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ABSTRACT Autonomous vehicle (AV) safety validation increasingly relies on scenario-based testing.
However, existing approaches to test scenario generation do not provide mechanisms to systematically
regulate scenario difficulty. To address this critical limitation, this paper introduces a novel game-theoretic
framework for adversarial safety validation. The interaction between the AV-under-test and a strategically
obstructing rear vehicle is modelled as a Stackelberg game. The level of adversarial intensity, which reflects
the level of difficulty, of a scenario can be controlled by a single tunable parameter called aggressiveness
at both the action level and the interaction level. The efficacy of this approach is studied through the
highway lane-changing operational design domain. Simulation experiments demonstrate that increasing
aggressiveness reduces the success rate of lane-changing and prolongs maneuver duration for the successful
attempts. These results confirm that this parameter can effectively and systematically control the difficulty
level of test scenarios, providing a valuable tool for rigorous and reproducible AV safety validation.

INDEX TERMS Autonomous vehicles, test scenario generation, adversarial testing, Stackelberg game,

controllable difficulty level.

I. INTRODUCTION

NSURING the safety and reliability of autonomous

vehicles (AVs) remains one of the most critical and
unresolved challenges impeding their widespread deploy-
ment. Conventional validation methodologies predominantly
rely on the extensive accumulation of real-world driving
data, aiming to statistically demonstrate system robustness
across diverse operational domains. However, this brute-force
approach has become increasingly impractical and inefficient,
primarily due to the prohibitive time requirements and the
low probability of encountering rare but safety-critical edge
cases that are essential for rigorous validation [1].

More recently, in response to these limitations, there
is a shift towards scenario-based testing frameworks. This
methodology prioritizes the systematic design, and evalua-
tion of representative and high-risk traffic scenarios, which
could be either derived from empirical incident data or
synthesized based on known failure modes. A key advan-
tage over conventional methods is that critical interactions
could be easily reproduced under controlled and repeatable
conditions, significantly improving test efficiency. Moreover,
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scenario-based testing enables a targeted evaluation of AV
performance in complex operational design domains (ODDs),
where dynamic interactions and environmental factors can
profoundly influence safety outcomes [2]. The effectiveness
of this methodology, however, is strongly dependent on the
quality of the test scenarios.

Two main types of scenarios have been the focus of
previous research in this area. The first type emphasizes
realism. Data are collected through cameras and other sensors
from actual road traffic, resulting in naturalistic datasets such
as NGSIM [3], HighD [4], and INTERACTION [5]. Driving
scenarios are then generated by sampling the distribution of
such traffic interactions [6], [7]. The advantage of this method
is that the AV could be tested under normal driving condi-
tions. However, to test the AV in critical boundary scenarios
is difficult since such incidents are rare in these datasets.
As a result, researchers have been focusing on the second
type of scenarios, which are critical scenarios [8]. Such
scenarios could be defined using rule-based methods. They
are exemplified by national Highway Traffic Safety Admin-
istration (NHTSA) and the European New Car Assessment
Programme (EuroNCAP) protocols [9], [10] that provide
standardized safety-critical situations. They could provide
repeatability and regulatory alignment [11], [12]. But the lack
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of variability of such scenarios is the main disadvantage. This
shortcoming could be mitigated by using randomized and
parameter-sampling approaches, often implemented through
traffic simulators such as SUMO [13] or VISSIM [14]. They
expand coverage by stochastically varying vehicle configura-
tions and traffic flows.

One aspect of scenario-based testing that is missing so far
is the ability to provide systematic and comprehensive testing
of the level of driving capability of the AV. In this paper, we
propose a game-theoretic approach that is able to create test
scenarios for an ODD at different levels of difficulty. This
difficulty level is determined by a single parameter & which
we call “aggressiveness”. Similar to human driving being
described as aggressive, conservative, or normal, « directly
affects the behaviour of the Background Vehicles (BVs) in
the scenario, making it easier or more difficult for the AV
to execute its maneuvers. Game-theoretic methods are able
to capture strategic interaction among vehicles and provide
good interpretability. Previous use of these methods have
focused on improving AV decision-making robustness [15],
[16]. They have not been used for test scenario generation.
Our study will focus on the highway lane-changing ODD.
In this case, @ serves to adjust the aggressiveness of a
single BV. In our simulation experiments, we empirically
validated two complementary definitions of aggressiveness,
namely acceleration-focused and distance-focused formula-
tions. Results show that, unlike prior categorical or heuristic
approaches, « is able to modulate behaviours across both the
action and the interaction levels.

The main contributions of this paper can be summarized
as follows:

e We propose a game-theoretic scenario generation frame-
work for autonomous vehicle testing, which enables the
systematic construction of interactive and adversarial
lane-changing scenarios.

e We introduce a controllable aggressiveness parameter
a that serves as a unified and interpretable variable
to modulate the difficulty of generated scenarios in a
continuous manner.

e We design two distinct definitions of aggressive-
ness, namely acceleration-focused and distance-focused
formulations, which capture different behavioral mecha-
nisms of adversarial driving and provide flexible control
over scenario characteristics.

e We conduct extensive simulation experiments demon-
strating that increasing « leads to systematically higher
scenario difficulty, validating the effectiveness and con-
trollability of the proposed framework.

The remainder of this paper is organized as follows. Sec-
tion II reviews related research on scenario generation, traffic
complexity modeling, driving behaviour and aggressiveness,
and applications of game theory in autonomous driving.
Section III introduces the game-theoretic formulation of the
lane-changing ODD. The two aggressiveness definitions and
their integration into the payoff structure is explained in
Section IV. Section V describes the experimental design and
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evaluation metrics. This is followed by the presentation and
analysis of the results in Section VI. Section VII discusses the
broader implications and potential extensions of the proposed
framework. Finally, Section VIII concludes the paper and
outlines directions for future research.

Il. RELATED WORKS

A. TEST SCENARIO GENERATION METHODS

The generation of representative and challenging scenarios is
a cornerstone in the testing and validation of AVs. Existing
approaches can broadly be classified into three categories:
rule-based, randomized, and data-driven. Each of them offers
distinct advantages and limitations.

1) RULE-BASED SCENARIO GENERATION

Early efforts in scenario design often relied on standard-
ized protocols such as those developed by the National
Highway Traffic Safety Administration (NHTSA) and the
European New Car Assessment Programme (EuroNCAP).
These frameworks prescribe canonical crash-imminent or
safety-critical configurations, enabling repeatable and com-
parable assessments [17], [18]. As such, the parameters such
as relative positions, velocities and behaviour of the BVs
remain unchanged from one test to another. Consequently,
an AV could be trained specifically to pass such tests.
Therefore, this approach is inherently limited in diversity.
They also fail to capture the full spectrum of real-world
interactions, particularly adversarial and rare cases. More
recently, adaptive test cases are preferred [2].

However, despite their interpretability and ease of imple-
mentation, rule-based methods remain fundamentally con-
strained by their reliance on predefined traffic templates and
manually designed interaction rules. These handcrafted sce-
narios often oversimplify complex human driving behaviors
and fail to reflect the adaptive and uncertain nature of real-
world interactions. As a result, they tend to produce highly
structured environments that lack behavioral variability, mak-
ing it difficult to assess the robustness of an autonomous
driving system beyond narrowly defined conditions. Further-
more, because rule-based scenarios are typically deterministic
and standardized, they allow models to overfit to specific
benchmark configurations rather than developing generaliz-
able decision-making capabilities. The limited ability of such
methods to represent rare, adversarial, or emergent behaviors
underscores their insufficiency for testing the adaptability and
resilience of advanced autonomous systems.

2) RANDOMIZED AND PARAMETER SAMPLING
APPROACHES

To overcome the rigidity of fixed test cases, researchers
have employed traffic simulation platforms such as SUMO
and VISSIM to stochastically vary initial conditions [10].
By randomizing parameters such as relative vehicle posi-
tions, velocities, or flow densities, these approaches expand
coverage of the test space and uncover corner cases [19].
However, the randomness of case generation introduces
significant uncertainty, making it difficult to systematically
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control scenario difficulty or guarantee the inclusion of
critical interactions [20].

Although randomization increases scenario diversity and
enhances the likelihood of exposing unexpected situations,
it also leads to several important drawbacks. First, purely
stochastic sampling often produces a large number of trivial
or redundant cases that contribute little to meaningful system
evaluation, resulting in high computational costs with limited
testing efficiency. Second, because the scenario parame-
ters are drawn from broad probability distributions without
explicit behavioral intent, it becomes challenging to repro-
duce specific critical conditions or to quantify how changes
in individual parameters influence scenario difficulty. This
lack of controllability limits the interpretability of the testing
outcomes and prevents the establishment of a consistent
mapping between scenario configuration and performance
metrics. Moreover, excessive randomness can obscure causal
relationships between agent behaviors and outcomes, making
it difficult to diagnose failure cases or identify underlying
weaknesses of the autonomous driving system. In practice,
these issues hinder the use of randomized approaches as a
reliable method for systematic robustness validation and fine-
grained difficulty adjustment in scenario-based testing.

3) DATA-DRIVEN SCENARIO GENERATION

With the availability of high-resolution naturalistic driving
datasets such as HighD, NGSIM, and INTERACTION, data-
driven methods have gained prominence. These approaches
reconstruct realistic traffic scenes by learning distribu-
tions of vehicle trajectories and interaction patterns [21],
[22]. More recent work has extended this paradigm by
categorizing data-driven approaches into diversity-focused
and criticality-focused generation, highlighting the trade-off
between coverage and safety relevance [20]. Despite their
realism, purely data-driven methods are bounded by the
underlying dataset, limiting their ability to generate out-of-
distribution or adversarial scenarios necessary for robustness
testing [23].

Although data-driven methods provide high-fidelity repro-
ductions of real-world traffic interactions, they also face
several critical limitations. First, their performance and gen-
eralizability are inherently restricted by the coverage and
balance of the source datasets. Since these datasets are col-
lected under specific road, traffic, and cultural conditions, the
resulting models often inherit dataset biases and fail to gen-
eralize to unseen driving environments or rare conflict cases.
Second, data-driven approaches emphasize statistical repre-
sentativeness but lack explicit control over scenario intent
or difficulty. Consequently, it is difficult to systematically
adjust aggressiveness, cooperation levels, or risk exposure,
which limits their usefulness in controlled safety validation.
Third, the heavy dependence on supervised learning and tra-
jectory prediction models introduces uncertainty propagation
from perception and labeling errors, leading to unrealistic
behaviors when extrapolated beyond the training distribution.
Moreover, because the data-driven paradigm focuses primar-
ily on imitation of existing behaviors, it struggles to generate
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truly adversarial or safety-critical interactions that test the
upper limits of autonomous vehicle decision-making. These
issues collectively restrict the ability of data-driven methods
to explore the full behavioral spectrum of road users and
to provide controllable, stress-testing scenarios necessary for
evaluating robustness and reliability.

Overall, despite substantial progress achieved through
rule-based, randomized, and data-driven scenario generation
methods, each paradigm still exhibits inherent limitations
that constrain its effectiveness in comprehensive testing
of autonomous vehicles. Rule-based frameworks ensure
reproducibility and interpretability but lack behavioral rich-
ness and adaptability to unseen situations. Randomized
methods enhance diversity and increase the likelihood of
uncovering rare events, yet they suffer from uncontrollable
variability, making it difficult to correlate parameter changes
with scenario difficulty in a consistent manner. Data-driven
approaches improve realism by replicating naturalistic inter-
actions, but they remain confined by the coverage of existing
datasets and cannot easily synthesize novel or adversarial sit-
uations beyond recorded data. Collectively, these limitations
reveal the absence of a unified mechanism that can system-
atically and continuously regulate scenario difficulty while
preserving behavioral plausibility and experimental repro-
ducibility. The framework proposed in this study directly
addresses this gap by introducing a controllable aggressive-
ness parameter that enables adaptive adjustment of scenario
complexity and interaction intensity.

B. TRAFFIC SCENARIO COMPLEXITY AND DIFFICULTY
MODELING

In parallel with efforts on scenario generation, a critical
research direction focuses on quantifying and modelling
the complexity of traffic scenarios, which is essential for
benchmarking AV performances under systematically var-
ied conditions. Two broad classes of approaches could be
identified—metric-based complexity modeling and interaction-
focused complexity modeling.

1) METRIC-BASED COMPLEXITY MODELLING

Early studies primarily adopted physical and kinematic indi-
cators such as time-to-collision (TTC), time headway (THW),
and deceleration rate to avoid crash (DRAC) to characterize
traffic risk and scenario difficulty. These indicators are attrac-
tive due to their interpretability and ease of computation, and
they remain widely used in safety analysis and surrogate risk
assessments [24], [25]. However, such measures are often
computed in a static or snapshot-based manner, reflecting
instantaneous proximity or collision likelihood rather than
the evolving dynamics of interaction. As a result, while
they provide valuable retrospective evaluations, they are less
effective as controllable levers for systematically adjusting
scenario difficulty.

2) INTERACTION-FOCUSED COMPLEXITY MODELING
More recent research highlights that traffic complexity
emerges not only from physical proximities but also from
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the interactional structure between agents. Metrics such as
“interaction intensity” or “interaction risk” explicitly consider
how multi-vehicle trajectories and behavioral responses shape
scenario difficulty. For instance, Cheng et al. [26] surveyed
risk measures in mixed traffic and noted the limitations
of single-dimensional TTC-like indicators when capturing
heterogeneous interactions. Jiang et al. [27] introduced an
Interactive Risk (IR) metric, combining multimodal trajectory
prediction with a dynamic risk field, thereby accounting for
anticipatory and multi-agent interactions. Such approaches
offer a more holistic characterization of scenario difficulty,
as they explicitly capture the behavioral coupling between
vehicles. In addition, recent studies have further advanced
scenario-based testing by addressing perception robustness
and adaptability to unseen environments. Igbal et al. [28]
proposed a generative multi-modal sensor fusion framework
for novelty detection in autonomous driving, enabling vehi-
cles to identify and adapt to previously unseen or abnormal
traffic scenarios. Their study underscores the importance of
incorporating out-of-distribution detection and adaptability
into testing frameworks, complementing scenario generation
research by addressing the perceptual dimension of robust-
ness evaluation.

Despite these advances, existing complexity models are
predominantly passive in nature, focusing on post hoc eval-
vation of safety or interaction risk rather than enabling
active modulation of scenario difficulty. Most approaches rely
on multi-dimensional or context-specific indicators, which,
while informative, lack a unified parameterization that can
flexibly and continuously tune difficulty levels across scenar-
ios. This limitation constrains their application in systematic
AV testing, where controllable yet interpretable mechanisms
for adjusting scenario complexity are of critical importance.

C. DRIVING BEHAVIOR AND AGGRESSIVENESS
MODELING

Modeling human driving behavior has long been recog-
nized as a critical component in both traffic simulation and
autonomous vehicle (AV) validation. A substantial body of
work has sought to categorize driving styles into canonical
types such as aggressive, conservative, and normal, which are
then used to parameterize simulators or to design prediction
and planning modules for AVs. Such categorical distinctions
are supported by empirical studies showing that driver style
strongly correlates with crash likelihood and risk-taking
tendencies [29].

Beyond categorical classifications, researchers have intro-
duced risk-sensitive and psychologically grounded param-
eters to capture inter-driver heterogeneity. For example,
utility-based and game-theoretic models often incorporate
risk aversion or loss aversion coefficients to reflect how
individuals trade safety against efficiency. Recent studies
demonstrate that integrating risk-aware decision rules can
better replicate human-like interaction patterns and improve
the robustness of AV planning in mixed traffic [30].

Recent studies have further emphasized the importance of
modeling human-like behavior and interaction in autonomous
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driving systems. For instance, Xie et al. [31] propose
a data-knowledge-driven trajectory prediction framework
that captures complex human driving logic, highlighting
the necessity of incorporating interpretable behavioral pat-
terns into autonomous systems. Similarly, Van Gent et al.
[32] investigate lane-specific human—machine interaction and
demonstrate how behavioral guidance influences driving deci-
sions in lane-related scenarios. These works underline the
significance of behavior modeling and interaction awareness
in intelligent transportation systems.

Recent advances in cooperative control have further
expanded the scope of behavior modeling in mixed-traffic
environments. Fu et al. [33] developed a motion-sickness-
oriented hierarchical model predictive control (MPC) frame-
work that integrates safety, comfort, and efficiency through
multi-objective optimization. This framework exemplifies
how parameterized behavioral modeling can be incorporated
into control architectures to achieve adaptive interaction
regulation, resonating with the goal of systematically mod-
ulating driving behavior intensity in autonomous vehicle
testing. Recent review work by Du et al. [34] provides a
comprehensive synthesis of road safety evaluation methods
grounded in driving behavior analysis. The review catego-
rizes existing behavioral modeling approaches according to
their descriptive, statistical, and learning-based formulations,
and emphasizes that driving traits such as aggressiveness,
caution, and risk sensitivity are central to understanding
safety-critical interactions. However, it also points out that
most behavior-based evaluation frameworks remain limited
by their qualitative nature and lack explicit mechanisms for
parameterized control or quantitative modulation of these
behavioral traits. As a result, it remains difficult to sys-
tematically adjust behavioral intensity or aggressiveness in
a way that supports reproducible and scalable testing of
autonomous vehicles. This observation further motivates our
approach, which formalizes aggressiveness as a tunable,
continuous parameter within a game-theoretic framework to
enable controlled variation of scenario difficulty and interac-
tion intensity.

Aggressiveness, in particular, has emerged as a salient
construct for modeling adversarial or high-risk maneuvers
in testing environments. Prior work has employed aggres-
siveness parameters to simulate challenging behaviors such
as sudden cut-ins, tailgating, or emergency braking, thereby
exposing AVs to more demanding situations [35]. However,
most of these implementations rely on heuristic or scenario-
specific definitions, which lack generality and systematic
control. Typically, aggressiveness is either encoded as a fixed
acceleration bias or as a categorical style label, limiting its
applicability for fine-grained difficulty modulation in scenario
generation.

In summary, while the literature highlights the importance
of aggressiveness as both a psychological and operational
dimension of driving behavior, existing approaches remain
fragmented. Current models tend to either emphasize discrete
style categories or rely on loosely defined heuristics, leaving
open the challenge of designing a unified and interpretable
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parameter that can continuously modulate both action-level
tendencies and interaction-level dynamics.

D. APPLICATIONS OF GAME THEORY FOR DRIVING
INTERACTION MODELING

Game-theoretic frameworks have been widely adopted in
the study of autonomous driving interactions, as they pro-
vide a principled way to capture the strategic coupling
between autonomous vehicles (AVs) and human-driven vehi-
cles (HVs). Several classical formulations have emerged in
the literature. Stackelberg games, for example, are commonly
employed to represent hierarchical interactions such as merg-
ing or lane-changing, where the leader-follower dynamics
reflect asymmetric information and decision timing [36],
[37]. Zero-sum and differential games have been applied in
adversarial planning, modeling competitive situations such
as highway racing, pursuit-evasion, or defensive driving,
where one agent’s gain corresponds directly to the other’s
loss [38], [39].

Beyond decision planning, game-theoretic methods have
also gained traction in the design of adversarial testing
environments. By explicitly modeling an adversarial agent’s
objective, such as obstructing or deceiving the AV, game
theory provides an interpretable and controllable frame-
work for generating safety-critical scenarios. For instance,
Ramos et al. [40] demonstrated how Stackelberg and zero-
sum games can be extended to capture adversarial maneuvers
that challenge safety controllers. Similarly, recent studies
highlight the use of multi-agent potential games to emulate
complex crowd—vehicle interactions, thereby creating diverse
and safety-relevant test cases [41].

Despite these advances, most existing game-theoretic
research remains centered on improving the decision-making
robustness of AVs, with relatively limited attention to their
potential as systematic scenario generation mechanisms. Cur-
rent applications typically operationalize game equilibria to
derive optimal driving strategies, but they seldom exploit
the parametric flexibility of game models for generating
controllable gradients of scenario difficulty. This limits the
integration of game theory into large-scale, automated testing
pipelines where both interpretability and adjustable complex-
ity are required.

In summary, prior research has advanced the field of
autonomous vehicle testing through diverse approaches
to scenario generation, complexity modeling, behavioral
representation, and game-theoretic interaction analysis. Rule-
based, randomized, and data-driven generation methods
respectively emphasize reproducibility, diversity, and realism,
yet they lack a unified and controllable mechanism for
adjusting scenario difficulty. Complexity modeling efforts,
while providing valuable insights through physical indicators
and interaction-based metrics, remain largely passive mea-
sures rather than active tools for regulating test conditions.
Behavioral studies have highlighted aggressiveness as a key
dimension of human driving style, but most formulations
adopt heuristic or categorical definitions that do not sup-
port continuous and parameterized control. Game-theoretic
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FIGURE 1. Illustration of the lane-changing scenario. The AV attempts to change
lanes into the target lane occupied by the RV, which may adopt adversarial strategies
to obstruct the maneuver. The LV is positioned ahead of the AV in its original lane,
while the FV is located ahead of the RV in the target lane.

methods, although effective in modeling interactive decision-
making, have predominantly been applied to enhance
planning robustness rather than to design systematic adver-
sarial test scenarios.

These limitations converge on a critical need: an inter-
pretable and unified framework that can actively and
continuously regulate scenario difficulty in a principled man-
ner. Addressing this gap, this paper proposes a game-theoretic
lane-changing model in which aggressiveness is formalized
as a single tunable parameter, @, enabling systematic modu-
lation of adversarial intensity and supporting comprehensive
testing and validation of autonomous vehicles.

lll. PROBLEM FORMULATION

In the testing and validation of AVs, relying solely on static
or low-complexity traffic scenarios is insufficient to reveal
their robustness under high-difficulty conditions. To construct
more diverse and challenging environments, it is essential to
introduce a background vehicle as a critical interactive agent
with potential adversarial behaviors. In lane-changing scenar-
ios, the background vehicle (BV) may adopt varying levels
of aggressiveness, such as accelerating to block, thereby
increasing the difficulty for the AV to successfully complete
the maneuver and elevating the risk of collisions or fail-
ure. Hence, to systematically characterize AV performance
under complex interactive conditions, this study proposes a
formalized adversarial lane-changing model, which enables
the generation of test cases with controllable difficulty and
supports comprehensive performance evaluation.

A. LANE-CHANGING ODD

We consider a lane-changing ODD, illustrated by Figure 1.
This ODD consists of a two-lane section of road where the
AV is initially driving in one lane. Its goal is change into the
second lane which will be referred to as the target lane. There
are two BVs in the target lane, referred to in this paper as the
rear vehicle (RV), which may exhibit adversarial behaviors
to obstruct the lane-changing maneuver. To better approx-
imate diverse and challenging traffic conditions for testing
purposes, two additional vehicles are included in the scene:
a leading vehicle (LV), positioned ahead of the AV, and a
front vehicle (FV), positioned ahead of the RV. Their dynamic
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characteristics introduce stochasticity and variability, thereby
enhancing the overall complexity of the scenario. The specific
scenario representation is illustrated in Figure 1.

The state vector of each vehicle is defined as:

S = (yi, X, Vi), 1€ {AV, RV,LV, FV}, (1)
where y; denotes the longitudinal position, x; € {0, 1} repre-
sents the lane index, and v; denotes the longitudinal velocity.

To ensure the model is realistic, we limit the initial
vehicle placement. Vehicles must maintain a longitudinal gap
that is neither too small (avoiding overlap) nor too large
(avoiding overly sparse distribution). Vehicle speeds are also
restricted to the range [Viin, Vmax], consistent with typical
traffic behavior.

B. STRATEGY SPACE

In the proposed adversarial lane-changing scenario, both the
AV and the RV are modeled as rational decision-making
agents. Their interaction is naturally structured as a Stackel-
berg game. The AV acts first as the leader, committing to a
lane-change and acceleration plan. The RV, upon observing
this commitment, functions as the follower, strategically
choosing its acceleration to maximize its own payoff.

The strategy space of the AV can be expressed as

May = (@, ™) | ' € {0, 1}, u" € [amin, amax]}s  (2)
where #/* denotes the lateral decision, with u/¥ = 0 repre-
senting lane keeping and u’ = 1 representing a lane change,
while u'" represents the longitudinal control through accel-
eration selected from the continuous interval [@min, @max]-

The strategy space of the RV, in contrast, is defined by a
discrete set of longitudinal accelerations:

Igy = {aj | aj e [@min, @max], J=1,2,..., M}, (3)

where M denotes the number of discretized acceleration
options. The choice of a; not only determines the RV’s
subsequent longitudinal position and velocity but also criti-
cally influences its ability to obstruct the AV’s lane-changing
maneuver.

C. PAYOFF FUNCTIONS

Within the game-theoretic formulation, the payoff functions
quantify the objectives of both agents’ success by combining
factors like safety, efficiency, and adversarial intent. The AV’s
payoff measures the trade-off between successfully complete
its maneuver quickly while avoiding safety-critical outcomes.
Meanwhile the RV’s payoff reflects its goal to obstruct
the AV, subject to its own safety and dynamic interaction.

The payoft of the AV is defined as

UAV = quccess - Pco]lision - Ctime» (4)

where Qguccess denotes the reward obtained when the lane
change is successfully completed, P.qision represents a large
negative penalty associated with collisions, and Cyjpe is the
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cost reflecting the time consumed to complete the maneuver.
Specifically, it is

Ruas
UAV = 11success : K:Z—l + 11failure . (_2Rbase)
+ ]Icollision : Pcollision +T- Ptimea (5)

where Iguccesss Iaiture, and Ieonision are indicator variables for
the event of a successful lane change, a failed attempt,
or a collision, respectively. The constant Ry, denotes the
nominal success reward, Tyccess 1S the number of time steps
required to complete the maneuver, and Py, is the time-
dependent penalty applied at each step 7. This formulation
penalizes both prolonged maneuvers and unsafe outcomes,
while rewarding rapid and safe completion.

The RV’s payoft incorporates blocking effectiveness, col-
lision avoidance, and temporal incentives, and is explicitly
modulated by the aggressiveness parameter «. It is given by

Ugrv = Ovlock(@) = Peottision — Ctime> (6)

where QOpjock(@) represents the obstruction reward, which
is explicitly parameterized by the aggressiveness level a.
A larger value of @ corresponds to a more aggressive strategy
by the RV, thereby amplifying the incentive to block the
AV’s maneuver. Nevertheless, similar to the AV, the RV is
subject to a severe penalty Pcopision in the case of a crash,
ensuring that safety considerations remain an integral part of
the decision process. Specifically, it is

a
Urv = Lsuccess * (Rblock -T- 50 + A1 - faldav gy, vav)

+ A fv(AVAV,RV))

= Lsuccess * (ZRblock . (1 - %))
+ ]Icollision : Pcollision +T- Rdelay’ (7)

where Rpocx denotes the nominal blocking reward, scaled
by both time 7 and aggressiveness a. Here, the constant
value 50 represents the predefined upper bound of the aggres-
siveness parameter . The term 55 normalizes a to the range
[0, 1], ensuring that its contribution remains comparable to
other components in the payoff function and avoiding dis-
proportionate scaling effects. The choice of this upper bound
serves as a normalization factor for numerical stability and
interpretability, and does not affect the qualitative behavior
of the model, as « functions as a monotonic control vari-
able regulating the intensity of adversarial interaction. The
term fy(dav.gv,vay) measures the proximity of the AV-RV
distance day gy to a dynamically defined target obstruction
distance d*(vay) = vay - THWpin + dputrer, €ncouraging the RV
to position itself effectively relative to the AV. Here, THW y;,
represents the minimum time headway, which specifies a
safe temporal gap between two vehicles as a function of the
AV’s speed, while dyger 1S a fixed safety margin ensuring
nonzero separation even at very low velocities. The func-
tion f,(Avay gv) penalizes large velocity differences Avay gy,
incentivizing the RV to maintain a speed profile compatible
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with that of the AV. The weighting coefficients 4, and A,
control the relative importance of distance regulation and
velocity matching in shaping the RV’s payoff. When the AV
ultimately succeeds in lane changing, the RV incurs a penalty
whose magnitude decreases linearly with the aggressiveness
parameter a, reflecting that more aggressive blocking strate-
gies reduce the cost of failure. Collisions, however, always
trigger a severe fixed penalty Pgopision. Finally, a positive term
T - Ryelay 1s added to reward the RV for delaying the AV’s
maneuver, independent of success or failure.

This detailed payoff structure highlights the asymmetry of
objectives: the AV prioritizes for safety and efficiency, while
the RV strategically balances aggressiveness, proximity, and
velocity matching in order to obstruct the AV without causing
a catastrophic collision. The explicit role of @ ensures that the
RV’s behavioral tendency can be systematically tuned, thus
providing a principled mechanism to control the difficulty of
the generated scenarios.

D. GAME-THEORETIC SOLUTION

The interaction between the AV and the RV can be
abstracted as a two-player dynamic game, where both agents
seek to maximize their respective payoffs as defined in
Equations (5) and (7). Given a specified aggressiveness
parameter «, the equilibrium strategies of the two players
can be expressed as

. .
Ty = arg max Uay(may, Tgy; @),
may€llay
. .
Thy = arg max Ugy(may, Try; @). ®)
ngy€llgy

where w4y and mgy denote the strategy profiles of the AV
and RV, respectively. The existence of such equilibria ensures
that the adversarial behaviors of both players under rational
decision-making can be consistently captured within the
parameterized model.

Formally, under the Stackelberg game formulation, the AV
acts as the leader and optimizes its strategy anticipating the
best response of the RV [42]:

Tyy = arg max Uay(may, Tpy(mav)), )
mav€llay

where the RV’s best response is defined as [43]

Try(may) = arg max Ugv(mav, mry). (10)

nry€llgy

Although the Stackelberg framework effectively models
the hierarchical and asymmetric structure of the interaction,
where the AV acts first and anticipates the RV’s response,
this study primarily focuses on analyzing the RV’s optimal
response, as defined by Equation (10). This emphasis is
due to the RV’s strategy, which, through the aggressiveness
parameter «, directly indicates the dynamic difficulty of the
lane-change and provides a systematic way to control the
complexity of the AV testing environment.

E. FORWARD-LOOKING EVALUATION IN RV STRATEGY
To operationalize the game-theoretic formulation, the rear
vehicle (RV) adopts a forward-looking evaluation mechanism
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when selecting its action. Rather than greedily reacting to
the current state, the RV enumerates a set of candidate
accelerations a; € Ilgy and simulates their effect on its next-
step state:

) + vrv(DAL + La AP,
seult+ 13a)) = Yrv(?) + vry (D) 24j Can
vy (1) + ajAt

where ygy and vgy denote the longitudinal position and
velocity, respectively.

Given the predicted next-step state, the RV evaluates the
corresponding payoff under aggressiveness parameter a:

Unvias: @) = f(srvlt + T, sav(0), @),

where f(-) encapsulates obstruction rewards, collision penal-
ties, and temporal incentives as defined in Equation. (7).
The optimal action is then determined by

(12)

agy(t) = arg max Ugy(aj; @). (13)
aj€llgy
This one-step predictive look-ahead ensures that the impact
of aggressiveness « is propagated consistently across time,
shaping not only instantaneous control decisions but also the
temporal evolution of the AV-RV interaction.

IV. DEFINITIONS OF AGGRESSIVENESS

The core innovation of this work is the introduction of
the aggressiveness parameter «, which systematically con-
trols the intensity of the rear vehicle (RV)’s behavior.
As formulated in Section C, the payoff structure of the
RV in Equation (7), which includes a blocking reward term
Oblock (@) that explicitly relies on a. By adjusting this term,
we can continuously and predictably tune the difficulty of the
lane-changing scenario. In this section, we will analyze two
distinct but practical definitions for Qpjock(@), representing
different types of adversarial driving.

A. DEFINITION I: ACCELERATION-FOCUSED
AGGRESSIVENESS

The first definition treats @ as a direct control over the
RV’s acceleration tendencies when reacting to the AV.
A larger @ encourages the RV to choose more extreme
accelerations designed to obstruct the AV, while a smaller
a promotes smoother, more comfortable driving. This effect
is mathematically represented by decomposing the blocking
reward Qpock(@) into a convex combination of two distinct
components:

1
Qi)l())ck(a,) = (1 - %) ' (Dcomfort + % ! q)obslructionv

where @.omiorr applies a penalty for unnecessary accelerations
to promote driving smoothness, and Dgpsructions Which pro-
vides a reward for actions that reduce the distance or velocity
gap between the AV and RV, effectively hindering the AV’s
maneuver.

This definition closely matches the concept of aggressive-
ness as a driving style parameter, common in behavioral
modeling and risk-sensitive decision-making. It highlights
how the intensity of action chosen by the RV directly affects
the dynamic interaction between the AV and the RV.

(14)
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B. DEFINITION II: DISTANCE-FOCUSED
AGGRESSIVENESS

The second definition treats @ as a spatial threshold that
determines when the RV starts its adversarial response, based
on the AV’s longitudinal position. Instead of changing the
magnitude of acceleration, a extends the effective range
within which the RV begins to actively obstruct the AV.
Specifically, we define this boundary as the target speed-
matching distance as

Amatch (@) = dpase + @, (15)

where dp,se 1S @ nominal minimum distance (e.g., 20 m).
When the AV-RV distance day gy falls below dpaten(@), the
RV is incentivized to align its velocity with that of the AV
and begin obstruction. The blocking reward is thus defined
as

Q(b%())ck(a') = ODygistance (dAV,RV3 Ainaten (@)

+ (Dvelocity(AVAV,RV7 a), (16)

where Qgistance rewards RV positioning close to a dynamically
defined target obstruction distance d*(vay) = vay - THWin +
dpuffer, While ®yejociry penalizes large velocity mismatches,
with the penalty weight increasing with a.

This formulation offers an anticipatory view of aggressive-
ness: a larger a causes the RV to initiate blocking maneuvers
from a greater distance. This action, in turn, prolongs the
adversarial interaction and systematically increases the sce-
nario difficulty.

C. COMPARISON OF THE TWO DEFINITIONS
The two definitions reveal distinct ways that aggressiveness
molds adversarial driving behavior:

e Acceleration-Focused Aggressiveness (Definition I):
This view treats @ as a driver style parameter that
directly influences the RV’s chosen accelerations.
Higher « immediately pushes the RV toward aggressive,
decisive actions aimed at blocking the AV.

e Distance-Focused Aggressiveness (Definition II):
Here, o acts as an anticipatory trigger defined by the
spatial distance. It doesn’t change how hard the RV
accelerates, but how early it starts blocking, making the
RV engage from longer distances and thus extending the
scenario’s difficulty.

Beyond their qualitative descriptions, the two definitions
differ fundamentally in how the aggressiveness parame-
ter @ modulates the rear vehicle’s (RV’s) decision-making
process and temporal behavior. In the acceleration-focused
definition, « directly scales the magnitude of the RV’s
longitudinal acceleration response within each decision cycle.
A higher @ value therefore leads to stronger and faster
changes in acceleration, allowing the RV to perform more
abrupt blocking maneuvers and to exert immediate pressure
on the autonomous vehicle (AV). This formulation empha-
sizes instantaneous intensity, where aggressiveness manifests
through the strength and decisiveness of short-term control
actions. As a result, scenario difficulty increases mainly due
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to rapid conflict escalation and reduced reaction margins for
the AV.

By contrast, in the distance-focused definition, @ no longer
alters the instantaneous acceleration but instead modifies
the spatial threshold that determines when the RV starts
to engage in adversarial behavior. A larger @ expands the
RV’s effective perception or anticipation range, prompting it
to begin blocking from a greater distance and maintain the
engagement over a longer time horizon. This leads to a more
gradual yet persistent interaction process, where the difficulty
arises from the extended temporal duration of conflict and the
increased need for the AV to plan its response strategically.

Overall, the two definitions highlight different but com-
plementary mechanisms by which aggressiveness influences
the scenario. The acceleration-focused formulation captures
reactive aggressiveness, representing how forcefully a vehi-
cle responds once an interaction has begun, whereas the
distance-focused formulation reflects proactive aggressive-
ness, describing how early a vehicle chooses to act upon
detecting potential competition. Together, these definitions
provide a more comprehensive understanding of adversarial
behavior modulation and demonstrate the flexibility of the
proposed framework in generating test scenarios with con-
trollable difficulty levels.

D. INTEGRATION WITH THE GENERAL PAYOFF
FUNCTION

It’s important to stress that the two definitions, Qéllgck(a)
and Qﬁgck(a), are not substitutes for the overall RV payoff
function in Equation (7). Instead, they are alternative ways to
define the internal blocking reward term, Qpjock(@), Which is
part of that function. The total RV payoff always follows
Equation (7), which accounts for blocking effectiveness,
penalties, collision costs, and time incentives. The differ-
ence lies in how OQpock(@) is implemented: Definition I
models @ as acceleration-focused decisional intensity, while
Definition II models it as distance-focused anticipatory
engagement.

These definitions are put into practice using a forward-
looking evaluation mechanism as described in Section E.
The RV uses this mechanism to predict its next state for
various acceleration choices before selecting the payoff-
maximizing strategy. This predictive look-ahead ensures that
the influence of « is dynamically consistent, shaping not
just the immediate action but also the temporal evolution of
the AV-RV interaction. By systematically adjusting o under
ng)mk(a) and Qﬁéck(a), this framework can generate a wide
spectrum of scenario difficulties, from minor, late interference
to aggressive, early obstruction.

V. EXPERIMENTS

To empirically validate the effectiveness of the proposed
aggressiveness formulations for shaping the difficulty of lane-
changing scenarios, extensive simulation experiments were
conducted. The experiments were designed with two primary
objectives: first, to demonstrate that aggressiveness @ can
systematically adjust the adversarial behavior of the rear
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vehicle (RV) and consequently, the scenario difficulty; and
second, to ensure that the observed difficulty changes are a
direct result of the @ parameter and not just random variations
from the simulation’s initialization. In the simulation, the
background traffic consists of three types of vehicles: the
rear vehicle (RV), the front vehicle (FV), and the lead vehicle
(LV). Among them, only the RV is modeled as an interactive
agent using the proposed game-theoretic framework. The RV
determines its action by maximizing its payoff function under
safety constraints, making it responsive to the AV’s state and
lane-changing intention. In contrast, the FV and LV follow
simplified kinematic rules with bounded accelerations and do
not explicitly optimize any objective function. They serve as
passive traffic participants to provide realistic driving context
rather than adversarial interaction. In the original scenario
generator, randomness is introduced to enhance scenario
diversity and to better capture the variability of real-world
traffic conditions. In contrast, for the two fixed experimental
settings designed for the two aggressiveness definitions, the
initial conditions are kept constant, thereby removing the
effect of stochastic initialization from the reported evaluation.
Since all experimental results presented in this paper are
obtained from these fixed settings, the resulting variations
in performance metrics can be directly interpreted as the
effect of the aggressiveness parameter «, which supports a
controlled and meaningful assessment of its influence on
scenario difficulty.

A. EXPERIMENTAL DESIGN

The original scenario generator relied on stochastic sampling
for initial vehicle states (like position and velocity). While
this created diverse scenarios, the resulting run-to-run vari-
ability made it hard to prove that differences in outcomes
were solely due to the aggressiveness parameter a. To solve
this problem, we implemented two fixed-initialization experi-
mental settings corresponding to the acceleration-focused and
distance-focused definitions of aggressiveness.

In both of these deterministic settings, the initial states
were fixed as follows: the autonomous vehicle (AV) was
initialized at a longitudinal position of 50 m with a velocity of
30km/h, while the RV was placed 10 m behind in the target
lane, also traveling at the same 30km/h. A leading vehicle
(LV) and a front vehicle (FV) were positioned 20 m ahead of
the AV and RV, respectively, with velocities set to 25 km/h
and 35km/h. In the fixed-initialization setting, the chosen
initial states represent typical highway lane-changing con-
ditions and ensure controlled yet realistic interactions. The
AV’s initial position of 50 m and speed of 30 km/h emulate
a normal cruising state before initiating a lane change, while
placing the RV 10m behind the AV in the target lane keeps
it within an effective range to exhibit obstructive behavior.
Likewise, the LV and FV were configured within suitable
distance and speed ranges to maintain plausible car-following
dynamics and ensure safe, reproducible experimental con-
ditions. This deterministic configuration ensured that every
simulation started identically, effectively isolating the role of
the aggressiveness parameter « for clear validation.
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B. EVALUATION METRICS

To quantify the influence of aggressiveness, we employed
three key metrics that together provide a holistic assessment
of agent performance and scenario difficulty: (i) the expected
payoff of the RV, reflecting the effectiveness of obstruction
strategies; (ii) the success rate of the AV’s lane change,
measuring the difficulty of the scenario; and (iii) the average
time required for the AV to complete a successful lane
change, which assess the temporal efficiency of the successful
maneuvers.

C. SIMULATION PROCEDURE

For each aggressiveness definition, we systematically tested
11 difficulty levels, corresponding to aggressiveness a values
ranging from 0 to 50 in increments of 5. At every level,
100 independent simulations were conducted to estimate the
expected values of the evaluation metrics. In all simulations,
the RV used the payoff functions and decision strategies
described in Section III, specifically selecting acceleration
to maximize its expected return while adhering to collision
avoidance constraints.

The experimental pipeline’s key strength is that it sys-
tematically varies only the aggressiveness parameter & while
keeping all other variables constant. This design significantly
enhances reproducibility and guarantees that any trends
observed in the metrics (whether increasing or decreasing)
are directly attributable to changes in a.

D. EXPECTED OUTCOMES

The two aggressiveness definitions predict distinct adversarial
mechanisms: Under the acceleration-focused aggressiveness,
higher « values are expected to bias the RV toward stronger,
more forceful accelerations to block the AV. In turn, reduce
the AV’s success rate, increase the RV’s obstruction pay-
off, and lengthen the time needed for a successful lane
change. Under the distance-focused aggressiveness, higher
a values here expand the spatial zone where the RV initiates
obstruction, leading to earlier and more sustained adversarial
engagement. This anticipatory behavior is anticipated to
lower AV success rates and increase delays, even without
the RV using extreme acceleration.

By contrasting the results from these two definitions, the
experiments will reveal not just the quantitative effect of
on scenario difficulty, but also the qualitative mechanisms
by which aggressiveness works, whether through decisional
intensity (strong acceleration) or spatial anticipation (early
engagement).

VI. RESULTS AND ANALYSIS

We present the experimental findings obtained using the
fixed-initialization settings for both the acceleration-focused
and distance-focused aggressiveness definitions. The core
of the analysis is to demonstrate the systematic influence
of the aggressiveness parameter a on the expected payoft of
the rear vehicle (RV), the autonomous vehicle (AV)’s lane-
change success rate, and the time required for successful
maneuvers.

VOLUME 7, 2026



IEEE Open Journal of
Intelligent Transportation
Systems

Expected RV Payoff vs. Difficulty Level

50000

40000 A

30000 A

Expected RV Payoff

20000 A

10000 A

T T
10 20 30 40 50
Aggressiveness (Difficulty Level)

o

Expected RV Payoff vs. Difficulty Level

50000 A

40000 A

30000 -

Expected RV Payoff

20000

10000 4

T T
10 20 30 40 50
Aggressiveness (Difficulty Level)

o

FIGURE 2. Expected RV payoff versus aggressiveness under acceleration-focused
(top) and distance-focused (bottom) definitions.

A. RV EXPECTED PAYOFF

As shown in Figure 2, the expected payoff of the RV
consistently increases as the aggressiveness parameter «
rises, a trend observed for both the acceleration-focused and
distance-focused definitions. This monotonic growth verifies
that increasing « effectively enhances the RV’s ability to
obstruct the AV. Because this result holds whether aggressive-
ness is implemented via decisional intensity or anticipatory
spatial engagement, we confirm that « is a reliable and
controllable factor for shaping adversarial difficulty.

B. AV SUCCESS RATE

The results in Figure 3 indicate a clear inverse relation-
ship: the AV’s lane-change success rate declines with rising
aggressiveness a. The success rate is high when « is low, but
it diminishes significantly as « increases. This robust trend
clearly demonstrates a’s function as a difficulty regulator:
by adopting more aggressive behaviors, either by acceler-
ating decisively or engaging earlier, the RV systematically
and successfully lowers the AV’s chance of completing the
maneuver.

C. AV LANE-CHANGE DURATION

Figure 4 depicts the average time required for the AV
to complete successful lane changes. The data reveals an
upward trend with increasing aggressiveness, meaning that
even when the AV succeeds, the maneuver takes significantly
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FIGURE 3. AV lane-change success rate versus aggressiveness under the
acceleration-focused definition (top) and the distance-focused definition (bottom).

longer under more aggressive adversarial conditions. This
increase reflects both the RV’s effectiveness in delaying the
maneuver and the AV’s increased caution when encountering
strong opposition.

D. FAILURE CASE ANALYSIS

To provide a deeper understanding of unsuccessful lane-
changing attempts, we further analyze the failure cases
observed in the experiments.

In our framework, failures are not caused by collisions, as
the autonomous vehicle (AV) follows a risk-averse decision-
making strategy that avoids unsafe maneuvers. Instead,
failures primarily occur when the AV determines that the
surrounding traffic conditions are not suitable for a safe lane
change and consequently postpones the maneuver until the
simulation reaches the maximum time limit.

Based on this behavior, we categorize the failure cases as
follows:

e Conservative abort (timeout failure): The AV refrains
from initiating a lane change due to safety concerns and
eventually fails when the time horizon is exceeded.

This result indicates that increasing the aggressiveness
parameter o does not lead to unsafe interactions (e.g., col-
lisions), but rather increases the difficulty of the scenario
by forcing the AV to adopt more conservative strategies.
Therefore, the observed failures reflect the AV’s safety-aware
decision-making under challenging conditions, rather than
unsafe behavior.
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FIGURE 4. Average AV lane-change success time versus aggressiveness under
acceleration-focused (top) and distance-focused (bottom) definitions.

E. COMPARATIVE ANALYSIS OF THE TWO DEFINITIONS
While both aggressiveness definitions produced the same
general outcomes, increased RV payoff, reduced AV suc-
cess, and longer maneuver time. However, their underlying
adversarial mechanisms differed. The acceleration-focused
definition results in stronger RV acceleration, resulting in
sharper changes in maneuver efficiency. The distance-focused
definition manifested earlier in the interaction, creating a
more sustained adversarial influence that primarily affected
the temporal dynamics of the AV’s maneuver.

Overall, these findings confirm that aggressiveness parame-
ter « is a robust and controllable factor for regulating scenario
difficulty. The consistency of overall trends validates the
generality of the framework, while the observed differences in
manifestation emphasize the importance of modeling adver-
sarial behavior using both decisional intensity (acceleration)
and spatial anticipation (distance).

VII. DISCUSSION

The experimental results presented in Section VI provide
strong evidence that the aggressiveness parameter « is a prin-
cipled and effective mechanism for regulating the difficulty of
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adversarial lane-changing scenarios. Beyond the quantitative
performance data, these findings prompt a deeper discussion
regarding the interpretability, generalizability, and practical
implications of using an aggressiveness-based approach for
scenario design.

A. SIGNIFICANCE OF A UNIFIED DIFFICULTY
PARAMETER

A key contribution of this work is demonstrating that the
single parameter, @, can consistently modulate both the
adversarial incentives and AV outcomes, even when applied
to distinct behavioral definitions. This approach is supe-
rior to previous method that often relied on ad hoc or
complex multi-dimensional factors, which tend to compro-
mise both interpretability and reproducibility. The monotonic
relationships found in the RV payoffs, AV success rates,
and maneuver durations confirm « as a reliable difficulty
regulator, enabling controlled, systematic stress-testing of AV
decision-making.

B. INTERPRETABILITY OF AGGRESSIVENESS
DEFINITIONS

The comparision between acceleration-focused and distance-
focused formulations highlights two complementary aspects
of aggressiveness. The acceleration-focused approach stresses
decisional intensity, mirroring typical concepts of driving
style and risk. In contrast, the distance-focused approach
embodies anticipatory engagement, showing how early
and sustained adversarial responses control the interaction
dynamics. The fact that the outcome trends were consistent
across both definitions suggests that aggressiveness is a
generalizable construct. However, the qualitative differences
underscore the necessity of explicitly modeling both instan-
taneous (acceleration) and anticipatory (distance) behavioral
dimensions in adversarial traffic scenarios.

C. IMPLICATIONS FOR AV TESTING AND VALIDATION
From a practical standpoint, the ability to controllably
modulate scenario difficulty directly benefits the systematic
evaluation of AVs. By simply adjusting the parameter «,
developers and regulators can subject AV systems to increas-
ingly challenging conditions, ensuring robustness against not
only nominal situations but also under strategically adversar-
ial circumstances. This method fills a crucial gap between
purely random scenario generation and custom-made stress
cases, offering a scalable and reproducible pathway for com-
prehensive testing. Furthermore, separating aggressiveness
into its decisional and spatial components allows for targeted
stress tests, marking it possible to isolate and fix specific
weakness in AV planning or prediction modules.

VIIl. CONCLUSION

This paper introduced a game-theoretic framework that over-
comes the limitations of current AV testing methods by
generating adversarial lane-changing scenarios with control-
lable difficulty. By introducing a single adjustable parameter,
a, the model systematically regulates aggressiveness at both
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the action level and the interaction level. Two complemen-
tary definitions of aggressiveness were formalized, offering
distinct yet consistent mechanisms for shaping adversarial
behavior.

Simulation experiments validated that increasing « con-
sistently enhanced the rear vehicle’s payoff, reduces the
AV’s success rate, and extended maneuver duration.
By formalizing and testing two complementary definitions
of aggressiveness, we not only confirmed the framework’s
effectiveness but also highlighted the necessity of modeling
both decisional intensity and anticipatory engagement in
adversarial traffic.

The resulting framework offers a unified, interpretable,
and reproducible mechanism for scenario-based AV testing,
filling the critical gap between stochastic and handcrafted
scenarios. It enables progressive stress evaluation and sets a
principled foundation for scalable and systematic safety vali-
dation under strategic adversarial conditions. Future research
will build upon this foundation by incorporating multi-lane,
multi-agent, and lateral dynamics.
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