
Personalizing Driver Agent Using Large Language  
Models for Driving Safety and Smarter  

Human-Machine Interactions 
Zixuan Xu, Tiantian Chen*, Zilin Huang, Yang Xing, Sikai Chen* 

Abstract—Driver assistance systems have been shown to reduce 
crashes by providing real-time warnings or assistance, with 
effectiveness depending on the communication with driver. Due to 
their unique characteristics, human drivers possess varying hazard 
perception skills and interaction preferences, making personalized 
assistance crucial to improving user experience and system 
acceptance. However, how to leverage multimodal interfaces that 
dynamically adapt to warning contents and driver characteristics 
remains an open question. At the same time, Large language models 
(LLMs) have demonstrated advanced capabilities in knowledge 
acquisition, planning and human-machine collaboration, offering 
potential solutions for existing warning systems. Thus, we 
developed an LLM-based personalized driver agent (LLM-PDA), 
which provides personalized warnings through multimodal 
interactions (visual, voice, tactile). The agent’s architecture mimics 
human cognitive processes via four core modules: Memory, 
Perception, Control, and Action. Results from our experiments 
indicate that the LLM-PDA effectively customized warning 
contents for different drivers in various situations, providing 
enhanced safety and driver support. This study pioneers the 
integration of LLMs into automotive human-vehicle interaction 
and offers novel insights into personalized human-machine 
interaction in intelligent vehicles. 

Index Terms—Large language models (LLMs); personalization; 
human-machine interaction; retrieval augmentation generation; 
multimodal warnings 

I. INTRODUCTION 

HE goal of driver assistance systems is to reduce traffic 
accidents caused by human error by either passively 

advising the driver of dangerous situations or, in some cases, 
actively intervening to control the vehicle [1]. With the devel-
opment of sensors and computing techniques, driver assistance 
systems have evolved from simply improving safety to making 
drivers more comfortable and convenient [2]. Despite these 
advances, existing systems still exhibit limitations that may 
be addressed by integrating multimodal interaction capabilities 
and knowledge-driven approaches. Following is an overview of 
the algorithms and interaction tools used by current driver 
assistance systems. 
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A. Knowledge-driven Driver Assistance Systems 

The driver assistance systems receive sensor data, process the 
information, and then determine assistance contents [3]. A rule-
driven or model-driven algorithm is most commonly used in 
these systems [4]. Rule-driven assistance systems operate 
according to predefined rules, thresholds, and conditions [5]. 
Rapid response systems, collision warning systems, cut-in 
warning systems and lane departure warning systems fall into 
this category. A model-driven driver assistance system, on the 
other hand, generates driver assistance strategies based on 
planning models [3]. Through the integration of statistical 
models and artificial intelligence (AI) techniques (e.g., computer 
vision [6]), model-driven systems can now provide more 
complex assistance features, such as driver monitoring systems 
and in-vehicle voice assistants [7]–[9]. 

Driver assistance systems that are based on rules and models 
are designed primarily to perform specific functions in specific 
scenarios. However, scenario-specific approaches are limited 
in terms of reasoning and personalization. In particular, real-
world traffic environments are dynamic and contain corner 
cases posing potential hazards that algorithms cannot fully 
account for because they lack training data [10]. Additionally, 
human drivers have different hazard perception skills and are 
equipped with different driving experiences, so the warning 
contents they need in the same situation may differ greatly [11] 
[12]. For example, it is important to provide older drivers with 
more warnings that are relevant to their slower visual 
processing and impaired peripheral vision, such as sudden 
crossings by pedestrians. On the other hand, foreign drivers 
need comprehensive navigation aids, such as real-time 
translation of road signs and detailed turn-by-turn instructions, 
to navigate unfamiliar roads safely. Providing drivers with 
tailored warning content based on their hazard perception skills 
and experience level can greatly improve the effectiveness of 
driver assistance systems. The development of more 
sophisticated approaches to address the complexities of real-
world driving and to customize assistance for individual 
drivers is therefore necessary. 

A knowledge-driven approach that integrates generalization, 
cognitive abilities, and lifelong learning has shown promise in 
addressing these challenges [13]–[15]. In the field of driver 
assistance, such methods are still evolving, with earlier efforts 
focusing on simulating the human brain’s cognitive process, 
transferring and integrating knowledge (such as domain 
knowledge and common-sense knowledge). A novel brain-  
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inspired framework has been developed to simulate the human 
brain’s cognitive process, incorporating perception, memory, 
attention, and decision-making modules for driver emotion de-
tection [16]. Some studies in visual detection have attempted to 
transfer knowledge in a teacher-student manner, imparting the 
teacher’s knowledge to the student by re-weighing distillation 
based on the teacher’s loss [17]. For integrating knowledge into 
the model, several studies have used knowledge graphs to 
describe entities and their relationships in traffic scenarios, and 
employed knowledge-infused learning to predict situations or 
unobserved entities [18] [19]. Specifically, commonsense 
reasoning is a knowledge-driven approach to decision-making. 
As an emulator of the human mind, the system conducts 
reasoning based on common sense [20]. Nevertheless, there is 
still a lack of knowledge-driven systems that can interpret 
scenario reasoning based on individual driver preferences. 

B. Multimodal Warnings for Driver Assistance 

The effectiveness of warning systems relies on the design of 
the warning interface [21]. Poorly designed warnings may 
distract drivers and cause discomfort, while a user-centric 
approach enhances personalization and acceptability [22]. 
Drivers interact with warning systems via Human-Machine 
Interfaces (HMIs). These HMIs often utilize voice, visual, and 
tactile methods to convey warning information [23]. To 
enhance perceptibility and responsiveness, warnings are 
typically delivered through unimodal or multimodal signals 
[23] [24]. The use of visual warnings, such as icons and 
symbols, can increase driver awareness by providing detailed 
illustrations of information [25]. Auditory warnings can ef-
fectively attract drivers’ attention and alert them to critical 
information, irrespective of their visual focus [26]. Although 
tactile warnings (such as vibrations from the seat, seatbelt, or 
steering wheel) are less common interaction methods, they are 
more effective when the driver’s ability to process visual 
information is reduced or occupied [27] [28]. These unimodal 
warnings, however, may have limitations and may be perceived 
by drivers as not useful or not user-friendly under certain 
circumstances. For instance, it is not uncommon for drivers in 
busy traffic to find auditory warnings annoying and to show 
slower reaction times as a result [29] [30]. Furthermore, 
unimodal warnings are not equally favored by all drivers due to 
differences in their cognitive capabilities, physical conditions, 
and sensory abilities. Those with impaired vision may struggle 
with visual interfaces, while those with age-related sensory 
decline may not be able to react to auditory warnings [24] [31]. 

It has been proposed that multimodal warnings can overcome 
unimodal warnings’ limitations by using more than one mode of 
interaction. A number of bimodal and trimodal warning types 
have been developed and applied to driver assistance systems, 
such as blind spot information, parking assistance, fatigue 
warnings, and collision warnings [32]–[34]. Studies also found 
that multimodal in-car warning systems lead to faster reaction 
times and enhanced traffic awareness than a unimodal system 
[22], [35], [36]. There is, however, a lack of approaches that 
could allow for tailoring interaction modalities  

across different warnings in these multimodal systems. In 
addition, it is unclear which multimodal configuration is more 
effective for different driver groups. Though most advanced 
warning systems today offer personalization, they remain static 
based on the user’s settings or require additional training, and 
cannot automatically update during ongoing communication 
with the driver. To the best of our knowledge, there has been no 
attempt to implement multimodal interfaces that take into 
account both warning content and driver characteristics when 
determining optimal interaction. 

C. Problem Statement, Study Contribution, and Organization 

In light of the limitations outlined above, there is a significant 
need for an adaptive and personalized warning system. This 
system should be able to decide which aspects to warn about and 
how to communicate with the driver based on the traffic 
environment (e.g., type of road hazard, level of emergency), 
while considering the driver’s characteristics (e.g., age, driving 
experience). It has been demonstrated that Large Language 
Models (LLMs) have impressive capabilities for acquiring 
knowledge, reasoning, and interacting with humans [37] [38] 
[39]. Taking advantage of these advancements may pave the way 
for knowledge-driven driver assistance systems that are more 
personalized and capable of reasoning more effectively [40]. 
With the use of internal and external knowledge, LLMs can 
generate insights for input queries through human-like 
reasoning. Their ability to comprehend natural language, adapt 
to a variety of content, and generate humanlike responses further 
revolutionizes human-machine interaction [41]. Also, LLMs 
demonstrate expertise in generating personalized strategies, 
engaging in tailored interactions, and effectively addressing 
individual user needs and preferences across diverse 
applications [42] [43]. Vision-Language Models (VLMs) take 
the abilities of LLMs one step further by integrating visual 
information along with text. According to recent studies, the 
GPT 4.0 vision is capable of understanding different traffic 
scenarios, reasoning on corner cases, and making informed 
driving decisions [39] [44]. 

Our understanding of LLMs inspired us to develop an LLM-
based personalized driver agent (LLM-PDA) for personalized 
assistance via multimodal interactions (visual, voice, tactile). The 
LLM-PDA is designed to determine the warning contents and 
select the most effective modalities (visual, voice, or tactile) for 
communication, based on the traffic environment and individual 
driver profiles. The proposed LLM-PDA aims to enhance driver 
safety and user-centric interaction by integrating internal and 
external knowledge, utilizing human-like reasoning, and 
leveraging multimodal tools. To our knowledge, this is the first 
study to apply LLMs to multimodal human-machine interaction 
for intelligent vehicles. The contributions of our work can be 
summed up as follows: 

 We developed an innovative agent framework that allows 
LLMs to create personalized interaction strategies. 
Through this approach, not only does the system’s opera-
tion become more understandable and expandable, but it 
also facilitates the implementation of a user-in-the-loop 
feedback loop. 



 We proposed explainable knowledge-driven approaches 
to improve agent’s understanding, reasoning, and 
decision-making capabilities. Specially, a novel retrieval 
augmentation generation (RAG) method was developed 
for external domain knowledge learning. Through in-
context learning, we invoke LLMs’ knowledge-driven 
reasoning capabilities to generate driver assistance con-
tent. 

 Our experiment results show that LLM-PDA can generate 
explainable personalization profiles and assistance 
strategies. Across different scenarios, the LLM-PDA can 
accommodate the specific interaction requirements of 
different drivers. 

This article is organized as follows: In Section I (Intro-
duction), we provide an overview of knowledge-driven driver 
assistance systems, discuss the importance of multimodal 
warnings, and outline our contributions to the field. Section II 
(Related work) examines current applications of large language 
models (LLMs) and agent systems in intelligent vehicles, 
highlighting the potential of utilizing LLMs for personalized 
driver assistance. In Section III (Methodology), we present the 
proposed LLM-based Personalized Driver Agent (LLM-PDA). 
Section IV (Experiments: Case study with driver profiles) 
section details the case study setup and demonstrates the 
performance of the LLM-PDA. Section V (Discussion) 
discusses the limitations of the current work and explores future 
opportunities for LLMs in personalized human-machine 
interaction within intelligent vehicles. Finally, Section VI 
(Conclusion) summarizes our findings and suggests directions 
for future research. 

II. RELATED WORK  

A. Large Language Model-based AI Agent 

AI agents are artificial entities that can sense their envi-
ronment, make informed decisions, and take action in response 
[45]. Researchers have used LLMs as an AI agent’s brain to 
accomplish tasks through self-directed planning and actions 
since they demonstrate powerful knowledge acquisition 
capabilities, planning, and reasoning [46] [47]. LLM-based 
agents adopt different architectures depending on their 
functional scope and task execution requirements. Among 
them, the ‘Perception, Memory, Control, Action’ structure 
represents a type of LLM-based agent that simulates human 
interaction with multimodal environments, performing tasks 
while continuously learning [45] [48]. In this framework, the 
Perception module processes multimodal input from the 
environment, the Memory module stores data for retrieval and 
adaptation, the Control module acts as the ‘Brain’ for 
information processing and decision-making, and the Action 
module executes commands using integrated tools. With some 
advanced tools, such as LangChain, developers are able to chain 
together components from different modules and design 
interaction flows for LLM-based agents [4]. Recently, LLM-
based autonomous agents have demonstrated expert-level per-
formance in a wide range of fields, such as recommendation 
systems, embodied AI and intelligent monitoring [50]–[52]. For 
example, Pu et al. (2024) revealed the efficiency and  

effectiveness of LLMs in intelligent monitoring by developing 
AutoRepo, a framework that combines multimodal LLMs with 
unmanned vehicles to generate automated inspection reports with 
expert-level accuracy while reducing operational time 
significantly [53]. Additionally, LLM-based agents will revolu-
tionize how personalized systems generate content and interact 
with humans. These agents are dynamic systems that explore and 
reason about user profiles and requests, and then offer interactive 
and explainable answers. Enhancing personalization awareness 
of LLMs can be achieved through comprehensive prompts, 
memory augmentation, and user-oriented fine-tuning [54] [55]. 
Some research also integrates multiple LLMs into an agent to 
enable it to process and understand multimodal data [56]. In 
addition, conversational multi-agent systems, such as AutoGen, 
allow agents to plan, communicate, and cooperate to accomplish 
complex tasks effectively [57]. As a result of these 
advancements, LLM-based agents have evolved from single-
function to sophisticated and cooperative systems, allowing them 
to be used in a wider range of applications. 

B. Large Language Model-based Agent for Intelligent Vehicle 

Enhanced commonsense knowledge and reasoning can sig-
nificantly benefit a variety of human tasks, particularly 
driving-related activities such as driving assistance and 
autonomous driving. While machine learning algorithms, such 
as object detection and semantic segmentation, are excellent at 
observing and understanding the environment, explainable and 
interpretable reasoning is better at decision-making [58]. Ad-
ditionally, while reinforcement learning (RL) and search-based 
methods are traditionally employed in autonomous driving for 
their efficiency in dynamic decision-making and path planning, 
LLMs uniquely incorporate commonsense reasoning to further 
enhance and optimize decision-making processes [59]. In 
recent studies, GPT 4.0-vision was demonstrated to be capable 
of understanding different traffic scenarios, reasoning on 
corner cases, and making informed decisions in driving 
situations [44]. Furthermore, prompt engineering [59] [60], 
fine-tuned pre-trained models [61]–[63], and driving world 
models [64] can reinforce reasoning abilities. For instance, 
DiLu proposed a knowledge-driven autonomous agent that can 
learn from experience and evolve over time [65]. Drivevlm 
explored the VLM for enhanced scene analysis, hierarchical 
planning, and integration into realistic autonomous driving 
systems [66]. 

Another application of LLMs is in hazard identification and 
providing recommendations across various driving scenarios for 
intelligent driving. This capability facilitates the integration of 
LLMs into Level 2 to Level 4 autonomous vehicles, potentially 
leading to broader and more immediate real-world deployment. 
One notable development is HazardVLM, a task-specific 
language model designed for describing hazards in real-time 
[67]. For driver assistance, a study proposed the idea of using 
ChatGPT as a vehicle co-pilot that comprehends human 
intentions and adapts vehicle operations accordingly [68]. With 
large-scale visual-textual pretraining, such as CLIP, vision-
language models can be used to identify distracted driving 
behavior from naturalistic videos [69]. Another study 



 

Fig. 1. Overview of the proposed LLM-PDA 

introduced an end-to-end system named AccidentGPT, which 
offers safety warnings and driving recommendations to drivers 
through human-machine dialogue in a V2X environment [70]. 
Even though these systems can be applied in a variety of traffic 
scenarios, they cannot customize warning content for individual 
drivers. As previously noted, drivers’ behaviors and 
characteristics can differ substantially, which necessitates 
different warnings and interactions tailored to their specific 
needs within the same traffic scenario. To fill this research gap, 
we employ LLMs to develop a personalized driver assistance 
agent (LLM-PDA), which can deliver personalized warnings 
and suggestions based on user profiles through a wide range of 
interaction tools. 

III. METHODOLOGY 

A. Overview 

LLM-PDA interacts with the traffic environment and the hu-
man driver. The proposed LLM-PDA consists of four modules to 
provide personalized driver assistance: Memory, Perception, 
Control (the ”Brain”), and Action modules. Without fine-tuning 
LLMs, complex reasoning requires considerable time from the 
driver agent. To ensure efficient response, drivers’ 
personalization profiles are initially stored in the memory module 
upon first launching the system. These personalization profiles 
are initialized based on the driver’s information and domain 
knowledge, encompassing feature analysis, detailed settings for 
three interaction methods, and other safety considerations. Using 
this personalization profile, the ”Brain” will be guided to perform 
tasks. As the agent operates, the perception module receives 
images of traffic scenarios and text data from human drivers. To 
generate a scenario description, the control module reasoning will 
be carried out by a VLM. Based  

on the personalization profile and the scenario description, a 
light LLM will generate personalized assistance contents and 
interaction strategies through step-by-step reasoning. Then, the 
control module will remind or warn the driver using the 
interaction tools of the action module. The next section will 
provide details on how these modules are implemented in LLM-
PDA. 

B. Memory Module 

A Memory module contains two types of memory. Short-
term memory stores temporary interaction histories, while long-
term memory saves personalization profiles. In LLM-PDA, 
only long-term memory is actively used for personalized 
functionality, whereas the system does not employ a continuous 
learning mechanism utilizing short-term memory data. As 
mentioned above, the personalization profile for the driver is 
initially created when the system is operated for the first time. 
In this process, a knowledge-driven method, Advanced 
Retrieval-Augmented Generation (RAG), is applied to learn 
from external domain knowledge and mitigate hallucinations, 
thereby generating reliable and informative personalization 
profiles tailored to individual users. 

The application of Large Language Models to domain-
specific or knowledge-intensive tasks outside of their training 
data may result in erroneous outputs, commonly referred to as 
hallucinations [71]. The RAG technique is proposed as a way 
to mitigate this challenge by retrieving relevant information 
from a knowledge database and utilizing it as a reference to 
generate more accurate responses to LLM queries [72]. Several 
studies have demonstrated that RAG reduces LLM’s 
hallucinations and enhances its adaptability to real-world 
applications, such as ChatPDF [73]. In general, RAG 



 

Fig. 2. An illustration of proposed MultiQuery-RAG 

embeds input data in a vector database, retrieves its most 
relevant elements, and generates augmented outputs based on 
these elements. However, RAGs can sometimes be naive and 
retrieve misaligned or irrelevant knowledge. Therefore, an 
advanced RAG is proposed with the objective of improving the 
retrieval process and, as a result, the performance of the system. 
In Fig. 2, we illustrate our enhanced MultiQuery-RAG which 
makes LLM more effective in providing driver assistance and 
provides a better assessment of the needs and preferences of the 
driver. It is powered by our advanced query planning RAG and 
MultiHop-RAG [74]. 

The key idea of the feature-centered MultiQuery-RAG is to 
retrieve domain-specific knowledge related to the driver’s feature 
(knowledge retrieval) and input this knowledge to LLM to 
generate a response (augmentation generation). The knowledge 
database consists of 84 peer-reviewed articles selected from 
academic literature based on relevance to driver interaction 
design, multimodal HMI, and safety considerations. The content 
was cleaned, embedded using HuggingFace Embeddings, and 
stored in a vector database for efficient retrieval. The input driver 
profile, denoted as Dprofile, contains the basic information of the 
driver: personal information, driving experience and habits, 
physical conditions, and accident records. Based on the input 
driver profile, the first LLM (LLMa), Llama 3.1 70B, analyses the 
features that influence the driving behavior and interaction 
preference (e.g., age, physical condition). To efficiently retrieve 
the knowledge related to driver’s unique features, three types of 
queries are generated, represented as Q = {q1, q2,.. . , qn }. General 
queries aim to understand broad interaction preferences for one 
specific feature. Target queries focus on one specific interaction 
method and one driver feature to extract detailed preferences. 
Additionally, dual-feature queries combine two features of the 
driver to identify more complex interaction preferences for driver 
assistance. For each query q, the retrieval engine searches the 
vector database to find the top-k most relevant knowledge 
contents. The de-duplicated knowledge is represented as K = {k1, 
k2,.. . , kn}. Next, the knowledge, driver profile and prompts are 
combined and fed into another LLM (LLMb), OpenAI-4o which 
reasons and generates the  

final personalization profile (Pprofile). The personalization profile 
contains analysis of the driver’s feature, related external 
knowledge, interaction preference (description and application 
scenarios for visual, voice, and tactile interaction), and other 
safety concerns. The knowledge retrieval and augmentation 
generation process of multi-query RAG can be represented as in 
(1)(2): 

LLMa (Dprof i le ,  prompt1) -+ Q -+ R(Q)  -+ K (1)  

LLMb (Dprofile, K, prompt2) -+ Pprofile (2)  

C. Perception Module and Control Module 

Perception module receives and processes input from a 
variety of sources, including audio queries from the driver and 
visual images of the surrounding environment. Specifically, it 
includes image processing and voice-to-text functions. As soon 
as the data has been processed, it will be input into the control 
module. 

The control module is responsible for reasoning and decision-
making for personalized assistance. Fig. 3 illustrates the 
reasoning and functionality in detail. We combined the 
processed scenario image and prompt and input them into 
VLM. The VLM analyzes traffic elements and predicts road 
users’ behavior, thus generating a scenario description. This 
study uses LLaVA as the VLM due to its robust performance in 
complex image understanding, which is comparable to that of 
the GPT-4 vision. Additionally, LLaVA can run locally, 
ensuring enhanced privacy and security. 

In the next step, a light LLM (Llama 3.1 70B, Groq) will 
reason and generate personalized assistance content and inter-
action strategies based on the scenario description and infused 
personalization profile. Chain-of-Thought (CoT) prompting is 
a structured approach that guides LLMs through a sequential 
reasoning process, enabling them to break down complex tasks 
into smaller, logical steps [76]. This method has demonstrated 
its effectiveness in intelligent transportation systems and 
vehicle-related applications, where structured reasoning helps 
LLMs interpret dynamic driving environments, assess 
situational factors, and generate contextual responses [65] 



 

Fig. 3. Detailed functionality and reasoning of LLM-PDA 

 

Fig. 4. Predefined tools in action module 

[77] [78]. Inspired by zero-shot CoT [79], our CoT prompts are 
strategically designed to improve the LLM’s multi-step reasoning 
for personalized driver assistance. The reasoning process begins 
with ranking potential hazards and reminders based on both the 
current driving scenario and the driver’s profile. The model then 
analyzes the driver’s interaction preferences to determine the 
most suitable communication modality for delivering these 
warnings. Afterward, the control module coordinates with the 
action module to provide personalized assistance to the driver. 
Additionally, driver-issued queries and feedback are also 
integrated into the LLM’s decision-making process through a 
conditional execution branch (”if-receive”), allowing for 
dynamic response generation and tool activation. Through this 
mechanism, the LLM filters out irrelevant inputs, ensuring that 
only contextually meaningful interactions influence the system’s 
behavior. 

D. Action Module 

The Action module contains a set of predefined tools that can 
be utilized by the control module to perform actions. Each tool 
contains a description, input parameters (Args), and execution 
functions. The brain, control model will decide which tools to 
use based on the tool description. When the tool is used, the tool 
name and input will be recorded in the log. As shown in Fig. 4, 
our LLM-PDA defines three simplified interaction tools for 
driver assistance action, including visual warning, voice 
warning, and tactile warning. In the case of the visual warning 
tool, the type of warning is the input parameter. Thus, a 
database of traffic signs and driving warning images was 
created. Using the tool input, the visual tool automatically finds 
and displays the corresponding image. In the voice warning 
tool, the input parameter is the message, and the voice warning 
is realized through the text-to-speech API of Elevenlabs. Tactile 
warnings require input parameters for warning type and 
intensity. Based on their 



TABLE I 
SAMPLE DRIVER PROFILES FOR CASE STUDY 

  Driver #1 Driver #2 Driver #3 Driver #4 
Personal 
informa- 
tion 

Linda, 48 years old, estate 
agent. 

George, 68 years old, doctor. Thomas, 55 years old, 
worker. 

Alex, 28 years old, gradate 
student visiting Jeju island. 

Driving 
experience 
and habits 

6 months. Anxious in heavy 
traffic. Nervous with honk- 
ing; occasionally has diffi- 
culty starting the car. 

25 years, drives 50 minutes 
daily for commuting. Adopts 
a cautious driving style. 

6 years, drives 1 hour daily 
for commuting and fam- ily. 
Prefers aggressive driv- ing 
style. 

4 years in China, first time in 
South Korea. Overly cau-  
tious; struggles with traf-  
fic patterns; GPS-reliant but 
confused by information. 

Physical 
conditions 

Menopausal symptoms 
worsen after stressful  
driving, causing headaches 
and nausea. 

Hearing impairment, with 
half-deafness in the left ear. 

Poor vision (severe myopia), 
with eye injury from acci- 
dent. Herniated disc, missing 
3 toes on left foot. Occasion-
ally has uncontrollable hand 
tremors. 

Healthy, but anxious in unfa-
miliar driving situations. 

Accident 
and 
violation 
record 

No accidents; multiple 
records of diverse traffic  
violations. 

One minor accident, rear- 
ended a car in stop-and-go; 
one instance of illegal park- 
ing. 

No accidents; fined for run- 
ning red lights. 

No accidents; one near-miss 
at roundabout; fined for  
speeding on coastal road. 

 

purpose, we defined 10 types of tactile warnings, such as 
collision warnings and valuable road user warnings. Aside from 
interaction tools, we set up system tools that provide features 
such as profile updates, web browsing, and weather searches. 
When operating the agent, the driver can provide oral feedback 
or commands, such as adjusting the intensity or frequency of 
interaction methods or warning contents. If this feedback is 
detected, the control module will utilize the profile update tool 
to update the personalization profile in the memory module. The 
tool operates through an LLM-based reasoning chain that 
identifies and updates the interaction settings of the 
personalization profile. Through this mechanism, the agent 
preliminarily realizes human-in-the-loop integration, enabling 
continuous and adaptive interaction with humans. 

IV. EXPERIEMNTS: CASE STUDY WITH DRIVER  
PROFILES 

We utilized LangChain to integrate different modules and 
build the LLM-PDA. The pre-trained LLMs in LLM-PDA were 
accessed via APIs using LangChain’s ChatModel class, which 
provides a standardized interface to various models, such as 
those from OpenAI, Groq, and Ollama. In this research, we 
concentrated on the ability of pre-trained LLMs to generate 
personalized assistance content through in-context learning. 
Consequently, our experiments were designed to assess the 
system’s level of personalization and robustness across various 
drivers and scenarios, rather than evaluating the accuracy of the 
vision-language model. We collected 40 profiles of real drivers 
with diverse driving experiences, physical conditions, and 
accident histories through an online questionnaire. The 
questionnaire is provided in the appendix. In this section, we 
present case studies - using four of the samples, to demonstrate 
the results of LLM-PDA for personalized warnings (other 
examples are available on our project’s website). We first 
initialized their personalization profiles through the 
MultiQuery-RAG approach, and then tested LLM-PDA 
performance under different scenarios. 

A. Personalization Generation 

The input driver profile is provided in Table I, while the 
initialized personalization profile is presented in Fig. 5. Our 
results show that the MultiQuery-RAG approach can pinpoint 
drivers’ key characteristics, generate customized interaction 
strategies, and highlight safety concerns. By identifying and 
analyzing key characteristics of drivers, for instance, inex-
perience and anxiety in Driver #1, or severe myopia and hand 
tremors in Driver #3, the system analyzes how those factors 
affect driving behavior and the interactions between humans 
and vehicles. Based on this feature-centric approach, 
multimodal interaction strategies are tailored to meet each 
driver’s specific needs. These interaction strategies illustrate 
how the three interaction methods and their primary sequence 
are applied in warning systems. For example, in order to allevi-
ate Driver #1’s anxiety and inexperience, clear, non-intrusive 
visual and voice warnings are given, as well as tactile feedback 
sparingly to avoid causing additional stress. Driver #2’s 
hearing impairment is also considered by prioritizing visual and 
tactile methods, ensuring George can receive warnings for 
critical scenarios despite his auditory limitations. For Driver 
#3, who experiences vision impairments and hand tremors, 
auditory interaction is the primary means of receiving essential 
information, with tactile feedback acting as a supplement. As 
Driver #4 is unfamiliar with local traffic and exhibits cautious 
behavior. The system’s visual and voice instructions will guide 
him through unfamiliar situations, providing clear, culturally 
relevant information. 

Additionally, personalization profiles present some additional 
safety concerns. For instance, as Driver #3 suffers from 
uncontrollable hand tremors, he may benefit from specialized 
emergency features, as well as enhanced blind-spot monitoring 
to address vision issues. Driver #4, who has been fined for 
speeding and is unfamiliar with local roads as a visitor, can be 
helped with speed recommendations based on local traffic 
conditions. Based on the initialized personalization profiles, the 
proposed system will be able to tailor the driver-vehicle 
interaction to suit the unique needs and characteristics of each 



 

 

 

 

 

Fig. 5. Personalization profiles generated via MultiQuery-RAG (Note: only the key information is presented in this table to save space.) 

driver while balancing safety and comfort. 

B. Scenario Inference 

LLM-PDA was tested using videos from YouTube showing 
real-life traffic scenarios in Seoul. The agent’s performance and 
robustness were evaluated using 53 diverse traffic scenarios, 
representing typical Korean driving conditions during daytime 
hours. The scenarios encompass a range of traffic situations on 
different types of roads, as illustrated in Fig. 6. The content 
analysis section demonstrates how the agent responds to 
different driving challenges through three specific scenarios. 
Based on the results of this study, we can conclude that the 
agent can handle real-world interactions effectively. The 
system’s ability to achieve personalized assistance is also 
illustrated in the quantitative analysis section, which presents 
quantitative results of the system’s performance across 53 
different scenarios. 

1) Content analysis: Fig. 7 presents the LLM-PDA’s response 
to three specific scenarios, along with an image of each scenario, 
a simplified description of each scenario generated 

Fig. 6. Distribution of road types and driving situations across testing scenarios

by the Vision Language Model, and explanations of LLM-
PDA’s driver assistance actions. As demonstrated through its 
responses to multiple scenarios, LLM-PDA not only identifies 
hazards, but also matches warnings with drivers’ individual 
needs. For example, in the first scenario, involving a bus cut-  



 

Fig. 7. Inference on different scenarios from YouTube driving video 

ting into the lane, LLM-PDA provides distinct voice warning 
for inexperienced driver like Driver #1, and tactile warning for 
hearing impaired drivers like Driver #2. According to the 
second scenario, the LLM-PDA warns drivers of approaching  

tunnels and vehicle movements. For Driver #1, visual warnings 
provide non-urgent notifications that are suitable for her 
preference for clear, visual cues without causing her stress. On 
the other hand, Driver #3 receives tactile or voice warnings 



 

conditions. This enhances situational awareness without re-
lying on degraded vision. For foreign Driver #4, unfamiliar 
with the local driving environment, the system provides all 
types of warnings, visual (299%), voice (343%), and tactile 
(358%) to support navigation and adapt to changing traffic 
conditions. Visual warnings help him recognize unfamiliar 
signs and signals, while voice warnings provide guidance in 
traffic situations. Tactile feedback adds an additional safety 
cue without overwhelming him. Overall, across 53 scenarios, 
the generated interaction strategies match the personalization 
profiles, demonstrating the robustness of the system. It is also 
evident from the distribution of different interaction modes that 
our LLM-PDA is customized to meet the needs and 
preferences of diverse users, enhancing driving safety and 
comfort. Fig. 8. Percentage of different warning methods across scenarios 

 

V. DISCUSSION 
based on his reliance on non-visual cues. The strategy shows 
how the system accommodates drivers’ sensory preferences, 
ensuring that the warnings are supportive without becoming 
overwhelming. As shown in the Scenario 3, an intersection 
scenario, the system provides voice alerts for drivers who rely 
auditory cues to remind them of motors, as well as tactile 
feedback to drivers who need other types of support. 
Additionally, the system detects the brake lights of vehicles 
ahead and warns the driver. 

In the examples above, LLM-PDA provides assistance and 
interacts with users in various ways. Personalization is achieved 
in the LLM-PDA system by tailoring assistance content and 
interaction strategies according to user characteristics and 
driving context. LLM-PDA’s capability to improve driving 
experience and safety is demonstrated by the testing results. 
Furthermore, the reasons presented in Fig. 6 show that LLM-
PDA’s decision-making is both explainable and interpretable 
since it considers both the personalization profile and the 
current traffic situation. In this respect, our proposed LLM-
PDA provides knowledge-driven and interpretable driver 
assistance and interaction. 

2) Quantitative analysis: Fig. 8 shows the proportion of voice, 
visual, and tactile warnings or reminders that drivers receive 
across 53 traffic scenarios. For Driver #1, who is inexperienced 
and anxious, the system prioritizes voice warnings (441%) for 
critical situations, complemented by visual (309%) and tactile 
(25%) cues for other warnings. This distribution ensures that 
Driver #1 is not overwhelmed while still receiving crucial 
information. In the case of Driver #2, an older with hearing 
impairments, tactile feedback (462%) is the primary modality 
in critical situations, effectively capturing the driver’s attention 
and compensating for voice limitations. Visual (323%) and 
voice (215%) feedback supplement the tactile cues, maintaining 
Driver #2’s situational awareness despite sensory limitations. 
Driver #3 relies on voice cues and suffers from vision 
impairments. The results show that LLM-PDA significantly 
increases voice warning use (576%) over visual warnings 
(76%). As a secondary alert system, tactile feedback is provided 
at a relatively high frequency of 348%, which is particularly 
useful during complex driving situations such as navigating 
intersections or adverse weather  

A. Work Limitations 

The proposed LLM-PDA can serve as an instructional co-pilot 
for novice and international drivers, providing real-time 
feedback and guidance on traffic regulations. With user-friendly 
interfaces and personalized settings, it facilitates a smooth 
transition to unfamiliar driving environments. Those with 
physical impairments and sensory decline can also benefit from 
the system’s customized multimodal interaction [24]. This 
proposed agent, for example, can provide tactile alerts through 
the seat or steering wheel, which is especially beneficial to older 
drivers with hearing and vision challenges. Additionally, we will 
include fatigue and distraction detection features in the system, 
which will provide essential support to professional drivers who 
often perform demanding tasks behind the wheel [75]. Overall, 
different types of drivers can use this LLM-PDA, which caters 
to their unique challenges and needs. There is more explanation 
and intuitiveness in the assistance provided. This focus on 
individual needs is expected to improve driving safety and the 
overall driving experience. 

Despite the LLM-PDA’s ability to provide personalized 
interaction with drivers, it still has several limitations. Firstly, 
the LLM-PDA simplifies interaction types. The settings for 
driver-vehicle interactions, however, require more specific 
configurations and mechanisms. For example, in addition to 
providing warnings and guidance through textual information, 
voice assistance can be delivered in the form of pulsed tones or 
intermittent audio signals of various lengths and intensities. The 
intensity and duration of tactile alerts targeting specific areas 
(such as the steering wheel and seat) are also important 
characteristics. In the near future, AI-generated content (AIGC) 
technologies, such as Sora from OpenAI, will enable the 
creation of personalized vision content for human-machine 
interactions. Our future work will involve a more detailed 
analysis of HMIs and the integration of the above 
considerations. 

Moreover, the experimental results presented in this paper 
need to be quantified further. In this study, we assessed the 
agent’s personalization performance and robustness through 
case studies involving different drivers across a variety of traffic 
scenarios. However, as a user-centric system, the LLM-PDA 
should be evaluated from the user’s perspective to 



verify its effectiveness. Our plan is to gather user feedback 
through questionnaire surveys and driving simulator studies. 
Using survey data and driver behavior data, we can gain 
valuable insight into the effectiveness, usability, and real-world 
applicability of the system. 

B. Future Research Opportunities 

As part of our future work, we will develop a personalized 
driver assistance solution that better accommodates real-world 
driving scenarios and makes decisions based on multiple data 
sources, including traffic environment, driving behavior, and 
driver state. Through the LLM-based agent framework, we can 
easily enhance the capabilities of the system by adding tools, 
integrating memory mechanisms, and incorporating reflection 
functions. There are multiple technologies and methods that 
offer potential for improving the reasoning accuracy, robustness, 
and personalization level of LLM-PDA. In particular, we plan to 
explore approaches such as in-context learning, supervised fine-
tuning, and knowledge-infusion in order to improve the system’s 
accuracy and robustness. To enhance reasoning capabilities, 
models can be fine-tuned with domain-specific datasets like 
Reason2Drive [80] and DriveLM [81], facilitating structured 
reasoning patterns and domain-adapted refinements. The use of 
novel prompt engineering approaches, such as analogous 
prompting and Memory-of-Thought frameworks, can help 
LLMs leverage their pre-trained knowledge more effectively 
and adapt to different scenarios without extensive supervised 
training [82] [83]. Moreover, knowledge-infusion techniques, 
notably knowledge graphs (KGs) that represent entities and their 
interrelations to driving scenarios within a single graph, have 
been applied to autonomous driving and driving assistance [13]. 
These KG-based approaches are utilized to comprehend driving 
scenes, predict object behaviors, and plan motions based on 
semantic knowledge [84] [85]. With these techniques, future 
research could explore the integration of LLM’s thought 
reasoning with knowledge-infusion mechanisms during training 
and inference phases. In order to improve LLM’s reasoning, it is 
possible to develop traffic scene reasoning knowledge graphs 
(RKGs), which capture and streamline perception, reasoning, 
and decision-making processes. 

The personalization of intelligent systems can be achieved 
through memory augmentation and data-driven fine-tuning, 
offering potential for more adaptive responses. Through 
memory-augmented approaches, agents are enhanced in their 
ability to meet the needs of their users and become more 
responsive to their preferences [55]. As needed, language 
models are able to retrieve information from short-term mem-
ory relevant to the ongoing dialogue. Consequently, advanced 
RAG approaches can facilitate context-aware personalization 
by obtaining information about recent interactions, driver 
states, and locations from memory. The long-term memory, on 
the other hand, is capable of storing user historical data over 
time. In order to improve the responsiveness of LLMs to 
different user needs and contexts, we can fine-tune them with 
specific individual or group data. 

For the further deployment of such systems, a comprehensive 
fail-safe mechanism is imperative to address the inherent  

randomness of user commands and potential hallucinations in 
LLM outputs [68]. Future work should explore adaptive and 
learning-based fail-safe protocols that continuously refine safety 
thresholds based on expert feedback and dynamic scenario 
analysis, thereby further reducing the likelihood of unsafe 
response in complex driving environments. Furthermore, 
privacy protection presents a critical challenge to LLM’s 
deployment in automotive systems, including both data collec-
tion and operational aspects [86] [87]. The processing of sensi-
tive user information—including demographic data, biometric 
indicators, and driving behavior patterns—presents substantial 
privacy risks [88]. Moreover, the real-time data exchange 
required for driver assistance systems introduces additional risks 
regarding unauthorized access. These challenges can be 
addressed by implementing comprehensive privacy-preserving 
frameworks and rigorous data governance protocols [89]. Such 
measures are essential to ensure the effective safeguarding of 
personal data throughout the system’s lifecycle. 

VI. CONCLUSION 

The emerging capabilities of LLMs make them promising 
solutions for multimodal warning systems that have difficulty 
adapting to dynamic, real-world driving conditions and diverse 
drivers. This paper introduced a Large Language Model-based 
personalized driver agent (LLM-PDA) that provides warnings 
through multimodal interactions (visual, voice, tactile). Notably, 
the LLM-PDA operates on a reasoning-based architecture that 
emulates human cognitive processes through four core modules, 
capable of interacting with drivers based on the traffic 
environment and their characteristics. By implementing a 
MultiQuery-RAG method, we enabled the LLM-PDA to work 
as an expert in analyzing driver’s characteristics. This approach 
leverages domain-specific knowledge to initialize a personalized 
driver profile that supports the agent’s tailored functionalities. 
Through its agent-based workflow, the LLM-PDA can perceive 
the traffic environment, reason for personalized assistance, and 
issue customized warnings across various driving scenarios. We 
evaluated the LLM-PDA through case studies, demonstrating 
that it successfully adapts its warnings to the unique needs of 
different drivers, thereby enhancing both safety and the overall 
driving experience through personalized interaction strategies. 
Furthermore, the system has demonstrated the capacity to 
generate explainable personalization profiles and individualized 
assistance strategies based on domain-specific knowledge. This 
study explores a novel method of leveraging LLMs to facilitate 
human-machine interaction via multimodal communication, 
showing the potential for broader applications in enhancing the 
safe, comfortable, and personalized experience of intelligent 
vehicles. 
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APPENDIX 
DRIVER PROFILE AND EXPERIENCE SURVEY 

A. Survey Introduction 

This survey aims to gather comprehensive driver data for 
developing personalized driving assistance solutions. The col-
lected information was used to improve user experience and 
promote safer driving, with all responses remaining strictly 
confidential and used exclusively for scientific research pur-
poses. 

B. Questionnaire Items 

1) Basic Information 

 Preferred name/nickname 
 Age 
 Gender 
 Occupation (If retired, previous occupation) 

2) Driving Experience 

 Years of driving experience: 

– 6 months or less 
– 7 months - 1 year 
– 1 - 2 years 
– 2 - 5 years 
– 5 - 10 years 
– More than 10 years 

3) Driving Frequency 

 Average driving hours per week: 

– Less than 5 hours 
– 5-10 hours 
– 11-20 hours 
– More than 20 hours 

4) Driving Purposes (Multiple selections allowed) 

 Commuting 
 Transporting family members 
 Shopping 
 Leisure 
 Travel 
 Work-related (not commuting) 
 Other 

5) Driving Habits and Preferences 

 Open-ended response 
 Example provided: prefer highways, avoid night 

driving 

6) Health and Driving Records 

 Do you have any health conditions or illnesses that 
affect your driving? 

– Open-ended response 
– Example provided: vision impairment, chronic 

pain 

 Have you been involved in any traffic accidents in 
the past 5 years? 

– Open-ended response 
– Note: Please describe the incident(s), including 

details of the accident and any injuries or fatali-
ties 

7) Driving Style 

 How would you describe your driving style? 

– Very cautious 
– Somewhat cautious 
– Balanced 
– Somewhat aggressive 
– Very aggressive 

8) International Driving Experience 

 Do you have experience driving in foreign coun-  
tries? If yes, please describe your experience: 

– Open-ended response 
– Note: Please state which countries you have 

driven in and briefly describe your experience 
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