
are infeasible. In practice, drivers and autonomous systems
make decisions based on short-term observations rather than
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(a) distance-based selection (b) context-aware selection

Fig. 1: Conventional distance-based adversarial agent
selection [1], [2] and our context-aware selection method.
(a) Distance-based selection designates the adversarial agent
based on future proximity, which often results in the selection
of static agents unlikely to collide with the ego vehicle.
(b) Ours identifies the adversarial agent by probabilistically
estimating collision likelihoods of non-ego vehicles based
on their past and present interactions with the ego vehicle,
thereby better reflecting real-world driving constraints.

long-horizon predictions. Accessing precise future informa-
tion several seconds in advance is not only unrealistic but
also unnecessary. Adversarial agent selection grounded in
past and current motion and interaction is therefore more
consistent with real-world assumptions and, as shown in our
experiments, results in higher collision success rates and im-
proved scenario realism. Furthermore, the future trajectories
used in prior methods are typically predicted under normal,
collision-free driving conditions that are not designed with
adversarial intents. Attempting to induce collisions based on
these trajectories often leads to implausible scenarios and
reduces the effectiveness of realistic scenario generation.

Second, spatial proximity is an inadequate proxy for
identifying truly threatening agents as it fails to capture
critical contextual cues such as relative velocity, heading,
and interaction dynamics. Heuristic strategies that always
select the closest agent to the ego vehicle may overlook
agents posing higher risks. For instance, Rempe et al. [1],
which heuristically chooses the nearest agent and optimizes
its trajectory, restricts adversarial scenario generation to a
predetermined agent, thereby missing genuinely threatening
agents and leading to less realistic scenarios.

To address these limitations, we introduce CRASH
(Context-aware Recognition of Agents for Simulation of
High-risk driving), a novel framework that formulates ad-
versarial agent selection as a learnable task based on past
and current observations. CRASH jointly optimizes agent
selection and scenario generation through a unified, task-
coupled loss. It is composed of two key components. First,
a Motion-Aware Masking (MAM) module filters out static,
non-threatening agents (e.g. parked vehicles) by excluding
those with negligible recent motion and low likelihood
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of colliding with the ego vehicle. Second, an Adversarial
agent Selection Module (ASM) probabilistically estimates
the threat levels of non-ego agents by modeling their past and
present interactions with the ego vehicle using a lightweight
attention mechanism over spatio-temporal features. As il-
lustrated in Fig. 1(b), this context-aware selection enables
CRASH to generate realistic, diverse, and high-risk scenarios
aligned with real-world driving behaviors.

Experimental results on the nuScenes and Waymo
datasets [4], [5] demonstrate that CRASH significantly im-
proves the success rate of critical scenario generation com-
pared to prior methods [2], [1], [3] under both replay and
rule-based planners. This highlights the value of context-
aware agent modeling based on past and present contex-
tual information. Our learnable framework is the first to
achieve competitive performance without access to future
trajectories, better aligning with the temporal and contextual
constraints of real-world driving.

Our contributions are summarized as follows: (1) We
introduce CRASH, the first learnable framework that jointly
optimizes adversarial agent selection and scenario generation
based solely on past and present observations through a
unified, task-coupled loss. (2) We propose the Motion-Aware
Masking (MAM) to exclude static, non-threatening agents
from consideration and the Adversarial agent Selection Mod-
ule (ASM) that probabilistically estimates the threat level
of each agent by modeling temporal interactions with the
ego vehicle. (3) We demonstrate the effectiveness of our
method on the nuScenes and Waymo datasets, demonstrating
consistent improvements in critical scenario generation under
both replay and rule-based planners.

II. RELATED WORK
A. Traffic Simulation.

Traffic simulation is essential for evaluating autonomous
driving systems, as it enables evaluation across diverse
scenarios that are difficult to reproduce in the real world.
Existing approaches can be broadly categorized into heuris-
tic and learning-based methods. Heuristic models such
as IDM [6] specify explicit behavioral rules, but often
fail to capture the complexity of real-world interactions.
Learning-based approaches, in contrast, leverage real tra-
jectory data to better imitate realistic traffic behaviors. Su-
pervised approaches such as MultiPath [7], MultiPath++[8],
Wayformer[9], SceneTransformer [10], and DenseTNT [11]
model multimodal trajectories, each employing different
strategies for goal or anchor selection. Generative approaches
instead capture uncertainty to synthesize diverse scenarios,
with TrafficSim [12] adopting a VAE framework and con-
ditional VAE methods [13], [14] improving realism through
probabilistic modeling. Recently, diffusion models originally
developed for image synthesis [15], [16], [17], [18] have
been adapted for traffic simulation and planning [19], [20],
[21], [22], [23]. However, most existing work emphasizes
common driving scenarios, leaving safety-critical long-tail
events underexplored. These long-tail events are crucial
to revealing vulnerabilities in autonomous driving systems,

emphasizing the necessity for targeted simulation techniques
to generate these scenarios.

B. Safety-Critical Traffic Simulation.

Generating safety-critical traffic scenarios has emerged as
an important direction for exposing vulnerabilities in au-
tonomous driving planners. Gradient-based methods leverage
differentiable or kinematic dynamics to generate adversarial
scenarios [24], [25], while black-box approaches perturb
actions or trajectories to induce prediction errors [26], [27],
[28]. Recent generative approaches employ VAEs [1], nor-
malizing flows, GANs, and diffusion models [2], [3] to
synthesize safety-critical events, with STRIVE [1] optimiz-
ing the latent space of a conditional VAE and diffusion-
based methods incorporating adversarial objectives into the
denoising process. Despite these advances, reliably gen-
erating planner-sensitive safety-critical scenarios remains
challenging. We address this by introducing a VAE-based
framework that enables end-to-end learning of safety-critical
scenarios. Our method directly optimizes the latent space
conditioned on planner feedback, improving the success rate
of generating collision-inducing scenarios while maintaining
realism and feasibility.

III. PROBLEM FORMULATION
We consider a simulation comprising of N interactive

traffic agents to evaluate the safety of autonomous driving
planners. CRASH aims to generate safety-critical traffic
scenarios that are rarely observed and difficult to inten-
tionally collect in real-world driving environments. These
scenarios impose stress conditions, enabling an evaluation of
the planner’s robustness under critical situations. We denote
the state sequence of all N agents within a scenario as Y =
{Y;}X,. The state of agent i at timestep ¢ is characterized by
Y = [z, yl, hat, hyt, v, wt], which covers the 2D position
q! = (z',y"), the heading vector h} = (hx!, hy!), the speed
v, and the yaw rate w!. The timestep is divided into a
historical timestep range T}, € [1,t,] and a future timestep
range Ty € [t, + 1,ty].

We model the N —1 non-ego agents to exhibit realistic and
responsive behaviors, emulating real-world traffic dynamics
in interaction with the ego vehicle. The future trajectory of
the ego vehicle is predicted by a black-box planner condi-
tioned on the historical trajectories of surrounding agents.
Since the internal mechanisms of the planner are assumed
to be inaccessible, no gradients or internal states can be
observed or utilized. Consequently, CRASH cannot directly
influence the ego agent, and adversarial interactions are
restricted to non-ego agents. This assumption is consistent
with prior methods [1], [2], [3], [25], which similarly treat
the ego as a black-box planner and manipulate only non-
ego agents with meaningful motions. The non-ego agents
are represented through a reactive model f, which is initial-
ized using a sequence of real-world data. The initialization
process [1] produces latent vectors zin, which are used as
regularization to maintain realistic driving behavior during
scenario generation. The model f consists of a scene context
encoder that processes the HD map M and historical trajec-
tories Y7, followed by a state decoder d. The state decoder
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Fig. 2: Overview of the CRASH framework.The input scene comprises historical states and an HD map, which are encoded
separately by hs and h,,,. The extracted features are processed by a GNN g to produce latent representations for each agent.
A motion-aware masking strategy filters out static agents, and the Adversarial agent Selection Module (ASM) learns to
identify agents with high collision potential. The selected adversarial agents and the remaining non-adversarial agents are
then passed to a trajectory generation module, which jointly learns to produce collision-inducing and plausible collision-free

trajectories, respectively.

d, following [1], operates auto-regressively. At each timestep
t, it performs one round of message passing to model inter-
agent interactions and then predicts the next position for each
agent.

IV. ADAPTIVE ADVERSARIAL AGENT SELECTION.

A. Motivation and Overview

Recent methods [1], [2], [3] generate safety-critical scenar-
ios by selecting one or a few non-ego agents as adversarial
and optimizing their future trajectories to induce collisions
with the planner-controlled ego vehicle. To maintain the
framework planner-agnostic, these approaches restrict adver-
sarial control to non-ego agents only, and typically rely on
future trajectory prediction and apply heuristic rules, such as
choosing the agents with a minimum distance to the future
trajectory of the ego agent. However, this strategy presents
two key limitations. First, it assumes access to full future
trajectories of all agents, which is unrealistic in real-world
settings, and long-horizon trajectory prediction is inherently
uncertain and unreliable [29]. Second, spatial proximity
offers a limited view of collision risk, as it ignores cues
such as relative speed, heading, and interaction dynamics.
The heuristic selection strategy that designates the nearest
agent as adversarial can easily overlook agents with higher
threat potential.

Our approach, CRASH, addresses the limitations of prior
works by introducing a two-step scenario generation pro-
cess. In Step 1, Motion-Aware Masking (MAM) filters
collision-prone non-ego agents using only historical trajec-
tories (Sec. IV-C). A learning-based Adversarial Selection
Module (ASM) then adaptively selects adversarial agents
from this masked set, moving beyond static, heuristic dis-
tance thresholds (Sec. IV-D). In Step 2, the trajectories
of the selected adversarial agents are optimized to induce
collisions with the ego, while the remaining agents follow
plausible, collision-free behaviors (Sec. IV-E). To the best
of our knowledge, CRASH is the first learnable framework

that explicitly focuses on adversarial agent selection, while
jointly optimizing both selection and scenario generation
through a unified, task-coupled loss. This joint design tightly
couples which non-ego agents are chosen with how their
trajectories are generated, enabling realistic, safety-critical
scenarios that more effectively reveal planner weaknesses.
The overall architecture of CRASH is shown in Fig. 2.

B. Scene Context Encoding

Given the vectorized historical states Y7 of agents and
the cropped map M, we first encode each modality sep-
arately to preserve modality-specific structure. Since these
initial representations are often sparse and suboptimal for
fusion, we employ MLP-Mixer networks [30] to obtain
richer, information-dense embeddings. Specifically, the map
M is processed via an MLP-Mixer encoder h,, to extract
dense map features, while the historical agent states Yo
are encoded using another MLP-Mixer h. The resulting
embeddings are then passed into a Graph Neural Network
(GNN) gp [1] to model intra-scene interactions. This encod-
ing process is formally written as:

Fm:hm(M>7 Fs:hs(YTp)a Z:ge(FsyFm)7 (1)

where F,, and F; indicate the features extracted from the
map and historical trajectories, respectively. The latent em-
beddings Z € RV*P consists of Z.4, € R'*P of a single
ego agent and Zygens € RW=UXD of N—1 non-ego agents,
where D is the feature dimension.

C. Motion-Aware Masking (MAM)

In real-world traffic, agents that remain stationary over
sustained durations, e.g. parked vehicles, pose minimal col-
lision risk to the ego vehicle. Including such agents during
training introduces noise and dilutes the effectiveness of
adversarial scenario generation. To encourage the model to
prioritize high-risk interactions during training, we propose
a Motion-Aware Masking (MAM) strategy that explicitly
filters out non-ego agents with negligible motion. This design
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follows from the black-box assumption of the ego planner,
which restricts adversarial interactions to non-ego agents. For
each non-ego agent 7, we define a motion-aware mask M; by
computing an average motion d; over the past T}, timesteps

as:
1y
dZ_T ZHqi q; ||2’
P =1

where ¢! € R? denotes 2D position of agent i at timestep ¢,
d is a predefined threshold for motion distance, and I(-) is an
indicator function. The binary motion mask M € R(V-1)x1
is then applied to filter out collision-free agents, generating
the masked latent feature Zyam:

ZMAM =MOo Zagent ) (3)

where © denotes element-wise multiplication. This masked
feature Zyam represents only non-ego agents exhibiting
meaningful motion and is subsequently passed to the ASM.
By excluding collision-free agents early in the pipeline,
MAM ensures that the model prioritizes interactions with
agents that pose a genuine threat, leading to more targeted
and effective critical scenario generation.

D. Adversarial-agent Selection Module (ASM)

The ASM is designed to identify the most contextually
threatening agent to the ego vehicle, based solely on past and
present observations. It consists of two key components: (1)
quantifying the relative interaction impact of each candidate
agent on the ego vehicle, and (2) estimating the probability
that each candidate agent induces a collision. To effectively
capture interactions between the ego agent and the set of
motion-filtered non-ego agents, we employ a cross-attention
mechanism [31] between the two embeddings Z,, € RIxD
and Zyam € RW=D*D_ Specifically, the ego agent em-
beddings Z,, serve as the query, attending over the keys
and values from the non-ego agent embeddings Zyiam. The
influence of collision-prone agents on the ego is formulated
using attention scores, conditioned on historical context:

T
«a = Softmax <Zeg°\/§MAM> ZMAM » 4)
where @ € RN=Dx*D encodes interaction-aware repre-
sentations of non-ego agents, modulated by their collision
relevance to the ego vehicle. The attention representation « is
passed through a lightweight decoder, denoted as AdvHead.
It produces a probability distribution P € RV~1 over the
non-ego agents, which represents the likelihood of non-ego
agents being selected as an adversarial agent to collide with
the ego agent:

P = AdvHead(a),

M; =1(d; >6), (2

PeRN-L. ®)

The non-ego agent with the highest probability is selected
as the adversarial agent at the current step in the scenario.

This probabilistic approach enables the model to flexibly
reason about contextual threat, in contrast to conventional
deterministic approaches [1], [2], [25] based solely on spatial
proximity. Moreover, ASM is fully differentiable, allowing
end-to-end training of adversarial agent selection and subse-
quential trajectory generation within a unified framework. By

leveraging attention-based interaction modeling and learn-
able threat inference, ASM facilitates the generation of more
realistic and high-fidelity critical scenarios.

E. Collide with Planner

CRASH is designed to achieve two primary goals: to
adaptively identify the most threatening agent using past
and present context, and to generate its future trajectory to
induce a collision with the ego agent. To jointly optimize
these objectives, we introduce a unified loss that couples
the adversarial agent selection with trajectory generation.
The task-coupled loss encourages the selected adversar-
ial agent, identified with high collision probability, to ex-
hibit collision-inducing behaviors, while constraining non-
adversarial agents to maintain realistic and safe trajectories.
Based on the adversarial agent selection probability P, we
define the adversarlal collision loss Ladv as

ty
Lay = sz Z ‘Y;t egoH Z H adv 8g0H
i=1  t=t,+1 t=t,+1
adv = argmaxp; . (6)
3

The first term is a soft objective, where the proximity
of each non-ego agent to the ego agent is weighted by its
adversarial agent selection probability p; fori =1,..., N—1,
probabilistically encouraging adversarial behaviors. The sec-
ond term is a hard objective that explicitly enforces collision
between the ego agent and the most probable adversarial
agent. Additionally, to ensure that non-ego agents not se-
lected as adversaries continue to exhibit plausible driving
behaviors, we introduce a regularization loss Ly, following
[1], combined with our proposed weight p;:

N—1

1
Leg=—%—7 ;(1 —pi) logge(zi | Y1, M)
| N-1 )
TN Zl(l pi) [z =27, D)
where 2" is the latent embedding from the initialization

phase. The first term encourages the latent distribution to
stay consistent with realistic behavior, while the second term
penalizes deviations from the initial latent zi". The total
objective is given by:

L = Lagy + Lreg . 3
This formulation enables joint optimization of both ad-
versarial agent selection and trajectory generation. Our key
modification lies in the use of adversarial agent selection
probability P in the loss functions. The prior methods [1],
[2] using distance-based weights in (6) and (7) introduce a
critical limitation: when non-adversarial agents are spatially
close to the ego agent, the distance-based weighting encour-
ages them to unintentionally stay closer to the ego agent,
deviating from realistic driving behaviors. In contrast, by
using the adversarial agent selection probability P, the pro-
posed method ensures that non-adversarial agents with low p;
are strongly regularized to maintain realistic behaviors, while
adversarial agents with high p; effectively induce collision
behaviors. Qualitative results are presented in Sec. V-E.
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TABLE 1. EVALUATION OF GENERATED SAFETY-
CRITICAL SCENARIOS. WE COMPARE STRIVE [1],
DIFFSCENE [3], SAFE-SIM [2], AND OUR METHOD.

Planner Method Collision Other Offroad | Adv Offroad Kinematic
(%) (%) | (%) | Value (m/s)
Replay STRIVE 43.7 2.8 10.8 4.47
‘ Ours 65.4 (+21.7%) 1.5 4.3 6.46
STRIVE 36.4 2.2 11.4 5.52
DiffScene 18.2 11.4 9.0 16.4
Rule-based | g, sim 432 18 114 -0.12
Ours 64.8 (+21.6%) 1.4 10.5 8.01

TABLE II: EVALUATION OF SCENARIO DIFFICULTY AND
FEASIBILITY. WE COMPARE STRIVE AND OUR METHOD
UNDER RULE-BASED PLANNERS BY MEASURING SOLU-
TION RATES AND PLANNER TRAJECTORY STATISTICS.

Planner | Method | Solution Rate (%) 1 | Accel (%) 1 | Coll Vel (%) 1
Rule-based | STRIVE 86.8 17.18 13.80
Ours 87.9 (+1.1%) 4479 65.09

V. EXPERIMENTS
A. Experimental Setup

Dataset. We conducted experiments using nuScenes [4], a
large-scale real-world driving dataset containing 5.5 hours
of data collected across two cities. The dataset consists of
20s traffic clips annotated at 2 Hz. The model was trained
on the official training split and evaluated on the validation
split, following the official data configuration of the nuScenes
prediction challenge.

Baselines and Planners. We compared our approach against
three baselines: STRIVE [1], DiffScene [3] and Safe-Sim [2].
These methods are recognized for their ability to generate
safety-critical scenarios using generative models. Scenario
generation was evaluated under two different planners used in
prior work [1]: the Replay planner, which replays the ground-
truth ego trajectory from nuScenes in an open-loop setting
without re-planning, and the Rule-based planner, which en-
ables a closed-loop setting by reacting to surrounding agents
and re-planning at 5 Hz.

Evaluation Metrics. Our evaluation is based on several key
metrics: the success rate of collision scenario generation
between the ego and adversarial agents (“Collision”), the
off-road rate of other agents (“Other Offroad”), the off-
road rate of the adversarial agent (“Adv Offroad”), and the
relative collision speed between the ego and adversarial agent
(“Kinematic Value”).

Implementation Details. Adversarial scenario optimization
was implemented in PyTorch [32] using the ADAM [33]
optimizer with a learning rate of 0.05. Following the setup
of [1], we optimized for 300 iterations under the replay
planner and 200 iterations under the rule-based planner,
respectively. A threshold value of § = 10~* was used
to mask static agents with negligible motion in (2). All
experiments were conducted on a single NVIDIA RTX 3090
GPU with a batch size of 1.

B. Evaluation on Safety-Critical Scenario Generation

Our primary goal is to generate realistic, safety-critical
scenarios that involve meaningful collisions, while preserv-

ing naturalistic behavior of non-ego agents. As shown in
Tab. I, our method achieves the highest performance in
terms of generating safety-critical scenarios compared to the
baselines. Additionally, CRASH demonstrates that non-ego
agents remain on the road, maintaining realistic driving be-
havior. This indicates that CRASH not only excels in creating
challenging scenarios but also preserves realism, which is
crucial for practical safety evaluations. The primary purpose
of generating safety-critical scenarios is to provide non-
trivial yet solvable situations, offering meaningful evaluation
scenarios for planner assessment. CRASH effectively gener-
ates realistic collision scenarios while maintaining plausible
non-ego agent behavior, demonstrating its robustness and
applicability for safety validation in autonomous driving.

C. Evaluation of Scenario Difficulty and Solvability

To effectively evaluate the safety of autonomous vehicles,
it is crucial that safety-critical scenarios are both challenging
and solvable for planners. Scenarios that merely induce
collisions without providing a solution lack practical utility
in simulation. To quantitatively evaluate this aspect, we
conducted experiments using the nuScenes dataset with Rule-
based planners. To evaluate how challenging the scenarios
are for planners, we measured two key metrics: acceleration
and collision velocity, both quantifying the degree to which
the planner changes its behavior to avoid collisions. Accel-
eration indicates how abruptly the planner must maneuver,
with higher values representing more challenging scenarios
for the planner. Collision velocity measures the relative speed
between the planner and adversarial agent at the point of
collision, where higher values indicate more severe and
challenging collision scenarios. As shown in Tab. II, CRASH
generates scenarios challenging enough to induce substan-
tial behavioral changes in planners, achieving increases of
27.61% and 51.29% in acceleration and collision velocity,
respectively, compared to the STRIVE baseline [1]. To assess
the feasibility of the scenarios, we measure the solution
rate. The solution rate represents the proportion of collision
scenarios in which the planner successfully finds a solution,
with higher values indicating more useful scenarios. Tab. II
demonstrates that CRASH outperforms STRIVE in terms of
solution rate, achieving 1.1% higher rates. Additionally, we
qualitatively compared the two models in Fig. 3. The two
figures on the left show a scenario generated by STRIVE,
where unrealistic driving behavior causes the planner to fail
to find a solution. In contrast, the two figures on the right
present the scenario generated by CRASH, demonstrating a
difficult yet feasible situation where the planner successfully
finds a solution.

D. Ablation Study on CRASH Components

We conducted an ablation study to evaluate the impact
of each module in our framework: Motion-Aware Masking
(MAM) and Adversarial Agent Selection Module (ASM).
Additionally, we compared our framework with the Distance-
based Selection (DS) method [1] to demonstrate its effec-
tiveness. All experiments were conducted using the closed-
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Fig. 3: Qualitative comparison of adversarial scenarios
using a rule-based planner. The left side shows adver-
sarial scenarios from STRIVE and their planner outcomes,
while the right side shows those from our method. STRIVE
fails due to unrealistic collision-driving cases, whereas our
method generates solvable scenarios, indicated by red arrows.

TABLE III: ABLATION STUDY ON THE CRASH coMm-
PONENTS. WE EVALUATE THE INDIVIDUAL EFFECT OF
DISTANCE-BASED SELECTION (DS), MAM, AND ASM ON
COLLISION METRICS AND NON-ADV STABILITY.

Collision Metrics Non-Adv Stability
DS MAM  ASM Collision (%) T Adv Offroad (%) | Other Offroad (%) |
X v v 64.8 10.5 1.4
X X v 57.2 10.8 1.6
v v X 50.6 11.2 2.1
v X X 36.4 114 2.2

loop rule-based planner. As shown in Tab. III, incorporat-
ing MAM into the conventional distance-based method [1]
effectively filters out static agents with movements below
a predefined threshold, leading to a reduced offroad rate
for adversarial agents (row 3). This suggests that excluding
collision-free agents mitigates unrealistic collision attempts
and suppresses unnatural adversarial behavior. Additionally,
MAM preserves stable offroad behavior for non-adversarial
agents, contributing to the overall simulation stability. Al-
though MAM combined with DS [1] enhances trajectory
stability (as observed in rows 3 and 4), it yields limited
effectiveness in generating collision-inducing behaviors. In
contrast, ASM exploits interactions between the ego and
non-ego agents to identify the most contextually threatening
ones, enabling the successful generation of safety-critical
scenarios (cf. rows 2 and 3). The integration of MAM and
ASM (row 1) produces a synergistic effect, improving both
trajectory stability and collision success rates. MAM filters
out non-threatening agents, stabilizing the trajectory, while
ASM focuses on selecting the most threatening agents based
on contextual cues. Together, they enable more realistic and
effective scenario generation.

E. Qualitative Analysis of Safety-Critical Scenarios

Fig. 4 provides a qualitative comparison between
STRIVE [1] and our proposed method. For each case, we
visualize the ego vehicle, the selected adversarial agent,
and surrounding non-adversarial agents, along with their
predicted trajectories.

In Fig. 4 (a), both methods select the same adversar-
ial agent in nearly identical positions. However, only our
method successfully induces a collision. This difference
can be attributed to how the decoder of each method is
trained to generate non-ego agent trajectories. STRIVE is
trained with an emphasis on future proximity between the

In 1 STRIVE Ours
(a) e ST Cmseas i — = =
e ] B P =T I
O ws s o T
[Anaelr ARl Janini]

Future Time (t)

l:l Ego - Adv l:l Non-Adv
Fig. 4: Qualitative comparison between STRIVE and our
method using a rule-based planner. (a) Scenario where
both methods select the same adversarial agent. (b) Scenario
where the two methods select different adversarial agents.

adversarial agent and the ego agent, which may encourage
the agent to approach the ego without necessarily producing
a collision. In contrast, our method is trained based on past
and current interaction context between the ego and non-ego
agents, enabling the decoder to generate trajectories where
the selected agent is more likely to intersect with the ego’s
path or follow a more threatening route. As a result, the same
adversarial agent exhibits qualitatively different behaviors
under each method, leading to divergent collision outcomes.

In Fig. 4 (b), the two methods select different adversarial
agents. STRIVE chooses a stationary vehicle based solely
on its future proximity to the ego, which fails to produce
a collision due to its lack of motion. In contrast, our
method selects a dynamic agent with stronger interaction
with the ego. This agent follows a trajectory that naturally
intersects with the ego’s path, resulting in a successful and
plausible collision. These results highlight the limitations
of proximity-based selection and the benefits of interaction-
aware modeling in adversarial agent selection. Additionally,
the prior methods that assign regularization and adversarial
loss weights based solely on spatial proximity can inadver-
tently cause non-adversarial agents to move toward the ego.
This limitation is evident in STRIVE’s result, where the
parked vehicle, although not selected as an adversarial agent,
moves unnaturally, deviating from typical driving behavior.
In contrast, our method accurately identifies an adversarial
agent, maintaining realistic behavior while effectively induc-
ing collision scenarios. This illustrates the effectiveness of
the proposed ASM and probability-based loss weighting in
producing plausible, safety-critical interactions.

F. Simulation Video
Simulation videos are available at the Project Page.
VI. CONCLUSION

We introduced CRASH, a context-aware framework for
safety-critical scenario generation that selects adversarial
agents based on past and present observations. By combining
motion-aware masking and probabilistic selection, CRASH
overcomes limitations of distance-based methods and avoids
reliance on future trajectories. Experiments on nuScenes
confirm consistent improvements under replay and rule-
based planners, demonstrating its effectiveness in generating
realistic safety-critical scenarios.
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Supplementary Material

VII. IMPLEMENTATION DETAILS

The CRASH model, introduced in Sec B and C of the

main paper, is further elaborated here with a focus on its
main architectural components.
Encoder Network. We employ separate MLP-Mixer net-
works [34] as encoders to embed the 2D HD map M and
the 2D spatial trajectories of historical agent states Y’ into
information-dense representations. In the main paper, the
encoding processes are briefly represented as h,, (M) and
hs(YT#). These encoders iteratively process inputs through
two separate MLP-Mixer networks, each formulated as:

hy(M): Fp =M +MLP,, (M7, ©
Fy, < F,, +MLP,,(F,,),
h(YT#): Fy=Y% + MLP,((Y™*)")T, 10)

F, + F, + MLP,(F,),

After applying multiple MLP mixing layers, we perform
average pooling along the vector dimension to obtain the
final embedding representations F},, Fy € RN*P following
the implementation used in [35].

Graph Neural Network. The encoder takes as input a
fully-connected scene graph, where each node represents the
context feature of an agent. The context feature is constructed
by fusing the past trajectory F and local map information
F,,. The encoder is built upon a Graph Neural Network
(GNN) architecture, modeling node-to-node interactions via
a single round of message passing, following [1]. After
computing all features, they are aggregated into a single
interaction feature e; € R'2?® using max-pooling. Finally,
each node’s context feature and the aggregated interaction
feature e; are processed by a 4-layer MLP-based update
network to produce the agent’s latent vector z;.

States Decoder. The state decoder d operates in an autore-
gressive manner, predicting future states one step at a time,
as proposed in prior work [1]. At each timestep, the input
for each agent is constructed by concatenating the latent
representation Z from the GNN, the previous state Yi-1
and the map feature Frtn_l. At rollout step ¢, this concatenated
input is processed by a 3-layer MLP with a hidden size of
128, resulting in a 64-dimensional feature vector for each
node. Based on this representation, the decoder predicts the
next state Y! using a kinematic bicycle model [36], [37].
The predicted state is then fed into the next decoding step
as input. This process is repeated over the future horizon,
enabling the model to sequentially update agent states in
accordance with the scenario progression.

AdvHead in Adversarial-agent Selection Module (ASM).
Within the ASM, the AdvHead estimates each agent’s threat
level from attention scores. These are processed through an
MLP with non-linear activations and a softmax, yielding
a probability distribution over collision likelihoods. The
probabilities guide adversarial agent selection and weight
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Fig. 5: Additional qualitative comparison between
STRIVE and our method using a rule-based planner.
While both approaches target the same adversarial agent,
STRIVE fails to induce a collision. In contrast, our method
generates a more plausible adversarial behavior that success-
fully leads to a collision, while maintaining realism.

TABLE IV: EXTENDED EVALUATION ON THE WAYMO
DATASET. WE COMPARE STRIVE, CAT, AND CRASH
UNDER REPLAY, IDM, AND RL-BASED PLANNERS.

Method Replay | IDM [6] | RL-based planner [38]
STRIVE [1] 85.0% 85.0% 66.0%
CAT [39] 91.0% 86.0% 69.0%
CRASH 92.4% 87.7% 75.5%

the adversarial loss in (6), enabling generation of physically
plausible collision scenarios.

VIII. EXTENDED EVALUATION

We extended our evaluation to the Waymo Open Motion
Dataset [5] and compared CRASH with STRIVE [1] and
CAT [39] under Replay, IDM [6], and RL-based plan-
ners [38]. As shown in Tab. IV, CRASH consistently
achieves the highest success rates across all settings, con-
firming its robustness and scalability under diverse datasets,
planners, and baselines.

IX. DISCUSSION OF ASM DESIGN

In existing methods, the adversarial agent is selected by
directly relying on distances computed from predicted future
trajectories, making future trajectory distance an explicit and
essential input to the selection process. In contrast, our ASM
outputs a probability distribution over candidate agents based
solely on past and present observations and does not access
any predicted future trajectories during the selection process.
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