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ABSTRACT: With the advent of the commercialization phase for autonomous vehicles (AVs), the evaluation of their intelligence has become
essential for regulators. However, existing evaluation methods are still largely traditional and experience based. Therefore, this paper proposes
a Subjective-Objective Mapping Evaluation Method to evaluate the intelligence of high-level Autonomous Driving Systems (ADS). First, a five-
dimensional evaluation metrics system is developed to represent the overall performance of AV during testing or actual driving. Next, the
performance of AVs in real-world driving dataset is evaluated based on the Large Language Model (LLM). This approach can significantly enhance
evaluation efficiency, achieving a passing rate of 86.75% in the Turing Test. Finally, a deep neural network with attention mechanism is trained
using quantified metrics and LLM-based evaluation label to serve as the evaluation model. Ablation experiments are conducted on both the LLM-
based evaluation strategy and the evaluation model, demonstrating the necessity of each module. During the application phase, the evaluation
model's effectiveness and reliability in scenario-based testing were validated using data from the OnSite Autonomous Driving Challenge
Competition results, and comparative analysis was conducted against traditional evaluation methods. The results show that our model's

evaluations align closely with those of human experts and outperform traditional evaluation methods.
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1 Introduction

AVs have reached the stage of commercial deployment, yet despite
multiple ADS iterations and broad scenario testing, its performance
on open roads often remains below expected levels. This imbalance
largely stems from the gap between the high evaluation scores
achieved during testing and the disappointing ride experience. Ina
real-world ride survey involving Level 4 autonomous vehicles,
some participants noted subpar performance in several scenarios.
Key issues included indecisive driving, abrupt braking, unnatural
trajectory and speed control at intersections like roundabouts, and
some vehicles even exhibited erratic lane changes, compromising
both passenger experience and traffic efficiency (Johansson et al.,
2023). Such observations collectively indicate that current
evaluation practices in both academia and industry still exhibit
significant limitations. Considering the ongoing transition of ADS
from L2 systems to higher level L3+ systems, there is an urgent need
to develop a systematic intelligence evaluation method specifically
targeting these high-level ADS.

Existing research on evaluating ADS intelligence primarily relies
on the integration of quantitative metrics, which mainly involves
metric weighting and aggregation. Metrics weighting can be
determined either through expert judgment or derived from data.
Methods based on expert judgment, such as the Analytic Hierarchy
Process (AHP), align evaluations with human insight (Darko et al.,
2019), but differences in expertise may introduce variability and
bias. Data-driven methods infer weights from large datasets,

reducing reliance on expert input, yet they depend on mathematical
models and data validity, which can limit universal applicability.
Metrics aggregation mainly includes linear aggregation (Sun et al.,
2021), multi-attribute decision-making (Li et al, 2025), and fuzzy
evaluation methods (Li and Kwan, 2003), with linear aggregation
being most common. However, ADS intelligence involves complex
nonlinear relationships and metric interdependencies, making
linear and multi-attribute approaches less effective in capturing
overall performance. Fuzzy evaluation can address metric
uncertainty but still relies on expert-defined weights and
membership settings, which may compromise robustness and
consistency. However, most approaches focus on metrics within
isolated modules and fail to capture the true performance of
algorithms in complex environments. This limitation is particularly
pronounced for L3+ ADS and contributes to the gap between test
results and real-world user experience.

Upon deeper analysis, we uncover the two major challenges in
intelligence evaluation of ADS: 1) High dimensionality and strong
module coupling: Evaluating low-level ADS typically involves
assessing isolated sub-functions such as perception, prediction,
planning, and control separately. In contrast, high-level ADS are
often highly integrated systems — for example, end-to-end
architectures — making it difficult to isolate and evaluate the
performance of any single function. This necessitates a holistic
assessment of overall system intelligence. Moreover, evaluating
from a system-level perspective dramatically increases the number
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of metrics, further complicating the evaluation process. 2)
Difficulty in knowledge-driven subjective evaluation: Current
evaluations of low-level ADS rely almost exclusively on
quantitative metrics, which primarily measure performance in
well-defined or structured scenarios. High-level ADS, however,
must handle unknown and uncertain environments, which place
greater demands on aspects that are inherently difficult to quantify,
such as human-likeness, generalization ability, and ethical
reasoning. Consequently, evaluation of high-level ADS requires the
integration of subjective, knowledge-driven assessments alongside
traditional quantitative metrics.

Recent advances in neural networks have made it feasible to
handle extremely high-dimensional input spaces. Moreover, as
network size continues to grow, large models have demonstrated
human-level thinking patterns, capable of intuitive reasoning. This
progress provides a novel approach to addressing the challenges
discussed above.

Motivated by this, we propose a Subjective-Objective Mapping
Evaluation (SOME) framework for the intelligence of L3+ ADS. This
framework combines quantitative data with qualitative evaluations
generated by large models, effectively integrating objective
measurements with subjective reasoning. The main contributions of
this work are summarized as follows:

1) A Subjective-Objective Mapping Evaluation Framework is
proposed for the intelligence of ADS, in which LLM-based
reasoning is first used to transform interaction data into expert-style
subjective judgments that are then aligned with objective metrics
through a neural network model. This method leverages the
powerful reasoning capabilities of LLMs and the learning
generalization of deep neural networks, effectively reducing
evaluation result bias caused by expert subjectivity differences and
inaccurate metrics weighting, while significantly improving
evaluation efficiency and enabling automated evaluation.

2) A multi-dimensional evaluation system for ADS intelligence is
constructed, which covers safety, comfort, efficiency, social
interaction, and impact on traffic system, providing a holistic
depiction of ADS performance. Based on these metrics, a neural
network model is then built by taking the normalized metric set as
inputs and learning to map them to LLM-derived intelligence
scores, enabling the system to capture nonlinear relationships
across dimensions.

3) An LLM-based ADS evaluation dataset has been constructed.
Itincludes AV interaction data, their natural-language descriptions,
as well as evaluation results and quantitative scores. The dataset is
created by converting raw trajectories into structured language via
the Data-Language Mapping Module and obtaining expert-like
evaluations from LLMs, supporting both LLM fine-tuning and
evaluation validation.

The rest of the paper is organized as follows. Section 2 presents a
literature review of existing studies on ADS evaluation dimensions
and paradigms. Section 3 provides a detailed description of the
construction of the evaluation system and evaluation model. In
Section 4, we experimentally validate the reliability of the LLM-
based evaluation results and the effectiveness of the proposed
evaluation model. Finally, conclusions are made in Section 5.

2 Literature Review

Accurately evaluating the performance of AVs is a crucial aspect in
the scenario-based testing. This section will summarize the progress
and shortcomings in evaluation dimensions and evaluation
methods in recent years and explain the motivation behind this
research.

2.1. Evaluation dimensions

ADAS functions are designed to ensure the safety of vehicle
operation, aiming to reduce safety risks caused by human drivers'
delayed reactions, fatigue, or other factors. Therefore, traditional
evaluations mainly focus on safety, such as the evaluation of AEB
(Hu et al., 2022), Adaptive Cruise Control (Lee et al., 2021), and
Lane Keeping Assist (Wei et al., 2023). With the development of
ADS, the demand for AVs has further increased. Firstly, as a vehicle,
comfort directly affects the passenger experience. Winkel et al.
(2023) conducted a study on longitudinal comfort, verifying the
relationship between acceleration, jerk, and passenger discomfort.
A comfort analysis method based on road information was
proposed by Chen et al. (2025) to evaluate the comfort of vehicles
from a macro perspective (traffic flow and road conditions).

In addition, improving vehicle driving efficiency helps increase
road throughput (Montanaro et al., 2019), and efficiency is also one
of the key indicators of high intelligence in AVs. Apollo Go AVs in
Wuhan, China experienced "deadlock" at intersections due to
insufficient intelligence, while Waymo’s Robotaxi was stuck in
traffic for over 15 minutes on San Francisco streets, both causing
severe impacts on the urban traffic system. Existing studies
primarily assess vehicle efficiency in terms of speed and energy
consumption (Zhu et al., 2020). Chen et al. (2017) investigated the
impact of vehicle automation on traffic system performance by
modeling roadway capacity in mixed traffic flows, highlighting
how different levels of automation can alter traffic flow
characteristics and overall road capacity. Additionally, since most
existing AVs are new energy vehicles, their energy consumption
during operation is also a key focus of public attention (Sun et al,,
2025). Finally, AVs' social interaction capability, are important
dimensions for evaluating their intelligence (Zhao et al., 2023), as
the ability of understanding and reacting to the behaviors of other
road users can significantly enhance AVs’ rapid deployment. To
accurately evaluate the social interaction capability of AVs in
complex traffic environments, a multi-agent simulation model
named Social-MAIL was proposed by Wang et al. (2025). Zhao et al.
(2024) introduced the Interaction Preference Value to quantify
human driving preferences, incorporating it into AV planning for
more human-like interactions. Similarly, the Interaction Orientation
(IO) metric was developed by Liu et al. (2024) to assess the degree
of human-likeness in AVs' interactions.

However, most existing studies evaluate the performance of ADS
from a specific dimension. While this approach accurately captures
the system's performance in these dimensions, it fails to capture the
overall intelligence of the system. This limitation makes it difficult
to conduct holistic assessments and achieve global optimization of
the system.

2.2. Evaluation methods
The evaluation methods must be designed after the determination
of evaluation dimensions and metrics. Qualitative evaluation relies
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on the experience and knowledge of experts, assessing the subject
through methods such as inductive analysis based on their
observed performance (Grosse and Alahi, 2024). Woo and Ahn,
(2024) employed qualitative evaluation methods to assess the
interaction level of ADS, using subjective judgments from
participants to identify key driving characteristics of autonomous
vehicles.

However, qualitative evaluation is highly subjective and lacks
data support, which makes the evaluation results less persuasive. It
is generally used only when the evaluation metrics are difficult to
quantify. Quantitative evaluation involves key steps such as
aggregation.  Studies
(Jahangirova et al., 2021; Guo et al., 2019) have proposed evaluation
frameworks for quantifying the driving quality and overall
performance of autonomous vehicles from multiple dimensions.

In terms of metric aggregation methods, Li et al. (2025) proposed
a multi-dimensional evaluation framework for ADS scenarios-
based testing on the TOPSIS (Technique for Order Preference by
Similarity to Ideal Solution) method. This method uses an objective
approach for metric aggregation, reducing the impact of subjective
factors. However, in practical applications, the ideal solution may
be difficult to define or even nonexistent, and changes in metric
weights can lead to significant fluctuations in the evaluation results.
Wang et al. (2024) determined both the objective and subjective
weights of the metrics using CRITIC and AHP, respectively, and

metrics  definition, weighting and

applied an improved Gray Relational Analysis to aggregate metrics.

This method combines objective and subjective weighting
approaches to ensure the comprehensiveness and fairness of the
evaluation, but the determination of the ratio coefficient between
subjective and objective weighting remains a new challenge.

Therefore, traditional aggregation models still have drawbacks.
Du et al. (2017) proposed an autonomous parking system
evaluation model based on neural networks, where the metric
results from the parking process are input into the neural network
for system evaluation. The neural network can learn the complex
relationships between the metrics by training effectively. However,
this method relies on human experts' subjective evaluations, and
different experts' knowledge, experience, and preferences can
influence the evaluation results. Additionally, the method requires
large amounts of sample data and relying on a single human expert
to evaluate hundreds or even thousands of tests individually can
lead to a decrease in efficiency.
2.3. Applications for LLM in AVs
Currently, several studies have integrated LLMs into autonomous
driving systems (Qu et al.,, 2023; Zhang et al., 2024). For instance,
Fang et al. (2025) proposed an LLM-based Actor-Reasoner module
to enhance the interaction capabilities between autonomous
vehicles and human-driven vehicles. GPT-Driver redefined motion
planning tasks as a language modeling problem and leveraged the
reasoning abilities of the GPT model to generate precise driving
trajectories (Mao et al., 2023).

LLMs have also found widespread application in the field of
autonomous driving testing and evaluation (Liu et al., 2023). LLMs

can generate massive test scenarios by simulating typical urban or
highway traffic environments, providing autonomous driving
systems with a safe and efficient testing platform and use cases
(Zhao et al., 2026). Zhao et al. (2025) proposed a novel world model,
DriveDreamer-2, based on LLMs, which can be used for rapid
generations of long-tail scenarios. Some scholars have also applied
artificial intelligence to evaluations in the fields of autonomous
driving and transportation. You et al. (2025) proposed an LLM-
based driving performance evaluation framework, which provides
a comprehensive assessment of vehicle safety, comfort, and
intelligence by building a real-world driving corpus knowledge
base. However, LLMs still have limitations in understanding and
applying domain-specific knowledge, and their inherent
randomness can introduce potential bias in the results (Nie et al.,
2025).

3 Methodology

This section presents the proposed LLM-based Subjective-Objective
Mapping Evaluation framework for automated ADS intelligence
evaluation. As shown in Fig. 1, the framework consists of three
modules: dataset selection and processing, evaluation model
construction, and model validation and application. The first
module extracts high-quality interaction segments as evaluation
and training samples; the second trains an attention-based deep
neural network using calculated metric values as inputs and LLM-
generated intelligence scores as supervisory labels; and the third
validates and applies the proposed model.

3.1. Definition of ADS intelligence

In this study, the comprehensive intelligence of autonomous
driving system is defined as “the capability of an ADS to perceive,
understand, decide, and act appropriately in complex traffic
interactions, while maintaining safe, comfortable, efficient, socially
compatible, and surrounding-traffic friendly driving performance”.
Different from the intelligence of a single functional module,
comprehensive intelligence ~emphasizes the system-level
behavioral performance of ADS in interaction with surrounding
road users and traffic environments.

From this perspective, autonomous driving intelligence is
reflected in the coordinated performance of multiple behavioral
dimensions. Safety serves as the fundamental baseline, ensuring
that ADS can control risks and avoid conflicts. Efficiency and
impact on surrounding traffic reflect whether the ADS can complete
driving tasks effectively while minimizing disturbances to nearby
traffic participants. Comfort and social interaction further
characterize whether the ADS can generate human-acceptable
motion and make reasonable decisions in interactions with other
road users. Therefore, the proposed five-dimensional framework
serves as an observable representation of comprehensive
autonomous driving intelligence, where each dimension is
regarded as a complementary manifestation of system-level
intelligence rather than an isolated performance metric.
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Fig. 1. Overview of the proposed evaluation model for ADS intelligence.

3.2. Dataset and processing

The Waymo Open Dataset (Sun et al., 2020) provides large-scale
real-world driving scenarios and map information for motion
prediction tasks and is used as the basis for training the evaluation
model in this study. Since the dataset contains extensive human-
driving trajectories and non-interactive segments, we used the
InterHub toolkit (Jiang et al., 2025a) to extract high-interaction AV
segments for accurate evaluation and model training.

However, the Waymo Open Dataset mainly contains normal and
high-quality driving behaviors, which makes the evaluation scores
concentrate in the high-score range and may limit the model’s
ability to learn low-intelligence behaviors and typical failure modes.
To address this issue, this study augments the original dataset by
generating low-score interaction segments based on the Waymo
Open Dataset. Specifically, feasible interaction modes are first
enumerated through conflict-point-based local negotiation analysis,
and kinematically feasible anchors are then generated using graph-
based spatiotemporal optimization. These anchors guide a
controllable diffusion model to synthesize complete multi-agent
trajectories, followed by rationality-based pruning to remove
physically or interactively implausible samples (Jiang et al., 2025b).
Detailed distributional consistency validation for the generated
data is provided in Appendix A.

The results show that the generated samples remain within the
physically reasonable range of real-world trajectories. This
indicates that the augmented data can improve the coverage of
typical failure modes without deviating from naturalistic driving
behavior. Finally, 5200 valid interaction segments were extracted
and constructed, including Following, Crossing, and Merging
interactions, as shown in Fig. 2.

B Autonomous Vehicle

B Interactive Vehicle Background Vehicle

‘ Following

Fig. 2. Three interaction types in Waymo Open Dataset.

3.3. Evaluation dimensions and metrics

This section constructs a five-dimensional evaluation system,
including safety, comfort, efficiency, social interaction, and
surrounding traffic impact. The following will discuss the metrics
for each dimension and quantification methods.

3.3.1 Safety

In this study, TTC is selected as one of the safety metrics, and the
quantification method is described as follows:

[P DTC- A% < 0
TTC =1 |AD| ’ v @

©, DIC-A3 >0

where DTC is the distance from the front to the rear vehicle, and A%
is the difference between two vehicles. Fig. 3 (a) shows how they
are calculated. Draw a line parallel to AD, and if there exists at least
one line segment that intersects both the front and rear edges of the
leading and following vehicles, the shortest of these segments is
taken as DTC, with the direction pointing from the following to the
leading vehicles.

In addition, Post Encroachment Time (PET) is chosen as another
safety evaluation metric, as shown in Fig. 3 (b). it quantifies the
driving safety of vehicles at intersection scenarios, which is defined

as follows:
PET = @ — d—A )
Up Uy
where d, is the displacement of vehicle A from the current time
until its rear exits the conflict zone, and dp is the displacement of
vehicle B from the current time until its front enters the conflict
zone. v, and vp are the instantaneous speeds of vehicle A and

vehicle B at the current time.

(a)
Fig. 3. (a) TTC in Merging scenario; (b) PET in Crossing scenario.
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3.3.2 Comfort

Some studies (Winkel et al., 2023; Du et al., 2018; Chen et al., 2025)
have examined vehicle comfort from various perspectives and
statistically determined the threshold values of vehicle state
parameters under different comfort levels. Based on these, this
study selects longitudinal acceleration a,, lateral acceleration a,,,
Jerk, and yaw rate w as comfort evaluation metrics, and these
metrics are divided into multiple levels as shown in Table 1.

Table 1. Passenger comfort evaluation feedback interval

Metric Comfortable Acceptable Uncomfortable
Ay 0-0.89 0.89-2.12 >2.12
ay 0-0.40 0.40-1.80 >1.80
Jerk 0-0.60 0.60-1.00 >1.00
w 0-0.10 0.10-0.37 >0.37

3.3.3 Efficiency
Task time and average delay are selected as efficiency evaluation
metrics. Eq. (3) shows the calculation method of task time metric TT.
Tego * Vmax
TT = min (g— 1) @3)
where Teg, is the testing time of ego vehicle, dy;y, is the length of
the shortest compliant path to complete the task, and v, is the
maximum speed limit of the road.
Additionally, efficiency is represented by the average speed of
traffic flow and then define the avg delay metric aD as Eq. (4).
v 1]]Tlll'l
aD = min [max( & ) 1] 4)
Vmax — vmm
where Tg, is the average speed of the ego vehicle, and vy, and

Vmax Tepresent the minimum and maximum average speeds of the
surrounding traffic vehicles, respectively

3.3.4 Social interaction

AV should make reasonable interaction decisions based on right-
of-way and the states of other vehicles. This study extent metric IO
from research (Liu et al., 2024) to general scenarios, evaluating the
social interaction rationality of AVs, as follows:

10 =1—ITSI* Sy ©®)
ITSI = SOftmaX[ATTCPnorml anorm] [ATZCPnorm] (6)
norm
AS - §
Sporm = Min [max( min ) 1] @)
Smax - m1n

where ITSI is the Interaction Transient State Index, ATTCP, o is
the normalized time difference for the two vehicles to pass through
the conflict zone, oy, is the normalized cooperative acceleration
of the two vehicles, S,orm is the normalized vehicle motion
trajectory feature, AS is the longitudinal displacement generated by
the ego vehicle at the current moment, and S, and Sy, are the
minimum and maximum longitudinal displacements achievable
under the collision-avoidance boundary acceleration. When IO
approaches 0, it indicates that AV is adopting a more aggressive
strategy.

3.3.5 Impact on surrounding traffic

In local interaction scenarios, unreasonable ADS behaviors may
affect the normal movement of nearby traffic participants. This
dimension evaluates the extent to which the ADS affects the driving

efficiency of surrounding vehicles during short-term interactions.
This metric is quantified by the speed variation of affected
background vehicles before and after AV interaction:

n
1 Vi — U
Impact =1 — —Z max <u, 0) (8)
= Vit

where n is the number of Background Vehicles (BVs), and v; ; and
v; , represent the speeds of the i-th affected BV before and after the
AV enters the traffic system, respectively.

Finally, the quantified results of all metrics need to be converted
into normalized metric scores, ensuring that higher scores
consistently indicate better performance. Therefore, appropriate
transformations are applied to each metric. The detailed processing
method for each metric is discussed in Appendix B.

3.4. LLM-based evaluation for ADS

LLMs are employed as expert-like evaluators to assess ADS
intelligence in AV interaction processes, reducing human labor and
improving evaluation consistency. This subsection introduces the
LLM-based evaluation process used for the interaction segments in
the dataset.

3.4.1 Data-Language Mapping Module

Interaction segments contain extensive trajectory and map data,
while LLMs are not inherently sensitive to raw numerical inputs.
Therefore, a Data-Language Mapping Module (DLMM) is
developed to convert interaction data into structured natural-
language descriptions. Specifically, DLMM adopts a coarse-to-fine
processing strategy.

At the coarse-grained level, it parses the ego vehicle trajectory,
surrounding-agent trajectories, lane topology, and interaction time
window, and extracts key events according to the scenario type,
such as car-following and lane-change initiation, conflict-zone
entry and exit, and interaction completion. At the fine-grained level,
it calculates trajectory-level and interaction-level features at these
key moments, including position, speed, acceleration, yaw rate,
relative speed, among others. Abnormal motions, such as sudden
braking, using the anomaly function. Finally, the extracted events
and features are filled into predefined rule-based templates to
generate descriptions.

The coarse-grained information includes the scene type S,
interaction type I, and key interaction time domains T, which are
extracted from the interaction process using LLM. The fine-grained
information consists of vehicle states and environmental attributes.
The state of each vehicle is:

x(t) = [X(6), s(6)] 9)
Where X(t) = [x(t),y(t)] represent the vehicle's position, and
s(t) = [v(t),a(t),0(t)] represent velocity, acceleration and
heading, respectively.

To simplify the data, non-interactive trajectory points are
removed. For the three interaction scenarios Following, Merging,
and Crossing, the effective interaction ranges are defined as follows:

Ry = {tILi(t) = [;(6),]A6,;(D)] < Op, dj(t) < dr}  (10)

Ry = {tIL;(t) - Lo, |A9ij(t)| > Oy, di (1) < dy} (11

R, ={t|;inT; # 0,|A0;;(t)| > 0., d;;(¢) <dc}  (12)

where [;(t) denotes the lane where the vehicle i is located at time ¢,
AB;;(t) denotes the heading-angle difference between vehicles i
and j at time ¢, and J; denotes the trajectory sequence from current
time t, to the end tlme teng Of vehicle i. Oy, 8y, and O, are the
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heading-angle difference thresholds, while d, dy;, and d are the
relative-distance thresholds for the three scenarios, respectively.

Additionally, for abnormal states encountered by AVs during
interactions—such as sudden braking or sharp turns—an anomaly
function A(t) is employed for monitoring.

si(0) —si(t—1)

A(t) = { —

where s;(t) is the state component of AV, At is the time interval,

and r; is the anomaly threshold. To ensure the accuracy of LLM-

based evaluation, we also structure and embed vehicle state data

within the key interaction time domains T and anomaly <A into the
LLM.

Based on the above processing, the interaction trajectory data can
be converted into prompts that are acceptable to the LLM. For a
single interaction, Algorithm 1 demonstrates the operational
process of DLMM.

Algorithm 1: Data—Language Mapping Module

Input: Interaction type I, vehicle states x, key time T, abnormal
time set A

Output: Structured natural-language description D

1 Initialize interaction time t < 0, and D « @;

Set effective interaction range R «— R;;

tl, tz, t3 «— R[l], T[l], R[—l],

Append basic interaction information to D, including S, I, R,
and involving agents;

5 Extract initial states of AV and HVs: x4, (t;) and xyy (t1);

6 Append initial-state description x4y (t;) and xgy (t1) to D;

7 Append AV status variation description s4y (t; = t;) to D;

8 for each key time t € T do
9
0

>7,i= 1.2.3} (13)

B W

Calculate vehicle states s and interaction features at t;
Append key behavior of interacting vehicles description
sy (t) and sy (t) to D;

11 end for
12 Append key interaction details description of x,,(T) and
xyy (T) to D;

13 Append AV status variation description s4y, (t, = t3) to D;
14 for each interaction time t € R do
15 if (t € A) then

16 Detect abnormal motion states A (t);

17 Append AV abnormal status description A (t) to D;
18 end if

19 end for

20 Organize D using the predefined rule-based template
corresponding to I;
21 return D.

3.4.2 Knowledge augmentation for LLMs evaluation
Although LLMs exhibit strong reasoning -capabilities, their
performance in ADS evaluation may be constrained by insufficient
domain-specific knowledge and limited task-oriented adaptation.
Prior research has shown that integrating LLMs with structured
domain knowledge and retrieval-augmented mechanisms can
improve the reliability of knowledge-intensive decision support
(Liu et al.,, 2025). Motivated by this insight, this study adopts a
knowledge-augmented (KA) strategy, where relevant AV
knowledge, including traffic rules, driving behavior guidelines,
and autonomous-driving knowledge, is retrieved and combined
with DLMM-generated descriptions to guide domain-informed
LLM evaluation.

Furthermore, the LLM is fine-tuned using high-quality
interaction samples. These samples are converted into natural-
language descriptions by DLMM and evaluated by human experts

through qualitative reasoning and fuzzy assessments rather than
direct scoring. The expert reasoning process is then organized into
a Chain-of-Thought format for fine-tuning, enabling the LLM to
better align its evaluation logic with human expert judgment.

GPT-4o is selected as the base LLM for this study and accessed
through the OpenAl API, owing to its strong language
understanding and reasoning capabilities in complex evaluation
tasks. The effectiveness of the proposed LLM processing modules
and other LLMs is further analyzed in Section 4.1.2 to verify the
robustness of the LLM-based evaluation strategy.

3.5. Evaluation model construction

In this study, a neural network model incorporating a self-attention
mechanism is proposed. The model consists of a self-attention layer
and a regression head. The former uses self-attention mechanism to
weigh and integrate each input metric, calculating the
interrelationships between the metrics, and the latter utilizes this
comprehensive representation for evaluation prediction. The model
architecture is shown in Fig. 4.

In this task, batch processing is used to improve the model's
generalizability of the interrelationships mining between metrics.
The batch size is defined as B. Larger B helps to reveal the implicit
relationships between metrics more effectively, while an
excessively large batch size will also increase the consumption.
Assuming the total number of samples is N, the number of batches
is N/B. Samples in i-th batch can be represented as:

D, = {(xgb)’yi(b))}iﬂ’xl(b) € R10X1,yi(b) ER (14)

gb) is the quantified result of the 10 metrics, and yi(b) is the

intelligence evaluation label obtained from LLM. For each input

2

., it is mapped to a d-dimension embedding matrix to facilitate
subsequent processing by the self-attention layer:

t” = xPwW, + b, (15)
where W, € R™? is the weight matrix, and b; € R? is the bias
vector, which is broadcast to each sample. In the self-attention layer,

where x

the embedding matrix tgb) is mapped to query, key, and value
spaces:

QY =t"Wyo, K =tPw,,v® =tPw,  (16)
where W, € R | Wy € R , and W, € R”% are
learnable parameter matrices, dy and d;, are the dimensions of the
key and value spaces, respectively. Based on the similarity between
each pair of queries and keys, the attention weight matrix in i-th

batch is obtained:
B
1
A== a® 17)
b=1

(a2
N

where Agb) is the attention weight matrix computed for the b-th
sample, and A; represents the attention levels between the metrics
when computing the overall score. 4; is an intermediate output of
the self-attention layer, while the final output is the attention score,
which is obtained by multiplying the attention weight matrix with
the value space matrix. Additionally, the attention score is linearly
transformed to map it back to a scalar, facilitating subsequent
processing by the regression head.

Agb) = softmax (18)
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Fig. 4. Architecture of the proposed attention-based evaluation model.

= (APvP)w, + b, (19)
) is the output of the self-attention layer, W € R**! is
the weight matrix, and by € R% is the bias vector. sgb) is then fed
into the regression head layer to achieve a nonlinear aggregation of
all metrics. The regression head consists of a Multi-Layer
Perceptron (MLP), where the input layer is composed of 10 neurons,
each representing the result of each metric after weighted fusion
through the self-attention mechanism. The output layer contains a
single neuron, which represents the prediction of the final overall
evaluation result. Although increasing the number of hidden layers
can help the network learn more complex features, too many
hidden layers could lead to overfitting (Uzair and Jamil, 2020).
Ultimately, 4 hidden layers were selected. The number of neurons
in each layer is set using an empirical formula:

where s

M Ay .

where Ny, is the number of neurons in each hidden layer, N; and N,
are the number of neurons in the input and output layers, and « is
a constant which is set to 10. The parameters in two layers are
trained based on the evaluation label y(b)

objective is:

, and the training

mm L(O) = mm—Z(A(b)(G) y(b))z (21)

9(0) = @(s("’) (22)
where 0 is the model parameters, which are optimized by
minimizing L(@) and computing gradients using backpropagation,
and @ represents the nonlinear transformation performed by the
regression head on the input sgb). Based on the optimized model
parameters, the final attention matrix between the metrics is

computed:
N/B

_ %Z A, (23)

This matrix represents the degree to which each metric attends to
other metrics during the aggregation process and can be seen as a
representation of the interrelationships between the metrics. The
model’s training performance results are further analyzed in
Section 4.

40
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A, = softmax(Q,K])/\/dx

4 Reliability and Effectiveness Validation

This section validates the reliability and effectiveness of the
proposed evaluation framework. LLM-based evaluation results are
first examined, followed by an analysis of the proposed evaluation
model’s performance and interpretability.

4.1. Reliability analysis of LLM-based evaluation

The accuracy of LLM-based evaluation is critical to the effectiveness
of the evaluation model. Therefore, this section validates the
reliability, stability, and expert consistency of LLM evaluation
results through a Turing Test and ablation experiments.

4.1.1 Turing Test for expert-like evaluation

Ten PhD students specializing in the field of autonomous driving
were invited as third-party evaluators. They were asked to assess
the source of the evaluation results from 66 AV interaction
evaluation samples, including whether the evaluation results came
from human experts, from the LLM, or were indeterminable.

The Turing Test results are shown in Fig. 5, where P(N | M) and
P(H | M) represent the ratio where the evaluator cannot determine
the source and where the results are incorrectly judged to be from
the LLM, respectively.

1 Average: 0.8675
1.00 1.00 1.00

0.86 0.86

Passing Rate

Tests
Fig. 5. Turing Test passing rates of LLM-based evaluation results.
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Among them, the rate at which the evaluation results from the
LLM were judged to be from human experts was 0.51, and the rate
of unable to judge was 0.35, with an average passing rate of 86.75%.
Additionally, based on Eq. (24), the 95% confidence interval for the
test is (78.57%, 94.93%). This means that even though there may be
some fluctuation in the true passing rate, we are 95% confident that
the fluctuation range remains higher range, ensuring the reliability
of our LLM-based evaluation data.

cr=pts [P0 e

n

where p is the pass rate, n is the sample size, and z is the 95%
confidence level.
4.1.2 Ablation analysis of LLM evaluation strategies
To evaluate the effectiveness of the proposed LLM evaluation
experiments were on 600
representative interaction samples. Five LLM settings were
compared, including raw GPT-40, GPT-40 without DLMM,
DeepSeek-V4 with KA, Gemini-2.5 with KA, and our proposed
method. For each setting, three repeated evaluations were
conducted under the same temperature and generation parameters.
Human expert evaluation is used as reference.

Five indicators are selected from three perspectives. 1) MAE,
RMSE, and Pearson correlation are used to measure the consistency
between LLM evaluations and human expert judgments. 2) The
Intraclass Correlation Coefficient (ICC) is adopted to evaluate the
stability of repeated LLM evaluations under the same parameter
settings. 3) Jensen-Shannon Divergence (JSD) is used to quantify the
distributional consistency between LLM-generated scores and
expert scores, indicating whether the overall evaluation tendency
of the LLM is aligned with human experts.

strategy, ablation conducted

As shown in Table 2, the proposed strategy achieves the best
overall performance in terms of agreement with expert evaluations
and distributional consistency. Compared with the raw GPT-4o,
our method reduces MAE from 0.976 to 0.763 and RMSE from 1.326
to 1.078, while increasing the Pearson correlation from 0.804 to 0.863.
This indicates that knowledge augmentation improves the
alignment between LLM evaluations and expert judgments. When
DLMM is removed and raw trajectory information is directly
provided to the knowledge-augmented GPT-40, the MAE and
RMSE increase substantially to 1.399 and 1.823, respectively,
demonstrating that DLMM is essential for converting trajectory
data into interpretable descriptions for LLM-based evaluation.
Although DeepSeek-v4 pro achieves the highest ICC of 0.920, its
MAE and RMSE reach 1.566 and 2.030, suggesting that high
repeated consistency alone does not guarantee expert-aligned
evaluation. In contrast, our method maintains a high ICC of 0.901
and obtains the lowest JSD of 0.136, indicating both stable repeated
evaluations and the closest score distribution to human experts.
These results verify the effectiveness and necessity of the proposed
LLM evaluation strategy.

4.2. Effectiveness analysis of the proposed evaluation model
4.2.1 Metric Interrelationship and Interpretability Analysis
This section further analyzes the effectiveness and interpretability
of the proposed evaluation model. In applications, d = 16, with
d, = 8 and dy = 8, neurons of the regression head are set to 20, 40,
20, and 10, batch size B is set to 256, and training epoch is set to 122.
Fig. 6 shows the training results, along with the heatmap of the
metric interrelationships obtained through the self-attention
mechanism.

Table 2. Ablation results of LLM evaluation strategies

Model Strategy Consistency with expert evaluations | Distributional consistency | Evaluation stability
ode
KA | DLMM | MAE] RMSE] Pearsont JSD| ICCt
GPT-40 (Ours) S \ 0.763 1.078 0.863 0.136 0.901
GPT-40 - v 0.976 1.326 0.804 0.304 0.699
GPT-40 v - 1.385 1.765 0.634 0.161 0.752
DeepSeek-v4 pro | v 1.566 2.030 0.812 0.332 0.920
Gemini-2.5 pro y S 1.337 1.755 0.820 0.419 0.823
0.10 1.0 ] e
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Fig. 6. Training performance and attention-based metric interrelationship analysis of the evaluation model. (a) Training and validation loss. (b)

Predicted scores versus true scores. (c) Attention-based metric interrelationship matrix.
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The attention matrix in Fig. 6 (c) quantifies how each metric
attends to others during aggregation. The diagonal values are
generally higher than most off-diagonal values, ranging from 0.147
to 0.232, indicating that each metric retains a dominant self-
contribution. Among them, IO shows the highest self-attention
value (0.232), followed by Impact (0.199), aD (0.198), and TT (0.187).
Meanwhile, the non-negligible off-diagonal values indicate that the
final intelligence score is not determined by isolated metrics, but by
their coupled effects, supporting the necessity of the attention
mechanism over fixed independent weights.

In addition to self-attention, clear interactions can be observed
among comfort-related metrics. The attention values among a,, a,,
and Jerk are relatively high, mostly around 0.114-0.130. This is
consistent with vehicle motion characteristics, since Jerk directly
reflects acceleration variation, while acceleration and yaw-related
changes jointly affect motion smoothness. Safety-related metrics,
such as TTC and PET, also interact with vehicle-motion metrics.
TTC assigns relatively high attention to longitudinal acceleration a,
and Jerk, with attention values of 0.107 and 0.103, respectively. This
is because acceleration and Jerk can directly change relative speed
and following distance, thereby influencing the evolution of TTC.
Efficiency and social-interaction metrics exhibit meaningful
coupling. TT shows relatively high attention to aD and IO, with
values of 0.089 and 0.090, respectively, while aD attends TT with a
value of 0.098. This suggests that the model captures the
relationship between overall task completion and local delay.

Furthermore, SHAP analysis was introduced as a post-hoc
interpretability method to quantify the contribution of each metric
to the final predicted intelligence score, and the result is shown in
Fig.7.

Mean |[SHAP| Value
0.00 0.02 0.04 0.06 0.08 0.10

1 1 1 1 1
1
PET -+ Samerig Mg
Gz & €TINS,
w ° .,
ay R o g
Y he ’Q_J'_
TTCH - agive =
[¢]
o4 N o ® <
QD
Impact —4‘ S0efil° o 4 g
Jerk4 . « EE
TT & PN, o
aD [l ie 1
-2

04 03 02 -1 00 o1

SHAP Value (Contribution to Output)
Fig. 7. SHAP-based feature contribution analysis of the proposed
evaluation model.

Fig. 7 shows that PET exhibits the largest overall influence on the
model output, followed by a,, a,, w, and Impact, indicating that
safety and vehicle-motion-related metrics play dominant roles in
the final evaluation. For most metrics, higher normalized metric
values generally correspond to positive SHAP values, while lower
values tend to produce negative contributions. Low PET values

lead to strongly negative SHAP values, suggesting that conflict-
zone safety is a critical factor that can significantly reduce the final
intelligence score. Meanwhile, acceleration-related metrics and yaw
rate also show notable contributions, confirming that the model
considers motion stability and comfort as important evidence in
evaluating ADS intelligence. These results are consistent with the
attention-based analysis, further demonstrating that the proposed
model can provide interpretable evaluation results.

4.2.2 Ablation analysis of the evaluation model

To validate the effectiveness of the evaluation model and the
contribution of each dimension in the five-dimensional evaluation
framework to the final intelligence assessment, ablation
experiments were conducted in this section. Seven configurations
were compared with the proposed model, including the model
trained without augmented low-quality data and the models
trained by removing one evaluation dimension at a time. MAE,
RMSE, Pearson correlation, and R> were adopted for evaluation.
Specifically, MAE and RMSE were used to quantify prediction
errors, while Pearson correlation and R? were used to measure the
consistency and explanatory ability of the predicted scores. The
results are shown in Table 3.

As shown in Table 3, the model trained without augmented low-
score data shows clear performance degradation compared with
the proposed model. Specifically, MAE increases from 0.068 to 0.077,
RMSE increases from 0.087 to 0.098, Pearson correlation decreases
from 0.940 to 0.868, and R? decreases from 0.880 to 0.752. This
indicates that the augmented low-score samples help the model
learn a broader range of intelligence levels, especially low-
intelligence behaviors that are underrepresented in naturalistic
datasets. Therefore, introducing low-score data improves the
robustness and generalization ability of the evaluation model.

Table 3. Ablation results of the proposed evaluation model

Model MAE| | RMSE| | Pearsont | R%
Ours 0.068 0.087 0.940 0.880
w/o low-score data | 0.077 0.098 0.868 0.752
w/o safety 0.106 0.147 0.810 0.652
w/o comfort 0.104 0.138 0.857 0.694
w/o efficiency 0.077 0.092 0.934 0.863
w/o interaction 0.073 0.087 0.941 0.878
w/o impact 0.077 0.095 0.931 0.854

The dimension-ablation results further demonstrate the necessity
of the five-dimensional evaluation framework. Removing any
dimension leads to a decline in model performance, indicating that
safety, comfort, efficiency, social interaction, and surrounding
traffic impact provide complementary
comprehensive ADS intelligence evaluation. Among them,
removing safety and comfort causes the most significant
degradation, with MAE increasing 55.88% and 52.94%, RMSE
increasing 68.97% and 58.62%, and R? decreasing 25.91% and
21.14%, respectively. This suggests that risk control and motion
smoothness are particularly important for distinguishing ADS
intelligence. Although removing efficiency, interaction, or impact

information for
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results in smaller changes, their performance remains lower than
that of the complete model, confirming that all five dimensions
contribute to the final intelligence prediction.

As shown in Fig. 8, the prediction distribution of the proposed
model is highly consistent with the original score distribution,
whereas the model trained without low-score data shows a clear
distributional shift toward higher scores. Quantitatively, the
original scores have a mean value of 0.65 and a standard deviation
of 0.25, while the proposed model obtains almost identical statistics,
with u = 0.64 and ¢ = 0.25. This indicates that our model can
preserve both the central tendency and the dispersion of the
original evaluation scores. In contrast, the model without low-score
data produces a higher mean score of 0.71 and a much smaller
standard deviation of 0.17, suggesting that its predictions are
compressed into a narrower high-score range. This phenomenon
indicates that, without low-score samples, the model tends to
overestimate low-intelligence interactions and loses sensitivity to
rare but critical failure behaviors. Therefore, the augmented low-
score data are essential for improving the model’s ability to
distinguish poor ADS performance and for maintaining a realistic
score distribution across different intelligence levels.

40
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Fig. 8. Predicted score distributions of the proposed model and the
model without low-score data.

5 Application and Analysis
To validate the application effectiveness of the proposed evaluation
model, this study applies it to the AV simulation scenario-based
testing to obtain evaluation results. These results are then compared
with those from two traditional evaluation methods to assess the
advantages of our model the in ADS intelligence evaluation.
5.1. Experiment settings
Five typical AV algorithms are selected from the OnSite
Autonomous Driving Challenge Competition (Sun et al., 2024),
each containing different decision-making, planning, and control
algorithms. Table 4 presents the categories of these algorithms.
Additionally, six traffic scenarios are selected, including ramp,
highway following, and intersection straight and left driving.

The application scenarios used in the OnSite Autonomous

Driving Challenge are constructed based on the road structures and
background-vehicle trajectories from the Waymo Open Dataset.
Although the training data and application data are not identical in
scenario organization and behavior distribution, they are related
domains rather than independent or irrelevant datasets. Both
contain typical traffic interactions, and both can be represented
through the same high-level behavioral indicators extracted from
vehicle interactions. In this sense, the OnSite experiments provide a
related-domain validation of the proposed SOME framework.

Table 4. Decision-making and planning algorithms for AVs

Algorithm Decision-making and planning Control
Al Integrated planning and control
A2 Second-order programming MPC
A3 Reinforcement learning PID
Ad IDM model PID
A5 Lattice planner MPC

5.2. Comparative evaluation method

Two evaluation methods are selected for comparison: subjective
evaluation by human experts and AHP-based evaluation. To ensure
the reliability of the comparison evaluation results, three experts
from China Automotive Engineering Research Institute and an
associate professor from Tongji University in autonomous driving
domain are invited to conduct Expert Evaluation and AHP metric
weighting.

In the AHP metric weighting, four experts are required to assess
the importance of the five evaluation dimensions and metrics, and
judgment matrices are constructed based on these assessments:

A= (a),,, (25)

1 A

“iT e, (26)

where A4 is the judgment matrix, and its element a;; represents the
importance of metric i to metric j, satisfying a;; - a;; = 1. nis the
number of metrics, and w; and w; are the eigenvector and the
weight of metric i, respectively. Santy 1-9 Scale Method is used in
importance assessment, and the results are shown in Table 5.

Table 5. Dimension and metric AHP weighting results

Dimension Weight | Metric | Weight
TTC 0.69
Safety 0.52
PET 0.31
a, 0.29
a, 0.28
Comfort 0.20
Jerk 0.22
W 0.20
- TT 0.76
Efficiency 0.13
aD 0.24
Social interaction 0.09 10 1.00
Surrounding traffic impact | 0.06 Impact 1.00

In the Expert Evaluation, testing progress is presented to four
experts in video format, supplemented with test data and visual
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results. Experts are required to evaluate the intelligence of each
algorithm in different scenarios on a 0-10 scale and provide
justifications.

5.3. Results analysis

Table 6 presents the evaluation results of AV algorithms by our
evaluation model and the comparison evaluation methods, and Fig.
9 displays the evaluation results from the three evaluation methods.
The specific result for all metrics is presented in Appendix C.

The algorithms were evaluated using the model proposed in this
study. As shown in Table 6, the scores of most algorithms are
concentrated around 0.8, but there are still cases with both higher
and lower scores. For example, Algorithm 1 performs better in
Scenario 4 and Scenario 5, while Algorithm 2 performs relatively
worse in Scenario 3 and Scenario 5. This indicates that our

performance differences among different algorithms across
multiple scenarios.

By comparing it with the rankings from Expert Evaluation, it can
be observed that the overall ranking trends are consistent with the
judgments of human experts. The rankings of Algorithms 1 to 3
remain the same, indicating that the evaluation model has
effectively learned the judgment methods and logic of human
experts, providing results close to those of human experts.

However, a detailed analysis of the discrepancies between the
evaluation model's results and human expert assessments reveals
some insightful observations. Specifically, our evaluation model
considers Algorithm 4 to have a higher intelligence level, with
scores consistently around 0.8 across five scenarios. However, three
experts assigned low scores to Algorithm 4 in Scenarios 4 and 6,

evaluation model can effectively distinguish significant with scores of 5, 3, 5 and 4.5, 5, 5, respectively.
Table 6. Comparison of results from three evaluation methods
Method Subjective-Objective Mapping Evaluation Model Expert Evaluation AHP
Scenario s1 S2 S3 sS4 S5 S6 | Score | Ranking Ranking Ranking
Al 082 | 0.85 | 0.88 | 0.91 | 0.92 | 0.71 | 0.85 1 1 2
A2 081 | 0.85 | 0.56 | 0.75 | 0.54 | 0.84 | 0.73 5 5 4
A3 091 | 0.82 | 0.87 | 0.83 | 0.77 | 0.82 | 0.84 2 2 1
A4 084 | 0.79 | 0.83 | 0.82 | 0.81 | 0.75 | 0.80 3 4 3
A5 0.72 | 0.84 | 0.68 | 0.83 | 0.81 | 0.82 | 0.78 4 3 5
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Fig. 9. Comparison of evaluation results among the proposed model, AHP-based model, and human experts.

it £ %

Tsinghua University Press

L?f?:
Ll

| Sci®pen



Fig. 10 illustrates the key moments of Algorithm 4 in these two
scenarios. As shown in the figure, in Scenario 4, the vehicle
maintains a low speed for over 9 seconds at the intersection
approach. Experts argue that this may reduce the overall efficiency
of the vehicle and potentially interfere with surrounding and
following traffic. However, our model considers the overall speed
of the background traffic, and from this perspective, the vehicle
does not exhibit a significant efficiency issue. Moreover,
intentionally reducing speed at the intersection is seen as a safety
measure, ensuring safer navigation through the intersection. In
Scenario 6, the vehicle’s decision to temporarily leave the lane
boundary to optimize efficiency is an interesting aspect. While this

maneuver may introduce a potential risk when the vehicle re-enters
the lane, the decision to exceed the lane boundary could be
interpreted as a strategy to improve the overall flow and minimize
delays, leading to a higher efficiency score.

These observations indicate that while the evaluation model
offers a robust framework for assessing autonomous vehicle
behaviors, the model's sensitivity to specific, scenario-dependent
factors—such as waiting times and lane boundary considerations —
may lead to varying interpretations of performance, which also
underscores the importance of continuously refining the model to
better capture nuanced aspects.
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Fig. 10. Key interaction moments and metric variations of Algorithm 4 in Scenarios 4 and 6.

Furthermore, by comparing with AHP evaluation method,
notable differences in rankings can be observed. Specifically, the
rankings of Algorithms 1 and 3 are swapped, the same as
Algorithms 2 and 5. Taking the first two as examples, Table 7
presents the evaluation details of them. For Algorithm 1, the score

differences between the two evaluation methods are relatively
small, with only Scenario 6 showing a large discrepancy. However,
Algorithm 3 achieves significantly higher scores than our
evaluation model in Scenarios 2, 5 and 6 using the AHP evaluation
method, with differences exceeding 0.13 at maximum.
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Table 7. Al and A3 evaluation scores from our model and AHP

Algorithm | Method | S1 S2 S3 S4 S5 S6
Ours | 0.82 | 085|088 |091|092]|0.71

Al AHP | 0.87 | 0.88 | 0.92 | 0.85 | 0.92 | 0.83
Ours | 091 | 0.82 | 0.87 | 0.83 | 0.77 | 0.82

A3 AHP | 094 | 0.95| 0.90 | 0.81 | 0.89 | 0.94

Fig. 11 shows the quantified metrics of Algorithm 3 in these
three scenarios. It can be observed that both TTC and PET are
close to 1.0, indicating strong safety performance, whereas three of
the efficiency metrics fall within the poor range. The high weight
assigned to the safety dimension in the AHP results (0.52) leads to
a high overall score, while the influence of the other dimensions
on intelligence is largely overlooked. In particular, the TT and aD
scores in Scenario 5 are only 0.58 and 0.70, and the IO metric score
is 0.76, suggesting clear deficiencies in the vehicle’s efficiency and
decision-making. However, because the weights for these two
dimensions are low (0.13 and 0.09, respectively), these issues are
overshadowed. This demonstrates that fixed weights may cause
the evaluation to deviate from actual performance, and it remains
challenging to determine a set of weights that truly reflect real
behavior.

In addition, Fig. 11 shows that Algorithm 3 exhibits generally
poor performance in both longitudinal acceleration, lateral
acceleration, and lateral speed, indicating frequent exceedance of
the corresponding thresholds. As is well known, vehicle
acceleration and Jerk not only directly affect its ride comfort but
also indirectly impact safety. Sudden acceleration may lead to rear-
end collisions or other latent safety hazards, while excessive lateral
speed or acceleration may cause lateral collisions and skidding.
However, in AHP evaluation method, a linear weighting approach
cannot incorporate these metrics into the safety dimension and
essentially ignores the relationships among metrics. In contrast, the
evaluation model proposed in this study can capture such nuances.
Consequently, during the evaluation, it avoids assigning
excessively high overall intelligence scores to ADS solely due to
their high safety metrics, which is precisely the key advantage of
our model.
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Fig. 11. Metrics’ score of Algorithm 3 in Scenarios 2, 5, and 6.

6 Conclusion

The limitations of existing ADS evaluation methods make it
difficult to accurately assess the comprehensive intelligence of
high-level autonomous vehicles in complex interaction scenarios.
To address this issue, this paper proposes a Subjective-Objective

Mapping Evaluation (SOME) framework, which integrates LLM-
based expert-like evaluation with data-driven neural network
modeling. In this framework, ADS intelligence is represented
through five complementary behavioral dimensions, including
safety, comfort, efficiency, social interaction, and impact on
surrounding traffic.

The reliability of the LLM-based evaluation results is first
validated. The Turing Test achieves a passing rate of 86.75%,
indicating that the LLM-generated evaluations are highly
consistent with human expert reasoning. The ablation experiments
further show that the proposed LLM evaluation strategy achieves
better agreement with expert evaluations and the closest score
distribution to human experts, with MAE = 0.763, RMSE = 1.078,
Pearson = 0.863, ICC = 0.901, and JSD = 0.136. These results
demonstrate the necessity of DLMM and knowledge augmentation
in improving LLM evaluation reliability.

Furthermore, an attention-based neural network is developed to
learn the nonlinear mapping between objective metric scores and
LLM-generated intelligence scores. The interpretability analysis
shows that the self-attention mechanism can reveal meaningful
interrelationships among evaluation metrics, while SHAP analysis
further quantifies the contribution of each metric to the final
prediction. The model ablation results show that the proposed
evaluation model achieves the best performance. Removing low-
score data or any evaluation dimension leads to performance
degradation, confirming the importance of low-score sample
augmentation and the necessity of the five-dimensional evaluation
framework.

Finally, the proposed model is applied to scenario-based testing
using algorithms and scenarios from the OnSite Autonomous
Driving Challenge. The evaluation results are generally consistent
with human expert rankings and provide more reasonable
assessments than the AHP-based method in cases where fixed
weights overlook metric interactions.

The current evaluation framework mainly focuses on trajectory-
level interaction data and high-level behavioral metrics, while
richer multimodal information, such as video, perception outputs,
and more detailed environmental context, has not yet been fully
incorporated. In addition, although the OnSite application provides
preliminary cross-domain evidence, broader validation across
more datasets, regions, traffic cultures, and testing platforms is still
needed. Future work will further improve the generalization ability,
interpretability, and practical deployment value of the proposed
evaluation framework.

Appendix A
This section discusses the generation and rationality validation of
the low-score interaction data used for model training. Based on the
method proposed in our team'’s previous study, typical interaction
data from the baseline dataset used in this study are expanded to
supplement the low-score distribution of the training dataset. The
purpose of this augmentation is not to randomly create unrealistic
“bad cases”, but to generate physically feasible and interaction-
consistent counterfactual trajectories that cover rare but critical low-
intelligence behaviors.

The scenario generation process has been briefly introduced in

g/‘ls;“‘; ff%}i é,é R #L | SC|.pen

“52Y Tsinghua University Press



Section 3.2, while the detailed methodology can be found in Jiang
etal. (2025b). Based on this method, this study conducts a dedicated
expansion of the Waymo Open Dataset. While preserving the
physical road structure, traffic participant types, and behavioral
characteristics of the original scenes, low-score AV interaction
behaviors that satisfy vehicle dynamic constraints and traffic rules
are generated. To ensure that the generated data can capture typical
failure modes in a reliable manner, the distributional consistency
between the generated data and the real-world dataset is further
validated.

A consistency analysis was conducted on the distributions of key
ego-vehicle features in the original data and the generated low-
score data, as shown in Fig. B2. The results show that the generated
data of acceleration, jerk, and yaw rate largely overlap with the
original data and show similar central tendencies and dispersion
ranges. This indicates that the generated trajectories do not
introduce abnormal vehicle dynamics or unrealistic motion
fluctuations. The speed distribution of the generated data remains
within a similar range to the original data, although slight
deviations can be observed, which is reasonable because low-score
interaction generation may introduce more conservative or risky
speed-control behaviors. The generated low-score data preserves
the basic kinematic characteristics of naturalistic driving while
enriching interaction behaviors with lower intelligence scores.
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Fig. B2. Distribution between original and generated data.

Finally, Fig. B3 presents the distributions of LLM-based
intelligence scores for the original data and the generated low-score
data. Compared with the original data, whose scores are mainly
concentrated in the high-score range, the generated data show a clear
extension toward the lower-score region. This indicates that the
generated samples provide additional low-intelligence interaction
cases that are underrepresented in the original dataset. Therefore, the
augmented data help balance the training score distribution and
improve the model’s ability to learn typical failure modes.
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Fig. B3. Distribution comparison of LLM-based intelligence scores
between original and generated data.

Appendix B
This section discusses how the quantified metrics are standardized
into metric scores and mapped to the [0,1] interval, where higher
scores indicate better performance. The metrics requiring
standardization include safety, comfort, and social interaction
metrics, while the quantified results of the remaining metrics can be
directly used as metric scores.

For safety related metrics, continuous risk potential functions are
constructed to standardize TTC and PET. The detailed processing
methods are as follows:

1% _m(®)
SS=1—?Ze : 27)

t=1
where S; denotes the standardized safety metric scores, m(t)
represents the quantified metric value at time ¢, 7 is the metric
threshold, and T is the total duration of the interaction. Both TTC
and PET are standardized using the above formulation. In this
study, the safety thresholds of TTC and PET are set to 3.0 and 2.0
seconds, respectively. This method preserves the continuous risk
information of TTC and PET over time, avoids the information loss
caused by traditional hard-threshold methods, and provides a
smoother representation of the safety level during interaction.
For comfort related metrics, standardization is performed based
on the thresholds listed in Table 1. The detailed processing method

is as follows:
T

1
S,=1- 721 c(0) (28)
_1, 0<m(t) <m,

1 —k[m(t) —m,], m, <m(t) <m,
c®) = ( m(t) — mu>
c,exp| ————1, m(t) >m,

m, —mc
where k is the linear decay slope, representing the sensitivity of the
comfort metric. Alarger k indicates that the model is more sensitive
to this metric, meaning that an increase in the metric value within
the acceptable range leads to a faster decrease in the comfort score.
¢, ensures the continuity of the function at m,,, and is calculated as

(29)
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¢, =1—k(my, —m,). m. and m,, denote the thresholds of the
comfortable and uncomfortable ranges for the corresponding
comfort metric, respectively. This formulation preserves the
continuous variation of comfort-related indicators, avoids abrupt
changes caused by hard thresholding, and imposes stronger
penalties on severe discomfort.

For social interaction related metric, the legal right-of-way is used
to standardize IO. Based on the InterHub toolkit, the right-of-way
of the AV and HV in the interaction is annotated, and the rationality
of the AV’s social interaction decision is then determined
accordingly. The detailed processing method is as follows:

T
1 . 2
Si=5 ) [1= () -p©®)] (30)
t=1
0, AV has right
p(t) = { 1, HV has right (31)
0.5, equal

where i(t) represents the quantified IO value at time t, and p(t)

denotes the right-of-way label at time t. The term [i(t) — p(£)]?
measures the deviation between the AV’s actual interaction
tendency and the expected decision under the legal right-of-way
relationship. Therefore, a smaller deviation indicates a more
reasonable social interaction decision, resulting in a higher
standardized score.

This formulation incorporates legal right-of-way constraints into
the standardization of IO and transforms interaction rationality into
a continuous score. Compared with simple rule-based classification,
it can quantify the degree of mismatch between AV behavior and
expected interaction decisions, thereby providing a more
informative evaluation of social interaction performance.

Appendix C

Appendix C presents the metric scores achieved by the five
autonomous driving algorithms across the same six test scenarios,
as shown in Table C1.

Table C1. 5 algorithms’ metrics scores in 6 test scenarios.

. . Metric score
Algorithm | Scenario |~ ¢ T per a, a, Jerk o T aD 10 | impact
s1 095 | 069 | 092 | 092 | 089 | 100 | 087 | 056 | 044 | 087
52 092 | 095 | 100 | 098 | 100 | 091 | 035 | 080 | 001 | 1.00
AL s3 100 | 100 | 086 | 094 | 100 | 084 | 070 | 024 | 100 | 100
s4 085 | 094 | 099 | 100 | 100 | 100 | 050 | 042 | 1.00 | 0.6
S5 094 | 094 | 08 | 0901 | 100 | 098 | 080 | 100 | 058 | 092
s6 09 | 096 | 068 | 088 | 091 | 080 | 028 | 03 | 08 | 1.00
s1 100 | 091 | 065 | 093 | o074 | 004 | 100 | 077 | 042 | 083
s2 100 | 091 | 095 | 097 | 096 | 1.00 | 036 | 084 | 091 | 100
. s3 095 | 100 | 025 | 026 | 008 | 100 | 072 | 03 | 100 | 1.00
s4 097 | 091 | 068 | 099 | 073 | 095 | 054 | 046 | 100 | 0.5
S5 096 | 093 | 044 | 094 | 019 | 089 | 100 | 100 | 093 | 0.6
S6 100 | 098 | 099 | 100 | 007 | 100 | 08L | 052 | 085 | 100
s1 100 | 094 | 093 | 097 | 001 | 100 | 093 | 060 | 001 | o0a&r
52 096 | 100 | 08 | 094 | o074 | 100 | 100 | 100 | 100 | 1.00
A3 S3 100 | 075 | 099 | 083 | 100 | 100 | 074 | 042 | 100 | 100
s4 081 | 096 | 092 | 073 | 094 | 100 | 046 | 038 | 100 | 092
S5 097 | 096 | 077 | 08 | 080 | 098 | 058 | 070 | 076 | 1.00
s6 098 | 100 | 088 | 094 | 071 [ 100 | 100 | 100 | 1.00 | 1.00
s1 100 | 094 | 094 | 068 | 092 | 100 | 043 | 020 | 100 | 088
52 100 | 100 | 076 | 090 | 068 | 095 | 084 | 100 | 100 | 100
a S3 100 | 075 | 097 | 040 | 100 | 100 | 075 | 045 | 100 | 100
s4 086 | 098 | 095 | 080 | 093 | 100 | 039 | 032 | 100 | 093
S5 069 | 097 | 097 | 084 | 084 | 100 | 061 | 075 | 085 | 094
S6 100 | 100 | 077 | 094 | 058 | 091 | 083 | 100 | 100 | 100
s1 074 | 081 | 075 | 080 | 072 | 093 | 092 | 060 | 08 | 087
52 098 | 100 | 099 | 071 | 097 | 100 | 036 | 084 | 096 | 1.00
S s3 100 | 037 | 097 | 042 | 099 | 100 | 070 | 023 | 100 | 100
s4 100 | 095 | 091 | 063 | 089 | 100 | 050 | 042 | 096 | 089
S5 100 | 098 | 078 | 072 | 072 | 098 | 080 | 100 | 100 | 082
S6 100 | 099 | 100 | 08 | 098 | 100 | 030 | 047 | 091 | 100
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