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 a b s t r a c t

As autonomous vehicles (AVs) increasingly share roads with human drivers, creating human-
like driving agents has emerged as a promising approach for seamless integration into mixed-
autonomy environments. Achieving effective vehicle-human interaction is becoming a clear and 
long-term challenge. A notable direction is leveraging Large Language Models (LLMs) as driving 
agents, given their human-like reasoning abilities and adaptability to diverse and dynamic driv-
ing scenarios. However, a foundational question arise – do LLMs really like human drivers, and to 
how much content? In this paper, we present a novel framework to evaluate whether LLM- and 
multimodal LLM-based agents can authentically simulate human driving behavior. To this end, 
we introduce HermesSense, a benchmark dataset grounded in real-world human driving behavior 
that integrates both sensory and semantic information. Built upon this dataset, our evaluation 
methodology assesses behavioral alignment from both short-term decision-making and long-term 
statistical perspectives, quantifying how closely these models reproduce human-like driving deci-
sions under identical conditions and when conditioned on specific driver profiles, respectively. To 
further illuminate the factors shaping human-like behavior, we conduct a data attribution analysis 
to identify which components in the input most influence the LLM agents’ behavioral decisions. 
Thirteen state-of-the-art LLMs from five families were evaluated, revealing notable differences in 
their ability to mimic human driving behavior. The proposed dataset, benchmark, and feature at-
tribution insights lay a solid foundation for the future optimal integration of information flow in 
AV and robotics research, fostering a more transparent and reliable human-machine collaborative 
environment.

1.  Introduction

The era of mixed autonomy has arrived. Autonomous Vehicles (AVs) are now being tested and deployed in ride-hailing operations 
across five cities, making their interaction with human drivers increasingly important (Gao et al., 2024; Wu et al., 2025b). From now 
on and into the coming years, transportation environments will be characterized by mixed autonomy, requiring AVs to coexist with 
human drivers. Therefore, an increasing amount of research has focused on better integration with human traffic, including building 
human-like driving agent (Bhattacharyya et al., 2023; Lee et al.), proposing human-aligned decision-making strategies (Hang et al., 
2020; Hu et al., 2024; Wu et al., 2024b), and human-like simulation environments for autonomous vehicles (Zhou et al., 2024; Stead 
et al., 2022), aiming to make autonomous driving agents behave more like humans for interaction, safety, efficiency improvements.
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Fig. 1. Current challenges in mixed autonomy and the path toward better human-machine interaction. Mixed autonomy poses challenges 
in aligning AV behavior with human drivers. Our evaluation and data attribution framework guides the development of interpretable, human-like 
LLM agents for smoother traffic integration.

However, whether we aim to build human-like driving agents or better human-vehicle interaction, the task is extraordinarily 
challenging, primarily due to the intrinsic complexity of human nature, as illustrated in Fig. 1. As Dr. Richard Thaler, the 2017 Nobel 
Prize winner in Economic Sciences, noted in his work on behavioral economics, “Conventional economics assumes that people are highly 
rational – super-rational – and unemotional. They can calculate like a computer and have no self-control problems." (Orrell, 2010; Barberis 
and Thaler, 2003) A similar challenge arises in the field of autonomous driving: traditional learning-based driving agents struggle to 
replicate genuinely human behavior because of several inherent difficulties associated with human drivers. Human driving behavior is 
highly diverse, shaped by complex cognitive mechanisms influenced by nonlinearity, uncertainty, and randomness (Wang et al., 2014; 
Zhu et al., 2018). Each driver responds uniquely to similar scenarios, making it challenging to learn and integrate these behaviors into 
driving agents. This complexity is amplified by the multimodality of driving data, such as sensor-based trajectories (Yang et al., 2025), 
textual incident reports (Wu et al., 2024a), and video/image recordings (Zhang et al., 2025b), which traditional models struggle to 
unify into coherent representations. A promising direction is leveraging Large Language Models (LLMs) to develop driving agents 
that better interact with human drivers (Jin et al., 2024). Utilizing their advanced capabilities in human-like text gexneration and 
reasoning, LLMs provide a novel but risky paradigm for decision-making within AVs (Sha et al., 2025). LLMs are extensive deep 
learning models comprising billions of parameters, trained on vast textual datasets. Beyond generating highly convincing human-like 
text, these models exhibit remarkable emerging abilities, including solving analogical reasoning tasks (Musker et al., 2024; Zhao 
et al., 2025a,b), programming complex applications (Nam et al., 2024), employing tools for multitask scenarios (Shen, 2024), and 
dynamically adapting strategies based on contextual cues (Yang et al., 2023a). Thus, several critical questions arise: Do LLM agents 
perform like human drivers? If so, to what extent? Which agent performs most similarly to humans?

If the answer is yes, the next step is to understand why and how – which parts of the input data empower the LLMs’ acting 
like human drivers and how different LLMs respond to and interpret these human priors? Given LLMs’, especially multimodal LLMs’ 
(MLLMs) ability to integrate diverse forms of driving-related information in prompts (Islam, 2024), it becomes essential to understand 
how different inputs shape the agent’s behavior (Chen and Lu, 2024). Feature attribution frameworks are employed to quantify the 
contribution of each input component to the model’s output. By analyzing feature attributions, we gain deeper insights into how LLM 
agents reason and which types of information they rely on when mimicking human drivers. Such understanding can inform more 
targeted data collection strategies for developing human-like LLM-based agents and guide the design of pretraining objectives that 
better align with human decision-making (Lee et al., 2025; Chang et al., 2024).

To answer these critical questions, we first build a comprehensive human driving dataset and benchmark that encompasses 
truly comprehensive information about real drivers: demographic backgrounds, historical crash records, real-time observed driving 
behaviors, real-time vehicle trajectories, speed, string wheel angles, and even real-time driver gaze attention masks, and etc (Geyer 
et al., 2020). This diverse dataset forms the cornerstone of our study, providing a nuanced view of both typical and individual-
specific driving patterns. Next, we use expert-guided textualization and reformatting techniques to convert the recorded human 
driving decisions into multimodal prompts. These prompts capture key elements of the drivers’ decision-making processes, ranging 
from environment cues to personal profiles, and serve as inputs to LLMs and MLLMs (Han et al., 2025; Li, 2024). Our goal is to 
determine how accurately these models can interpret and reproduce human-like decisions in various driving scenarios.

To rigorously evaluate the “human-likeness” of decisions made by LLM-based agents in driving tasks, we measure their behavioral 
alignment from both short-term and statistical (long-term) perspectives (Vinayavekhin et al., 2017). Firstly, we quantify whether 
the agents’ decisions match those of human drivers under identical driving conditions, thereby assessing the models’ short-term 
alignment with human behavior. Furthermore, we investigate whether these agents, when conditioned on specific driver profiles 
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Table 1 
Comparison of well-known existing AV datasets. 𝑅 and 𝑆 indicate whether the dataset is real-world or synthetic. Frames/Video/Text under Size
refer to the number of image frames, video duration (h: hours, v: video clips, c: clips), and word counts. pl for planning, perc for perception, and
pl & behav for planning tasks for driver behavior. The ✓ indicates the presence of the corresponding modality, and the ○ marks manually labeled 
driver behavior.

Dataset Task
Size  Image∕Video  Sequence Data  Text Data

Venue

Frames∕Video∕Text
Driving
Scenes

Driver
Gaze

Vehicle
Trajectory

Vehicle
Dynamics

Envir-
onment

Traffic
Dynamics

Driver
Behhavior

Driver
Info

BDD100K (𝑅) (Yu et al., 
2020)

Perc. 100K ∕ 1.1K (h) 
∕ –

✓ – ✓ – – – – – CVPR-18

nuScenes (𝑅) (Caesar 
et al., 2020)

Perc. 40K ∕ 5.5 (h) ∕ – ✓ – ✓ ✓ – – – – CVPR-20

ONCE (𝑅) (Mao et al., 
2021)

Perc. 7M ∕ 144 (h) ∕ – ✓ – ✓ – – – – – NeurIPS-21

K-Radar (𝑅) (Paek et al., 
2022)

Perc. 35K ∕ – ∕ – ✓ – ✓ ✓ – – – – NeurIPS-22

Bench2Drive (𝑅,𝑆) (Jia 
et al., 2024)

Pl. 2M ∕ 13K (c) ∕ – ✓ - ✓ – – – ○ – NeurIPS-24

LaMPilot (𝑆) (Ma et al., 
2024)

Pl. - ∕ - ∕ 35K – – ✓ ✓ – – ○ – CVPR-24

NuPrompt (𝑅) (Wu et al., 
2025a)

Perc. 34K ∕ 850 (v) ∕
2.5M

✓ – ✓ ✓ – ✓ – – AAAI-25

DriveLM (𝑅,𝑆) (Sima et al., 
2024)

Perc., 
Pl.

10K ∕ – ∕ 440K 
(QA)

✓ – ✓ ✓ ✓ – ○ - ECCV-24

VLAAD (𝑅) (Park et al., 
2024)

Pl. - ∕ 11K (v) ∕ 3M ✓ - ✓ ✓ ✓ ✓ ✓ – WACV-24

 HermesSense(𝑅) Pl. & Be-
hav.

2.5M ∕ 24 (h) ∕
10M

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ –

based on accumulated decision records (e.g., a cautious driver with a history of minor collisions), replicate the characteristic decision 
patterns thus gauging their ability to capture the statistical variations over the long term. Following these evaluations, we conduct a 
systematic analysis of the prompt data attributes. Our findings highlight the critical components, such as demographic indicators, gaze 
attention, and context-specific driving cues, that most heavily influence the models’ ability to generate human-like decisions under 
various traffic conditions, and comparing with information importance considered by human drivers (Koorathota et al., 2024). Based 
on these insights, we offer perspectives on how to refine prompt design and model architectures for even more accurate behavioral 
modeling. By establishing human-likeness evaluation criteria and identifying pivotal information sources within the input data, our 
framework paves the way for future advancements in human behavior understanding, enhanced human-machine interaction, and 
developing human-like LLM agents in autonomous driving systems. 

2.  Related work

Vision and LiDAR datasets for AV perception and planning. Existing datasets such as Waymo (Sun et al., 2020), nuScenes (Caesar 
et al., 2020), ONCE (Mao et al., 2021), and Bench2Drive (Jia et al., 2024) have advanced AV perception and planning tasks by provid-
ing extensive visual and multimodal sensor data. Utilizing these datasets, recent studies have demonstrated deployable performance 
in crucial tasks, including object detection, tracking, trajectory prediction, and behavioral and motion planning (You et al., 2024; 
Liu et al., 2026). Currently, most testing scenarios occur within mixed-autonomy environments, where AVs must coexist and interact 
with human drivers. Integrating AVs into the human-driven traffic ecology while minimizing discrepancies remains a significant 
challenge (Chen et al., 2024b). Recent efforts have attempted to bridge this gap by incorporating textual semantics, providing richer 
contextual understanding, and improving interpretability in AV decision-making (Ma et al., 2024; Wu et al., 2025a; Sima et al., 2024; 
Park et al., 2024; Zhang et al., 2025a,c; Hou et al., 2025; Liu et al., 2025b). However, as shown in Table 1, existing datasets lack 
explicit features capturing mixed-autonomy interactions, especially detailed comparisons between AV behaviors and human driving 
behaviors, as well as their interactions. These features are critical for modeling human-like decision-making in mixed-autonomy 
scenarios (Hu et al., 2022).

LLM-Agent for Human-like AV planning and decision making. LLMs have exhibited remarkable progress in linguistic understanding 
and reasoning, prompting extensive research into their potential for enhancing autonomous driving (Yang et al., 2023b). Recent efforts 
have examined natural language-based perception, LLM-enabled human-like decision making, and the development of LLM-driven 
agents (Long et al., 2024; Wang et al., 2023). For instance, Long et al. (2024) and Wang et al. (2023) leveraged multimodal LLMs to 
refine vehicle control and bolster decision-making in mixed-autonomy scenarios. Concurrently, Cui et al. (2023) incorporated LLMs 
into conventional driving stacks, capitalizing on commonsense reasoning to improve the robustness of AV decisions. A growing line of 
work focuses specifically on emulating and interacting with human behavior in real-world driving contexts. For example, Yang et al. 
(2024) proposed a multi-alignment framework that aligns LLM-driven agents with human driving styles by using data gathered from 
post-driving interviews. Their findings underscore the importance of high-quality human data, such as demographic and behavioral 
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Fig. 2. Introduction to the human-likeness evaluation framework. This framework evaluates human-likeness from both short-term and long-
term perspectives, capturing performance variations across diverse driving scenarios and over extended periods. Through the application of data 
attribution, it also reveals the information reliance patterns of humans and machines, providing insights to optimize information flow and enhance 
human-machine collaboration.

information in achieving truly human-like autonomous driving behaviors (Mao et al., 2023; Jin et al., 2023). Nonetheless, besides 
the remaining questions raised in the introduction, much of the existing research has been confined to simulations or datasets that 
lack comprehensive real-world driver data, limiting both the accurate evaluation of human-likeness and the capacity to learn genuine 
human behaviors (Kujanpää et al., 2024; Rock et al., 2023).

3.  Driving decision agent and human alignment

The human-likeness of LLM-based agent can be assessed through two dimensions, as shown in Fig. 2: 1) Short-term alignment 
with human drivers evaluates whether the agent’s choices align with human behavior in specific driving contexts (Yang et al., 2024), 
which is a fundamental requirement for safe integration into mixed-autonomy environments. 2) Long-term (Statistical) likeness to 
human drivers measures the temporal consistency of the agent’s decision patterns and their alignment with distinct human driving 
profiles (Ou et al., 2024). More specifically, short-term alignment focus on comparing the agent’s discrete driving decisions such as 
turn left to human’s decision given the same input context. On the other hand, long-term human-likeness mainly evaluates whether 
the agent’s temporally extended decision patterns are consistent with and align with distinct human driving profiles over time (e.g., 
characteristic patterns across a trip). This human-likeness is essential for enabling personalized driving and offers the potential to 
generate synthetic data representing underrepresented driver populations (Sun et al., 2024). As illustrated in Fig. 3, given a textual 
prompt 𝑥𝑖 from the dataset, we evaluate these two dimensions of human-likeness across three decision-making tasks: speed 𝑠𝑖, turning
𝑡𝑖, and steering 𝑒𝑖. We denote the LLM agent’s response as an action tuple 𝑎𝑖 = (𝑠𝑖, 𝑡𝑖, 𝑒𝑖) conditioned on the input prompt 𝑥𝑖. In the 
following sections, we detail the evaluation metrics and describe the construction of the human-centric dataset used to support this 
analysis.

3.1.  Behavioral alignment with human divers

LLM agent decision alignment metrics. We treat short-term prediction as a context-aware classification problem across three 
decision-making tasks. The model selects one discrete action per task and generates an explanation grounded in the input scenario. 
To evaluate the model’s behavioral alignment with human drivers, we introduce two metric classes targeting different aspects of this 
alignment:

Classification performance. We compute standard classification metrics accuracy (Acc.) and F1-score (F1) (Sokolova and Lapalme, 
2009) to assess correctness between model predictions and human behaviors. Given the standard notations: True Positive (𝑇𝑃 ), True 
Negative (𝑇𝑁), False Positive (𝐹𝑃 ), and False Negative (𝐹𝑁), these metrics are defined as:

• Accuracy (Acc.): Measures the proportion of correctly classified instances over all predictions (Sokolova et al., 2006):

𝐴𝑐𝑐 = 𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁

(1)

• F1-score (F1): Harmonic mean of correct positive predictions and missed detections, emphasizing performance on the positive 
class (Goutte and Gaussier, 2005):

𝐹1 = 2 ⋅ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ⋅ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

(2)
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Distributional alignment. Beyond individual decisions, we assess task-level behavior by comparing predicted and human action dis-
tributions using the Jensen-Shannon divergence (JSD). Given a set of human behavior instances, we denote the aggregated predicted 
action distribution as 𝑝̂ = (𝑝̂𝑠, 𝑝̂𝑡, 𝑝̂𝑒), and the corresponding ground-truth distribution as 𝑝 = (𝑝𝑠, 𝑝𝑡, 𝑝𝑒), where each component repre-
sents the empirical distribution over speed (𝑠), turning (𝑡), and steering (𝑒) actions, respectively. We define distributional alignment 
score 𝔻ali as:

 (𝑝 ∥ 𝑝̂) = 1
2
(𝑝 ∥ 𝑚) + 1

2
(𝑝̂ ∥ 𝑚), 𝑚 = 1

2
(𝑝 + 𝑝̂), (3)

where 𝑝 ∈ {𝑝𝑠𝑇 , 𝑝
𝑡
𝑇 , 𝑝

𝑒
𝑇 } denotes the empirical distribution for each sub-task, and  (⋅ ∥ ⋅) denotes the Kullback-Leibler divergence.

Metrics of information attribution for human-likeness. We employ Shapley values to quantify the contribution of various informa-
tion inputs to the LLM agents’ human-likeness (Shapley, 1953). Unlike traditional machine learning models that primarily handle 
fixed-length feature vectors, LLMs process variable-length text sequences as input (Chen et al., 2023). This characteristic makes com-
monly used Shapley value approximation methods, such as KernelSHAP (Lundberg and Lee, 2017) and DeepSHAP, less applicable to 
LLMs. Recent approaches like TokenSHAP (Goldshmidt and Horovicz, 2024) and TransSHAP (Kokalj et al., 2021) have been proposed 
to address this by decomposing input text into tokens and computing Shapley values at the token level. However, applying token-level 
Shapley value computation to our tested LLMs introduces two primary challenges: 1) Computational limitations. The computational 
complexity of Shapley values is exponential in the number of players. In our setting, with an input size of approximately 300 tokens, 
large-scale computation of token-level Shapley values for driving data becomes impractical. 2) Limited interpretability. Decomposing 
the prompt at the token level disregards inter-token dependencies, and the arbitrary masking or replacement of tokens can lead to 
semantic ambiguity and contextual shifts.

In light of these challenges, we propose a paragraph-level Shapley value attribution method which maintains semantic integrity and 
preserves inter-token dependencies by treating each paragraph as a coherent information unit. Specifically,  as detailed in Section 5.1 
of the modified manuscript, each driving scene prompt 𝑥𝑖 in the dataset is partitioned into 𝑛 = 6 disjoint parts, corresponding to 
𝑛 players. These players represent six information categories: 𝑐0: driver demographic information, 𝑐1: environmental information, 𝑐2: 
vehicle dynamics, 𝑐3: traffic dynamics, 𝑐4: navigation information, and 𝑐5: driver attention information. To quantify the contribution of 
each category, we treat them as players in the Shapley value computation. For any given subset of indices 𝑆 ⊆ {0, 1,… , 𝑛 − 1}, we 
construct a filtered input prompt 𝑥𝑖(𝑆) by applying a masking operation on the original segments. Let 𝑥𝑖,𝑗 denote the text segment of 
prompt 𝑥𝑖 corresponding to category 𝑐𝑗 . The constructed prompt is defined as:

𝑥𝑖(𝑆) =
𝑛−1

concat
𝑗=0

(

𝕀[𝑗 ∈ 𝑆] ⋅ 𝑥𝑖,𝑗
)

(4)

where concat(⋅) is the text concatenation operation, and 𝕀[⋅] serves as a selection function. Specifically, the term 𝕀[𝑗 ∈ 𝑆] ⋅ 𝑥𝑖,𝑗 retains 
the content of segment 𝑥𝑖,𝑗 if the category index 𝑗 is present in 𝑆; otherwise, it returns an empty string ∅. This mechanism ensures 
that the model input 𝑥𝑖(𝑆) solely reflects the information represented by the coalition 𝑆.

The resulting test dataset based on 𝑆 is defined as (𝑆) = {𝑥𝑖(𝑆)|𝑖 = 0, 1, ...,𝑀}, where 𝑀 is the size of the testset. We then define 
the task-specific utility function 𝑣𝑘() with 𝑘 ∈ {𝑠, 𝑡, 𝑒} denoting to the three driving tasks: speed (𝑠), turning (𝑡), and steering (𝑒). Here, 
𝑣𝑘() represents the performance metric (e.g., accuracy) on dataset  for task 𝑘. The Shapley value 𝜙𝑝,𝑘, representing the contribution 
of information category 𝑝 to task 𝑘, is computed as:

𝜙𝑝,𝑘 =
∑

𝑆⊆⧵{𝑝}

|𝑆|! ⋅ (𝑛 − |𝑆| − 1)!
𝑛!

[

𝑣𝑘((𝑆 ∪ {𝑝})) − 𝑣𝑘((𝑆))
]

, (5)

where  = {0, 1,… , 5} is the set of all players. 
For each task 𝑘, we rank the information parts based on their corresponding contribution to obtain the model-based ranking ̂r(𝑘). 

The human-perceived importance ranking, derived from expert annotation, is denoted by r(𝑘). We propose an attribution similarity
metric 𝔸sim to evaluate the similarity between the two rankings, defined as the average Kendall’s 𝜏 correlation (Kendall, 1938) across 
all tasks:

𝔸𝑠𝑖𝑚 =
∑

𝑘
𝜏(𝑘)∕𝑛, 𝜏(𝑘) = (𝑛𝑐 − 𝑛𝑑 )∕

(

𝑛
2

)

, (6)

where 𝑛 = 3 is the number of tasks, and 𝑛𝑐 and 𝑛𝑑 represent the numbers of concordant and discordant pairs, respectively, among 
all pairs of information categories (𝑗, 𝑗′) with 𝑗 < 𝑗′. A pair is considered concordant if the relative ordering is consistent in both 
rankings, i.e., (r̂(𝑘)𝑗 − r̂(𝑘)𝑗′ )(r

(𝑘)
𝑗 − r(𝑘)𝑗′ ) > 0, and discordant if the product is negative.

3.2.  Statistical human-likeness

Statistical human-likeness evaluates the alignment between predicted and human driving behaviors over temporally extended 
sequences. Instead of focusing on isolated decisions, it captures consistency in action patterns and their correspondence to human 
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Table 2 
Semantic cost matrices 𝛿𝑠, 𝛿𝑡, and 𝛿𝑒 for speed, turning, and steering control tasks. This table can be put in 
supplementary.

 Speed 𝛿𝑠  Turning 𝛿𝑡  Steering 𝛿𝑒
 GT/Pred  dec.  maintain  acc.  GT/Pred  left  none  right  GT/Pred  left  maintain  right

 dec.  0  0.5  1  left  0  0.5  1  left  0  0.5  1
 maintain  0.5  0  0.5  none  0.5  0  0.5  maintain  0.5  0  0.5
 acc.  1  0.5  0  right  1  0.5  0  right  1  0.5  0

Table 3 
Overview of data types and modalities in HermesSense dataset. The HermesSense dataset integrates diverse data modalities including video, 
numerical signals, and textual descriptions from multiple acquisition sources to enable multimodal analysis of LLM driving agents’ behavior.
 Data Category  Data Modality  Data Component  Acquisition Source
 Driving Scenes Data  Image/Video  Front-view Scene Video  3 × Scene Cameras
 Vehicle Dynamic Data  Numerical  Acceleration, Vehicle Speed, Trajectory, Steering Angle, GasPressed, BrakePressed, etc.  CAN bus Loggers, GPS
 Driver Demographic  Text  Race, Gender, Commute Frequency, Prescription Glasses, Accident History, etc.  Interview
 Driver Gaze Data  Numerical  HeadPos, GazeOrigin, GazeDirection, RightEyePosition, LeftEyePosition, etc.  SmartEye Pro v5.0
 Text Description  Text  Environment Description, Navigation Suggestion, Vehicle Dynamics, etc.  Expert-assisted Annotation

driving styles over time. We propose Human-machine Expected Behavioral Similarity to quantify this alignment. For each control 
task and each of the 𝑁 samples, we define the ground-truth and predicted action sequences as 𝑆 = (𝑎1, 𝑎2,… , 𝑎𝐿), 𝑆̂ = (𝑎̂1, 𝑎̂2,… , 𝑎̂𝐿). 
The behavioral similarity score 𝔹sim is computed using the normalized Levenshtein distance (Levenshtein et al., 1966; Biten et al., 
2019):

𝔹sim = 1
𝑁

𝑁
∑

𝑗=1

(

1 − 𝑛(𝑆𝑗 , 𝑆̂𝑗 )
)

, (7)

where 𝑛(𝑆, 𝑆̂) denotes the normalized Levenshtein distance between the ground-truth and predicted sequences, defined as:

𝑛(𝑆, 𝑆̂) =
1

max(|𝑆|, |𝑆̂|)

𝐿
∑

𝑖=1
(𝑎𝑖, 𝑎̂𝑖), (8)

with (𝑎𝑖, 𝑎̂𝑖) representing the semantic cost of transforming action 𝑎𝑖 to 𝑎̂𝑖. This cost is composed of three components:

(𝑎𝑖, 𝑎̂𝑖) = 𝛿𝑠(𝑠𝑖, 𝑠̂𝑖) + 𝛿𝑡(𝑡𝑖, 𝑡𝑖) + 𝛿𝑒(𝑒𝑖, 𝑒𝑖), (9)

where 𝛿𝑠, 𝛿𝑡, and 𝛿𝑒 capture the differences in speed, turning, and steering, respectively. For example, in the turning task, replacing a
left turn with a right turn yields a higher cost than substituting it with a slight right, reflecting greater behavioral divergence. 
The detailed cost terms are summarized in Table 2. 

4.  HermesSense dataset

To evaluate the human-likeness of decision-making in LLM agents, we introduce HermesSense, a human-centric multimodal sen-
sory and semantic dataset grounded in real-world driving behavior. As illustrated in Fig. 3, HermesSense captures the full spectrum of 
driver perception and action through a richly structured data workflow that includes visual, textual, numerical, and human-centric 
information. This enables the generation of comprehensive prompts for large language model LLM driving agents. The dataset con-
struction follows a two-stage pipeline: (1) the collection of multimodal sensor and human behavioral data including vehicle dynamics, 
driver gaze, and demographic profiles and (2) the annotation of semantic descriptions such as environmental context, navigation in-
structions, and attention regions. These descriptions are critical for enabling LLMs to reason about driving scenarios from a human-like 
perspective. A detailed overview of data types is provided in Table 3. 

4.1.  Dataset collection and preprocess

Dataset collection. The collection of our proposed dataset integrates multiple information streams to comprehensively capture human 
driving behavior. We recruited 25 drivers of various ages and genders in Southeastern Pennsylvania. Each of them underwent an 
interview to collect demographic information, shown as Table 4 and was provided with an overview of the driving routes without 
being informed of specific research objectives to ensure natural driving conditions.

To fully record and analyze their driving behavior, we chose two routes in Manassas, Virginia, shown as below:
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Fig. 3. Overview of proposed HermesSense dataset, benchmark and workflow. HermesSense integrates real-world multimodal driving data, 
including visual, textual, numerical, and human inputs to generate prompts for LLM-based driving agents. The benchmark evaluates human-likeness 
through short-term decision alignment, statistical similarity across driver types, and a feature attribution framework for selecting optimal information 
flow in driving agents.

Table 4 
Demographic background related to the participated drivers.
 Demographic Category  Category / Group  Count (%)
 Total Valid Subjects  Drivers  25
 Gender  Male  17 (68%)

 Female  8 (32%)
 Race / Ethnicity  Asian  15 (60%)

 White / Caucasian  5 (20%)
 Hispanic / Latino  3 (12%)
 Black / African American  2 (8%)

 Age Range  20–25 years  6 (24%)
 26–30 years  9 (36%)
 31–35 years  6 (24%)
 36–45 years  4 (16%)

 Driving Experience  1–5 years  12 (48%)
 6–10 years  7 (28%)
 11–20 years  4 (16%)
 21+ years  2 (8%)

 Weekly Mileage <50 miles  6 (24%)
 50–100 miles  8 (32%)
 100–200 miles  9 (36%)
 200+ miles  2 (8%)

 Vision Correction  No correction needed  16 (64%)
 Contacts / glasses required  9 (36%)

 Accident History  No accidents  19 (76%)
 Previous accidents  6 (24%)

 Traffic Violations  No violations  22 (88%)
 Previous violations  3 (12%)
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Table 5 
Dataset statistics before and after gaze filtering.

 Daytime  Evening
 Number of trips  28  20
 Number of scene frames  1,535,143  1,001,924
 Frames without valid gaze  483,570  320,616
 Dropout rate (%)  31.5  32.0
 Valid gaze frames  1,051,573  681,308

Table 6 
Distribution of driving behaviors across different demographic groups.

 Driving Style  Driver Age  Driving Experience  Driver Gender
 Behavior  Aggressive  Moderate  Defensive ≤25 >25 ≤5 yrs >5 yrs  Male  Female
 Accelerate  0.200  0.258  0.247  0.200  0.254  0.241  0.247  0.230  0.260
 Maintain speed  0.545  0.500  0.470  0.559  0.490  0.513  0.488  0.525  0.478
 Decelerate  0.255  0.242  0.284  0.241  0.256  0.246  0.266  0.245  0.263
 Adjust steering left  0.351  0.386  0.324  0.356  0.369  0.366  0.367  0.375  0.355
 Maintain steering  0.504  0.438  0.503  0.470  0.464  0.460  0.476  0.456  0.478
 Adjust steering right  0.145  0.175  0.172  0.175  0.166  0.174  0.156  0.169  0.167
 Turn left  0.093  0.095  0.118  0.076  0.105  0.093  0.111  0.088  0.113
 No turn  0.896  0.864  0.834  0.908  0.855  0.875  0.847  0.873  0.855
 Turn right  0.012  0.041  0.047  0.016  0.041  0.032  0.041  0.039  0.031
 Total cases  345  906  296  315  1232  1016  531  877  670

• Route 1: Sunoco Gas Station→ 15180 Washington St→ UVA Health Haymarket → Budget Truck Rental → Historic District →
15180 Washington St → Sunoco Gas Station → 7502 Iron Bar Ln

• Route 2: 7502 Iron Bar Ln → Budget Truck Rental → 15180 Washington St → 7502 Iron Bar Ln → UVA Health Haymarket →
Historic District → Sunoco Gas Station

Each participate are asked to drive through both route, at different daytimes and weather conditions. In general, we conducted 28 
daytime and 20 evening driving sessions.

For the raw collected data, there are 3 main categories: front-view video recordings, vehicle dynamic information and gaze 
movements of driver. For front-view video recordings, we mount a camera on top of the vehicle that recording the front-view scenario 
during driving to simulate drivers’ perceived environment. We totally collect 2,537,067 images from all recordings. For vehicle 
dynamic information, we utilize the CAN bus interface to collect vehicle motion and control data (acceleration, velocity, steering 
angle, throttle position, etc.) at 50 Hz sampling rate from the vehicle’s Electronic Control Unit (ECU), while GPS devices record 
vehicle trajectory information. For drivers’ gaze movements, we employ a dashboard-mounted SmartEye Pro v5.0 system featuring 
dual infrared cameras to track driver face and eye movements. The system performs head tracking by estimating the 3D pose of 
the subject’s head and eye tracking by recording gaze origin and direction vectors for both eyes. These are combined to generate 
consensus gaze directions, which are then projected onto the visual scene at 50 Hz to determine where drivers focus their attention.

Dataset preprocess. Due to unavoidable gaze projection failures under natural driving conditions (e.g., blinking or head movements), 
a portion of frames does not contain valid gaze data. As summarized in Table 5, 31.5% of daytime frames and 32.0% of evening 
frames were filtered out. In addition, due to different weather conditions, there are some camera misfocus which leads to blurriness 
of the image, which also have been filtered out. The remaining data were manually curated into 1,500 short video clips (3 s each, 
75 frames), resulting in a final dataset of approximately 110K frames used for downstream analysis. For the selected data, it covers 
drivers across multiple demographic dimensions, including gender, age groups (≤25 and >25), and driving experience levels (≤5 
years and >5 years). As summarized in Table 6, the distribution of driving behaviors is relatively balanced across these groups, with 
no single demographic or driving style dominating the dataset. This diversity enables reliable analysis of human driving behavior 
across different population segments. In addition to demographic diversity, our selected dataset spans a variety of driving scenarios, 
including freeway, ramp, and local road segments, as well as conditions such as dusk, heavy rain, and heavy traffic. Table 7 summarizes 
the distribution of scenarios and the corresponding driving behavior frequencies across these conditions.

4.2.  Dataset annotation

MLLM annotation. To bridge the gap between raw sensory data and semantic understanding, we implement a structured annotation 
process covering six key components: driver, environment, host vehicle, traffic dynamics, navigation, and human gaze attention. Directly 
available data (e.g., driver age) populate relevant template fields, while additional details are derived through traffic expert anno-
tations. For environment information, we input sequential scene images (captured at 1-s intervals) into GPT-4o to generate textual 
descriptions. To ensure accuracy and minimize hallucinations, expert-annotated environment descriptions are provided as In-Context 
Learning examples, thereby standardizing GPT-4o outputs. Similarly, gaze information is summarized by overlaying driver attention 
maps onto scene images, highlighting driver-focused areas.
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Table 7 
Scenario diversity and behavior distribution across different driving conditions.
 Statistic  Freeway  Ramp  Local  Day  Dusk  Heavy Rain  Heavy Traffic
 Sample count  717  204  626  822  725  249  82
 Avg. words per prompt  330.5  321.4  325.2  327.4  326.4  327.3  351.0
 Speed control
 Maintain speed (%)  62.8  37.7  40.4  51.9  48.7  41.6  36.6
 Decelerate (%)  16.2  37.3  31.8  24.3  26.3  26.9  51.2
 Accelerate (%)  21.1  25.0  27.8  23.7  25.0  31.5  12.2
 Turning decision
 No turn (%)  99.3  96.6  68.7  87.5  85.5  80.5  85.5
 Turn left (%)  0.6  1.0  23.5  9.7  10.1  14.1  8.4
 Turn right (%)  0.1  2.5  7.8  2.8  4.4  5.4  4.8
 Steering decision
 Maintain steering (%)  28.2  52.9  65.5  48.7  44.1  38.9  58.5
 Adjust left (%)  44.6  36.3  27.6  35.4  38.1  37.6  31.7
 Adjust right (%)  27.2  10.8  6.9  15.9  17.8  23.5  9.8

Expert annotation. For detailed and diverse traffic dynamics annotations, we rely on human annotators using structured templates. 
Sixteen traffic engineers annotate video segments, detailing lane topology, relative states of surrounding vehicles (distance, velocity 
changes, motion trajectories), and other dynamics. These annotations are systematically transformed into coherent textual descrip-
tions, ensuring consistency and completeness across varied scenarios. More specifically, we discretize longitudinal control into three 
mutually exclusive classes: Accelerate, Decelerate, No-meaningful-change. To focus labeling on moments with interpretable intent 
(rather than noise), we first automatically extract candidate timestamps where the vehicle speed changes by >10% within 1s, and 
the brake or throttle input changes concurrently. For each candidate event, we generate a 10-s clip centered on the event and provide 
annotators the synchronized video plus vehicle-dynamics traces; annotators then assign one of the three classes based on whether 
the behavior reflects intentional acceleration, intentional deceleration, or normal fluctuation (no meaningful change). Besides, we 
use a dedicated annotation platform supporting both labeling and review. Annotators follow a written guideline document specifying 
criteria for each category with representative examples. Each expert performs (i) initial annotations and (ii) reviews annotations made 
by others; after an annotation is completed, it is randomly assigned to a different expert for review and correction, providing a struc-
tured cross-check to promote consistency. Fig. 4 illustrates the annotation interface used in our paper, which presents key segments 
of driving scene clips together with relevant driving signals (e.g., vehicle state and environment-related data) to support informed 
and accurate annotation decisions. To ensure annotation consistency and structural uniformity, the platform enforces a closed-set 
annotation protocol, where annotators assign labels by selecting from predefined categories rather than providing free-form inputs. 

5.  Benchmarks and experiments summary

5.1.  Evaluated models and experimental setup

We evaluate a range of widely used commercial and open-source LLMs that are commonly employed in autonomous driving 
and LLM-based driving agent research to assess model performance on our human-centric driving dataset (Yang et al., 2023a). The 
commercial models are grouped into three series: the GPT series (GPT-4o, GPT-4o mini, and GPT-o3 mini) from OpenAI (Hurst et al., 
2024), the Gemini series (Gemini 2.0 Flash and Gemini 2.5 Flash) from Google (Team et al., 2023), and the Claude series (Claude 
3.5 Haiku and Claude 3.7 Sonnet) from Anthropic (Anthropic, 2024). The open-source models include the Llama series (Llama 4 
Scout, Llama 4 Maverick, and Llama 3) developed by Meta (Touvron et al., 2023; Singh, 2025) and Qwen series (Qwen-Max, Qwen-
VL-Max, Qwen-VL-Plus) from Alibaba (Bai et al., 2023). Each model is evaluated using identical inputs across all cases, comprising 
a uniform text prompt and its paired driving scene image. All selected LLMs were accessed through their official APIs using the most 
recent publicly available endpoints as of April 2025. Unless otherwise specified, default decoding parameters were applied across all 
experiments, with temperature and top-𝑝 set to 1.0. Fig. 5 illustrates a prompt examples from the HermesSense dataset. These prompts 
serve as structured textual inputs to the LLM-based agent, encoding multimodal driving context to facilitate reasoning and behavior 
prediction.

5.2.  Evaluation of decision alignment with human drivers

We evaluate each LLM’s performance by comparing two input modalities, using text input alone and using textual data with image 
inputs. We randomly sampled 1,500 instances from the full dataset for evaluation. The results for LLMs’ decision alignment are shown 
at Table 8.

Comparison of decision alignment for different LLMs . We compare the decision alignment performance of various LLMs 
across three driving decision tasks. Overall, no single model consistently outperforms all others across all tasks, while 
Claude 3.7 Sonnet demonstrates strong performance in general, achieving the highest F1 scores on the speed and steering 
tasks, and the second-highest F1 score on the turning task. In the speed task, Llama 4 Maverick and Llama 4 Scout 

Transportation Research Part C 186 (2026) 105606 

9 



P. Wang et al.

Fig. 4. Annotation platform illustrating the driving scene clips and vehicle-dynamics traces used for driving behavior labeling.

Table 8 
Decision alignment results of LLMs across three driving decision tasks. Each cell presents paired results in the format: text-only input / text-
plus-image input. better values indicate performance improvements compare to text-only input, while worse values indicate performance 
decreases. The model with the best performance is shown in bold. Llama3 70B, Qwen-textual model only supports textual inputs.

Models
 Speed  Turning  Steering
F1 (%) ↑ Acc. (%) ↑ 𝔻ali (×100) ↓ F1 (%) ↑ Acc. (%) ↑ 𝔻ali (×100) ↓ F1 (%) ↑ Acc. (%) ↑ 𝔻ali (×100) ↓

GPT-4o 35.8 / 36.0 48.5 / 49.4 9.8 / 11.2 65.2 / 67.3 82.8 / 84.2 2.0 / 1.7 55.0 / 55.6 58.0 / 58.9 2.6 / 4.0
GPT-4o mini 37.0 / 38.3 52.6 / 54.3 12.5 / 13.4 56.7 / 55.6 74.7 / 73.7 5.1 / 5.2 45.9 / 43.0 46.2 / 44.1 1.1 / 1.8
GPT-o3 mini 43.7 / 38.2 52.7 / 54.4 4.1 / 13.8 68.0 / 53.8 84.7 / 71.9 1.2 / 5.9 47.9 / 43.1 50.0 / 44.0 2.5 / 1.5
Claude 3.7 Sonnet 48.5 / 48.5 50.0 / 50.8 2.8 / 1.5 74.4 / 71.6 88.0 / 86.4 0.9 / 1.3 58.0 / 57.6 60.0 / 60.1 1.6 / 2.0
Claude 3.5 Haiku 38.3 / 39.7 51.9 / 54.1 12.2 / 12.8 51.9 / 54.6 68.0 / 71.0 7.9 / 6.6 50.5 / 40.6 56.5 / 51.8 7.5 / 14.6
Gemini 2.5 Flash 44.8 / 46.4 46.2 / 47.7 4.5 / 3.8 70.4 / 69.3 86.8 / 85.9 0.7 / 1.1 48.8 / 49.9 53.4 / 53.8 4.4 / 3.7
Gemini 2.0 Flash 42.3 / 40.0 49.5 / 47.4 3.9 / 6.1 67.5 / 65.4 84.9 / 82.5 1.5 / 2.3 52.9 / 54.6 55.1 / 56.6 2.0 / 1.1
Llama 4 Maverick 47.1 / 49.0 49.3 / 53.5 1.0 / 0.3 61.6 / 62.4 78.0 / 79.8 3.6 / 2.9 52.8 / 49.8 53.9 / 51.5 0.5 / 1.2
Llama 4 Scout 47.0 / 48.9 52.2 / 54.9 1.3 / 1.9 79.1 / 77.0 92.4 / 91.7 0.1 / 0.1 42.3 / 43.2 46.9 / 45.8 5.3 / 4.2
Llama 3 70B 41.3 / – 49.3 / – 7.2 / – 65.1 / – 81.8 / – 2.5 /– 49.5 /– 52.5 /– 2.5 / –
Qwen-vl-max 44.1 / 43.2 46.9 / 47.6 3.2 / 2.5 72.0 / 65.5 89.8 / 89.3 0.1 / 0.1 51.3 / 49.1 53.7 / 52.7 1.9 / 2.9
Qwen-vl-plus 29.8 / 31.9 52.0 / 49.6 20.9 / 16.0 53.5 / 48.6 87.3 / 87.3 1.4 / 2.7 30.4 / 34.2 42.7 / 40.9 14.6 / 11.7
Qwen-textual 42.8 / – 46.9 / – 3.6 / – 52.9 / – 69.9 / – 6.9 /– 50.7 /– 50.6 /– 1.2 / –

are comparable to Claude 3.7 Sonnet and exhibit the best distributional alignment scores (1.0 and 1.3, respectively). 
For the turning task, Llama 4 Scout shows notable improvements over other models, with an F1 score of 0.791 (+19.7% relative 
to task average). In the steering task, except for Claude 3.7 Sonnet (highest F1 score and accuracy, 0.58 and 0.60, respectively), 
Llama 4 Maverick attains the best distributional alignment score (0.5). Overall, models with larger parameter sizes (GPT-4o, Claude 
3.7 Sonnet, Gemini 2.5 Flash, and Llama 4 Maverick) tend to outperform those with fewer parameters across most evaluation metrics.

Table 8 presents a comparative analysis of how incorporating driving scene images as additional input affects the deci-
sion alignment across LLMs. The addition of visual information does not uniformly enhance model performance across tasks. For in-
stance, Llama 4 Maverick demonstrates improved performance metrics on the speed task when provided with visual input, yet exhibits 
performance degradation on the steering task under the same multimodal conditions. Similarly, the Gemini family of models displays 
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Fig. 5. A prompt example for #846 instance.

high sensitivity to visual inputs, with significant performance fluctuations across different driving tasks when visual information is 
incorporated (for Gemini 2.5 Flash, increase in Speed and steering tasks while decrease in turning task).

Decision alignment across diverse driving contexts. Following prior work highlighting the impact of contextual diversity on 
decision-making in driving scenarios (Zeng et al., 2019; Janai et al., 2020), a fine-grained evaluation of LLM decisions using our 
text input is conducted to assess their alignment with human drivers under varying environmental conditions. We partitioned 
our dataset based on three critical contextual factors: 1) temporal conditions (daytime / dusk or night), 2) intersection presence
(Yes / No), and 3) road type (freeway, local road, and ramp) (Ding et al., 2019; Deo and Trivedi, 2018). For each subset, we 
computed both the F1 score and distribution alignment score 𝔻ali to quantify the decision alignment under different scenar-
ios. In general, Claude 3.7 Sonnet demonstrates higher F1 score across most scenarios, especially in the not at intersection condi-
tion, where it outperforms all other models across all three tasks. In dusk/night and ramp conditions, Llama 4 Maverick ex-
hibits highest correctness, particularly in the steering and turning tasks. From the perspective of distributional alignment, the 
Llama family and Claude 3.7 Sonnet demonstrate strong performance across most scenarios, achieving 𝔻ali of 0.035 and 0.023, re-
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Fig. 6. LLMs’ decision alignment across various scenarios. We evaluate model performance on speed control, turning, and steering decisions using F1 
score and 𝔻ali across varying conditions, including time of day, location type, and intersection presence. Higher F1 scores indicate better behavioral 
alignment, while lower 𝔻ali reflect greater distributional similarity.

spectively, compared to the overall average of 0.053. Notably, in the steering task, we observe that the majority of LLMs exhibit 
improved alignment with human decision distributions under the at intersection and local road conditions.

Effect of visual input on alignment. We further assess the influence of image input by comparing model alignment under text-only 
and text + image conditions, as presented in the bottom panel of Fig. 6. Performance varies across model families: the Qwen series 
benefits from visual input, with a mean JSD reduction of 0.006, indicating improved alignment. In contrast, GPT series models show 
a degradation in distributional alignment, with an average JSD increase of 0.0114. Claude 3.7 Sonnet remains largely invariant to 
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Table 9 
Feature attribution results across F1 and 𝔻ali metrics for all driving decision tasks. Parentheses indicate the rank of each component’s contribution. 
Rℎ denotes human-perceived importance rankings, 𝔻ali measures divergence alignment, 𝔸sim reflects attribution similarity and R𝑎𝑣𝑔 denotes the 
average rank of each component’s contribution. Results are reported for four models: Claude 3.7 Sonnet, GPT-4o mini, Gemini 2.0 Flash, and 
Llama 4 Maverick.

Task Component
 Claude  Llama  GPT  Gemini

Rℎ

 F1↑ 𝔻ali↓  R𝑎𝑣𝑔  F1↑ 𝔻ali↓  R𝑎𝑣𝑔  F1↑ 𝔻ali↓  R𝑎𝑣𝑔  F1↑ 𝔻ali↓  R𝑎𝑣𝑔

Speed

 Driver Info  0.04 (5) −0.06 (6)  5.5 −0.01 (6)  0.00 (6)  6.0  0.02 (6) −0.05 (6)  6.0 −0.01 (6) −0.02 (6)  6.0  6
 Env. Info  0.07 (3) −0.16 (3)  3.0  0.11 (2) −0.22 (2)  2.0  0.07 (3) −0.20 (1)  2.0  0.07 (3) −0.18 (3)  3.0  2
 Vehicle Dynamics  0.16 (1) −0.25 (1)  1.0  0.16 (1) −0.29 (1)  1.0  0.08 (2) −0.19 (2)  2.0  0.11 (1) −0.27 (1)  1.0  5
 Traffic Dynamics  0.12 (2) −0.18 (2)  2.0  0.10 (3) −0.19 (3)  3.0  0.11 (1) −0.17 (4)  2.5  0.08 (2) −0.18 (2)  2.0  1
 Navi. Info  0.06 (4) −0.15 (4)  4.0  0.02 (5) −0.09 (5)  5.0  0.03 (5) −0.09 (5)  5.0  0.04 (4) −0.11 (5)  4.5  4
 Attention Info  0.03 (6) −0.14 (5)  5.5  0.04 (4) −0.17 (4)  4.0  0.04 (4) −0.16 (3)  3.5  0.04 (5) −0.17 (4)  4.5  3
 Total Attribution  0.48 −0.94  –  0.43 −0.95  –  0.35 −0.85  –  0.32 −0.93  –  –
𝔸𝑠𝑖𝑚  0.20  0.33  0.27  0.33  0.33  0.33  0.60  0.33  0.47  0.47  0.33  0.40  –

Turn

 Driver Info  0.04 (6) −0.06 (6)  6.0  0.00 (6)  0.00 (6)  6.0  0.03 (6) −0.06 (6)  6.0  0.01 (6) −0.04 (6)  6.0  6
 Env. Info  0.10 (2) −0.20 (2)  2.0  0.08 (2) −0.20 (2)  2.0  0.10 (2) −0.20 (2)  2.0  0.08 (2) −0.20 (2)  2.0  3
 Vehicle Dynamics  0.07 (3) −0.16 (4)  3.5  0.06 (3) −0.18 (4)  3.5  0.05 (3) −0.16 (4)  3.5  0.05 (4) −0.18 (3)  3.5  5
 Traffic Dynamics  0.07 (4) −0.15 (5)  4.5  0.04 (5) −0.17 (5)  5.0  0.08 (4) −0.16 (5)  4.5  0.06 (3) −0.17 (5)  4.0  2
 Navi. Info  0.51 (1) −0.26 (1)  1.0  0.52 (1) −0.26 (1)  1.0  0.42 (1) −0.22 (1)  1.0  0.35 (1) −0.24 (1)  1.0  1
 Attention Info  0.05 (5) −0.17 (3)  4.0  0.05 (4) −0.19 (3)  3.5  0.04 (5) −0.17 (3)  4.0  0.04 (5) −0.17 (4)  4.5  4
 Total Attribution  0.83 −1.00  –  0.75 −1.00  –  0.71 −0.98  –  0.59 −1.00  –  –
𝔸𝑠𝑖𝑚  0.73  0.60  0.67  0.47  0.60  0.54  0.73  0.73  0.73  0.73  0.60  0.67  –

Steer

 Driver Info  0.05 (4) −0.06 (6)  5.0 −0.01 (6)  0.00 (6)  6.0  0.02 (6) −0.07 (6)  6.0  0.00 (6) −0.03 (6)  6.0  6
 Env. Info  0.04 (5) −0.19 (2)  3.5  0.03 (4) −0.20 (3)  3.5  0.06 (3) −0.20 (2)  2.5  0.04 (5) −0.21 (2)  3.5  3
 Vehicle Dynamics  0.04 (6) −0.16 (5)  5.5  0.05 (2) −0.19 (4)  3.0  0.05 (4) −0.16 (4)  4.0  0.04 (4) −0.18 (4)  4.0  5
 Traffic Dynamics  0.17 (2) −0.22 (1)  1.5  0.13 (1) −0.24 (1)  1.0  0.09 (2) −0.20 (1)  1.5  0.11 (2) −0.23 (1)  1.5  1
 Navi. Info  0.18 (1) −0.18 (4)  2.5  0.03 (5) −0.15 (5)  5.0  0.12 (1) −0.16 (5)  3.0  0.12 (1) −0.15 (5)  3.0  2
 Attention Info  0.07 (3) −0.19 (2)  2.5  0.05 (3) −0.21 (2)  2.5  0.05 (5) −0.19 (3)  4.0  0.05 (3) −0.20 (3)  3.0  4
 Total Attribution  0.55 −0.99  –  0.38 −1.00  –  0.40 −0.97  –  0.37 −1.00  –  –
𝔸𝑠𝑖𝑚  0.47  0.60  0.54  0.47  0.47  0.47  0.73  0.60  0.67  0.60  0.60  0.60  –

image input, exhibiting minimal F1 change (e.g., +0.0001 for speed, -0.0011 for steering), suggesting a robust yet conservative 
integration of visual cues.

5.3.  Attribution-based human-likeness evaluation

Following the method described in Section 3.1, we evaluate the alignment between model-derived feature attributions and the 
information prioritization by human drivers. We randomly sampled 500 instances from our complete dataset for this analysis. To 
establish human-prioritized reference rankings, we implemented a manual annotation protocol in which 20 domain experts inde-
pendently annotated ten sets of feature importance rankings for each decision class within each driving task. The feature attribution 
results of the LLM agents, together with their similarity to these human-annotated references, are summarized in Table 9.

Claude and GPT benefit from driver personas. We observe that different models exhibit varying sensitivity to specific types of 
information. Claude 3.7 Sonnet and GPT-4o mini show improved performance when provided with driver demographic inputs, with 
such information consistently enhancing their performance across all evaluation metrics. For example, providing driver demographic 
description increases Claude’s performance in the speed task by 8.3%. In contrast, Llama 4 Scout shows limited reliance on driver 
demographic inputs, with minimal performance changes. Moreover, we find that this pattern holds consistently across different tasks, 
when driver-related inputs receive attribution in one task, they tend to exert a similarly positive influence on model performance in 
other tasks as well. The similar pattern can be seen from genmini 2.0 Flash and Llama 4 Scout.

LLMs’ attribution align with human-perceived priorities in turning and steering tasks. The attribution similarity 𝔸𝑠𝑖𝑚 is used to 
evaluate the similarity between the importance rankings of different information types derived from model data attribution and 
those based on human-perceived information importance (see Eq. (6)). From Table 9, we observe that in the turning and steering 
tasks, the models achieve average 𝔸𝑠𝑖𝑚 of 0.649 and 0.568, respectively, indicating a high degree of alignment with human information 
prioritization. In contrast, for the speed task, the models exhibit a lower average 𝔸𝑠𝑖𝑚 of 0.365. Specifically, the models place greater 
emphasis on vehicle dynamics information compared to human drivers.

The type of information that drives alignment varies across tasks and decision types. Within each task, all four LLMs produce 
similar attribution patterns, as indicated by the consistency in their feature rankings. However, the dominant information sources vary 
substantially by task. In the speed control task, vehicle dynamics and traffic dynamics jointly account for an average of 59.0% of the 
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Table 10 
Feature attribution analysis of F1 scores for label-level predictions within the driving decision tasks Speed, Turn, and Steer. Attribution values 
quantify the contribution of each input component to the model’s ability to correctly predict specific control decisions (e.g., Accelerate, Turn Left, 
Maintain). Parentheses denote the rank of each component’s influence for the given label. 𝑅𝑎𝑣𝑔 denotes the average rank across the three labels of 
each task, while 𝑅ℎ indicates human-assessed importance rankings. The 𝔸sim metric captures attribution similarity between model reasoning and 
human expectations. All results are obtained from predictions made by the Claude 3.7 Sonnet model.

Component
 Speed  Turn  Steer
 Accelerate  Maintain  Decelerate 𝐑𝐚𝐯𝐠∕𝐑𝐡  Turn Left  No Turn  Turn Right 𝐑𝐚𝐯𝐠∕𝐑𝐡  Adjust Left  Maintain  Adjust Right 𝐑𝐚𝐯𝐠∕𝐑𝐡

 Driver Info  0.01 (4)  0.05 (6)  0.01 (6)  5.33 / 6 -0.01 (5)  0.11 (6)  0.00 (6)  5.67 / 6  0.00 (5)  0.14 (3)  0.00 (5)  4.33 / 6
 Env. Info  0.05 (3)  0.10 (3)  0.09 (3)  3.00 / 2  0.08 (2)  0.15 (2)  0.08 (2)  2.00 / 3  0.01 (4)  0.11 (5)  0.02 (4)  4.33 / 3
 Vehicle Dyn.  0.28 (1)  0.11 (2)  0.10 (2)  1.67 / 5  0.04 (3)  0.15 (2)  0.01 (4)  3.00 / 5  0.00 (5)  0.15 (2) -0.01 (6)  4.33 / 5
 Traffic Dyn.  0.11 (2)  0.12 (1)  0.13 (1)  1.33 / 1  0.03 (4)  0.15 (2)  0.01 (4)  3.33 / 2  0.19 (2)  0.22 (1)  0.10 (2)  1.67 / 1
 Navi. Info  0.00 (5)  0.09 (4)  0.08 (4)  4.33 / 4  0.63 (1)  0.22 (1)  0.69 (1)  1.00 / 1  0.21 (1) -0.01 (6)  0.34 (1)  2.67 / 2
 Attention Info  0.00 (5)  0.07 (5)  0.04 (5)  5.00 / 3 -0.02 (6)  0.14 (5)  0.02 (3)  4.67 / 4  0.03 (3)  0.14 (3)  0.03 (3)  3.00 / 4
 Total Attribution  0.45  0.54  0.46  –  0.76  0.92  0.81  –  0.43  0.75  0.47  –
𝔸sim  0.07  0.47  0.47  –  0.47  0.73  0.73  –  0.60 -0.07  0.60  –

total contribution, whereas navigation information dominates the turning task with an average contribution of 62.5%. In the steering 
task, traffic dynamics and navigation information together contribute 61.8%, highlighting the task-dependent nature of information 
utilization. Table 10 presents the fine-grained, decision-level attribution analysis, revealing distinct patterns of information utilization 
across different control actions. Specifically, driver attention exhibits a comparatively higher average contribution (0.12) for decisions 
involving maintaining current behavior (maintaining speed, steering, or no turn), compared to other decision classes (0.02). This 
suggests that driver gaze provides more consistent or discriminative signals during steady-state driving, which may help LLM agents 
better capture human driving patterns and reduce mispredicted maneuvers such as unintended lane changes or turns. Besides, despite 
the varying dominance of features across tasks and decisions, no input feature receives significant negative attribution across models, 
indicating that richer contextual information does not degrade performance and is generally safe for guiding model decisions. 

5.4.  How good are LLM agents at mimicking various types of drivers

To assess the human-likeness of LLM agents across diverse driver types, we group drivers based on demographic and behavioral 
attributes. Fig. 7 illustrates the statistical distributions of throttle input, vehicle speed, and braking behavior exhibited by different 
driver types across multiple trips. For every driver type, we compute behavioral similarity scores (as defined in Section 3.1). Fig. 8 
shows the long-term human-likeness of all LLM agents.

LLM mimic aggressive driver better. Overall, we observe that LLMs tend to better simulate drivers who are female, under the age of 
25, have a history of accidents, have more than five years of driving experience, and exhibit a more aggressive driving style. Among 
all models, Claude 3.7 Sonnet demonstrates the strongest overall ability to simulate most driver types. However, for drivers aged 25 
or younger, those with accident histories, and those exhibiting more aggressive driving styles, Llama 4 Scout and Gemini 2.0 show 
better human-likeness.

Relationship between sequence length and statistical human-likeness. The Statistical Human-likeness metric evaluates temporal consis-
tency and pattern similarity over fixed-length sequences rather than long-term future actions. Selecting the sequence length 𝐿 is a 
trade-off: short sequences fail to capture stable behavior (increasing variance in 𝔹simB), while excessively long sequences introduce 
noise from context shifts and increase computational overhead. In our experiments, the action sequence length 𝐿 is set to 50 consecu-
tive decision steps, corresponding to approximately a 5-minute driving segment, during which the navigation goal and traffic context 
remain largely consistent. This setting allows the metric to effectively capture human-like behavioral inertia and decision patterns 
while avoiding noise accumulation caused by scene transitions. To further clarify the impact of sequence length on the experimental 
results, we additionally conduct an ablation study with sequence lengths ranging from 𝐿 = 5 to 𝐿 = 65 with a step size of 2. Fig. 9 
further illustrates the trend of 𝔹sim with respect to the sequence length 𝐿 for six representative models across different driving styles. 
Tables X report the detailed 𝔹sim values and their variances across the five driver demographic groups. As shown in both Table X 
and Figure X, for most models 𝔹sim exhibits relatively large fluctuations when 𝐿 is small, mainly due to higher variance under short 
action sequences, and then gradually stabilizes as 𝐿 increases.In particular, when 𝐿 ≥ 40, the variance of 𝔹sim decreases by 33.5% on 
average. 

Modality effects on driver-type simulation. Fig. 10 illustrates the impact of incorporating images as input on LLMs’ ability to simulate 
different types of drivers. With the addition of image input, Claude 3.7 shows an improvement in simulating drivers with an accident 
history and those exhibiting aggressive driving styles, while GPT-4o demonstrates enhanced performance in simulating defensive 
and female drivers. In contrast, incorporating image input leads to a decrease in the human-likeness of Gemini 2.0 and GPT-o3 Mini 
across different driver types.

Transportation Research Part C 186 (2026) 105606 

14 



P. Wang et al.

Fig. 7. Statistical analysis of driving behavior across different groups. (a) By driving style: aggressive, moderate, and defensive. (b) By gender: 
female vs. male drivers. (c) By driving experience: less vs. more experienced drivers. (d) By driver age: younger vs. older drivers. Each subfigure 
summarizes the average and variability of brake input, throttle input, and speed.
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Fig. 8. Results of the human-likeness of LLMs across various driver types. Overall statistical human-likeness of all LLM agents across different driver 
profiles. Each circle represents an individual LLM agent’s human-likeness score.

Fig. 9. Sensitivity of the Statistical Human-likeness 𝔹sim to the action sequence length 𝐿 across different driving styles. The figure reports results 
for four representative models: (a) Claude-3.5-Haiku, (b) Gemini-2.0-Flash, (c) GPT-4o-mini, and (d) LLaMA-4-128E-Img. For each model, 𝔹sim
is evaluated under aggressive, defensive, and moderate driving styles. Solid lines denote the mean 𝔹sim across driver demographic groups, while 
shaded regions indicate the corresponding variance.

5.5.  Analysis of performance degradation induced by image input

Although image inputs are often assumed to provide richer contextual detail than text alone, and multimodal inputs have the 
potential to enhance model understanding in complex tasks, our experimental results across both the short-term alignment evaluation 
(Section 5.2) and long-term human-likeness evaluation (Section 5.4) consistently show that incorporating visual information does 
not universally improve model performance. On certain models, the addition of image inputs leads to measurable degradation. This 
phenomenon warrants closer examination. Below, we identify two primary contributing factors:

Data modality interference in MLLMs. Recent studies show that MLLMs often struggle to distinguish task-relevant from irrelevant 
modality inputs and cross-modal fusion may introduce unintended interference, thereby degrading unimodal performance (Cai et al., 
2025). In particular, such interference may stem from challenges inherent during the vision-language alignment process, including 
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Fig. 10. Statistical human-likeness change for the LLMs per driver type when augmented with image input.

catastrophic forgetting, knowledge conflicts, and spurious correlations (Chen et al., 2024a). In our task, driving scenes typically 
involve a larger amount of dynamic entities and complex interactions compared to standard VQA tasks like classification. However, 
much of this visual information does not directly inform the decision task, for example, roadside advertisements or parked vehicles in 
the opposite lane may be visually salient yet irrelevant to the current driving decision. These complex visual environments introduce 
more irrelevant or redundant cues, which can easily mislead the model’s attention and reasoning, ultimately leading to degraded 
performance.

Different decision tasks exhibit varying reliance on visual inputs versus textual inputs. For example, turning decisions depend 
primarily on navigation commands, where additional visual context may be redundant or even misleading. Conversely, for the speed 
control task, the model may benefit more from image inputs, which can provide insight into upcoming traffic patterns, enabling more 
informed decisions about acceleration or deceleration. This pattern is empirically supported by the results in Table 8, where 82.8% 
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Fig. 11. Error cases where the inclusion of image inputs leads to degraded model performance in turning and steering tasks. (a) A spatial reasoning 
failure caused by complex road geometry. (b) A failure due to a mismatch between road topology and the navigation instruction, leading to incorrect 
steering. (c) A misinterprets of traffic signals resulting in a decision misaligned with the intended turn.

(9 out of 11) models exhibit improved accuracy when image input is included in the speed control task. In contrast, only 27.3% (3 
of 11) models show improvement in the turning task, and 36.4% (4 of 11) in the steering task.

Fig. 11 illustrates representative cases of performance degradation observed in the turning and steering tasks, where models 
initially produced correct predictions under text-only conditions but failed after incorporating image inputs. These cases exemplify 
two common failure modes.

• Incorrect judgment of surrounding vehicles and traffic signals can arise when visual inputs are misinterpreted. Fig. 11 c 
presents an example at an intersection where the correct action, as indicated by the navigation instruction, is to make a left turn. 
However, the LLM incorrectly interprets the presence of a green traffic light as a signal to continue straight, ignoring the turning 
intent and producing a decision misaligned with that of the human driver.

• Cross-modal conflicts in spatial reasoning often occur when road geometry in the image contradicts navigation instructions. 
Fig. 11 a illustrates such a case involving a complex road geometry where a merge and a split occur within a short distance. 
The LLM, influenced by the visual cue of the road bending slightly to the right, incorrectly infers that a right steering action is 
appropriate. This prediction contradicts the human driver’s left steering decision, which correctly aligns with the navigation intent 
and overall traffic context.

To provide more insights about this problem, we conduct a comprehensive error analysis across all evaluated models, focusing 
specifically on cases where the inclusion of image inputs leads to performance degradation. Building upon the three representative 
cases discussed in the original manuscript, we further refine image-induced decision errors into the following five categories:

• Road geometry misread: Errors caused by incorrect perception or understanding of road topology, such as misinterpreting lane 
curvature, ramp structures, merges, or road boundaries.

• Signal agent misread: Failures in correctly recognizing or reasoning about traffic signals, signs, or the intentions and states of 
surrounding agents (e.g., vehicles or pedestrians).

• Visibility environment misread: Errors arising from degraded environmental visibility or adverse conditions (e.g., low illumi-
nation, rain, fog), leading to incomplete or distorted visual perception.

• Irrelevant saliency: Cases where the model over-attends to visually salient but task-irrelevant elements, distracting the agent 
from critical navigation cues.

• Navigation visual conflict: Conflicts between visual inputs and navigation instructions or map-based priors, resulting in incon-
sistent or incorrect decision-making.

• Other: Rare or ambiguous failure cases that do not fall cleanly into the above categories.

The relationship between different models, error categories, and scenario types are illustrated by Fig. 12. Among all image-induced 
errors, the two most prevalent categories are Road Geometry Misread and Signal/Agent Misread, accounting for 19.1% and 18.8% 
of the total errors, respectively.

Notably, the dominant error types vary substantially across scenarios. In dusk conditions, errors caused by Road Geometry Misread 
(28.6%) and Visibility/Environment Misread (25.0%) become significantly more prominent, indicating that insufficient lighting leads 
to incorrect road structure perception and reduced visual clarity. In heavy rain and heavy traffic scenarios, Visibility/Environment 
Misread and Signal/Agent Misread dominate, suggesting that overly complex and noisy visual inputs impair the LLM agent’s ability 
to make accurate judgments. Furthermore, in ramp scenarios, the proportion of errors attributed to Road Geometry Misread increases 
to 31.9%, highlighting the limitations of current vision-language models in understanding complex road geometries.
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Fig. 12. Distribution of image-induced decision degradation across different multimodal LLM agents and driving scenarios. (a) Proportion of dif-
ferent image-induced error categories aggregated over all evaluated models.(b) Proportion of decision degradation occurrences under different 
driving scenario types. (c) Breakdown of error category distributions across scenarios and models, illustrating how dominant error types vary with 
environmental conditions and road structures.

5.6.  Visual ablation analysis.

To further understand why the inclusion of image inputs improves performance in some cases while degrading it in others, we 
conduct controlled visual ablation studies that explicitly manipulate the spatial content of visual inputs, using two complementary 
strategies: gaze-based masking and masking of irrelevant image regions.

Gaze-based visual ablation. We formalize the gaze-based visual ablation as follows. Let 𝐼 denote the original input image and 𝐺𝑡
the gaze region accumulated over the 𝑡 seconds preceding each key frame. We construct a binary gaze mask 𝑀𝑡 ∈ {0, 1}𝐻×𝑊  such 
that pixels within 𝐺𝑡 are preserved and pixels outside 𝐺𝑡 are suppressed. The ablated image is defined as

𝐼𝑡 = 𝐼 ⊙𝑀𝑡,

where pixels outside the gaze region are set to a constant black value. We evaluate four temporal aggregation windows, 𝑡 ∈
{1, 10, 20, 30}, to systematically examine the effect of gaze temporal extent on visual conditioning.

Masking irrelevant image regions. We formalize the irrelevant-region masking procedure as follows. Let scene denote the set of 
all objects present in the image, reason the set of visual objects referenced in the model’s reasoning, and prompt the set of objects 
described in the textual prompt (e.g., environment and vehicle dynamics). The set of irrelevant objects is defined as

𝑖 = scene ⧵
(

reason ∪ prompt
)

.

To localize objects in 𝑖, we employ an object detection model and retain detections with confidence scores above a threshold 
𝜏 = 0.7. For each detected object 𝑜 ∈ 𝑖, the corresponding bounding box region is replaced with a constant black mask, producing an 
ablated image 𝐼 . This controlled masking removes visually present but semantically irrelevant content while preserving task-relevant 
scene information, enabling a quantitative evaluation of the impact of visual relevance on multimodal fusion and downstream turning 
and steering performance.

The quantitative results of the visual ablation experiments are summarized in Table 11. Overall, the impact of controlled visual 
ablation is strongly model-dependent and task-dependent, revealing important differences in how multimodal large language models 
exploit visual information for decision making.

• Effect of gaze-based visual ablation. For GPT-4o, gaze-based masking consistently degrades performance across most temporal 
windows, with overall accuracy dropping by 0.08 relative to the baseline. This indicates that GPT-4o relies on global scene context, 
and restricting visual input to localized gaze regions removes auxiliary cues that are implicitly leveraged during control reasoning. 
In contrast, Claude 3.7 sonnet benefits substantially from gaze-based visual conditioning. Gaze masking yields an overall accuracy 
improvement of up to 0.13, with the largest gains observed in Turn and Steer tasks. In particular, steering performance improves 
by up to 0.21 under longer temporal gaze aggregation. A similar trend is observed for Gemini 2.5 flash, where gaze-based masking 
improves overall accuracy by up to 0.14. Turn and Steer tasks again exhibit the strongest sensitivity, with improvements of up 
to 0.05 and 0.15, respectively. Across both Claude and Gemini, improvements are consistently larger for Turn and Steer than 
for Speed, confirming that steering-related tasks are more sensitive to localized spatial cues and structured visual input, whereas 
speed prediction relies more heavily on global scene dynamics.
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Table 11 
Visual ablation results under gaze-based masking and irrelevant-region 
masking. Results are reported for GPT-4o, Claude 3.7 Sonnet, and Gemini 
2.5 Flash; Gaze Mask-t preserves only gaze-attended regions within the 
preceding t seconds. Accuracy is shown for Speed, Turn, and Steer tasks, 
with Overall denoting joint task performance.

Model Visual Input  Task Accuracy
 Speed  Turn  Steer  Overall

GPT-4o

 Baseline  0.71  0.84  0.76  0.45
 Gaze Mask-1s  0.71  0.82  0.68  0.37
 Gaze Mask-10s  0.66  0.79  0.66  0.34
 Gaze Mask-20s  0.63  0.82  0.63  0.34
 Gaze Mask-30s  0.71  0.82  0.71  0.39
 Mask Irrelevant  0.58  0.76  0.70  0.26

Claude 3.7 Sonnet

 Baseline  0.61  0.82  0.66  0.34
 Gaze Mask-1s  0.58  0.82  0.84  0.42
 Gaze Mask-10s  0.55  0.82  0.82  0.39
 Gaze Mask-20s  0.58  0.87  0.87  0.47
 Gaze Mask-30s  0.53  0.79  0.84  0.45
 Mask Irrelevant  0.50  0.82  0.76  0.22

Gemini 2.5 Flash

 Baseline  0.71  0.84  0.61  0.39
 Gaze Mask-1s  0.74  0.87  0.74  0.47
 Gaze Mask-10s  0.61  0.87  0.79  0.45
 Gaze Mask-20s  0.68  0.89  0.76  0.53
 Gaze Mask-30s  0.63  0.89  0.68  0.37
 Mask Irrelevant  0.56  0.82  0.72  0.34

• Effect of masking irrelevant image regions. In contrast to gaze-based masking, masking irrelevant image regions results in 
consistent performance degradation across all models. Overall accuracy decreases 0.19 for GPT-4o, 0.12 for Claude 3.7 sonnet, 
and 0.05 for Gemini 2.5 flash, indicating that object-level removal is broadly detrimental to multimodal decision making. This 
degradation suggests that machine-defined semantic irrelevance may not align with decision relevance in driving scenarios. Objects 
excluded based on explicit reasoning or prompt semantics may still contribute essential structural context. Removing these regions 
disrupts the global visual distribution, impairing multimodal fusion and leading to degraded on multiple control performance.

These results highlight a key distinction between attention-aligned visual filtering and machine perceived object-level filtering. 
Gaze-based ablation, which preserves human-attended regions, can significantly improve steering and turning performance. In con-
trast, masking semantically “irrelevant” objects consistently harms performance, revealing a mismatch between machine-defined 
visual relevance and the latent visual cues exploited during decision making. 

6.  Future works and limitations

Building on our current dataset and evaluation methodology, several promising directions emerge for future exploration. First, 
the dataset can be used to fine-tune LLM agents that embody a broad range of human driving profiles, thereby introducing greater 
behavioral diversity and realism into safety-focused traffic simulations. Beyond the HermesSense, future work can also investigate 
how various input streams, such as visual cues, sensor data, and contextual information collectively inform driving decisions. These 
insights pave the way for designing novel agent reasoning processes that are both more interpretable and more closely aligned with 
human behavior. Furthermore, deeper investigations into how information flows through decision pipelines may inspire innovative 
model architectures capable of robust decision-making under dynamic traffic conditions. By mapping model outputs back to specific 
input signals, our framework sheds light on the reasoning processes that guide LLM decision-making in complex, real-world scenarios. 
This added interpretability not only helps diagnose incorrect or unsafe driving behaviors but also promotes accountability for traffic 
safety.

Limitations. Despite advancements, the framework may still struggle with sudden hazards or rapidly shifting behaviors. Addi-
tionally, its reliance on U.S. data risks underrepresenting certain driver demographics and driving scenarios from other countries.

7.  Conclustion

In this paper, we present HermesSense, a human-centric multimodal dataset that integrates both sensory and semantic information 
for autonomous driving. Built upon this dataset, we introduce a comprehensive evaluation framework to assess the human-likeness of 
LLM-based driving agents, pecifically, from behavioral alignment and statistical human-likeness, capturing both short-term decision 
consistency and long-term behavioral patterns. This evaluation offers a rigorous foundation for quantifying how well LLM agents 
replicate human driving behavior, laying the groundwork for the development of future autonomous systems that are capable of 
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adapting to the dynamic, interactive nature of real-world traffic. Beyond the HermesSense, our data attribution framework, which 
pinpoints the most influential input components shaping human-like behavior, holds clear potential for advancing autonomous driving 
and robotic tasks.
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Appendix A.  Appendix

A.1.  Prompt examples

Fig. A.1 illustrate two prompt examples from the HermesSense dataset. These prompts serve as structured textual inputs to the 
LLM-based agent, encoding multimodal driving context to facilitate reasoning and behavior prediction. 

A.2.  Ablation study on effect of sequence length

We report the detailed 𝔹sim values and their variances across the five driver demographic groups shown in Tables A.1–A.5.
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Fig. A.1. A prompt example for #208 instance.
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Table A.1 
Variance of 𝐵sim across different sequence length 𝐿 for the has accident category. Results are reported as mean ± standard deviation. 
The subscript 𝐼 denotes models that use images as input.
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Table A.2 
Variance of 𝐵sim across different sequence length 𝐿 for the driver age category. Results are reported as mean ± standard deviation. The 
subscript 𝐼 denotes models that use images as input.
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Table A.3 
Variance of 𝐵sim across different sequence length 𝐿 for the driving style category. Results are reported as mean ± standard deviation. The 
subscript 𝐼 denotes models that use images as input.
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Table A.4 
Variance of 𝐵sim across different sequence length 𝐿 for the driving years category. Results are reported as mean ± standard 
deviation. The subscript 𝐼 denotes models that use images as input.
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Table A.5 
Variance of 𝐵sim across different sequence length 𝐿 for the driver gender category. Results are reported as mean ± standard 
deviation. The subscript 𝐼 denotes models that use images as input.
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