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ABSTRACT: Current autonomous vehicles (AVs) primarily respond to external traffic conditions and treat humans as passive occupants, limiting their 

ability to personalize driving behavior and handle ambiguous scenarios that could benefit from occupant input. This study proposes PACE-ADS (Psychology 
and Cognition Enabled Automated Driving Systems), a human-centered autonomy framework that enables AVs to interpret and respond to both external 
traffic conditions and internal occupant states. PACE-ADS employs three collaborating foundation model agents: the Driver Agent interprets the external 
environment; the Psychologist Agent infers occupant state from passive psychological signals (e.g., facial expressions) and interprets active cognitive 
inputs (e.g., verbal commands); and the Coordinator Agent integrates these inputs to generate high-level driving behavior decisions. Operating at the low-
frequency semantic planning layer, PACE-ADS complements existing AV stacks and activates selectively in response to changes in occupant state, cognitive 
instructions, or vehicle immobilization. Closed-loop CARLA simulations under prescribed occupant-state trajectories show that PACE-ADS adapts driving 
behavior along kinematic dimensions associated with ride comfort and supports recovery from operational immobilization through self-reasoning and 
occupant-in-the-loop guidance. 
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1 Introduction 
Many automakers have already implemented various automation 

features in their mass-production vehicles, such as Ford, GM, and 

BMW. Common features include Adaptive Cruise Control (ACC), 

Automatic Lane Changing (ALC), and Lane Keeping Assistance (LKA). 

The global market for these technologies is projected to grow from 

$40.25 billion in 2024 to $75.23 billion by 2030, reflecting a strong 

compound annual growth rate (CAGR) of 13.83% (Strategic Market 

Research, 2022). While lower levels of automation have seen 

widespread deployment, higher levels (those capable of handling more 

complex driving tasks with minimal human input) have progressed 

much more slowly. So far, only Tesla has deployed a Full Self-Driving 

(FSD) system in mass-produced vehicles. Other companies, such as 

Baidu and Waymo, have focused on limited deployments through 

robotaxi services in cities like Beijing, Wuhan, Phoenix, San Francisco, 

and Los Angeles. The slower advancement of higher-level automation 

can be attributed to several factors. Real-world AV crash studies 

continue to identify safety-critical factors and the need for robust 

mitigation mechanisms (Channamallu et al., 2025). Beyond such 

technological and regulatory challenges, one of the most significant 

barriers is low public trust. Human-in-the-loop research on connected 

autonomous shuttles similarly reports that public acceptance and trust 

remain challenges and that stated intentions may differ from actual 

usage behavior (Xu & Zheng, 2024). The underlying reasons for this 

hesitation are explored in the following discussion. 

First, existing automated driving systems (ADS), i.e., higher-level 

automation, lack the ability to personalize the riding experience and 

offer very limited transparency in their decision-making processes. 

Their behavior often appears opaque, leaving most riders uncertain 

about why the vehicle behaves in a particular way. These systems are 

primarily designed to optimize safety and efficiency based on external 

traffic conditions, frequently overlooking the diverse and evolving 

preferences of individual occupants. When an ADS’s driving style 

significantly deviates from a rider’s expectations, acceptance tends to 

decline (Schrum et al., 2024). Some progress has been made to address 

this limitation through the introduction of pre-defined driving styles. 

For example, Tesla’s FSD system allows passengers to choose among 

“Chill,” “Average,” and “Assertive” modes. In academic research, 

human driving data have been used to classify three primary styles: 

conservative, normal, and aggressive, using methods such as Gaussian 

Mixture Models (Su et al., 2018), K-means clustering (Zhu et al., 2018; 

Han et al., 2023), Gaussian Process models (Wang et al., 2022), Artificial 

Neural Networks (Nava et al., 2019; Schrum et al., 2024), and other 

unsupervised learning techniques (Gao et al., 2020; Lee & Samuel, 2024). 

While most studies rely on vehicle trajectory data to infer driving styles, 

Ling et al. (2021) adopt a different approach by assessing driving styles 

through emotions detected from drivers’ electroencephalogram (EEG) 

signals. They then use the Deep Deterministic Policy Gradient (DDPG) 

algorithm (Lillicrap et al., 2015) to adjust control parameters based on 

the identified driving style. 

However, the varying nature of human needs cannot be fully 

captured by a limited set of pre-defined driving styles. To truly enhance 

the user experience, ADS must be individualized to account for the 

diverse and dynamic preferences of occupants. Some studies have 

attempted to address this challenge by collecting extensive data from 

individual drivers and using reinforcement learning or imitation 

learning to train ADS models that replicate specific driving styles (Chen 

et al., 2017; Bao et al., 2022; Tian et al., 2022; Li & Liu, 2023; Zhao et al., 

2023). These approaches rely on offline training, after which the system 

is expected to mimic the target driver's behavior. Yet, human 

psychological states are inherently fluid, shaped by context, emotion, 

and situational demands. As a result, rider preferences can shift 
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significantly even within the course of a single trip. For instance, a 

passenger might feel rushed at the beginning of their commute if they 

believe they are running late but become noticeably more relaxed once 

they realize they will still arrive in time for their meeting. Offline-

trained models often fail to adapt to such real-time changes, resulting 

in less satisfying experiences and eroding public trust. To address this 

limitation, research is needed to develop personalized ADS capable of 

responding to the evolving needs of occupants. A promising direction 

is the real-time and continuous monitoring of human emotional states. 

Psychological signals (such as EEG signals and heart rate) and cognitive 

cues (such as facial expressions and verbal commands) are particularly 

valuable for this purpose, as they provide immediate feedback in 

response to external stimuli. Although these indicators have been 

widely used to detect driver fatigue and distraction (Doudou et al., 2020; 

Kashevnik et al., 2021; Zhang et al., 2022; Misra et al., 2023), their 

potential to inform vehicle control decisions in automated systems 

remains largely untapped.  

Second, ADS struggles in rare or ambiguous traffic scenarios such as 

construction zones, informal right-of-way negotiations, or 

unpredictable pedestrian behavior. These situations often lead to the 

vehicle becoming immobilized (Schumann et al., 2023; Baldini et al., 

2024; Honda et al., 2024; Schmittle et al., 2024). For example, in 

December 2024, a Waymo robotaxi in California became stuck in a 

roundabout, circling 37 times before engineers had to intervene 

remotely to resolve the issue (King, 2024). A similar incident occurred 

in Wuhan, China, where a Baidu robotaxi failed to replan its trajectory 

in a congested intersection. The vehicle remained stopped for over an 

hour, causing significant traffic disruption. Local traffic authorities 

were unable to assist, and control was eventually restored by remote 

engineers (New Tang Dynasty Television, 2024). Although remote 

intervention provides a potential backup solution, it presents several 

challenges. It requires continuous monitoring by trained personnel 

who must be available to respond quickly when the system encounters 

difficulties. This approach demands substantial human and financial 

resources, and it also relies on a low-latency connection to ensure timely 

and effective action. Some companies have developed ADS that allows 

passengers to take over when the system encounters a failure (Kondyli 

et al., 2023). For instance, Tesla’s shadow mode (Harris, 2022) enables 

its FSD system to learn from human driving behavior in situations 

where the vehicle becomes immobilized and to reduce the likelihood of 

similar failures in the future. However, such solutions rely on the 

assumption that passengers are capable of taking control. In cases 

where riders are elderly, have disabilities, or are otherwise unable to 

take over, the ADS may remain stuck indefinitely. This highlights the 

need for more inclusive intervention strategies that can complement 

existing methods. One promising direction is to allow passengers to 

provide guidance through natural interactions, such as verbal 

commands, enabling them to assist the system without requiring 

physical control of the vehicle. Our earlier framework, StuckSolver (Bao 

& Li, 2025), operationalizes this idea. Results from the Bench2Drive 

benchmark (Jia et al., 2024) show that it can autonomously make 

recovery decisions, interpret passenger instructions, and execute 

appropriate behavioral plans to restore vehicle mobility. 

With their advanced semantic understanding and reasoning 

capabilities, Large Language Models (LLMs) have emerged as a 

promising intermediary between occupants and ADS. Recent studies 

have begun exploring how LLMs can be integrated into ADS 

frameworks (Lüddecke & Ecker, 2022; Hu et al., 2023; Mao et al., 2023; 

Wang et al., 2023; Cui et al., 2024a; Xu et al., 2024; Fang et al., 2025). 

Related work also illustrates a broader property of language-model 

representations: human behavioral sequences can be encoded and 

learned. Liu et al. (2023), for example, model real-world delivery routes 

as language-like sequences to capture drivers’ implicit route-selection 

knowledge. PromptTrack (Wu et al., 2025) enhances 3D object tracking 

and prediction in driving scenes by incorporating cross-modal features 

through a prompt reasoning branch. DiLu (Wen et al., 2024) combines 

LLMs with a reasoning and reflection module, allowing AVs to make 

decisions based on common-sense knowledge and improve 

generalization by accumulating driving experience over time. LLMs 

also show potential in vehicle motion control. For example, Sha et al. 

(2023) use LLMs to interpret driving scenes, make decisions, and 

convert these decisions into actionable driving commands through a 

parameter matrix adaptation process. Cui et al. (2024b) deploy a fine-

tuned, lightweight vision-language model (VLM) on an automated 

vehicle, enabling it to adjust control parameters based on passenger 

feedback after each trip. Personalization has since become an explicit 

target. PADriver (Kou et al., 2025) reasons over a scene description 

together with a personalized prompt and an estimated danger level, 

but the prompt selects among three preset modes and so inherits the 

granularity limitation of production driving-style settings. Drive My 

Way (Wang et al., 2026) removes that limitation by learning a user 

embedding from real driving data and conditioning the policy on it, 

with natural language supplying short-term guidance; the embedding, 

however, is fitted per user in advance. Talk2Drive (Cui et al., 2024c) 

demonstrates the approach on a physical vehicle, translating spoken 

commands into control sequences and accumulating preferences in a 

memory module across rides. These systems establish that language 

models can personalize driving, but in each case the preference acted 

upon is supplied deliberately, as a prompt, a stored profile, or a spoken 

command, and is therefore fixed for the duration of a trip. While 

existing studies have made significant strides in integrating LLMs into 

ADS, most are evaluated using open-loop testing rather than real-time, 

closed-loop validation. This prevents the ADS from adapting to new 

inputs during the trip, including rider preferences and situational 

changes. Without feedback-driven learning, the system cannot refine 

its decisions dynamically, limiting its effectiveness in real-world, 

continuously evolving environments.  

Motivated by these limitations, we propose PACE-ADS (Psychology 

and Cognition Enabled Automated Driving Systems), a human-

centered, closed-loop autonomy framework. Unlike existing LLM-

enabled ADS that mainly focus on external scene understanding or 

driving decision generation, PACE-ADS jointly incorporates traffic 

context, passive psychological signals, and active occupant instructions 

into vehicle decision-making. It employs three specialized foundation 

model agents: a Psychologist Agent that interprets the rider’s 

psychological state and intent, a Driver Agent that analyzes the 

surrounding traffic environment, and a Coordinator Agent that 

integrates both sources of information to select driving behaviors, 

adjust operation parameters, and provide explanations. Operating at 

the semantic and behavioral planning layer, PACE-ADS complements 

rather than replaces conventional real-time control modules. Its main 

contributions are twofold: enabling vehicle-level closed-loop 
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adaptation to changing occupant-state inputs for personalized driving, 

and supporting vehicle recovery from immobilizing scenarios through 

context-aware reasoning and occupant-in-the-loop guidance. Relative 

to our earlier framework StuckSolver (Bao et al., 2025), which 

addressed immobilization recovery alone using a single agent, PACE-

ADS extends the same agentic reasoning to occupant-state-based 

personalization and distributes perception, occupant interpretation, 

and decision-making across three specialized agents. 

The remainder of this manuscript is organized as follows. Section 2 

introduces the PACE-ADS methodology. Section 3 details the 

simulation experiments conducted to evaluate the model’s 

performance. Section 4 concludes the study and outlines directions for 

future research. 

 
Fig. 1. An overview of Psychology and Cognition Enabled Automated Driving Systems. 

2 Psychology and Cognition Enabled Automated 

Driving Systems 
By enabling bidirectional human-machine communication through 

foundation models (Fig. 1), PACE-ADS personalizes the autonomous 

riding experience and improves vehicle responsiveness in 

immobilizing scenarios, with the aim of enhancing occupant comfort 

and trust and thereby promoting the adoption of automation 

technologies. PACE-ADS continuously monitors occupants’ passive 

psychological signals (e.g., EEG, heart rate, facial expressions) and 

active cognitive instructions (e.g., verbal commands) to infer the 

occupant’s state and intent. In response to such observations, the 

system dynamically adapts the ego vehicle’s driving behavior in the 

direction associated with the inferred occupant state, for example by 

adjusting speed, acceleration, braking, or gap acceptance. It also 

provides behavior explanation using natural language to occupants 

upon request to enable operation transparency. When the AV 

becomes immobilized under ambiguous traffic scenarios such as 

unclear right of way, PACE-ADS leverages the occupant’s cognitive 

instructions (e.g., verbal commands) to execute appropriate recovery 

solutions. PACE-ADS builds on LLMs given their strengths in 

semantic understanding, reasoning, and natural language 

interactions. By implementing an agentic workflow where three 

specialized agents collaborate to manage the complex autonomous 

driving, PACE-ADS achieves improved operation interpretability 

and system robustness. Leveraging system prompts, chain-of-

thought (CoT) prompting (Wei et al., 2022), and function calling tools, 

each agent is guided to fulfill its designated role, execute assigned 

subtasks, and produce structured outputs. 

A key strength of PACE-ADS is its architectural flexibility. The 

three agents can be configured with either the same or different 

models, depending on the data modality and task specialization. 

While this research explores a unified approach by using three LLMs 

to fulfill all roles, PACE-ADS is open to a hybrid configuration. For 

example, rule-based models and traditional lightweight machine 

learning models can be adopted to realize less demanding roles, such 

as emotion recognition, with a balance of solution quality and 

efficiency. In addition, PACE-ADS integrates with existing AV 

systems without requiring structural modifications, as it only 

receives input from AV modules and returns suggested operations in 

alignment with the AV module data format. While the AV modules 

handle high-frequency, low-level control tasks, PACE-ADS focuses 

on low-frequency, high-level behavioral decisions. It activates 

selectively in response to rider inputs and vehicle immobilization, 

addressing non-time-sensitive scenarios through closed-loop 

feedback that supports adaptive, personalized autonomy without 

disrupting real-time control. 

While PACE-ADS enables adaptive autonomy, all personalization 

is bounded. Rider-specific adjustments are confined within pre-

defined safety envelopes. These envelopes are aligned with traffic 

laws and social norms to ensure that behavior remains within legally 

and socially acceptable bounds. In the limiting case, a fully 

personalized AV may resemble a human-driven vehicle exhibiting 

user-preferred driving traits, such as assertiveness or caution, yet still 

operate under the same legal and infrastructural constraints as other 
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road users. This mirrors today’s traffic environments, where 

individuals drive in varied, but lawful, ways. Such personalization is 

intended to support rider comfort and trust while keeping behavior 

within legal, infrastructural, and pre-defined safety constraints. 

2.1. Host AV Stack and PACE-ADS Interfaces 

Existing AV frameworks consist of a set of modules that operate in 

coordination to enable automation. PACE-ADS is integrated with 

four of them. The description below focuses on the data that each 

module exchanges with PACE-ADS rather than on their internal 

algorithms, which are inherited from the host AV stack. 

The perception module supplies three types of data to the driver 

agent: RGB images, object-level measurements, and ego vehicle state 

information. The RGB images include both front-view and bird-eye-

view (BEV) perspectives (Ifront,Ibev). These images may be captured 

directly from onboard cameras or generated via sensor fusion and 

BEV map construction pipelines (Hao et al., 2025). The object 

measurement data Op includes information for each surrounding 

object i: its class or identifier, relative distance, velocity, and spatial 

location Oip={id, dist, v, loc}. The ego vehicle state data includes the 

velocity and spatial location Ego={v, loc}, as detailed in Appendix 

Table A.1. 

The route planning module computes the global route from the 

starting point to the destination as an ordered sequence of waypoints. 

We encapsulate the route planning function as an API, enabling the 

coordinator to invoke it when needed. The API accepts two 

parameters: a replanning flag δ and a new route start point Pstart. The 

data transmitted from the route planning module to the coordinator 

includes the ego vehicle’s current lane, adjacent lanes, and the set of 

available waypoints located ahead of the vehicle on these lanes, as 

outlined in the map M of Appendix Table A.1. 

The motion planning module generates the vehicle’s short-term 

trajectory along the assigned global route and manages a library of 

driving operations Alib, such as lane changing, car following, and 

stopping. Each supported driving operation in Alib is documented 

with a functional description and a set of configurable parameters as 

well as default values (Fig. 2). The module operates using its internal 

decision rules when no external instruction is provided. However, 

when the coordinator issues an instruction (specifying the desired 

behavior a and associated parameters θ*) and safety conditions allow, 

the module will follow the specified behavior. 

 
Fig. 2. Example documentation of driving operation tools in Alib. 

The control module executes the planned trajectory by generating 

low-level control commands, such as steering angle, throttle, and 

braking, using standard feedback control algorithms (e.g., 

Proportional-Integral-Derivative (PID) or Model Predictive Control 

(MPC)). It is inherited without modification and does not exchange 

data with PACE-ADS. 

2.2. Driver Agent 

Traditional perception modules are typically limited to low-level 

tasks such as object detection, classification, and tracking. These 

modules may misinterpret scenes and fail to capture the semantic 

relationships and interactions among objects (Jamali et al., 2025). The 

driver agent addresses this limitation by enabling high-level scene 

understanding (such as the effects of weather on driving behavior 

and the interactions among traffic participants) through semantic 

information extraction and commonsense reasoning Fdriver(∙). It 

receives front-view and BEV images (Ifront,Ibev) from the AV perception 

module. Guided by a system prompt Sdriver and CoT prompting Cdriver, 

the driver agent follows a step-by-step reasoning process (see Fig. 3) 

that includes extracting environmental conditions such as weather 

and road type, identifying traffic control elements like traffic signal 

state, traffic sign content, and work zones, and analyzing traffic 

participants and obstacles by determining their types, relative 

positions (e.g., on the left), and intentions. The driver agent then 

associates the resulting high-level insights with corresponding 

perception analytics (Op) from the perception module and enriches 

them with quantitative attributes such as distance, velocity, and lane 

ID to facilitate context-aware decision-making. The resulting 

structured output Y includes environmental conditions E, traffic 

control information T, traffic participants and obstacles information 

O, ego vehicle state Ego, and a scene description D, as shown in the 

Eq. (1) below. This comprehensive scene understanding is passed to 

the coordinator. 

Y = {E, T, O, Ego, D} = Fdriver(Ifront, Ibev, Op; Sdriver, Cdriver).(1) 

A detailed description of the input and output components is 

provided in Appendix Table A.1. 
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Fig. 3. A schematic illustration of the reasoning processes of the three agents. 

2.3. Psychologist 

The psychologist agent analyzes the occupant’s passive 

psychological signals and active cognitive instructions by processing 

multimodal inputs, including EEG signals EEG, heart rate HR, facial 

expression images Iface, and verbal commands Ver. Guided by the 

system prompt Spsy and CoT prompting Cpsy, the psychologist agent 

follows a step-by-step reasoning process (Fpsy) to interpret these 

signals and synthesize a comprehensive understanding of the 

occupant’s state and needs (see Fig. 3). The resulting output is 

denoted by R={state,  instr}, where state is the emotional state of the 

rider and instr is the explicit rider commands. R is delivered to the 

coordinator for human-centric decision-making. 

R={state, instr} = Fpsy(EEG, HR, Iface, Ver; Spsy, Cpsy).(2) 

A detailed description of the input and output components is 

provided in Appendix Table A.1.  

2.4. Coordinator 

The coordinator is guided by the system prompt Scoord and CoT 

prompting Ccoord, which defines its responsibilities and outlines the 

sequential procedures for decision-making. It prioritizes driving 

safety first, followed by personalization to accommodate the 

occupant’s preferences. The coordinator reads the augmented traffic 

semantic information Y provided by the driver agent and references 

the psychologist’s occupant report R. If no explicit occupant 

instruction is available, the coordinator interprets the occupant’s state 

to select an appropriate operation behavior (a) from the vehicle 

motion planning module and sets the corresponding operation 

parameters (θ*). When faced with uncertainty, the coordinator will 

actively seek guidance from the occupant, representing an 

enhancement over our previous work, StuckSolver (Bao & Li, 2025). 

When an occupant instruction is available, the coordinator enters 

instruction-following mode. It first determines whether route 

replanning is necessary. Then, using the instruction along with the 

augmented traffic semantic information Y, the coordinator selects an 

appropriate operation behavior. If the instruction does not specify 

parameter values, the coordinator applies the default parameters 

associated with the selected behavior. Otherwise, the parameters are 

inferred from the instruction. The behavior library supplies each 

parameter's default value and permitted bounds; within those 

bounds the coordinator determines the value by reasoning over the 

occupant state and traffic context at inference time. No mapping from 

occupant states to parameter sets is defined, and no agent is fine-

tuned. If route replanning is needed, the coordinator generates a 

replanning flag (δ, binary) and specifies a new route start point (Pstart) 

based on the map M, then passes both to the vehicle route planning 

module. The overall decision-making workflow of the coordinator is 

illustrated in Fig. 3. 

N=a, θ*, r, δ, Pstart = Fcoord(Y, R, M; Scoord ,Ccoord, Alib). (3) 

Here, N represents the coordinator’s structured output, Fcoord 

denotes the coordinator’s reasoning process, a∈Alib is the selected 

operation behavior from the behavior library Alib, offered by the 

vehicle motion planning module, and r is the explanation for the 

selected decision. A detailed description of the input and output 

components is provided in Appendix Table A.1.  

The coordinator also passively detects potential vehicle 

immobilization by observing the outputs of the route planning and 

motion planning modules. Immobilization is suspected when the 

route planner indicates continued progress is expected, yet the 

motion planner shows repeated stops, failed trajectory generation, or 

prolonged stationary behavior without external justification (e.g., 

traffic signals or destination reached). When such inconsistencies 

persist, the coordinator flags a possible immobilization event and 

activates the driver agent to analyze the surrounding environment 

and guide further action. 

3 Experiment 
We design a set of scenarios to evaluate whether PACE-ADS adapts 

its driving behavior in the direction associated with prescribed 

occupant-state inputs. Additionally, we evaluate the system’s ability 

to assist an immobilized AV by following verbal instructions from the 

occupant. 

3.1.  System Implementation Details 

All three agents in PACE-ADS are built on GPT-4o-2024-08-06 (Hurst 
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et al., 2024), which is equipped with multimodal processing 

capabilities, enabling the understanding and analysis of images and 

text. The model also supports structured output, facilitating seamless 

interaction and integration with existing AV modules. Each agent is 

encapsulated as a ROS2 (Humble version) node (Macenski et al., 2022) 

and connected to the CARLA (0.9.15 version) server through the 

carla-ros-bridge, forming a closed-loop simulation platform for 

system validation and testing. All simulations are conducted on a 

workstation running Ubuntu 22.04, equipped with an AMD Ryzen 

Threadripper 7960X (24 cores) CPU and two NVIDIA RTX 5000 Ada 

GPUs. 

We build upon the Behavior Agent provided by the CARLA 

(Dosovitskiy et al., 2017), which integrates key components including 

the perception module, route planning module, and control module. 

Specifically, we enhance the perception module by equipping it with 

multiple sensors, including a front-view RGB camera, a top-down 

RGB camera, an Inertial Measurement Unit, a Global Navigation 

Satellite System, and a speedometer. These sensors enable the 

collection of comprehensive ego vehicle status and surrounding 

environmental data within the CARLA simulation environment. The 

route planning module in Behavior Agent generates a global route 

between a specified starting point and a target destination using the 

A* algorithm (Hart et al., 1972). The resulting global route is 

represented as an ordered sequence of waypoints along the road 

network, providing high-level navigation guidance for downstream 

modules. The control module unifies motion planning and low-level 

control. It interprets perception inputs and vehicle state information 

to determine appropriate driving behaviors and executes the 

corresponding control commands. The default parameter values of 

these baseline algorithms are listed in Appendix A.5. 

3.2. Occupant Data 

We use the publicly available Emognition dataset (Saganowski et al., 

2022) to provide the passive psychological signals required by the 

psychologist agent. The dataset includes EEG signals, heart rate data, 

and facial expression images from 43 participants (see Fig. 4), along 

with annotated emotions such as anger, amusement, sadness, 

anxiousness, liking, relaxation, and fear. To align with prior studies 

on drivers’ emotional states, we retain the categories relaxed and 

anxious, and remap anger to impatient. This adjustment reflects the 

behavioral and physiological similarity between anger and 

impatience in driving contexts, where frustration and a desire for 

quicker responses are more accurately described as impatience. 

This remapping rests on two considerations. First, anger as it is 

measured in driving contexts is predominantly elicited by impedance 

to progress rather than by interpersonal hostility: the Driving Anger 

Scale (Deffenbacher et al., 1994) loads most heavily on situations such 

as slow driving, traffic obstruction, and blocked progress, which are 

described more precisely as impatience than as anger in its everyday 

sense. Second, anger and impatience occupy the same high-arousal, 

negative-valence region of the circumplex model of affect (Russell, 

1980), and the peripheral and cortical signals available to the 

psychologist agent resolve position within this two-dimensional 

space but do not reliably separate the two states within that region. 

Because the coordinator consumes the occupant state solely to 

modulate speed, headway, and gap-acceptance parameters, 

quantities on which anger and impatience act identically, we adopt 

impatience as the label that more accurately names the state the 

system is designed to respond to. 

To further examine the responsiveness of PACE-ADS to different 

levels of emotional intensity, we introduce two additional categories: 

very impatient and very anxious. Specifically, within the impatient 

and anxious categories derived from the Emognition dataset, we 

further distinguish intensity levels based on participants’ self-

reported emotion values (1 = not at all, 5 = extremely), as offered by 

the Emognition dataset. Samples with reported values greater than or 

equal to 4 are labeled as “very impatient” or “very anxious,” while 

those with values below 4 remain labeled as “impatient” or “anxious.” 

Importantly, our intent is not to establish a new taxonomy of 

passenger or driver types. Instead, our framework assumes that 

psychological states are fluid and continuous, and cannot be fully 

captured by a small set of fixed categories. The five emotional states 

we employ should therefore be understood not as an exhaustive 

classification, but as interpretive constructions that help us evaluate 

and communicate how PACE-ADS adapts its behavior in response to 

changing psychological inputs. 

The psychologist agent receives the three passive modalities in the 

form the dataset provides, without feature engineering, filtering, or 

intermediate classification: EEG and heart rate are serialized to text 

and passed directly to the agent, and facial expression is passed as the 

corresponding RGB image. Verbal inputs from the occupant are first 

transcribed using Whisper (Radford et al., 2023), a speech-to-text 

model. The agent therefore performs the inference from raw signals 

to occupant state itself, rather than consuming the output of a 

separate emotion classifier. 

 

 

 
Fig. 4. Multimodal psychological signals of the same individual. 
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3.3. Personalization Tests 

To evaluate the ability of PACE-ADS to personalize autonomous 

rides, we design four representative scenarios that capture diverse 

rider preferences: traffic signal interaction, pedestrian interaction, 

work zone navigation, and car-following. In each scenario, the 

occupant’s psychological state is simulated by combining 

multimodal signals representing very impatient, impatient, relaxed, 

anxious, and very anxious states from the same individual across 

multiple test runs. Some runs use prescribed transitions among 

occupant-state inputs to represent plausible within-trip changes, 

while others use deliberately exaggerated prescribed transitions to 

rigorously assess system adaptability. This setup enables evaluation 

of whether PACE-ADS can infer and respond to a broad spectrum of 

psychological cues. Because occupant signals are injected on a 

prescribed schedule rather than generated by an occupant reacting to 

the vehicle, these runs test whether the system responds coherently 

to a given state trajectory; they do not establish that the resulting 

behavior improves how a real occupant feels. In this study, “closed-

loop adaptation” therefore refers specifically to the simulated vehicle-

level feedback loop: prescribed occupant-state inputs are processed 

by PACE-ADS to update high-level driving decisions, CARLA 

executes those decisions, and the resulting vehicle state is fed back to 

the framework. The occupant-state trajectory itself is externally 

prescribed and is not generated by this loop. 

3.3.1 Traffic Signal Interaction 

The ego vehicle starts at 40 km/h, approaching a red traffic light 

ahead. Once the vehicle comes to a complete stop, the signal 

immediately turns green, prompting the vehicle to resume driving. 

To evaluate the system’s ability to balance occupant preferences with 

regulation requirements, a maximum speed of 60 km/h is imposed. 

At the beginning of each run, we inject psychological signals 

representing different emotional states to simulate how an occupant 

might respond to the AV’s behavior. When the AV’s behavior aligns 

with their preferences, signals corresponding to a relaxed state are 

injected. Otherwise, impatient and/or anxious signals are injected to 

reflect the rider’s discomfort. 

 

 
Fig. 5. Traffic signal interaction experiment results. 

The experimental results, illustrated in Fig. 5, show that across 

different test runs, PACE-ADS infers an occupant-state category from 

the injected multimodal signals and adjusts the driving behavior 

accordingly. The system modifies cruising speed, deceleration timing, 

deceleration rate, and acceleration in a manner tailored to the 

occupant’s state, with more assertive profiles under impatient inputs 

and more conservative profiles under anxious inputs. 

Test run 3 serves as a benchmark, with relaxed signals injected 

throughout the simulation run as a constant relaxed-state input. In 

Test run 1, signals corresponding to a very impatient state are injected 

from the beginning as the prescribed initial condition. Once the 

vehicle accelerates significantly (in this case, toward the maximum 

permitted speed of 60 km/h), we inject relaxed signals to prescribe a 

transition to the relaxed state. Under the very impatient condition, the 

system interprets the input as indicating a stronger preference for 

faster travel and immediately accelerates to the maximum allowed 

speed of 60 km/h. During the red light interaction phase, PACE-ADS 

tailors its deceleration behavior based on previously observed 

emotional states. It infers a strong preference for maintaining speed 

and selects the latest possible deceleration point, applying a relatively 

high deceleration rate to ensure safety while aligning with the 

occupant’s preferences. In the restart phase, the system uses memory 

of prior emotional states to inform acceleration. It applies higher 

acceleration rates of 5.4 m/s² and resumes at elevated cruising speeds 

of 55 km/h. Test run 2 follows the same structure as Test run 1, but 

starts with impatient signals instead. Once the vehicle reaches 60 

km/h, relaxed signals are injected. In the impatient condition, the 

system determines that the vehicle is still a considerable distance 

from the red light and infers that the occupant’s impatience stems 

from dissatisfaction with the current speed. In response, PACE-ADS 

gradually increases the cruising speed to 50 km/h. When it continues 

to infer an impatient state, it further raises the speed to 60 km/h. 

During the red light interaction phase, the system follows a similar 

deceleration pattern as Test run 1, but with a smaller deceleration. In 

the restart phase, it applies the acceleration rate of 4.2 m/s² and 

resumes at elevated cruising speeds of 45 km/h. In both Test runs 1 

and 2, the vehicle remains within the posted speed limit while 

applying the state-conditioned speed and acceleration adjustments 

described above. 

Test runs 5 and 6 follow a similar pattern to Test runs 1 and 2, using 

anxious and very anxious signals, respectively. For the anxious and 

very anxious conditions, the system adopts a comparable strategy in 

the opposite direction. It gradually reduces the cruising speed under 

these inputs. During the red light interaction phase, the system 

chooses an earlier and more gradual deceleration, producing a 

smoother braking profile. In the restart phase, it selects a low 

acceleration rate of 1 m/s² and a conservative cruising speed of 

20 km/h, consistent with the injected state. In Test run 4, we simulate 

a more dynamic occupant state by injecting a sequence of emotional 

signals. The test begins with impatient signals. After the vehicle 

accelerates, anxious signals are injected to prescribe a transition to the 

anxious state. When the speed drops below 30 km/h, impatient 

signals are reintroduced to prescribe a transition back to the impatient 

state. Once the speed increases again, relaxed signals are injected to 

prescribe a transition to the relaxed state. Under the prescribed 

sequence with frequent state transitions, PACE-ADS updates its 
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inferred state as the injected signals change and adapts its driving 

behavior accordingly. This responsiveness shows that the vehicle-

level behavior follows the prescribed sequence of occupant-state 

inputs by adjusting speed and acceleration in the corresponding 

direction. 

Each simulation scenario was repeated 30 times, varying the initial 

distance between the vehicle and the traffic light from 200 m to 300 

m. The average results are summarized in Table 1, including the 

adjusted velocity (va) after emotional adaptation, the cruising velocity 

(vc) after restart, the deceleration rate (b) when approaching the red 

light, and the acceleration rate (a) during restart. When the occupant 

is very impatient, the vehicle exhibits the highest speeds (va=59.6 

km/h, vc=55.7 km/h), while under the very anxious condition, both 

values are the lowest (va=26.3 km/h, vc=19.3 km/h). Moreover, the very 

impatient state leads to the most aggressive acceleration (a=4.23 m/s²) 

and deceleration (b=5.51 m/s²) behaviors, whereas the very anxious 

state results in the smoothest and most conservative maneuvers 

(a=1.78 m/s², b=0.42 m/s²). A comparison with two baseline 

personalization methods under the same conditions is provided in 

Appendix A.6, Table A.6. 

Table 1. Personalized evaluation results in the traffic signal 

interaction scenario (averaged over 30 runs). 

Occupant 

state 

Metrics 

va(km/h) vc(km/h) b(m/s2) a(m/s2) 
Very 

impatient 
59.6 ± 0.7 55.7 ± 0.9 5.51 ± 0.28 4.23 ± 0.22 

Impatient 55.3 ± 1.0 50.1 ± 1.1 4.63 ± 0.25 3.59 ± 0.20 

Relaxed 40.0 ± 0.6 32.3 ± 0.8 1.02 ± 0.08 2.08 ± 0.12 

Anxious 27.1 ± 0.8 19.6 ± 0.6 0.49 ± 0.05 1.86 ± 0.10 

Very 

anxious 
26.3 ± 0.7 19.3 ± 0.5 0.42 ± 0.04 1.78 ± 0.09 

Note: Values are reported as mean ± SD over 30 runs. 

3.3.2 Pedestrian Interaction 

The ego vehicle cruises at 40 km/h. A pedestrian stands ahead on the 

left side of the road, intending to cross the road. The pedestrian 

begins to cross after the vehicle comes to a complete stop. Once the 

pedestrian clears the conflict zone, the ego vehicle resumes driving. 

Five test runs are conducted, with each run initialized using a distinct 

psychological signal to emulate the occupant’s emotional state. The 

test conditions are as follows: Test run 1 (very impatient), Test run 2 

(impatient), Test run 3 (relaxed), Test run 4 (anxious), and Test run 5 

(very anxious), as shown in Fig. 6. 

 

 

 
Fig. 6. Pedestrian interaction experiment results. 

Upon pedestrian detection, the timing of deceleration varies based 

on the occupant’s emotional state. The system initiates stopping 

earlier for more anxious occupants and later for impatient ones. The 

sequence of deceleration time, from earliest to latest, is very anxious > 

anxious > relaxed > impatient > very impatient. Deceleration rates 

reflect the level of aggressiveness associated with each emotional 

state. Impatient occupants prompt sharper deceleration, while 

anxious occupants lead to more gradual braking. The stopping 

distance and the restart timing, acceleration profile, and cruising 

speed after the pedestrian clears the path both vary with emotional 

state. In Test runs 1 and 2 (very impatient and impatient), the vehicle 

stops closest to the pedestrian at 1.8 meters and resumes motion 

when the pedestrian is just 1.5 meters away in the lateral direction. 

The vehicle exhibits a rapid acceleration phase, reaching 35 and 

37 km/h with a 3.67 m/s² acceleration rate. In contrast, in Test runs 4 

and 5 (anxious and very anxious), the vehicle maintains a larger 

buffer of 3.8 and 5.8 meters, indicating that PACE-ADS adopts a more 

conservative stopping strategy under higher anxiety. During 

restarting, the vehicle waits until the pedestrian moves more than 3.5 

and 5 meters away. It accelerates gradually, reaching lower cruising 

speeds of 28 and 18 km/h with 1.1 and 0.74 m/s² acceleration rates, 

respectively. 

Each simulation scenario was repeated 30 times, varying the initial 

distance between the vehicle and the pedestrian from 100 m to 200 m. 

The average results are summarized in Table 2, including the vehicle–

pedestrian distance at the onset of deceleration (Δd), which measures 

how far the vehicle is from the pedestrian when it begins to slow 

down; the longitudinal distance to the pedestrian (dlon) when the 

vehicle is stationary; and the lateral distance to the pedestrian (dlat) 

when the vehicle resumes motion. To ensure pedestrian safety, the 

agents were instructed to maintain a minimum longitudinal and 

lateral distance of 1.5 m from pedestrians. PACE-ADS effectively 

accommodates passengers’ personalized needs while consistently 

keeping both distances above the 1.5 m safety threshold, even under 

the most aggressive (very impatient) passenger state during stopping 

and restarting (dlon=1.67 m, dlat=1.62 m). Under more cautious 

emotional states, the system exhibits noticeably larger clearances 

with dlon=4.14 m and dlat=3.53 m for the anxious state, and dlon=6.04 m 

and dlat=5.25 m for the very anxious state. The corresponding baseline 

comparison is provided in Appendix A.6, Table A.7. 
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Table 2. Personalized evaluation results in the pedestrian interaction 

scenario (averaged over 30 runs, with cruising speed limited to 40 

km/h). 

Occupant 

state 

Metrics 

Δd(m) dlon(m) dlat(m) 
Very 

impatient 
24.3 ± 1.4 1.67 ± 0.05 1.62 ± 0.03 

Impatient 35.4 ± 1.8 1.72 ± 0.06 1.68 ± 0.05 

Relaxed 46.6 ± 2.1 2.93 ± 0.14 2.47 ± 0.12 

Anxious 59.9 ± 2.7 4.14 ± 0.20 3.53 ± 0.18 

Very anxious 78.8 ± 3.2 6.04 ± 0.27 5.25 ± 0.24 

Note: Values are reported as mean ± SD over 30 runs. 

3.3.3 Work Zone Navigation 

A work zone is placed ahead in the AV’s current lane, prompting the 

vehicle to initiate a lane change to the left. Multiple vehicles are 

randomly positioned in the adjacent left lane, with varying gaps 

between them. At the start of the scenario, both the AV and 

surrounding vehicles travel at a constant speed of 40 km/h. We 

conduct five test runs, each with injected psychological signals 

representing the occupant’s emotional state. The test conditions are 

as follows: Test run 1 (very impatient), Test run 2 (impatient), Test 

run 3 (relaxed), Test run 4 (anxious), and Test run 5 (very anxious). 

 

 

 
Fig. 7. Work zone navigation experiment results. 

Fig. 7 highlights how PACE-ADS adapts its lane-changing 

behavior in response to the occupant’s psychological state. When the 

occupant is very impatient (Test run 1), the AV initiates the lane 

change earliest, performing a quick and assertive maneuver into a 

relatively small front gap (1.6 m) while maintaining higher speeds 

throughout. In the impatient condition (Test run 2), the behavior 

remains proactive but slightly more restrained, with a lane-change 

speed of 22.5 km/h and a front gap of 2.7 meters. In both runs, the AV 

accepts the first available gap in the left lane between Vehicle 1 and 

Vehicle 2. In contrast, for the relaxed condition (Test run 3), the AV 

selects a lower lane-change speed of 10 km/h and a slightly longer 

front gap (5.2 m) between Vehicle 2 and Vehicle 3, resulting in a more 

gradual maneuver. In the anxious condition (Test run 4), the vehicle 

begins decelerating early and waits for a significantly larger gap of 

20.1 meters before Vehicle 4. The lane-change speed is reduced to 

below 10 km/h. In the very anxious case (Test run 5), the AV 

decelerates to nearly a full stop, accompanied by earlier and smoother 

deceleration profiles. It delays the lane change until all four vehicles 

have passed and no following vehicle is present in the target lane, 

ensuring the largest possible gap of 20.2 m before initiating the 

maneuver. 

Each test run was repeated 30 times using different random seeds, 

with vehicles in the adjacent lane generated at random spacings and 

with varying numbers. The average results are summarized in Table 

3, including the distances to the rear and front vehicles (distr and distf) 

and the time-to-collision value (TTCr) for the following vehicle in the 

target lane when the ego vehicle initiates the lane change. As 

passenger anxiety level increases, both distr and distf grow 

significantly, while the TTCr also increases from 1.77 s to 2.74 s, 

indicating a more cautious decision-making process. In particular, 

when the passenger is very anxious, the AV consistently delays its 

maneuver until no vehicles are present in the adjacent lane behind. 

This scenario is not included in the baseline comparison of Appendix 

A.6, because it requires a lane change and neither baseline method is 

able to perform one. 

 

Table 3. Personalized evaluation results in the work zone navigation 

scenario (averaged over 30 runs, with cruising speed limited to 40 

km/h).  

Occupant 

state 

Metrics 

distr(m) distf(m) TTCr(s) 

Very 

impatient 
6.4 ± 0.5 1.52 ± 0.10 1.77 ± 0.08 

Impatient 6.6 ± 0.6 2.65 ± 0.19 1.82 ± 0.09 

Relaxed 18.8 ± 1.4 5.47 ± 0.38 2.03 ± 0.11 

Anxious 28.8 ± 2.1 20.4 ± 1.6 2.74 ± 0.15 

Very anxious — 21.2 ± 1.7 — 

Note: Values are reported as mean ± SD over 30 runs. A dash 

indicates that no following vehicle was present in the target lane, so 

the quantity is undefined. 

3.3.4 Car Following 

The lead vehicle follows a predefined speed profile, which simulates 

traffic oscillation dynamics: it initially travels at 40 km/h, then 

accelerates to 60 km/h, and finally decelerates to 30 km/h. The initial 

distance between the ego vehicle and the lead vehicle is set to 10 

meters. 

Test run 3 (as shown in Fig. 8(c)), in which relaxed-state signals are 

prescribed throughout the simulation, PACE-ADS maintains its car 

following behavior, using the default parameters of the IDM to 

continuously track the lead vehicle. Test runs 1 and 2 are injected with 

signals corresponding to very impatient and impatient states, 

respectively, as the prescribed initial occupant-state inputs. Once the 

system increases speed noticeably, relaxed-state signals are injected 
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to prescribe a subsequent state transition. Fig. 8(a) shows that when 

the injected signals are classified as very impatient in the scenario, the 

system switches from car following to a lane-changing maneuver, 

thereby producing a more assertive response associated with the very 

impatient category. It selects an adjacent lane with no surrounding 

traffic in proximity and accelerates rapidly to the maximum safe 

speed of 60 km/h. Once the prescribed input transitions to a relaxed 

state, the system continues to maintain the 60 km/h cruising speed. In 

Fig. 8(b), under the prescribed impatient input, PACE-ADS first 

attempts to increase the following speed to 45 km/h while monitoring 

subsequent injected signals. When it continues to infer an impatient 

state, the system initiates a lane change. After successfully changing 

lanes, the vehicle accelerates to 50 km/h. After the prescribed input 

transitions to a relaxed state, the system stabilizes at that cruising 

speed. 

Test runs 5 and 6 follow the same pattern but represent anxious 

and very anxious emotional states. In Figs. 8(e) and 8(f), anxious and 

very anxious signals are prescribed, respectively, after the vehicle 

accelerates while following the lead vehicle. In both cases, PACE-

ADS adjusts its behavior by reducing speed. In the anxious case (Fig. 

8(e)), the system no longer follows the lead vehicle closely and 

performs a gradual deceleration—first returning to the initial 

following speed of 35 km/h, then further reducing to 25 km/h—

demonstrating a progressive response associated with the prescribed 

anxious input. When the lead vehicle decelerates sharply to 30 km/h 

and the AV approaches at a higher speed, it further decelerates under 

IDM control to maintain a safe following distance. For the prescribed 

very anxious input (Fig. 8(f)), the system reacts more decisively, 

immediately reducing speed to 25 km/h. Once the prescribed input 

transitions to a relaxed state, the vehicle maintains the adjusted speed. 

Similarly, when the AV approaches the lead vehicle again, the IDM 

controller further reduces the speed to ensure a safe following 

distance. 

 

 

 
(g) Agent collaboration process in Test run 4 

Fig. 8. Car following experiment results. 

In Test run 4, as shown in Fig. 8(d), the prescribed input sequence 

contains frequent transitions among state categories, and PACE-ADS 

continuously adjusts the vehicle’s behavior in response to these 

transitions. Specifically, under an impatient input, the system 

increases speed, whereas under a very anxious input it reduces speed. 

Notably, when the AV decelerates to 30 km/h and the prescribed 

input transitions to very impatient, the system does not initiate an 

immediate lane change, as observed in Fig. 8(a). Instead, it chooses to 

accelerate to 40 km/h while remaining in the current lane. This 

decision reflects the system’s assessment that although the lead 

vehicle is moving at a low speed, 30 km/h, the gap is sufficiently large, 

making it safe to accelerate while still producing a more assertive 

response under the very impatient input. The underlying reasoning 

and decision-making process of PACE-ADS in this scenario is 

detailed in Fig. 8(g). 

Each test run was repeated 30 times with different random seeds, 

which introduced variability in the speed profile of the leading 

vehicle. This randomness affected both the timing and magnitude of 

its acceleration and deceleration. The vehicle’s initial speed was set to 

40 km/h, while its maximum and minimum speeds were limited to 

60 km/h and 30 km/h, respectively. The average results are 

summarized in Table 4, including average speed (v̄) over the entire 

car-following process, the average absolute acceleration (∣ā∣) 

during the acceleration phase, and the average absolute deceleration 

(∣b̄∣) during the deceleration phase. The ego vehicle’s average 

speed decreases progressively from very impatient (54.8 km/h) to 

very anxious (30.2 km/h), while the acceleration during the speeding 

phase becomes increasingly smoother (from 1.39 m/s2 to 0.38 m/s2). For 

the deceleration phase, there are no values for the very impatient and 

impatient states because the PACE-ADS, after accelerating to a higher 
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speed, chose to change lanes and cruise instead of slowing down. In 

contrast, for the very anxious condition, the average deceleration 

(1.39 m/s2) is greater than that in the relaxed and anxious states; this 

reflects a comparatively rapid speed reduction selected under the 

very anxious input, consistent with the response illustrated in Fig. 8(f). 

The corresponding baseline comparison is provided in Appendix A.6, 

Table A.8. 

Table 4. Personalized evaluation results in the car following scenario 

(averaged over 30 runs). 

Occupant 

state 

Metrics 

v ̄(km/h) ∣a ̄∣(m/s2) ∣b̄∣(m/s2) 

Very 

impatient 
54.8 ± 0.8 1.39 ± 0.08 — 

Impatient 46.1 ± 1.0 0.91 ± 0.06 — 

Relaxed 42.5 ± 1.1 0.56 ± 0.04 0.98 ± 0.07 

Anxious 34.4 ± 0.9 0.39 ± 0.03 0.43 ± 0.04 

Very anxious 30.2 ± 0.6 0.38 ± 0.03 1.39 ± 0.09 

Note: Values are reported as mean ± SD over 30 runs. The leading 

       ’                                                         

km/h, 0.72 m/s², and 1.17 m/s² respectively. A dash indicates that 

no deceleration phase occurred, because the vehicle changed lanes 

and cruised instead of slowing down. 

3.4. Immobilization Recovery 

In this section, we design three additional scenarios to evaluate 

how PACE-ADS recovers an immobilized AV by selecting 

appropriate driving behaviors based on occupant instructions, 

thereby reducing travel delays and improving traffic efficiency. 

Although the Bench2Drive benchmark covers a wide range of 

driving tasks, it does not include sufficient edge cases that 

challenge recovery and decision-making capabilities. The three 

scenarios introduced here are not meant to be comprehensive but 

are representative cases that allow assessment of how PACE-ADS 

interprets ambiguous environments, makes decisions under 

uncertainty, and interacts with the occupant when necessary. 

3.4.1 Static Obstacles Scenario 

The ego AV cruises along a street in CARLA’s city map at a speed of 

20 km/h, with several vehicles parked on the right shoulder. Two 

paper bags are detected in the AV’s lane about 5 meters ahead. Upon 

detection, the AV initiates a stop behavior to avoid a potential 

collision, as shown by the green curve without markers in Fig. 9. After 

stopping, the coordinator senses that the AV has halted unexpectedly, 

even though the destination has not been reached and no nearby 

traffic control devices require stopping. The coordinator activates the 

driver agent to analyze the surrounding traffic environment. The 

driver agent correctly identifies the objects and reports this 

information to the coordinator. However, due to insufficient 

information about the contents of these bags, the coordinator cannot 

determine whether to drive over or not. To prioritize safety, it 

conservatively treats the bags as a potential hazard and halts the AV. 

The coordinator then communicates the reason for stopping to the 

passenger and seeks guidance. After the passenger confirms that the 

bags are empty and pose no danger, PACE-ADS overrides the initial 

stop behavior and resumes operation, as shown by the green curve 

with markers in Fig. 9. This scenario illustrates PACE-ADS’s ability 

to detect and analyze immobilized AV behavior and to proactively 

involve the passenger when uncertainty arises. 

 
(a) AV’s speed profile. 

 
(b) PACE-ADS reasoning outputs. 

Fig. 9. Static obstacles experiment results. 

3.4.2 Roundabout Scenario 

The AV system’s route planning module is forced to generate a path 

that continuously loops a roundabout, simulating an immobilization 

case similar to the Waymo Robotaxi incident. This behavior is 

illustrated by the green curve without markers in Fig. 10. 
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Fig. 10. Roundabout experiment results.  

After the vehicle completes its fifth loop, passenger guidance is 

issued to PACE-ADS: “Stop! Exit the roundabout from the right exit.” 

Upon receiving this instruction, the coordinator re-analyzes the 

situation. It parses the guidance into actionable components, 

including stop, lane change, and cruise, and performs route 

replanning. A new route starting point is marked by the red cross in 

Fig. 10. Following this decision, the AV successfully exits the 

roundabout, shown by the green curve with markers in Fig. 10. This 

scenario demonstrates the capability of PACE-ADS to interpret 

passenger commands. It extracts the intended meaning, decomposes 

the instruction into semantic actions, matches them with available 

driving behaviors, and generates a coherent sequence of decision-

making steps to assist the AV in resuming normal operations. 

3.4.3. Road Closure Scenario 

We design a road closure scenario in which the AV travels from the 

origin (black triangle) to the destination (red cross), as shown in Fig. 

11. While following the planned route (black dashed curve), the AV 

detects obstacles ahead and decides to stop. After stopping, the 

coordinator detects that the AV has stopped unexpectedly, despite 

not having reached its destination and with no nearby traffic signals 

or stop signs. In response, the coordinator activates the driver agent 

to analyze the surrounding traffic environment. 

The driver agent detects that barricades fully block all travel lanes. 

Based on this input, the coordinator decides to maintain the stopping 

state and prompts the passenger to confirm whether a new route 

should be planned with an explanation. Upon receiving passenger 

confirmation, the coordinator queries the map data from the route 

planning module and selects waypoint 430 in the left lane (marked 

by the red triangle) as the new starting point for replanning. The 

newly generated route to the destination is shown as a red solid line 

in Fig. 11. This scenario illustrates PACE-ADS’s capabilities in 

perceiving and interpreting the driving environment, providing 

explanations for vehicle behavior, and proactively engaging the 

passenger in decision-making. 

3.4.4. Quantitative Recovery Evaluation 

Each scenario was repeated 30 times, and the results are reported in 

Appendix Table A.4. The CARLA Behavior Agent recovers in none 

of the 90 runs, confirming that these scenarios lie outside what the 

conventional stack resolves. PACE-ADS recovers in 82 of 90 runs 

(91.1%), against 75 (83.3%) for StuckSolver (Bao & Li, 2025), with the 

gain concentrated in the two scenarios that require situational 

interpretation: the roundabout improves from 70.0% to 93.3% and 

road closure from 83.3% to 100%. We attribute this to the division of 

labor across agents, which narrows the context each agent must 

reason over and yields more reliable outputs than a single agent 

handling perception, interpretation, and decision together. The cost 

is latency: recovery takes 2.17 s on average against 1.54 s for 

StuckSolver, since the additional reasoning steps are sequential. 

The static-obstacle scenario runs in the opposite direction, from 96.7% 

to 80.0%, and the reason is instructive. The six unsuccessful runs are 

cases in which the coordinator, having consulted the driver agent's 

assessment of the obstacle, declined to act on the occupant's 

instruction to drive over the bags. These are refusals rather than 

failures of recovery, and they reflect the additional verification step 

that PACE-ADS interposes between an occupant instruction and its 

execution. Whether a refusal is the correct outcome depends on what 

the obstacle is, which the framework cannot always determine; the 

same mechanism that prevents an unsafe instruction from being 

executed will sometimes reject a safe one. 

This mechanism is nonetheless incomplete. An occupant 

instruction is checked against the driver agent's scene assessment, 

and instructions inconsistent with it are refused, but the check is a 

reasoning step rather than a formal guarantee, and an instruction that 

is unsafe for reasons the perception module does not surface may still 

be accepted. Occupant guidance is therefore best regarded as a source 

of information that the system weighs, not as an authority it obeys. 

Establishing a verifiable safety layer over occupant instructions 

remains open, and we identify it as future work. 

3.5. Cross-Subject Generalizability of Psychological State 

Recognition 

To assess whether the psychologist agent generalizes beyond the 

single individual used in Section 3.3, we evaluate it on all 43 

Emognition participants, drawing one sample per state from each 

participant (215 samples) and applying the same agent, system 

prompt, model version, and input-processing pipeline to every 

participant without any participant-specific adaptation or fine-tuning. 

The agent attains an overall accuracy of 64.2% with a macro-averaged 

F1 of 64.3% (Appendix Table A.2). The structure of the residual error 

matters more than its magnitude: 36 of the 77 misclassifications 

(46.8%) fall between adjacent intensity levels within the same valence 

family and 31 (40.3%) involve the relaxed state, while only 10 (4.7% 

of all samples) invert valence between the impatient and anxious 

families. Recognition error therefore propagates to the vehicle mainly 

as an attenuation of the adaptation magnitude rather than a reversal 

of its direction. A modality ablation over the same samples 

(Appendix Table A.3) shows that no single channel is sufficient, 44.7% 

for heart rate alone and 57.2% for facial expression alone, and that the 

modalities are complementary; performance degrades gracefully 

under partial input, with the EEG-free configuration losing only 3.7 

percentage points, which supports the architectural flexibility 

described in Section 2. 
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Fig. 11. Road closure experiment results. 

4 Conclusions 
This paper proposes PACE-ADS, a novel framework for human-

centered autonomy that integrates LLMs to support adaptive and 

interpretable driving behavior. Simulation results demonstrate that 

PACE-ADS adapts its driving behavior in response to prescribed 

occupant-state inputs and situational contexts, adjusting speed, 

acceleration, braking, and gap acceptance in the corresponding 

direction while maintaining the imposed safety constraints. Relative 

to the evaluated rule-based comparator, which maps the five 

occupant states to three predefined CARLA driving profiles, PACE-

ADS exhibits finer-grained adaptation by producing distinct driving 

responses for very impatient versus impatient inputs and for very 

anxious versus anxious inputs. This comparison is specific to the 

evaluated three-profile baseline and does not establish a general 

advantage over predefined personalization approaches. Furthermore, 

in scenarios where the AV becomes immobilized, PACE-ADS is 

capable of resolving the situation by following natural language 

guidance provided by the occupant. PACE-ADS redefines the 

occupant’s role from passive observer to active participant. By 

inferring occupant-state categories from multimodal signals and 

engaging the occupant during ambiguous situations, it is designed to 

reduce discomfort, confusion, and risk in non-standard driving 

scenarios where rigid automation often falls short. Interpretability 

through natural language dialogue and responsiveness to individual 

preferences are mechanisms that prior work associates with user trust, 

perceived control, and acceptance; whether PACE-ADS realizes these 

benefits remain to be verified in the human-subject evaluation 

identified below. Moreover, PACE-ADS is modular and compatible 

with existing AV stacks, enabling seamless integration without major 

architectural changes. This makes it a scalable enhancement for next-

generation AVs.  

These results, however, are obtained entirely in simulation. 

CARLA supplies clean, fully observed perception and deterministic 

actuation, and its traffic participants follow scripted rather than 

genuinely interactive behavior, so the present experiments isolate the 

framework's decision-making from the sensing noise, detection 

failures, and control latency that a physical vehicle encounters. 

Future research will focus on deploying the PACE-ADS framework 

on physical AV platforms, where the framework must operate on 

degraded and occasionally erroneous perception rather than on 

ground-truth scene descriptions, and where the semantic decisions it 

issues must remain valid over the interval required to produce them. 

In the present study, psychological signals are injected on a 

prescribed schedule rather than sensed from an occupant reacting to 

the vehicle's own behavior and they derive from a dataset in which 

emotions were elicited by film clips in a laboratory rather than during 

driving, so the signal-to-state relationship used here may not transfer 

unchanged to on-road occupants; future evaluation will therefore 

acquire occupant signals on-line, alongside post-drive interviews to 

assess perceived personalization, comfort, and trust. A full invocation 

of the three agents currently takes 2.2 s on average from trigger to 

decision. This is workable at the low-frequency semantic layer, since 

real-time control remains with the existing stack, but it relies on 

remote API access. Lightweight LLM architecture optimized for local, 

on-board deployment will therefore be explored. Techniques such as 

model distillation, pruning, and quantization will be employed to 

enable low-latency inference while preserving the interpretability 

and responsiveness required for human-centered autonomy. To 

enhance long-term adaptability, future development will also 

incorporate a memory module into PACE-ADS, enabling the system 

to learn from user interactions over time. Such memory-enabled 

architecture will allow the LLM to retain contextual information 

across sessions, improving consistency in decision-making and 

supporting user-specific behavioral adaptation, particularly 

important in private vehicle applications. 

 

 

Appendix 
A.1. Agent input and output 

Table A.1. Description of the input and output data for the driver agent, psychologist, and coordinator. 

Module 
Input/ 

Output 
Data Example Description 

Driver agent Input 

Ifront, 

Ibev 
RGB images 

Captured by front view camera 

and BEV camera. 

Op  …Oi
p={id, 

dist, v, loc …  

{…, Oi
p   ‘black vehicle’, 20m, 

35km/h, [1, 243]}, …} 

                          ’  

perception module. The object 

measurement data Op includes 

information for each surrounding 

object i: its class or identifier, 

relative distance, velocity, and 
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spatial location (current lane id 

and waypoint id). 

Output 

E  ‘       ’  

… ‘         ’ …  
 ‘       ’ ’     ’  ‘         ’ ’    ’  

Weather and road type affect 

driving speed. 

T  ‘             ’  

…  ‘            ’   
…  ‘         ’  …  

 ‘             ’  red, (10,20)   ‘        

    ’  ‘stop’  ‘         ’   (30,10), 

affect?]} 

             ’                    

    ’                            

image. The coordinates of traffic 

lights and work zone are 

obtained from perception 

module. The affect? represents 

whether the work zone affects 

  ’           

O={Vehicles list: { 

‘  ’          

distance,  

          …   

Pedestrians list:{ 

‘  ’          

distance,  

          …   

Obstacles list:{ 

‘  ’          

distance,  

          …   

                ‘     ’   35km/h, 20m, 

0   …   

                   ‘   ’   4km/h, 10m, 

1   …  

Obstacles        ‘       ’   0km/h, 6m, -

1   …  

‘     ’                       ’  

                                ’  

role name offered by perception 

module. The speed, distance, 

lane id are obtained from 

perception module. 

The format of data in pedestrians 

list is the same as vehicles list. 

‘       ’                         

obstacle offered by perception 

module. 

Ego={v, loc} {45km/h, [0, 243]} 
  ’                             

(current lane id and waypoint id). 

D 

The scene is on a sunny city street with 

no traffic lights, signs, or construction. 

Two stationary bags are detected about 

5.3 meters ahead in the ego lane, 

possibly blocking the path. Several 

nearby vehicles are also stationary, but 

they do not directly interfere with the 

ego vehicle. 

A scene description emphasizing 

traffic semantics, focusing on 

how environmental conditions 

and traffic control elements 

affect driving, and describing 

traffic participants and obstacles, 

noting their interaction with the 

ego vehicle and potential impact. 

Psychologist 

Input 

EEG={ 

AlphaAF7  …    

AlphaAF8  …    

BetaAF7  …    

BetaAF8  …   

 ThetaAF7  …    

ThetaAF8  …   

{[0.0864, …], [0.6023, …], 

[0.3069, …], [0.4573, …], [0.1741, …], 

[0.5625, …]} 

EEG signals and heart rate are 

extracted from the Emognition 

dataset. They are time-

synchronized and collectively 

respond to the same type of 

interest. 

HR [68, 68, 69, 69, 69, 70, …] 

Iface RGB image 

Images are extracted from videos 

offered by Emognition dataset, 

and together with EEG and heart 

rate signals, reflect the same 

emotional state. 

Ver ‘                                 ’ Occupant’s verbal commands. 

Output R={state, instr} {‘     ’  ‘       ’, ‘instr’:’None’} 

The state                 ’  

emotions, such as impatience, 

relaxation, or very anxiety. instr 

is occupant’s instructions. 

Coordinator Input 

Y={E,T,O,Ego, D} 
{E = {…}, T = {…}, O = {…}, Ego = 

{…}, D = {…}} 

Structural output from driver 

agent. 

R={state, instr} {‘     ’  ‘       ’, ‘instr’:’None’} 
Structural output from 

psychologist. 

M  ’            ’  

[waypoint id], 

’               ’  

[waypoint id], 

’             ’  …  

 ’-1’  [17, 18, 19], ’0’  [21, 22, 

23], ’1’  [25, 26, 27]} 

      ’                        

with negative values representing 

left lanes and positive values 

representing right lanes. 

Alib={{ 

‘         ’   

            ’  …   

‘            

 ‘behavior ’              ’  …  

‘                      ’  There are four 

parameters…  ‘             ’  

v0=40, …  

Alib includes an introduction to 

the behavior′s functions, the 

parameters associated with the 

algorithm implementing the 
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           ’  …   

‘             ’  …   

 …  

behavior, and the corresponding 

default parameter values. 

Output 

N  ‘        ’ …   

‘          ’ …   

‘      ’ …   

‘           

    ’ …   

‘                 ’   

[lane id, wp id]} 

 ‘behavior’  ‘             ’  

‘          ’  ’                     

            ’  ‘      ’  ‘…’  

‘               ’     

‘ oute            ’   0, 243]} 

The structural output includes 

the selected behavior, parameter 

values, and the reasoning behind 

the decision. The 

replanning_flag is set to 0 or 1, 

indicating whether replanning is 

needed. lane id and wp id 

represent the lane and 

waypoint where the replanning 

starts. 

 

A.2. Cross-subject psychological state recognition performance 

Table A.2. Cross-subject psychological state recognition performance of the psychologist agent across all 43 Emognition participants (one sample 

per state per participant; 215 samples). 

Ground-truth state 

Predicted state Metrics 

Support 
VI I R A VA 

Precision 

(%) 

Recall 

(%) 
F1 (%) 

Very impatient 29 10 2 1 1 70.7 67.4 69.0 43 

Impatient 8 27 5 2 1 60.0 62.8 61.4 43 

Relaxed 2 5 28 6 2 63.6 65.1 64.4 43 

Anxious 1 2 6 26 8 57.8 60.5 59.1 43 

Very anxious 1 1 3 10 28 70.0 65.1 67.5 43 

Macro average — — — — — 64.4 64.2 64.3 215 

Note: Support denotes the number of ground-truth samples in each class; one sample per state from each of the 43 participants 

yields a support of 43 for every class. Overall accuracy is 138/215 = 64.2%. Bold diagonal entries are correct predictions. Of the 

77 misclassifications, 36 (46.8%) occur between adjacent intensity levels within the same valence family, 31 (40.3%) involve the 

relaxed state, and 10 (4.7% of all 215 samples) invert valence between the impatient and anxious families. All participants are 

evaluated with the same agent, system prompt, model version, and input-processing pipeline; no participant-specific prompt 

adaptation, threshold calibration, or fine-tuning is applied. 

A.3. Modality ablation for cross-subject psychological state recognition 

Table A.3. Modality ablation for cross-subject psychological state recognition, evaluated on the same 215 samples. 

Input configuration EEG 
Heart 

rate 

Facial 

expression 

Correct / 

Total 

Accuracy 

(%) 

Change from all 

modalities (pp) 

EEG only ✓ — — 113 / 215 52.6 −11.6 

HR only — ✓ — 96 / 215 44.7 −19.5 

Face only — — ✓ 123 / 215 57.2 −7.0 

EEG + HR ✓ ✓ — 128 / 215 59.5 −4.7 

EEG + Face ✓ — ✓ 133 / 215 61.9 −2.3 

HR + Face — ✓ ✓ 130 / 215 60.5 −3.7 

All modalities ✓ ✓ ✓ 138 / 215 64.2 — 

Note: Change from all modalities indicates the difference in recognition accuracy relative to the full-modality configuration 

(EEG + heart rate + facial expression), measured in percentage points (pp). 

A.4. Immobilization recovery performance 

Table A.4. Immobilization recovery performance over 30 runs per scenario. 

Scenario Method 
Successful runs  

(out of 30) 
Success rate (%) Recovery time (s) 

Static obstacles 

CARLA Behavior Agent 0 0 — 

StuckSolver 29 96.7 1.50 ± 0.31 

PACE-ADS 24 80.0 2.10 ± 0.43 

Roundabout 

CARLA Behavior Agent 0 0 — 

StuckSolver 21 70.0 1.62 ± 0.23 

PACE-ADS 28 93.3 2.30 ± 0.44 

Road closure CARLA Behavior Agent 0 0 — 
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StuckSolver 25 83.3 1.50 ± 0.27 

PACE-ADS 30 100.0 2.10 ± 0.21 

All scenarios 

CARLA Behavior 

Agent 
0 0 — 

StuckSolver 75 83.3 1.54 

PACE-ADS 82 91.1 2.17 

Note: Static obstacles and roundabout use initial speeds sampled uniformly from 20–40 km/h; road closure uses different road 

maps. Recovery time is the mean ± SD over successful runs. The aggregate rows pool all 90 runs; aggregate recovery time is the 

unweighted mean of the three scenario means. 

A.5. Baseline driving algorithms and agent invocation regime 

Car-following and cruising rely on the Intelligent Driver Model (IDM) (Kesting et al., 2010), with default parameters that include a desired 

velocity of 11 m/s, a safe time headway of 1.5 s, a maximum acceleration of 0.75 m/s², a comfortable deceleration of 1.67 m/s², an acceleration 

exponent of 4, and a minimum distance of 1.5 m. Stopping behavior is controlled by directly adjusting the ego vehicle’s brake pedal input in 

CARLA, where the brake intensity ranges from 0 to 1, and the default brake value is set to 0.5. Lane changing decision-making is governed by a 

gap–TTC decision model, in which the model evaluates both the lead and rear gaps (distf, distr) as well as the corresponding time-to-collision 

values (TTCf, TTCr) in the target lane. The default values are set to distf=5 m, distr=18 m, TTCf=2.0 s, and TTCr=2.0 s. A lane change is executed once 

all these conditions are satisfied. Lane changing motion is governed by using separate PID controllers for both lateral and longitudinal directions. 

For longitudinal control, the proportional, integral, and derivative gains are set to KP=1.0, KI=0.05, and KD=0. For lateral control, the corresponding 

gains are KP=1.95, KI=0.05, and KD=0.2. 

These modules execute at control frequency, unaffected by the agents; PACE-ADS changes which behavior is active and with what parameters, 

not how it is realized. The three agents do not share a common cycle. The driver and psychologist agents run continuously, each re-invoked as 

soon as its previous inference completes, so the framework's view of the scene and of the occupant is current to within one inference. The 

coordinator is triggered only by a change in the inferred occupant-state output, receipt of an instruction, or a discrepancy between the vehicle's 

motion and its route, such as deceleration to a low speed or a sustained stop before the destination. A full invocation from trigger to decision 

takes 2.2 s on average, which bounds the closed loop: changes faster than this interval cannot be tracked. It is workable for the behavioral 

decisions PACE-ADS issues, since real-time control remains with the algorithms above, but it is the principal constraint on responsiveness. 

A.6. Comparison with baseline personalization methods 

To assess how much of the adaptation reported in Section 3.3 originates in PACE-ADS rather than in the underlying stack, we repeat the traffic 

signal, pedestrian interaction, and car following scenarios with two baselines. The first is the unmodified CARLA Behavior Agent running its 

default profile, which receives no occupant signal and therefore provides a reference for driving behavior in the absence of any personalization. 

The second, referred to here as rule-based personalization, uses the three driving profiles the Behavior Agent already provides, cautious, normal, 

and aggressive, and maps the five occupant states onto them through a fixed lookup: the impatient states select the aggressive profile, the relaxed 

state the normal profile, and the anxious states the cautious profile. This baseline adapts to occupant state without any language model and 

provides a concrete three-profile comparator for the present evaluation; it is not intended to represent the full range of predefined personalization 

approaches. 

All three methods are evaluated under identical conditions, with the same randomization used in Section 3.3: the initial distance to the traffic 

light is varied between 200 m and 300 m, the initial distance to the pedestrian between 100 m and 200 m, and in the car following scenario the 

lead vehicle follows the speed profile described in Section 3.3.4 with an additional random variation of ±5 km/h applied at each phase of the 

profile. Each condition is repeated 30 times. The work zone scenario is not included, because it requires a lane change and neither baseline is able 

to perform one; the comparison there would not be meaningful. 

Two patterns are visible in Tables A.6 to A.8. The CARLA Behavior Agent produces essentially the same behavior under all five occupant 

states, as expected, which establishes that the full range of behavior reported in Section 3.3 is attributable to the framework rather than to the 

underlying algorithms. Rule-based personalization recovers part of that range but cannot distinguish within a valence family, since only three 

profiles are available: its values under very impatient and impatient are indistinguishable, as are those under anxious and very anxious, whereas 

PACE-ADS separates them. Accordingly, relative to this evaluated three-profile rule-based baseline, PACE-ADS provides finer-grained 

adaptation across the five prescribed occupant states. This result should not be interpreted as establishing a general advantage over predefined 

personalization approaches. The cost is inference time, which rises from a few milliseconds for both baselines to roughly 2.3 s for PACE-ADS. 

Table A.6. Comparison of traffic signal interaction results across personalization methods (30 runs per condition). 
Occupant 

state 
Method va (km/h) vc (km/h) b (m/s²) a (m/s²) Inference time (s) 

Very 

impatient 

Behavior Agent 40.1±0.6 32.2±0.8 1.01±0.08 2.06±0.11 0.004±0.001 

Rule-based 53.7±1.2 48.5±1.4 4.37±0.29 3.41±0.22 0.007±0.002 

PACE-ADS 59.6±0.7 55.7±0.9 5.51±0.28 4.23±0.22 2.31±0.29 

Impatient 
Behavior Agent 40.0±0.6 32.1±0.8 1.03±0.08 2.05±0.12 0.004±0.001 

Rule-based 53.8±1.1 48.7±1.3 4.39±0.29 3.41±0.23 0.007±0.002 
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PACE-ADS 55.3±1.0 50.1±1.1 4.63±0.25 3.59±0.20 2.27±0.26 

Relaxed 

Behavior Agent 40.1±0.5 32.2±0.8 1.02±0.06 2.07±0.14 0.004±0.002 

Rule-based 40.0±0.7 32.1±0.9 1.01±0.09 2.04±0.13 0.007±0.002 

PACE-ADS 40.0±0.6 32.3±0.8 1.02±0.08 2.08±0.12 2.19±0.24 

Anxious 

Behavior Agent 40.1±0.6 32.2±0.8 1.02±0.08 2.06±0.11 0.004±0.001 

Rule-based 29.2±0.9 21.4±0.7 0.57±0.06 1.94±0.12 0.007±0.002 

PACE-ADS 27.1±0.8 19.6±0.6 0.49±0.05 1.86±0.10 2.35±0.31 

Very 

anxious 

Behavior Agent 40.0±0.6 32.1±0.8 1.03±0.08 2.05±0.12 0.004±0.001 

Rule-based 29.2±0.6 21.2±0.7 0.56±0.06 1.95±0.11 0.007±0.003 

PACE-ADS 26.3±0.7 19.3±0.5 0.42±0.04 1.78±0.09 2.41±0.33 

                                  ±                  “B             ”                      L  B                     

                    “    -     ”                                                                                            

measured from input receipt to behavioral-decision output. Neither baseline responds to occupant state in the very impatient 

versus impatient pair or in the anxious versus very anxious pair, because the rule-based method has only three profiles available. 

 

Table A.7. Comparison of pedestrian interaction results across personalization methods (30 runs per condition). 
Occupant 

state 
Method Δd (m) dlon (m) dlat (m) Inference time (s) 

Very 

impatient 

Behavior Agent 46.5±2.0 2.91±0.14 2.46±0.12 0.004±0.002 

Rule-based 37.0±1.9 1.66±0.05 1.62±0.04 0.007±0.003 

PACE-ADS 24.3±1.4 1.67±0.05 1.62±0.03 2.38±0.30 

Impatient 

Behavior Agent 46.6±2.1 2.92±0.15 2.47±0.13 0.004±0.001 

Rule-based 37.2±1.7 1.66±0.02 1.63±0.05 0.007±0.002 

PACE-ADS 35.4±1.8 1.72±0.06 1.68±0.05 2.31±0.27 

Relaxed 

Behavior Agent 46.5±2.0 2.92±0.13 2.46±0.15 0.004±0.002 

Rule-based 46.4±2.2 2.90±0.15 2.45±0.13 0.007±0.002 

PACE-ADS 46.6±2.1 2.93±0.14 2.47±0.12 2.22±0.25 

Anxious 

Behavior Agent 46.7±2.1 2.94±0.15 2.48±0.13 0.004±0.001 

Rule-based 57.6±2.8 3.89±0.22 3.31±0.19 0.007±0.002 

PACE-ADS 59.9±2.7 4.14±0.20 3.53±0.18 2.42±0.32 

Very anxious 

Behavior Agent 46.6±2.0 2.93±0.14 2.47±0.12 0.004±0.001 

Rule-based 57.6±2.5 3.88±0.21 3.34±0.21 0.007±0.001 

PACE-ADS 78.8±3.2 6.04±0.27 5.25±0.24 2.49±0.35 

                                  ±                  Δ                –pedestrian distance at the onset of deceleration, d_lon the 

                                            ’                                                     

 

Table A.8. Comparison of car following results across personalization methods (30 runs per condition). 
Occupant 

state 
Method v̄ (km/h) |ā| (m/s²) |b̄| (m/s²) Inference time (s) 

Very 

impatient 

Behavior Agent 42.1±1.1 0.60±0.05 0.95±0.08 0.004±0.003 

Rule-based 42.7±1.2 0.76±0.05 1.04±0.05 0.007±0.002 

PACE-ADS 54.8±0.8 1.39±0.08 — 2.34±0.32 

Impatient 

Behavior Agent 41.2±1.5 0.58±0.02 0.91±0.07 0.004±0.003 

Rule-based 42.9±1.1 0.75±0.05 1.08±0.08 0.007±0.001 

PACE-ADS 46.1±1.0 0.91±0.06 — 2.29±0.27 

Relaxed 

Behavior Agent 41.1±1.1 0.62±0.08 0.97±0.05 0.003±0.002 

Rule-based 42.1±1.4 0.60±0.03 0.95±0.07 0.007±0.001 

PACE-ADS 42.5±1.1 0.56±0.04 0.98±0.07 2.21±0.25 

Anxious 
Behavior Agent 42.2±1.2 0.59±0.07 0.96±0.07 0.004±0.001 

Rule-based 36.2±0.9 0.44±0.04 0.72±0.06 0.006±0.004 
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PACE-ADS 34.4±0.9 0.39±0.03 0.43±0.04 2.39±0.31 

Very anxious 

Behavior Agent 41.8±1.1 0.59±0.04 0.96±0.04 0.003±0.001 

Rule-based 36.3±0.8 0.41±0.06 0.70±0.05 0.007±0.002 

PACE-ADS 30.2±0.6 0.38±0.03 1.39±0.09 2.46±0.34 

Note: Values are reported as mean ± SD over 30 runs. The CARLA Behavior Agent and the rule-based method remain in the 

current lane, so their speeds are constrained by the lead vehicle and both acceleration and deceleration are reported. PACE-ADS 

changes lanes under the impatient and very impatient conditions, so no lead-vehicle-induced deceleration phase occurs in those 

runs, indicated by a dash. 
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