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Abstract—Simulation-based testing has become an essential
approach for validating autonomous driving systems. However,
existing scenario generation methods often struggle to efficiently
discover rare safety-critical interactions in high-dimensional
traffic environments and may produce physically implausible
behaviors due to unconstrained or manually designed exploration
strategies. To address these limitations, we propose RISK-SAC,
a risk-driven scenario generation method built upon Soft Actor-
Critic (SAC) to generate diverse and physically realistic safety-
critical driving scenarios. The proposed approach leverages
stochastic exploration and risk-aware learning signals, together
with explicit realism constraints, to guide exploration toward
hazardous yet valid interaction patterns. Extensive experiments
in diverse scenarios within the CARLA simulator demonstrate
that RISK-SAC consistently outperforms representative baselines
in terms of collision discovery efficiency, scenario diversity, and
physical realism. Ablation studies further confirm the effec-
tiveness of the proposed components in improving exploration
efficiency and training stability. These results indicate that RISK-
SAC provides a practical solution for efficient and realistic safety-
critical scenario generation in autonomous driving.

Index Terms—Safety-Critical Scenario Generation, Reinforce-
ment Learning, Autonomous Driving Systems

I. INTRODUCTION

Autonomous driving systems (ADSs) are widely regarded
as a transformative force in future transportation, with the
potential to significantly reduce accidents and improve traffic
efficiency. However, despite rapid technological advances, the
deployment of Level-4 ADS remains hindered by safety and
reliability concerns. Real-world road testing is prohibitively
expensive, time-consuming, and inherently risky, making it
infeasible to rely solely on naturalistic driving to validate
safety [1]. Consequently, scenario-based simulation has be-
come the dominant paradigm for ADS testing, enabling sys-
tematic evaluation under diverse and complex traffic condi-

tions [2], [3]. The effectiveness of this paradigm, however,
critically depends on the ability to generate safety-critical
scenarios. Such scenarios reside in the long tail of the scenario
distribution and rarely occur under random sampling or natu-
ralistic replay, leaving many high-risk behaviors insufficiently
tested [4], [5]. This sparsity fundamentally limits coverage and
slows the discovery of rare but decisive failure cases.

To address this challenge, recent work has explored adver-
sarial and optimization-based scenario generation. Falsifica-
tion and search-based approaches actively optimize scenario
parameters to violate safety specifications [6]. Reinforcement
learning (RL) has further gained attention due to its capability
to interact with the environment and adaptively explore failure-
prone regions. Compared with scripted or offline replay-based
testing, closed-loop and interactive generation allows scenarios
to evolve in response to the behavior of the ego vehicle, which
is critical for exposing adaptive and adversarial failure modes
in multi-agent traffic environments.

Nevertheless, generating realistic safety-critical scenarios
remains a challenge. This difficulty arises because driving risk
emerges from the joint effect of static parameters (e.g., initial
positions, velocities, road layouts, and traffic signals) and
dynamic interactions (e.g., acceleration, braking, and steering).
Existing methods often optimize only one of these aspects
or rely on loosely coupled pipelines, limiting both search
efficiency and interaction realism [7]. Moreover, unconstrained
exploration may exploit simulator artifacts and lead to physi-
cally implausible behaviors.

Furthermore, many existing generators rely on proxy reward
formulations that only partially reflect scenario risk. How-
ever, safety-critical risk is inherently multifaceted, including
proximity to collision, violation of safety specifications, and
hazardous interaction patterns. Explicitly incorporating such



risk signals enables learning to focus on safety-critical regions
of the scenario space rather than indirect reward objectives.
From a learning perspective, targeting high-risk regions further
motivates stochastic policy optimization. Deterministic meth-
ods such as Deep Deterministic Policy Gradient (DDPG) [8]
often suffer from limited exploration and training instability
in interactive traffic environments. In contrast, Soft Actor-
Critic (SAC) [9] introduces entropy regularization to promote
diversified exploration and improved stability, making it well
suited for discovering rare and adversarial interactions.

Motivated by these observations, we propose RISK-SAC, a
risk-driven reinforcement learning approach for safety-critical
scenario generation in simulation. The main contributions of
this work are threefold:

« We design an online generation method that jointly op-
timizes static scenario configurations and dynamic inter-
actions, enabling efficient discovery of long-tail safety-
critical scenarios in continuous driving environments.

« We incorporate formal safety specifications into the learn-
ing loop through robustness-aware feedback and combine
them with realism regularization, allowing the generation
process to explicitly target meaningful safety-critical be-
haviors while avoiding physically implausible solutions.

« We introduce robustness-guided reward shaping and risk-
prioritized experience replay to improve exploration ef-
ficiency and training stability, resulting in faster conver-
gence and improved scenario diversity while preserving
physical realism compared with representative baselines.

II. BACKGROUND
A. Operational Design Domain

The Operational Design Domain (ODD) defines the oper-
ational conditions under which an autonomous driving sys-
tem is expected to function [10]. According to ISO 34503,
ODD can be structured into scenario elements, environmental
conditions, and dynamic elements. ODD plays a central role
in scenario-based safety testing by constraining the scenario
space and specifying valid operating conditions. Previous stud-
ies have investigated ODD from different perspectives, includ-
ing safety-oriented specification [11], task-driven boundary
refinement [12], and data-driven ODD determination based on
statistical risk tolerance [13]. In this work, we leverage ODD
to formalize scenario constraints, which are further translated
into temporal logic specifications for online monitoring and
risk evaluation during scenario generation.

B. STL Robustness and Online Monitoring

Signal Temporal Logic (STL) is widely used to formally
specify temporal safety requirements in cyber-physical sys-
tems (CPS), including autonomous driving systems. Beyond
Boolean satisfaction, STL robustness provides a continuous
measure that quantifies the degree of specification satisfaction
or violation, enabling fine-grained assessment of safety mar-
gins and early detection of dangerous behaviors. In particular,
lower robustness values indicate higher risk.

Compared with offline verification, online STL monitoring
supports real-time evaluation of partial execution traces and
provides timely feedback in dynamic environments. Previous
work has demonstrated the effectiveness of robustness-based
monitoring for runtime verification and control in CPS [14]-
[17]. In this work, we integrate an online STL monitor [18]
into the scenario generation process and use robustness values
as risk-aware feedback to guide exploration toward safety-
critical and near-failure interactions.

C. Reinforcement Learning for Continuous Control

Deep reinforcement learning has been widely applied to
continuous control problems, with actor—critic methods such
as DDPG and SAC serving as representative approaches [19].
While DDPG adopts deterministic policies, SAC introduces
entropy regularization to enable stochastic policy optimization,
improving exploration robustness and training stability in
complex interactive environments [20]. These properties make
SAC well suited for scenario generation tasks that require
discovering diverse and rare interaction patterns. Standard
RL, however, does not explicitly consider safety or realism
constraints. To address this limitation, constrained RL based
on the Constrained Markov Decision Process (CMDP) frame-
work has been widely studied, where Lagrangian relaxation
is commonly used to incorporate auxiliary constraints into
policy optimization [21], [22]. In complex multi-agent settings,
balancing constraint satisfaction and exploration efficiency
remains a practical challenge. Motivated by these observations,
we build upon SAC and integrate risk-aware guidance together
with realism constraints to support efficient, diverse, and
physically plausible safety-critical scenario generation.
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Fig. 1: Overview of RISK-SAC implementation.

III. METHODOLOGY
A. Framework Overview

As shown in Fig. 1, RISK-SAC adopts a two-stage gen-
eration pipeline. Bayesian optimization is first employed to
explore the static scenario parameter space and identify high-
risk initial configurations, while SAC subsequently generates
continuous control actions to drive dynamic interactions. To



preserve physical feasibility and semantic validity, realism
constraints are embedded into the simulation loop. During ex-
ecution, trajectories are evaluated by an STL-based robustness
monitor, and the resulting feedback is incorporated into policy
learning via robustness-guided reward shaping and prioritized
experience replay. By tightly coupling parameter search, policy
optimization, and robustness feedback, RISK-SAC establishes
a closed-loop optimization framework for efficient and diverse
safety-critical scenario generation.

B. Scenario Realism Constraint

RISK-SAC aims to discover safety-critical driving scenarios
by maximizing risk-related rewards. However, unconstrained
risk optimization often leads to physically infeasible behaviors,
such as overlapping initial configurations or instantaneous
collisions, which produce spurious high-risk signals. To ensure
physically plausible scenario generation, we explicitly incor-
porate realism constraints into the learning process.

We formulate scenario generation as a Constrained Markov
Decision Process, where risk discovery is optimized under a
realism constraint:

max E. [ Z Y Ryisk(t, at)} )
t

1)
s.t. E; {Z'ytcreal(st,at)} <d (
t

where R,.;s; denotes the risk-driven reward, including sparse
collision bonuses, dense near-miss risk signals such as time-
to-collision (TTC), and safety margin violation indicators
derived from RSS [23]. ()¢, represents the realism cost, ~y
is the discount factor, and d specifies the upper bound on the
expected cumulative realism cost.

To enable efficient optimization, we apply Lagrangian re-
laxation and derive the following unconstrained objective:

f(m) = Ag(m) 2)

where f(m) denotes the expected cumulative risk reward,
g(m) represents the realism constraint violation and A > 0 is
the Lagrange multiplier that adaptively controls the trade-off
between risk maximization and realism constraint satisfaction.
Accordingly, the penalized reward is defined as:

R(St,at) )\Creal(shat) (3)

maxmin L(m,\) =
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Based on this formulation, the final optimization objective
of RISK-SAC is defined as:

max E. {Z'y

where « is the entropy temperature coefficient controlling the
exploration—exploitation trade-off.

The realism cost is composed of hard feasibility constraints
and soft continuous regularization:

Creal(sta at) = Chard(st7 at) + Csoft(8t7 at) (5)

The hard constraint term C},,,-4 €liminates invalid scenario
configurations at the episode level, such as overlapping agent

(s1,00) — alogn(als)]

initialization and physically implausible initial TTC conditions
that cause instantaneous collisions. The soft constraint term
Csor+ provides realism regularization by penalizing abrupt
control variations, excessive acceleration changes, and sudden
extreme proximity events between agents. Together, these re-
alism constraints enable RISK-SAC to discover diverse safety-
critical scenarios while avoiding degenerate solutions caused
by physically infeasible behaviors.

C. Robustness-Guided Reward Shaping

In safety-critical scenario generation, rare events such as
collisions or specification violations often lead to sparse and
delayed reward signals, which significantly degrade explo-
ration efficiency. To alleviate this issue, we adopt robustness-
guided reward shaping to introduce structured domain knowl-
edge into the learning process and provide denser feedback
for policy optimization. To preserve the optimal policy of
the original CMDP, we follow the potential-based shaping
formulation proposed by Ng et al. [24], which guarantees
policy invariance. The shaping term is defined as:

F(S’ a, S/) = ’V(b(sl) - ¢(8) (6)

where ¢ : S — R denotes a state potential function and -y is
the discount factor of the underlying CMDP.

STL enables principled reward shaping by providing for-
mally grounded robustness semantics [25]-[27]. Let & =
{pi}M, denote the set of STL specifications and p(y;,s)
denote the robustness of state s with respect to specification
;. To capture the overall safety risk while preserving worst-
case sensitivity, we aggregate robustness values using a soft-
min operator:

(D, =——logZexp

where (3 controls the sharpness of the approximation and larger
values yield behavior closer to the minimum operator. We then
define the potential function as ¢(s) = —p(®, s), where lower
aggregated robustness corresponds to higher risk. Accordingly,
the final shaped reward R’'(s:,a:), which is used for policy
training, is constructed as:

R'(s¢,ar) = R(st,ar) + F(st, at, Se41)
= R(st,at) —vp(®, 5¢41) + p(P, 5¢),

where R(s;,a;) denotes the previously defined penalized
reward. The robustness-guided shaping term encourages ex-
ploration toward states with decreasing aggregated robustness,
guiding the agent to safety-critical boundary regions.

— Bp(pi, s)). (7)

®)

D. Robustness-Guided Prioritized Experience Replay

Experience replay improves sample efficiency and stabi-
lizes off-policy learning by reusing past transitions. However,
uniform sampling under-utilizes rare but safety-critical expe-
riences. Prioritized Experience Replay (PER) alleviates this
issue by sampling transitions based on temporal-difference
(TD) errors, focusing training on samples that are more
informative for value learning [28].



Although PER improves learning efficiency, it does not
explicitly prioritize experiences that are most relevant to
safety-critical scenario generation. To address this limitation,
we propose Robustness-Guided Prioritized Experience Replay
(RPER), which integrates risk awareness and formal safety
semantics into the prioritization mechanism. Specifically, the
priority of a replay buffer transition e; is defined as:

pi = wi|0] + w2 Ry + ws(— p(@, s¢)), )

where |d;| denotes the TD error magnitude, Ry represents the
accumulated reward and p(®, s;) denotes the aggregated STL
robustness defined above. Since lower robustness indicates
proximity to specification violations, its negative value assigns
higher priority to safety-critical transitions. The weights w;,
wy, and ws control the relative contributions of learning
progress, risk sensitivity, and safety relevance.

To correct the sampling bias introduced by prioritization,
we apply standard importance sampling (IS) weights:

v~ (57rm)

where P(i) = Zplp]‘
N denotes the réplay buffer size, and n € [0, 1] controls
the strength of bias correction. This formulation increases
the sampling frequency of safety-critical experiences while
preserving sufficient coverage of low-priority samples, thereby
ensuring stable training and convergence.

(10)

is the normalized sampling probability,

E. Safety-Critical Scenario Generation via RISK-SAC

Unlike data-driven scenario generation approaches that rely
on limited real-world datasets and manually designed test
cases that often fail to expose rare but hazardous situations,
our framework formulates safety-critical scenario discovery as
a risk-driven reinforcement learning problem. By leveraging
stochastic policy optimization and maximum-entropy explo-
ration, RISK-SAC actively samples diverse behaviors in con-
tinuous scenario and interaction spaces. Integrated with global
parameter search, this design enables systematic discovery of
diverse high-risk scenario modes that are difficult to anticipate
through heuristic design or random sampling.

As illustrated in Algorithm 1, scenario generation is de-
composed into two tightly coupled stages: static initial scene
optimization and dynamic interaction generation.

i) Static initial scene optimization. Bayesian Optimiza-
tion (BO) is employed to efficiently explore the high-
dimensional continuous parameter space and identify
initial scene configurations that induce high-risk interac-
tions. To stabilize optimization across episodes with vary-
ing lengths and reward scales, we define the BO objective
based on the episode-level average shaped return:

£.(6) = max (0, M, — Re(f)) 7

- (11)
| M| + ¢

where R, = - 3"7° | 7 denotes the average normalized
shaped reward obtained in episode e, 7. is the episode

length, and Me is a smoothed running maximum of
historical returns. Minimizing f.(£) drives the optimizer
toward parameter configurations associated with higher-
risk scenarios, while the adaptive normalization term
improves stability and comparability across episodes.

ii) Dynamic interaction generation. Starting from the
selected initial scene, RISK-SAC samples continuous
actions from a stochastic policy to promote entropy-
regularized exploration. Agent behaviors are optimized
under the proposed realism-constrained, risk-driven re-
ward formulation, while robustness-guided shaping and
RPER further steer exploration toward safety-critical in-
teractions. Each episode terminates upon collision or
when the maximum simulation horizon is reached.

Algorithm 1 RISK-SAC with Realism Constraint

1: Initialize Bayesian optimizer opt, replay buffer D

2: Initialize RISK-SAC networks mg, Qy, , Q,, €ntropy tem-
perature o and dual variable A

3: for episode e =1 to £ do

4:  Sample initial scene &, ~ opt.ask()

5 Reset environment with &, observe sg

6: fort=1toT do

7

8

9

Sample action a; ~ my(-|s¢)
Execute ay, observe (s;41, ™", done)
Compute realism cost ¢; and penalized reward R; =

¢ — Ae

10: Compute robustness shaping reward r, <« R; —
P(®, st41) + p(P, 5¢)

11: Compute TD error §; and RPER priority p;

12: Store (s¢, ag, e, ey St41, done, pt) into D

13: Sample mini-batch B from D with RPER and IS
weights

14: Update mg, Qy, , Qu,, o using SAC losses

15: Compute C,..q; as the mini-batch mean realism cost

16: Update dual variable: A < [A + n\(Crear — d)]Jr

17: if done then

18: break

19: end if

20:  end for -
21:  Compute episode score R. and BO objective f. (&)

22:  opt.tell(, fe)
23: end for

The two stages are connected through a closed-loop feed-
back mechanism. After each episode, the episode-level average
shaped return is fed back to the Bayesian optimizer as the
evaluation signal for updating the parameter search model. To
avoid instability caused by mismatched update frequencies,
BO is updated once per episode, while RISK-SAC performs
step-wise policy updates within each episode. This hierarchical
optimization scheme enables coordinated exploration of both
static scene parameters and dynamic interaction behaviors.
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Fig. 2: Visualization of safety-critical and non-critical pedestrian crossing scenarios generated by RISK-SAC in CARLA

IV. EXPERIMENTS AND ANALYSIS
A. Setup

1) Environment: All experiments are conducted in the
CARLA simulator, a high-fidelity autonomous driving plat-
form widely used for safety evaluation and reinforcement
learning research. CARLA provides realistic urban traffic envi-
ronments with configurable road layouts and dynamic agents,
enabling reproducible evaluation of safety-critical interactions.
The built-in CARLA autonomous driving agent is used as the
ego controller, while surrounding traffic participants are driven
by RISK-SAC policies. This setup allows us to assess the
ability of RISK-SAC to expose failure modes of a realistic
ADS under diverse interaction conditions.

2) Evaluation Scenarios: To evaluate the performance of
RISK-SAC under different traffic interaction complexities,
we design three categories of driving scenarios according to
the number of interacting agents and road topology. Low-
interaction scenarios correspond to urban car-following on
straight roads with a limited number of vehicles, focusing on
longitudinal interactions such as braking and speed adaptation.
Mixed-interaction scenarios involve pedestrian crossing events
at intersections or crosswalks, introducing heterogeneous in-
teractions between vehicles and vulnerable road users. Dense
multi-agent scenarios represent intersection environments with
crossing traffic flows, traffic lights, and turning maneuvers,
forming highly coupled interaction patterns. By organizing
scenarios with progressively increasing interaction complexity,
we systematically evaluate RISK-SAC under diverse traffic
conditions and compare its scenario generation performance
across different interaction settings.

3) Baselines and Metrics: To enable controlled comparison
and isolate the contribution of different algorithmic compo-
nents, we construct a set of representative baselines. DDPG
[8] and SAC [9] are included as deterministic and stochastic

continuous-control baselines, together with their constrained
variants, DDPG-Lag and SAC-Lag, which incorporate realism
costs via Lagrangian relaxation. In addition, two ablation
variants are considered: RISK-SAC (only-RPER) without re-
ward shaping and RISK-SAC (only-RS) without prioritized
experience replay. The complete RISK-SAC framework is used
as the final comparison target.

Correspondingly, we adopt evaluation metrics to assess
performance from multiple complementary aspects. Safety
criticality is measured by Effective Collision Rate (ECR),
defined as the proportion of generated scenarios that result
in valid collision events after filtering physically infeasible
or degenerate cases. During training, ECR is computed using
a sliding window to reflect online convergence behavior.
Generation efficiency is evaluated using an Efficiency Score
(ES), derived from the average number of steps required to
trigger a critical scenario and normalized so that higher values
indicate better efficiency. Scenario realism is evaluated using
pe [22], defined as the average realism cost rate computed
from the overall realism regularization term C)..,;. Finally,
following prior studies [29], we measure scenario diversity
using Outcome Feature Dispersion (OFD), which quantifies
the dispersion of risk-related outcome features (e.g., minimum
TTC, relative speed, lateral deviation, and STL robustness)
across discovered safety-critical scenarios.

B. Experiment Results

A representative safety-critical pedestrian crossing scenario
generated by RISK-SAC is shown in Fig. 2a. This case is
obtained after policy convergence and illustrates a realistic
interaction pattern leading to collision. Fig. 2b-2d show the
corresponding distance, speed, and acceleration time series.

Trajectory analysis indicates that the ego vehicle initially
decelerates after detecting braking behavior from a truck in



(c) Intersection collision (case I)

(d) Intersection collision (case II)

Fig. 3: Discovered safety-critical scenarios in CARLA Town10

the adjacent lane. During this phase, the pedestrian moves
slowly and remains within the ego vehicle’s sensing blind
region for an extended period. Consequently, the pedestrian
is not immediately perceived, leading the planning module to
assume a clear crossing path and resume acceleration to pass
the green-light intersection. When the pedestrian finally enters
the perception range around ¢ = 25, emergency braking is
triggered. However, the remaining stopping distance is insuf-
ficient, resulting in a collision at approximately ¢ = 34. This
failure case reflects a realistic perception—decision—reaction
coupling, rather than being caused by artificially aggressive
or physically implausible control actions.

For comparison, Fig. 2e-2f present a paired non-collision
scenario generated under similar initial conditions. As shown
in Fig. 2g, the pedestrian in this case enters the perception
range earlier due to higher walking speed, enabling the ego
vehicle to initiate braking in time and come to a complete
stop. The robustness comparison in Fig. 2h further shows
that the critical case consistently exhibits lower robustness
values, indicating closer proximity to specification violation
boundaries. Overall, these results demonstrate that RISK-
SAC is able to generate safety-critical scenarios arising from
realistic multi-agent interaction dynamics.

We further evaluate RISK-SAC across different scenario
complexity levels. Fig. 3 presents representative safety-critical
cases in low-interaction, mixed-interaction, and dense traffic
settings, covering typical hazardous patterns such as rear-
end collisions, vehicle—pedestrian conflicts, and intersection
conflicts. Since dense intersections involve tightly coupled
interactions and complex right-of-way constraints, we focus
on this setting for quantitative evaluation.

Fig. 4a shows the training convergence of ECR under
dense intersection scenarios. RISK-SAC consistently achieves
the highest ECR and converges substantially faster than all
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Fig. 4: Performance comparison of different methods under
dense intersection scenarios

baselines, indicating more efficient and stable discovery of
safety-critical interactions. Compared with Lagrangian-based
methods, SAC-Lag and DDPG-Lag exhibit slower early-stage
convergence, which can be attributed to the additional non-
stationarity introduced by dual variable updates before the
Lagrange multiplier stabilizes. After convergence of A, their
ECR improves, but remains notably lower than that of RISK-
SAC. This result highlights the advantage of robustness-guided
reward shaping and prioritized experience replay in acceler-
ating the accumulation of informative high-risk trajectories.
The comparison between stochastic and deterministic policies
further reveals clear performance differences. As shown in
Fig. 4a, SAC-based methods (RISK-SAC and SAC) consis-
tently outperform DDPG variants in both convergence speed
and final ECR. This is mainly due to entropy-regularized
exploration, which maintains action diversity and prevents
premature convergence to narrow failure modes. Such explo-
ration behavior is particularly critical in dense multi-agent
environments, where rare safety-critical interactions often arise
from complex and tightly coupled agent behaviors.

To further analyze the trade-offs among efficiency, realism,
and diversity, Fig. 4b—4d present a multi-objective comparison
of ES, p., and OFD. Overall, RISK-SAC achieves the most
balanced performance across these metrics. As shown in
Fig. 4b, RISK-SAC attains the highest efficiency score, indi-
cating faster discovery of safety-critical events with fewer in-
teraction steps. Meanwhile, Fig. 4c shows that its realism cost
remains comparable to constrained baselines such as SAC-
Lag, suggesting that improved exploration efficiency does not
come at the expense of severe physical infeasibility. Although
RISK-SAC occasionally permits mild violations of soft realism
constraints Cl, s (€.g., emergency braking or close-proximity
interactions) to expose critical behaviors, these deviations are



TABLE I: Ablation study of RISK-SAC across different scenario complexity levels

Scenario Type

|
Method \ Low Interaction Mixed Interaction Dense Interaction

\ ECR1T ES?T pcl OFD 1 \ ECRT EST pcl OFD?T \ ECR1T ES?T pcl OFD 1
SAC [9] 0.74 0.76 025 0.62 0.65 0.66 0.37 0.66 0.55 0.61 0.50 0.70
SAC-Lag 0.81 0.78 0.12 0.66 0.70 0.74 0.22 0.71 0.63 0.68 0.27 0.74
RISK-SAC (only-RPER) 0.92 0.81 0.14 0.69 0.88 0.76 0.21 0.72 0.85 0.73 0.28 0.78
RISK-SAC (only-RS) 0.89 0.86 0.14 0.77 0.84 0.82 0.23 0.80 0.81 0.79 0.29 0.89
RISK-SAC (Ours) 0.97 094 0.15 0.82 0.92 0.88 0.25 0.85 0.89 0.84 0.30 0.92

explicitly regularized and bounded, preserving overall physical
plausibility. In contrast, the unconstrained SAC baseline, while
achieving relatively high efficiency, incurs a substantially
higher realism cost, indicating that its generated scenarios
often rely on aggressive or physically less plausible behaviors.
Lagrangian-based methods achieve lower realism cost, but at
the expense of reduced exploration efficiency and lower ECR.
Regarding diversity, RISK-SAC also achieves the highest OFD
score, demonstrating its ability to uncover diverse failure
patterns rather than repeatedly exploiting a limited subset of
critical behaviors. This advantage becomes particularly evident
in dense interaction settings, where naive exploration strategies
tend to collapse into repetitive adversarial patterns.

Finally, we conduct ablation experiments to analyze the
contribution of individual components, as summarized in Ta-
ble I. Across all scenario complexity levels, the full RISK-SAC
consistently achieves the highest ECR and efficiency score,
confirming the complementary effects of robustness-guided
reward shaping and risk-prioritized experience replay. Remov-
ing either component leads to noticeable performance degra-
dation. Comparing the two partial variants, RPER primarily
improves training stability and effective reuse of informative
high-risk transitions, resulting in higher sustained ECR after
convergence, while robustness-guided reward shaping directly
steers exploration toward safety-critical regions, contributing
more to early risk targeting and diversity expansion. When
combined, these two mechanisms jointly enable efficient and
stable discovery of diverse hazardous interactions. Moreover,
both RISK-SAC variants significantly outperform SAC and
SAC-Lag, especially in dense interaction settings, highlight-
ing the advantage of risk-driven optimization over generic
exploration and purely constraint-driven baselines. Finally, the
full RISK-SAC achieves the highest OFD, with the perfor-
mance gap becoming more pronounced as scenario complexity
increases, demonstrating its stronger capability in covering
diverse safety-critical interaction patterns.

V. RELATED WORK

Safety-critical scenario generation has been widely studied
to expose failures of ADS. Existing approaches are mainly
categorized into data-driven, rule-based, and search-based
methods. Data-driven methods leverage naturalistic driving
data [30]-[32] to improve realism but are limited by data cov-
erage, making rare long-tail hazards difficult to discover. Rule-

based approaches such as LawBreaker [33] and TARGET [34]
offer strong interpretability, but suffer from limited scalability
and expressiveness in complex scenarios.

Search-based and reinforcement learning-based methods
have therefore attracted increasing attention due to their ability
to actively explore high-risk regions of the scenario space [7],
[35]-[39]. Representative works formulate scenario generation
as an optimization problem and employ RL to discover ad-
versarial interactions, such as actor—critic-based lane-change
risk exploration [35] and multi-objective adversarial scenario
generation in Baidu Apollo [36]. However, existing methods
often rely on heuristic reward design and lack explicit realism
modeling, which can lead to inefficient exploration, limited
behavioral diversity, and physically implausible scenarios. In
contrast, RISK-SAC systematically addresses these challenges
through a unified risk-driven learning framework.

VI. CONCLUSION

In this paper, we proposed RISK-SAC, a risk-driven rein-
forcement learning approach for efficient and realistic safety-
critical scenario generation. By combining entropy-regularized
exploration with robustness-guided reward shaping, risk-
prioritized experience replay, and realism-aware constraints,
RISK-SAC enables targeted exploration of high-risk regions
while preserving physical feasibility and scenario diversity.
Extensive experiments and ablation studies demonstrate its su-
periority over representative baselines in discovery efficiency,
realism, and diversity. Future work will explore integrating
the proposed method with real-world autonomous driving
algorithms for closed-loop evaluation under safety-critical sce-
narios, as a step toward addressing sim-to-real generalization.
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