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Abstract

Realistic background traffic is critical to the simulation plat-
forms for autonomous driving (AD) testing. Given that most
vehicles in reality are driven by human beings, introduc-
ing human driving (HD) vehicles to the background traffic
is necessary to be able to discover more problems of the
tested AD vehicle in the simulation stage. However, exist-
ing methods rely on ad-hoc rules or data-driven training to
mimic partial human driver behaviors, which are not com-
prehensive and lack transparency. In this work, we design
a smart human driving vehicle simulator HDSim which is
empowered by cognitively inspired modeling and Al mod-
els. HDSim enables diverse, realistic, and scalable HD traffic
simulation on AD testing platforms like CARLA in a non-
intrusive manner. There are two novel components in HDSim.
First, we introduce a driver model to guide the generation of
diverse human driving styles by using different combinations
of latent cognitive factors in a hierarchy. Second, we design
a Perception-Mediated Behavior Influence (PMBI) mecha-
nism to use LLM-assisted perceptual transformations to in-
directly fuse driving actions with driving styles. Experiments
show that HDSim traffic can help simulation platforms like
CARLA to reveal 68% more failures of tested AD vehicles,
and the explainability of reported accidents is also improved.

Introduction

Simulation constitutes a critical testing phase prior to
the real-world deployment of any end-to-end autonomous-
driving (AD) vehicle. Enhancing the realism of background
traffic is a core task for existing simulation platforms such
as CARLA. Among all traffic characteristics, the inclusion
of human-driving (HD) vehicles is particularly significant,
as it introduces a unique source of behavioral variability.
Compared to simplified traffic scenarios, traffic mixed with
human-driving vehicles can expose more issues in AD ve-
hicles under test. Figure 1 demonstrates the key advantage
of such mixed traffic and presents an example identified by
using our simulator HDSim.

However, existing background vehicle simulations fall
short in modeling human drivers. Most rely on rule-based
or replay-based methods (Behrisch et al. 2011; Dosovitskiy
et al. 2017; Montali et al. 2023; Li et al. 2022), so they only
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Figure 1: Diverse stylized traffic simulation reveals greater
potential in identifying the shortcomings of AD models.
Green box: tested AD, blue-white box: aggressive driver.

support homogeneous HD behaviors and cannot cover di-
verse HD styles like aggression and driving under the in-
fluence (DUI). Recent approaches attempt to increase be-
havioral diversity through data-driven learning approaches
like (Tan et al. 2024). Yet, the need for real-world train-
ing data results in limited support for diverse HD styles,
since collecting data on abnormal behaviors is dangerous for
real drivers. Besides, it remains unclear whether a driving
model trained using stylized data, e.g., actions from aggres-
sive drivers, could exhibit unexpected or illegal behaviors.

Therefore, in this work, we aim to explore the feasibility
of introducing diverse HD vehicles into background traffic
simulations. First, we expect these HD vehicles to operate
as if driven by humans with competent driving skills and
to interact with the AD vehicle under test using appropriate
judgment. Moreover, we anticipate each of these vehicles to
mimic assigned styles, such as driving and DUI, while en-
suring behavioral explainability, which facilitates root cause
identification later. Finally, this approach eliminates the need
to collect real-world training data and can be easily inte-
grated into existing simulation platforms like CARLA.

To achieve the above goals, we propose HDSim, a cog-
nitively inspired framework for simulating interactive traf-
fic with diverse human driving styles. An HD vehicle in
HDS imis built upon an autonomous driving model, enabling



it to interact with the vehicle under test more naturally than
rule-based solutions. Beyond this, our core design comprises
two key components. First, we propose a novel human driv-
ing style modeling approach to serve as a theoretical guide-
line. Second, we leverage a large language model (LLM) to
non-intrusively adjust the perceptual inputs received by this
autonomous driving model, in accordance with our proposed
modeling. Such reconstruction of perceptual inputs (e.g.,
object size and speed) will modulate the driving behaviors
shaped by the target style. Given that the LLM is pre-trained
with essential knowledge in transportation and cognitive sci-
ence, it can understand and adhere to our proposed model-
ing without the need for fine-tuning. More specifically, we
address the following three challenges.

First, model latent human driving styles. We develop a
hierarchical human driving style model rooted in cognitive
science. This model disentangles basic driving capabilities
from three composable style influence layers: personality,
physiological state, and attentional response, each associ-
ated with distinct temporal patterns, enabling semantically
rich style representations and modular composition of traits.

Second, inject perceptual biases via LLM-guided policy
transformation. We propose a novel Perception-Mediated
Behavior Influence (PMBI) mechanism. This mechanism in-
fluences driving behavior by altering the vehicle agent’s per-
ception through predefined API functions and LLM-based
object-level adjustments regulated by threshold constraints,
thereby modeling how cognitive traits bias attention and
salience while keeping the AD model’s logic unchanged.

Third, enable scalable integration and stable simula-
tion. Our design is non-intrusive, requiring no architectural
changes to AD models during diverse agents’ simulation. It
ensures stability by recording all activities for replay with-
out LLMs, delegating rendering to the platform while using
LLMs only to adjust object attributes such as location.

Experiments show that HDSim exposes substantial weak-
nesses in state-of-the-art AD models, identifying up to 68%
more failures than traditional tests and improving the real-
world explainability of reported accidents. It also generates
stylistically diverse yet realistic traffic while supporting sta-
ble and scalable simulation.

Our contributions are summarized as follows:

* We are the first to model diverse stylized human driving
behaviors within interactive traffic environments, signifi-
cantly enhancing realism over existing rule-based or ho-
mogeneous simulation agents for AD evaluation.

We propose a hierarchical human driver style model that
disentangles style influences from basic driving capabil-
ities, and implement it via a heterogeneous Al approach
to simulate human-like driving behaviors.

We design a simulation mechanism that is controllable,
scalable, and computationally efficient, facilitating easy
integration with existing AD simulators and straightfor-
ward adaptation to new driving styles without retraining.

Extensive experiments on a state-of-the-art simulator
show that incorporating stylized human drivers uncovers
up to 68% more hidden failures in AD models than con-
ventional testing, improving the real-world explainability
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of accidents, without any physical deployment.

HDSim Design

This section first introduces our cognitively-inspired human
driving style model, and then describes how to realize such
a model into a human driver simulator, which can be non-
intrusively applied onto existing AD testing simulations like
CARLA (Dosovitskiy et al. 2017), as illustrated in Figure 2.

Human Driving Style Model

We propose a hierarchical model supported by knowledge
from cognitive behavioral science. This model extracts cog-
nitive factors, which lead to subtle driving action diversity,
from basic driving capabilities and organizes them into a hi-
erarchy. Such a hierarchical structure can accumulate the ef-
fects of multiple cognitive factors and guide LLMs to diver-
sify abstracted human driving styles without knowing the
concrete driving actions beforehand.

Inspired by psychological theories of individual variabil-
ity (Elander, West, and French 1993; Taubman-Ben-Ari,
Mikulincer, and Gillath 2004a), the model is structured as
a set of concentric layers (Figure 3), with an inner Driv-
ing Capability Layer (DCL) and three outer Style Influence
Layers (SILs). This design supports modular composition of
human-like driving behaviors in a scalable and semantically
coherent way.

At the center of this model, the DCL represents the driv-
ing action decisions made by human drivers according to
their perceived in-situ contexts on the road, such as stopping
at a red light, avoiding obstacles, and turning at a crossing.
We assume this is shared by all rational human drivers with
driver permits. Apparently, this part can be easily realized
by current mainstream AD models.

SILs, surrounding the DCL, encode those stackable driv-
ing effects of cognitive factors into three concentric rings,
namely the personality influence layer, the physiological in-
fluence layer, and the attentional influence layer. The further
a layer is from the center, the more transient and unstable its
influence on the driving style is.

* L1 — Personality Influence Layer captures enduring psy-
chological attributes, such as aggressiveness or cau-
tiousness, that shape baseline risk perception and plan-
ning tendencies over long timescales. (Taubman-Ben-
Ari, Mikulincer, and Gillath 2004b).

L2 — Physiological Influence Layer models physiologi-
cal states (e.g., fatigue, intoxication) that modulate be-
havioral control. It captures two forms of influence: (i)
Incremental effects like fatigue that accumulate and al-
ter behavior once a cognitive threshold is exceeded; and
(ii) Episodic effects like alcohol impairment that disrupt
judgment and reactivity (Philip et al. 2001).

L3 — Attentional Influence Layer accounts for attention
dynamics in response to external complexity, grounded
in Attention Resource Theory (Kahneman 1973). Dis-
tracted driving, for instance, manifests as lagged aware-
ness and missed hazards (Endsley 2017; Schwarz and
Weller 2023).
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Figure 3: Hierarchical human driver style model.

Cognitive factors are categorized into these three layers
based on their temporal stability (Sheeran, Orbell, and Trafi-
mow 1999) and intensity (Norman and Shallice 1986), im-
pacting the subtle driving action changes. A factor in the
personality influence layer yields persistent driving charac-
teristic changes, a factor in the physiological influence layer
can be realized by periodical updates with a stylistic co-
herence mechanism, and a factor in the last layer captures
unpredictable behavioral fluctuations, which can be realized
as a stochastic process. When all factors in three layers are
jointly modeled and coherently applied to concrete driving
actions, the driving style is created for a simulated human
driving vehicle.

Thanks to this modeling, we can assign different human
driving styles to each simulated human driving vehicle with-
out the association of concrete driving actions made by the
vehicle. Such a human driving style assignment can be in
the form of a semantic description, which is an expertise
of LLMSs. Therefore, we let an LLM learn our human driv-
ing style model via in-context learning and generate a tar-
geted driving style description at a high level for every sim-
ulated human driving vehicle. This description ( “An ag-
gressive driver who accelerates through sparse traffic, tail-
gates consistently, and disregards speed limits with reck-
less confidence.” ) will further be used to guide the micro-
manipulation of every action of the assigned vehicle, achiev-
ing the targeted driving style influence, such as accelerating
on a yellow light, hitting the brakes when the obstacle is far
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away, and turning by crossing solid lane marks.

Please note that, in this stage, the LLM is only used once
to generate the driving style description, which is used in
a plug-and-play manner to indirectly influence the driving
(details are provided in the next subsection). No training is
required, and the application is transparent to the AD test-
ing simulations, like CARLA. Thus, the proposed model
makes our human driver simulator design scalable and non-
intrusive to existing simulation platforms.
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Figure 4: Stylized Driver Behavior Generation.

Stylized Driver Behavior Generation

For clarity, we first define the I/O of our stylized driver be-
havior generation. One input is a text description of the tar-
geted human driving style Bges., which is provided by an
LLM according to our human driving style model. B, is
fixed during the simulation of style-assigned background ve-
hicle. The other input is the context information ctx at the
current moment (i.e., the current step), which is provided
by the AD testing simulations. ctx contains all objects sur-
rounding the simulated human driving vehicle (please note
it is not the tested AD vehicle) and their physical states, like
speeds and directions. On the other hand, the output of this
stylized driver behavior generation is the driving action de-
cision for the next step, which is denoted as Dyx.

Our HDSim design has two key components, as shown in



Figure 4. The first is an AD model taking as input the BEV
(bird’s eye view) scenes centered on it. HDSim leverages
this AD model to realize the DCL in our human driving style
model. It supports our HDS im vehicle to run from one place
to another. Its driving actions, without the help of the sec-
ond component, are denoted D9¢!. The second component
is the PMBI mechanism powered by an LLM, which realizes
the remaining three layers in our driving style model. PMBI
applies a targeted human driving style onto each Dg¢! in-
directly by manipulating the BEV scene perceived by the
first component, following the view that behavioral differ-
ences arise from perception rather than ability bias (Elander,
West, and French 1993). This non-intrusive approach pre-
serves the correctness of the original AD model M 4p via
the PMBI mechanism M 4 p (ctx’) than direct policy modu-
lation M, ,(ctx), and offers clear explainability for human
inspectors when accidents occur.

Together, they can generate a sequence of driving actions
D with certain human driving characteristics, such as ag-
gression, driving under the influence (DUI), and distraction.
Additionally, HDS im-controlled vehicles can interact with
the tested AD vehicle on the road, making the simulation
more realistic. Existing AD testing simulation platforms can
easily replace rule-based or non-responsive background ve-
hicles with HDS im ones, without modifying the platforms.

Perception Mediated Behavior Influence (PMBI)
Mechanism

In this subsection, we elaborate on our PMBI mechanism,
which is critical in HDSim to naturally fuse the driving de-
cision with the desired human driver style. Our design in-
tuition has two points. First, we ask the AD model of our
first component to take the lead in driving decisions, avoid-
ing decision conflicts if there are multiple decision makers
in the system. Second, we indirectly influence decisions of
the AD model through the manipulation of what the model
takes as input. In other words, we create an illusion gap be-
tween what is objective in the simulated context and what is
subjective in the model’s perception. This illusion gap will
guide the AD model in adjusting its action decision a bit,
which reflects the human driving style assigned to it.

The creation of this illusion gap is automated by an LLM
with expert knowledge from cognitive behavioral science.
We introduce a few principles and use them in the in-context
learning for LLM. These principles teach the LLM how to
interpret Byes. into a policy set P = (p1, p2, p3), where py,
p2, and ps instruct in text how the personality, physiolog-
ical, and attentional factors make subtle behavior changes
of driving actions, respectively. For example, an aggressive
personality characteristic like “confidently underestimates
surrounding risks” is interpreted into a p; policy of “per-
ceived distance of objects like vehicles in front is further
than the real distance”. For another example, a physiologi-
cal characteristic like “DUI” is interpreted into a ps policy
of “perceive straight lane marks as curved”.

Since our AD model perceives context information in the
BEV form, we provide a set of APIs with documentation to
the LLM. These APIs are function calls designed to modify
the contents of a BEV scene, such as changing object size,

Algorithm 1: Stylized Driver Behavior Generation with
PMBI

Input: Style s, Simulator interface Sim, Simulation step ¢,
Background AD model M 4p, BEV input Xggy

Output: Style-aligned driving decision D,

1: ctxy + Sim.GetContext(t)

2: if t == 0 then

3: Bgese ¢ LLM_Generate(s)

4: {p1,p2,p3} < LLM Translate(Init, Bgesc)

5: end if

6: if ¢ is the update time of physiological factors then
7 pg < LLM_ Translate(Update, p2)

8: end if

9: if ¢ is triggered randomly for attentional factors then
10:  p3 + LLM_Translate(ReInterpret, Byesc)
11: end if
12: Oy + Identify_Objects(Xpgv ), scripts « []
13: for o € O, do
14:  APIs + PMBI_MatchAPIs(o, {p1,p2, p3})
15:  compute adjustment parameters for APIs based on

last-time values to maintain consistency
16:  scripts < [scripts, APIs]
17: end for
18: X'ggy < adjust Xpgy by scripts
19: Dy < Mup(X'gry)
20: return D,

changing object location, and changing traffic lights, with
sensitivity coefficients across motion, spatial, structural, and
temporal dimensions (Green and Petre 1996). We also pro-
vide a RAG containing typical code examples of using these
APIs to implement a policy p. Examples are fed into the in-
context learning way to LLM so that LLM can write high-
quality code for the desired policy. Thus, we give the generic
LLM the ability to translate text-based policies into API-
based code instructions.

During the simulation of a simulated human driving ve-
hicle, translation is performed once for p; policies, period-
ically repeated with new configurations for ps policies, and
randomly triggered for p3 policies. Temporal consistency is
preserved for all action decisions between two same-layer
policy translations by verifying that linear changes remain
physically plausible with respect to factors such as speed and
size, and this procedure can be extended with other advanced
physical models. Additionally, the LLM cost is saved.

Procedure Description. At the moment of making the ¢-
th step driving action for one simulated vehicle, the proce-
dure of PMBI is illustrated as follows. First, PMBI collects
ctxy information from the AD testing simulation platform,
like CARLA. For every object shown in the defined BEV
area of the simulated vehicle, PMBI matches suitable API-
based code instructions to change how it looks in the eye of
our AD model. The consistency of change is also considered
in our API implementations. After that, the changed BEV is
passed to the AD model of this vehicle to generate D,. The
procedure of overall stylized driver behavior generation with
PMBI as the Algorithm 1.



Style-Homogeneous Traffic Tested AD Style-Homogeneous Traffic Tested AD
L1 L2 L3 DS RC | L1 L2 L3 DS RC
normal normal normal 100 100 | normal drunk normal 152.3% 61.2
One SIL influence:  aggressive  normal normal 154.5% 100 | normal  fatigued normal 138.1% 100
cautious normal normal $21.9% 100 | normal normal distracted  |35.4% 100
normal drunk distracted  ]31.3% 100 normal fatigued  distracted  160.0%  89.0
Two SIL influence: aggressive  normal distracted  [62.7%  86.1 | cautious normal distracted  |48.3%  86.2
* aggressive  drunk normal 164.7% 100 | cautious  drunk normal 114.7% 100
aggressive  fatigued  normal 1373% 100 | cautious fatigued normal 137.0% 943
Three SIL influence: aggressive  drunk distracted  |57.0% 100 | cautious  drunk distracted  24.1% 100
* aggressive  fatigued distracted  |553% 100 | cautious fatigued distracted |46.7% 94.6

Table 1: Performance of InterFuser AD Model in Style-Homogeneous Traffic. “|” indicates performance drop from the baseline
(first row, separated by a horizontal line). Driving Score (DS) and Route Compliance (RC)

Experiments

Implementation

All simulations are conducted in CARLA 0.9.10 (Doso-
vitskiy et al. 2017) within TownO5, using 30 concurrent
background vehicle agents per run. These agents are imple-
mented using the Roach expert policy (Zhang et al. 2021).
To assess the impact of style influences, we validate rep-
resentative traits across three style influence layers: L1 in-
cludes aggressive and cautious personality; L2 models phys-
ical traits with episodic (drunk) and incremental (fatigued)
patterns; L3 simulates transient attentional decline (dis-
tracted). Stable traits update every 2000 simulation steps,
while unstable traits are triggered stochastically via a Pois-
son process with an arrival rate of 0.064. Each experiment
contains 10 routes, repeated three times to ensure statistical
robustness.

Experimental Setup

Hardware. Rendering is performed on one NVIDIA RTX
4090 GPU. The simulation framework and multi-agent run-
time are distributed across eight NVIDIA 2080 Ti GPUs.
For language model inference, we use a hybrid configura-
tion: LLaMA 3.1 is deployed locally on an A800 GPU for
low-latency validation, while GPT-40-mini is used for high-
level behavioral reasoning and influence script generation.
Metrics. We adopt standard metrics from the CARLA
Leaderboard v1 (Dosovitskiy et al. 2017), including Driving
Score (DS) and Route Compliance (RC), to evaluate critical
driving safety over complete routes in AD testing.
Baselines. The conventional style-agnostic traffic simula-
tion with a setting (normal, normal, normal) serves as the
baseline test environment.

Research Question. We evaluate the effectiveness, realism,
and efficiency of HDSim by addressing the three questions:

RQ1. Can HDSim simulate diverse, style-rich human
driving behaviors in traffic and effectively expose the weak-
nesses of AD models under these conditions?

RQ2. Do the AD failures identified by HDS im correspond
to real-world incidents, and how realistic are the generated
stylized driving behaviors?

RQ3. Does HDSim ensure robust stylized driving to sup-
port more reliable AD testing, while maintaining system
scalability and efficiency for large-scale deployment?
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Exposing AD Weaknesses in Stylized Traffic

To answer RQ1, we use HDSim to construct three types
of stylized traffic scenarios: style-homogeneous, style-
heterogeneous, and selected challenging stylized traffic.

In style-homogeneous traffic (see Table 1), all agents in
a scenario share the same driving style, defined by differ-
ent combinations of SILs, including one, two, or all three
layers. style-heterogeneous traffic includes three styles, each
involving one personality trait (normal, aggressive, or cau-
tious), to represent a distinct type of human driver. These
styles are further paired with their corresponding highest-
risk outer-layer influences to ensure high-risk diversity and
comprehensive style coverage. Each style controls 10 back-
ground vehicles in the simulation. The selected challenging
stylized traffic (see Table 2) set consists of three represen-
tative scenarios: the highest-risk single-SIL and highest-risk
multi-SIL homogeneous settings, as well as the heteroge-
neous setting. These are used to evaluate AD model perfor-
mance under particularly adverse conditions.

We first evaluate the effectiveness of stylized traffic
using InterFuser (Shao et al. 2023), which achieves the
strongest CARLA performance and serves as the rep-
resentative AD model. To further explore the general-
izability of HDSim across model types, we test five
additional state-of-the-art AD models: closed-loop mod-
els include TFPP (Jaeger, Chitta, and Geiger 2023),
AIM (Jaeger, Chitta, and Geiger 2023); open-loop models
include VAD (Jiang et al. 2023) and ST-P3 (Hu et al. 2022);
and the LLM-assisted model is LMDrive (Shao et al. 2024).
Diverse Traffic Effectiveness in AD Tests. All stylized traf-
fic scenarios result in significantly more hidden failures than
the non-stylized baseline (Table 1), demonstrating that di-
verse human-style behaviors are effective in revealing AD
weaknesses. Within style-homogeneous traffic (Table 1), the
simulated traits and their combinations closely match both
the framework design and observed real-world behavioral
patterns. The lower-level style traits produce more consistent
risk patterns for AD models, with L1 personality traits exert-
ing stronger effects than L2 physiological states and L3 at-
tentional traits. When combined, these styles interact in rein-
forcing, neutralizing, or interfering ways, showing that style
composition is far from a simple linear superposition. For
example, drunk tendencies may amplify aggressive behav-



Selected Challenging Stylized Traffic TFPP AIM VAD ST-P3 LMDrive
L1 L2 L3 DS RC | DS RC| DS RC | DS RC | DS RC
normal normal  normal 90.6 100 82.4 100 139 346 556 726 19.8 264

Homo. aggressive normal normal 151.6% 94.8 | 167.6% 100 | }26.6% 30.5[{37.1% 56.0|]21.9% 223
aggressive  drunk normal 154.5% 95.8 | 163.2% 100 | 433.1% 30.1 | {31.7% 55.7 | {23.3% 254
normal fatigued distracted

Heter. aggressive drunk normal 129.2% 100 | ]24.5% 100 | {28.1% 32.0 | {259% 67.0 | {21.7% 25.6
cautious normal  distracted

Table 2: Performance of Diverse AD Models in Selected Challenging Stylized Traffic. Homogeneous (Homo.): one style con-
trols 30 vehicles. Heterogeneous (Heter.): Three distinct styles control 10 vehicles each.

Camera View

(a) Case 1: (aggressive, normal, normal)

(b) Case 2: (normal, fatigued, normal)

Camera View

Obj. BEV Subj. BEV

Obj. BEV Subj. BEV

(c) Case 3: (normal, normal, distracted)

Figure 5: Case studies of AD failures involving stylized human drivers. Green boxes: tested AD vehicle, blue-white boxes:
driver agents with specific styles, and red boxes: other items. Obj. BEV: Objective BEV; Subj. BEV: Subjective BEV.

ior, causing shorter following, or offset the heavy braking of
cautious drivers, whereas distracted traits often disrupt ag-
gressive or drunk styles and lead to unstable behavior. Inter-
estingly, style-heterogeneous traffic induces only moderate
effects (DS=]36.9%, RC=87.3), likely due to offsetting in-
teractions among conflicting styles, which lead to more bal-
anced traffic dynamics.

Evaluating AD Models under Challenging Traffic. As
shown in Table 2, the selected stylized challenging traf-
fic scenarios effectively stress-test all AD models, expos-
ing failure modes often overlooked in conventional settings.
Among them, closed-loop models achieve the highest over-
all performance but show the most limited adaptability un-
der style perturbations. In contrast, open-loop/LLM-assisted
models, despite their lower overall performance, maintain
greater stability across diverse styles. This may be attributed
to their broader consideration of interaction dynamics in
model design or the benefits of LLM-guided reasoning.

Realistic Stylized Accidents and Behaviors

To answer RQ2, we investigate the realism of style-induced
AD accident cases by aligning them with real-world reports.
We further validate the similarity between simulated styl-
ized behaviors and real-world driving styles, and compare
our results against realism baselines.

Style-Induced Failures: Real Case Analyses. We present
three representative style-induced accident cases, each cor-
responding to a single style influence from L1 to L3. In Case
1, an aggressive driver performs a sudden cut-in without
yielding, while the AD model fails to anticipate and con-
tinues straight, resulting in a collision (Figure 5a). In Case
2, a fatigued driver reacts late due to cognitive inertia and
collides with an abruptly braking AD vehicle (Figure 5b). In
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L1 L2 L3 CARLA |ProSim|HDSim(Ours)
aggressive normal  normal 82.6 86.5 97.8
cautious mnormal normal 66.7 88.3 98.1
normal distracted normal - 0.00 45.0
normal  fatigued normal - 53.5 72.7

Table 3: Fl-score (%) of different driving styles evaluated
using the mean of RF, SVM, and KNN classifiers.

Case 3, a distracted driver misses early cues due to degraded
perception updates, and the AD model fails to brake in time,
leading to a crash (Figure 5c).

The failure cases show strong alignment with real-
world incidents (Caseid: 2005009501684, 2005041508481,
2007045403168) documented in NHTSA reports (National
Highway Traffic Safety Administration 2024), validating the
realism of style-induced AD failures. This suggests that the
latent failures identified in Tables 1-2 are not artifacts of
simulation but likely to occur in real traffic, highlighting
HDSim’s effectiveness in revealing critical AD blind spots
without physical deployment.

Validation of Simulated Style Realism. To validate style
realism in HDSim, five drivers (2-3 years’ experience) an-
notated 3,901 style-unlabeled trajectories from the behavior-
rich INTERACTION dataset (Zhan and et al. 2019) into
four single-SIL driving styles: (aggressive, normal, normal),
(cautious, normal, normal), (normal, fatigued, normal), and
(normal, normal, distracted). Three classifiers (RF, SVM,
KNN) were then trained on these annotations to assess the
alignment between simulated and real styles, with each style
evaluated on 900 simulated trajectories.



Real data HDSim
mean speed mean acc heading var mean speed mean acc heading var

W=1.944 W=0.442 W=0.067 b 5W:().924 W=0.332  W=0.063
02 20 10 f 50 104 ‘
N | g - PAN P
00510 O 09005 °%0% 70 %% i 0.0 05"
8aggresszve, normal, normal) (cautious, normal, normal)
W=3.157 W=0.025 XV:0.074 W=1.278 _W=0.007  W=0.099
0.5 100 | 2001 03 A 50 10} ‘
00-5—"5~ 0Go5 635 %0 05°% 5 %0 o1 %00 05

(normal, normal, distracted) (normal, fatigued, normal)

Figure 6: Real-world style alignment of HDSim. Each sub-
plot shows KDE curves comparing real vs simulated trajec-
tories under different driver styles. The X-axis denotes the
value of each feature (e.g., speed, acceleration (acc)), and
the Y-axis shows the probability density. A smaller Wasser-
stein distance I implies better alignment.

Tested Stylized Driver Performance
L1 L2 L3 DS RC
normal normal normal 91.2 100
aggressive  normal normal 112.0 100
cautious normal normal 13.20 100
normal drunk normal 112.6 100
normal fatigued  normal 18.80 100
normal normal distracted  [7.00 100

Table 4: Robust driving evaluation under style diversity.

Realism Baseline. (1) CARLA’s parameter-based style
module, supporting only (aggressive, normal, normal) and
(cautious, normal, normal) styles; (2) ProSim, which simu-
lates only concrete behavior instructions, not abstract styles.
For comparison, we use HDS im-generated stylized behavior
descriptions as instruction inputs for ProSim.

As shown in Table 3, HDSim achieves up to 98.1% classi-
fication F1-score, outperforming the baselines by an average
of 23.3% over CARLA and 21.3% over ProSim. Figure 6
further demonstrates that HDSim exhibits minimal behav-
ioral deviation from real-world driver styles (e.g., mean_acc
Wasserstein Distance (Villani et al. 2008), W 0.007
for the (normal, fatigued, normal)). Moreover, compared
to ProSim, HDSim achieves lower Wasserstein distances
in speed ({38.16%), acceleration (|27.42%), and heading
({14.4%), indicating superior realism.

Driver Robustness and System Performance

Robust Decision-Making under Style Diversity. For RQ3,
we evaluate the performance of driver agents under five
single-SIL driving styles within baseline traffic scenarios.
As shown in Table 4, each driver preserves robust driving
performance while displaying distinct style traits, demon-
strating that diverse style influences do not compromise
driving robustness. This also rules out insufficient driver ro-
bustness as a confounding factor in the AD test results (Ta-
bles 1-2). Notably, stylized drivers can achieve any driving
capability (e.g., baseline performance) without model mod-
ification, enabled by HDSim.
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Agent GPU CPU Driver Sim Rule Sim
Numbers (GB/%) (GB/%) Step (s) Step (s)
30 1.211/8% 20.4/13%  0.0229 0.0057
50 1.427/10% 22.4/13%  0.0341 0.0080
70 1.680/13% 24.0/13%  0.0480 0.0131

Table 5: System performance at different agent scales.

Evaluation of Simulation Efficiency and Scalability. For
system performance in RQ3, runtime overhead remains
minimal—CPU/GPU usage scales linearly with 30-70
driver agents, and the local LLM uses only 7.15 GB of GPU
memory. LLM reasoning, triggered just 3—6 times per route,
is latency-sensitive but fully parallelized. Overall runtime
(with LLM inference) remains comparable to standard rule-
based CARLA simulations. Full performance metrics are re-
ported in Table 5 (1 2080 Ti, 12 GB GPU).

Related Work

Driving Behavior Simulation in Traffic. Existing meth-
ods fall into: log-playback, rule-based, and learning-based.
Log-playback replays recorded trajectories but lack inter-
activity (Montali et al. 2023; Li et al. 2022). Rule-based
approaches offer interpretability but limited behavioral di-
versity (Behrisch et al. 2011; Dosovitskiy et al. 2017).
Learning-based methods improve realism through imitation
or reinforcement learning (Schulman et al. 2017), yet rely
on large labeled datasets and struggle to generalize to rare
scenarios (Suo et al. 2021; Zhang et al. 2025). Recent LLM-
based methods, such as ProSim (Tan et al. 2024), offer cus-
tomizable behavior through fine-tuning and explicit instruc-
tions. However, they remain limited to low-level vehicle ac-
tion simulation and do not model high-level driver traits.

Driver Style Simulation. Existing methods fall into two
categories: parameter-based, which manually tune behav-
ioral parameters (e.g., aggressive speed) but lack scalabil-
ity (Dosovitskiy et al. 2017; Niehaus and Stengel 1991); and
LLM-finetuned, which generate style-specific behaviors us-
ing fine-tuned LLMs (Yang et al. 2024) but incur high costs
and unstable real-time performance. Both are typically lim-
ited to a few predefined styles (only aggressive, cautious)
and often implement them in a rigid, fragmented manner.

Conclusion

We present HDS im, a simulation framework that models di-
verse human-like driving styles in background traffic for AD
evaluation. Unlike rule-based or low-level models, it repre-
sents driving styles as layered cognitive influences that bias
perception, enabling style-specific decisions through the
PMBI mechanism. PMBI uses LLM-generated programs to
inject perception bias without altering AD models, support-
ing scalable and stable simulation. Experiments show that
HDSim uncovers more hidden issues than conventional test-
ing by providing realistic human-driven traffic risks without
physical deployment. Nonetheless, limitations remain, such
as the formalization of the style model, and we will continue
advancing HDS im through future research.
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