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Abstract

Under the trend of Al-defined vehicles, multi-agent collaboration has become the core
feature for intelligent vehicles to deliver superior user experience (UX). Traditional linear
and independent evaluation methods can no longer adapt to the new technical character-
istics and logic. Taking the agents of four functional domains —intelligent driving, intelli-
gent cockpit, intelligent vehicle control, and intelligent connectivity —and their cross-do-
main collaborative relationships as research objects, this study constructs a UX evaluation
index system consisting of five primary indicators and 14 secondary indicators. Innova-
tively, the analytic network process is adopted for indicator weight allocation, which ef-
fectively characterizes the interdependencies among indicators caused by multi-agent col-
laboration. Meanwhile, the coupling coordination theory is introduced to construct a com-
prehensive UX index, enabling quantitative evaluation of the balanced development level
across the five dimensions. The results show that in intelligent vehicle UX, excellence in a
single dimension does not equal excellent overall UX. Only through the collaborative up-
grading of multiple agents and balanced development of the five dimensions can the com-
prehensive UX be maximized. This study further reveals the UX mechanism of multi-
agent collaboration in intelligent vehicles and determines the optimal collaborative evo-
lution path based on the dynamic programming algorithm, providing theoretical support
and practical guidance for automakers in rational product development planning.
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intelligence and connectivity, which has brought disruptive changes to the connotation
and implementation of automotive UX [1]. In the era of traditional vehicles, the core value
of vehicles lay in mechanical hardware performance. UX mainly focused on a few key

hardware indicators such as acceleration, handling, and passability, and hardware con-
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At present, the automotive industry is accelerating into a new stage of Al-defined
vehicles (AIDVs). Its core features include multi-agent cross-domain collaboration and
data-driven continuous evolution of UX [3]. Intelligent vehicles are no longer a simple
superposition of independent functional domains but a complex collaborative system
composed of multiple agents, such as intelligent driving, intelligent cockpit, intelligent
vehicle control, and intelligent connectivity. Non-linear gains of “1 + 1 >2” are achieved
through cross-domain collaboration among multiple agents [4]. Against this backdrop,
the UX of intelligent vehicles has gradually focused on new dimensions, including per-
sonalization, differentiation, evolvability, and agentification. The underlying logic of UX
realization has also changed fundamentally. The ultimate performance of a single func-
tional domain can no longer improve the overall UX, while the depth and breadth of
multi-agent collaboration have become the core factors determining the upper limit of UX.

In practice, however, automotive developers still define functional features for dif-
ferent scenarios separately and lack an in-depth understanding of how multi-agent col-
laboration affects UX [5]. This study aims to propose a novel quantitative evaluation
framework for UX under multi-agent collaboration so as to provide references for original
equipment manufacturers (OEMs) in designing new technical architectures and formulat-
ing technology roadmaps. The rest of this paper is organized as follows: Section 2 reviews
relevant studies on UX evaluation of intelligent vehicles through literature analysis; Sec-
tion 3 defines the research scope and puts forward the research methods and framework;
Sections 4 and 5 elaborate on the construction of the research model and the results of
quantitative evaluation; Section 6 summarizes the core conclusions of the study.

2. Literature Review
2.1. Evaluation Paradigm for UX of Intelligent Vehicles

The evaluation paradigms for UX of intelligent vehicles can be categorized into two
major types: direct evaluation paradigms and indirect evaluation paradigms. These two
paradigms differ significantly in evaluation philosophy, methodological approaches, and
applicable scenarios, each with distinct advantages and limitations.

The direct evaluation paradigm centers on users’ subjective perceptions. It collects
users’ ratings of product experience directly through methods such as user interviews and
subjective scales [6]. The advantage of this paradigm is that it closely aligns with users’
subjective feelings, making it widely used in post-hoc evaluations of UX and acceptance
of mass-produced vehicles. For example, Liu et al. measured positive and negative expe-
riences of 261 participants riding in low-speed autonomous vehicles, as well as perceived
usability based on the system usability scale [7]. However, its disadvantages are also no-
table: high subjectivity, ambiguous evaluation results, and vulnerability to interference
from multiple factors; it cannot conduct predictive evaluations for future technologies or
products; and its imprecise mechanism decomposition and mapping provide limited
guidance for enterprises’ front-end research and development. Hajiseyedjavadi et al.
found through driving simulation studies that individuals’ perceptions of different auton-
omous driving styles vary under different environmental conditions [8].

The indirect evaluation paradigm focuses on the technical performance, functional
performance, and objective operational data of products. It indirectly reflects the quality
of UX by quantifying the objective levels of technologies and functions. Guastadisegni et
al. confirmed through a systematic review of vehicle ride comfort evaluation systems that
the objective evaluation paradigm can accurately quantify the independent effects and
interactive impacts of individual technical parameters —such as body vibration frequency,
suspension stiffness, and steering system damping —on users’ riding experience via bench
tests and simulation analyses that isolate single variables [9]. The advantages of this par-
adigm include objective and quantifiable data with reproducible results; accurate
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decomposition of the contribution of different technical factors to UX; and the ability to
perform pre-evaluation on immature technical solutions and product concepts. Ebel et al.
verified the value of the indirect evaluation paradigm in the pre-research phase of in-ve-
hicle information systems, showing that experience risk points can be identified and opti-
mized before prototype development through data-driven objective evaluation methods
[10]. Its disadvantages are it cannot fully substitute users’ real subjective experience, and
the construction of indicator systems involves subjective presuppositions, which may de-
viate from actual user needs.

For UX in the AIDV era, this study argues that the indirect evaluation paradigm is
more suitable, based on the following four considerations:

e Demand for predictive evaluation: the core features of AIDV include full-domain
agentification and multi-agent cross-domain collaboration, and no mature mass-pro-
duced products are available for users to experience across full scenarios directly.

¢  Demand for guiding enterprise R&D: subjective user feedback is difficult to translate
into actionable technical optimization directions, while establishing quantitative cor-
relations between objective technologies and UX can provide research references.

e  Suitability for mechanism analysis: one research objective is to analyze the mecha-
nism by which multi-agent collaboration influences UX, and indirect evaluation fa-
cilitates full-chain decomposition from underlying technologies to top-level UX.

e  Controllable statistical bias: direct evaluation requires extremely large samples to
control subjective bias in UX, whereas indirect evaluation ensures objective, repro-
ducible, and horizontally comparable results.

2.2. Indirect Evaluation Method for UX of Intelligent Vehicles

Under the indirect evaluation paradigm, existing UX evaluation methods for intelli-
gent vehicles mainly fall into three categories:

e Linear weighted comprehensive evaluation method: this method establishes a hier-
archical evaluation system, determines indicator weights through expert scoring,
questionnaire surveys, and other means, and then obtains a comprehensive evalua-
tion result via linear weighted summation. Typical approaches include the analytic
hierarchy process (AHP) and fuzzy comprehensive evaluation. Li et al. used perfor-
mance, fuel consumption, space, handling, comfort, appearance, interior, and cost as
evaluation indicators, with comprehensive weights for each indicator determined by
AHP and other objective methods to evaluate satisfaction across different vehicle
models [11]. The core limitation of such methods is that the assumption of independ-
ent indicators does not hold for UX of intelligent vehicles, and linear weighting can-
not quantify the nonlinear effects brought by collaboration.

e  Static benchmarking and grading evaluation method: this method formulates grad-
ing standards and evaluation rules based on industry specifications and technology
roadmaps, then evaluates the target product by benchmarking its performance
against these standards. A representative example is the White Paper on Grading and
Comprehensive Evaluation of Automotive Intelligent Cockpits compiled by the Society of
Automotive Engineers of China [12]. However, this method only assesses whether
functions meet grading criteria and cannot precisely reflect the actual level of UX.

e  Scenario-function enumeration evaluation method: this method first enumerates typ-
ical user scenarios, tests the functional completeness and performance of predefined
functions in each scenario, assigns scores, and aggregates scores across all scenarios
for a comprehensive result. Lu et al. discussed three scenario-based UX evaluation
methods for intelligent vehicles: specification-oriented, trip-oriented, and demand-
oriented approaches, aiming to comprehensively and accurately reflect the UX level
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of intelligent vehicles [13]. This method suffers from three major drawbacks: prede-

fined scenarios cannot cover the full range of vehicle usage characteristics; it strug-

gles to capture cross-scenario, cross-domain, and cross-function experiences; and
most studies only evaluate the presence or absence of functions rather than their
quality.

In summary, the core of UX for intelligent vehicles in the AIDV era has shifted from
function realization to collaborative emergence. Traditional linear evaluation frameworks
are no longer applicable. There is an urgent need to establish a new evaluation system
that can characterize the nonlinear collaborative effects of multiple agents and adapt to
the continuously evolving nature of intelligent vehicles.

3. Materials and Methods
3.1. Research Scope

The research object of this study is the multi-agent system of intelligent vehicles. In
the AIDV era, functional domains of intelligent vehicles will form respective Al-centric
agents [14]. This study identifies four core agents:

e Automated driving agent (AD): responsible for functions related to the intelligent
driving domain. It collects driving environment data by invoking sensors and com-
pletes driving tasks such as perception, decision-making, and planning through Al
models represented by end-to-end models and other similar technologies.

e  Cockpit agent (CP): responsible for functions related to the intelligent cockpit do-
main. Multimodal large models interact with drivers and passengers through multi-
modal human-machine interaction (including vision, audition, touch, olfaction, and
heat) by invoking various in-cabin devices.

e  Vehicle control agent (VC): responsible for control functions related to the powertrain
domain, chassis domain, and body domain. Note: the control and execution layer of
intelligent driving is classified into the functional scope of VC in this study.

e Internet of things agent (IoTs): responsible for functions related to vehicle connectiv-
ity and information interaction with all external devices. It includes various wireless
communication methods and protocols such as cellular networks, Bluetooth, Wi-Fi,
and satellite communications.

The four agents above can achieve a series of independent functional features by in-
voking software and hardware elements of their corresponding functional domains. With
reference to multiple standard documents and industrial practices, each agent is divided
into four levels: 0, 1, 2, and 3, corresponding to no relevant function, basic function, inter-
mediate function, and advanced function, respectively, as detailed in Table 1.

Table 1. Independent functional features of agents at different levels.

Agent * Basic (1) Intermediate (2) Advanced (3)
*  Conditional automated driv-
*  Advanced driving assistance ing
AD system * Inthe operational design do- *  Full driving automation
*  Driver in the loop at all main (ODD), the drivercan ¢  With no driver required
times take hands and feet off the
controls
*  Support occupant status *  Support for emotion and in-
PP L P . pp ) *  Support in-depth detection
recognition, environmental tention perception as well as . .. .
. . . . . of physiological information
cr data collection, and equip- biometric data collection .
o .. . and prediction of occupant
ment status monitoring in- *  Support voice interaction

side the cabin

behavior and needs
based on natural language
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Support voice interaction
based on fixed commands,
as well as touch and me-
chanical interaction

Mainly focus on fragmented
infotainment scenarios

understanding and contex-
tual dialogue, as well as ges-
ture interaction and eye gaze
control

Expand value-added scenar-
ios centered on the vehicle,
such as payment, office
work, camping, and others
Support personalized sce-
nario configuration

Support adaptive adjust-
ment of the in-cabin envi-
ronment, contactless full-sce-
nario interaction, and emo-
tional interaction

Support multi-scenario link-
age, and deep integration
with the external ecosystem

Support hardware abstrac-
tion and service-oriented in-

vocation for the body do-

Support suspension-by-wire

Support three-directional co-
ordinated control: lateral,

main vertical
VC . . ( ) . longitudinal, and vertical
Support drive-by-wire, *  Support lateral and longitu- .
. . . Support adaptive control
steer-by-wire, and brake-by- dinal coordinated control .
. Lo and active control
wire (lateral and longitudi-
nal)
Support access to the Inter-
net ecosystem
Support mobile-vehicle in- L .
. Support ubiquitous cross-in-
terconnection . . .
*  Support cross-device inter- dustry interconnection
Support short-range V2V . .
.. . connection among human— (transportation, energy, ur-
communication (e.g., colli- . ;
IoT vehicle-home-office ban systems, etc.)

sion warning broadcasting)
Support V2I reception of
basic roadside information
such as traffic light count-
down and speed limit re-
minders

Support roadside coopera-
tive perception via V2I

Support V2I-based vehicle-
road cooperative decision-
making

* References for agent classification: SAE J3016 Taxonomy and Definitions for Terms Related to Driving
Automation Systems for On-Road Motor Vehicles [15]; GB/T 40429-2021 Taxonomy of Driving Automation
for Vehicles [16]; White Paper on Grading and Comprehensive Evaluation of Automotive Intelligent Cockpits

[12]; Technology Roadmap for Intelligent Chassis of Electric Vehicles [17]; Technology Roadmap for Energy

Saving and New Energy Vehicles 3.0 [18].

As shown in Figure 1, besides independent functional features, the four agents can

also collaborate with each other, analogous to a driver, partner, steward, and liaison work-

ing together to serve the user. Based on the grading characteristics of the four agents, this

study summarizes six types of pairwise collaborative combinations and clarifies the core

logic of each collaboration:

e AD-CP collaboration: taking AD’s environment and driving state perception as in-

put, it links CP’s human-machine interaction and in-cabin state perception to form a

bidirectional “driving—interaction” closed loop [19].

e  AD-VC collaboration: taking AD’s decision-making and path planning as com-

mands, it invokes VC’s dynamic control capability to form a “decision—execution”

closed loop [20].

e AD-IoT collaboration: supported by external data and ecology from IoT, it empowers

AD to supplement environmental perception and optimize decision-making, form-

ing a “data—decision” closed loop [21].
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e  CP-VC collaboration: taking CP’s perceptual interaction capability as input, it in-
vokes VC’s dynamic control capability to form an “interaction—control” closed loop
covering comfort, safety, and personalized scenarios [22].

e  CP-IoT collaboration: using IoT’s networked collaboration capability as a data and
command channel, it enhances the cockpit’s perceptual interaction experience, form-
ing a “data—interaction” closed loop [23].

e  VC-IoT collaboration: supported by loT’s collaborative perception and decision-mak-
ing capability, it optimizes the dynamic control accuracy and adaptability of vehicle
control, forming a “data—control” closed loop [24].

Position ---° Decision-making
Percepﬁgm [ Sl gl - Pla.mu’.ng
. PEE -0/1/2/3 Tl
Interaction _--- N p S memm—m- .
AN Sael e _. OTA Edge computing
CP Agent e i *\“.' ToT Agent \
-0/1/2/3 L < J; = -l -0/1/2/3 Roadside
AL \ / RV - perception
Fra.grance”‘-.___‘ Pt H““—.._‘ _Dafaclosedloop ---"
Body == vy Agent Suspension
AN -0/1/2/3 S
Chassis ----- Powertrain

Figure 1. Multi-agent collaborative framework.

Details of the collaborative functional features between pairwise agents at different
levels can be found in the Tables A1-A6. It should be noted that the functional features
realized by three-agent and four-agent collaboration are essentially permutations and
combinations of those achieved by pairwise collaboration, so they are not elaborated fur-
ther.

3.2. Research Methods and Framework

The core idea of this study is to establish the mapping relationship among multi-
agent collaboration, the functional features of intelligent vehicles, and UX indicators. Its
core logic is as follows: under the technical architecture of multi-agent collaboration, in-
telligent vehicles can realize a series of independent and collaborative functional features,
and UX indicators serve as a key bridge connecting these functional features with users’
demands and expectations for intelligent vehicles. However, two difficulties exist in this
process. First, various functional features are interdependent and mutually influential,
which inevitably results in UX indicators not satisfying the linear independence assump-
tion. Therefore, multi-index evaluation methods based on linear independence are no
longer applicable. Second, what users pursue from intelligent vehicles is a diversified
overall experience, rather than a partial experience merely realized by optimizing a few
functional features [25]. Accordingly, the evaluation method should reflect the coordina-
tion of UX. To address these two difficulties, this study adopts the analytic network pro-
cess (ANP) and the coupling coordination theory, respectively.

ANP is a systematic decision-making method proposed by Thomas L. Saaty on the
basis of the AHP [26]. It is specifically designed to solve decision-making problems in-
volving interdependence and feedback relationships among elements within complex
systems. In the hierarchical structure of AHP, elements only have a dominant relationship
between upper and lower levels, and elements at the same level are independent of each
other. Nevertheless, in real complex systems, elements are often interdependent and
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mutually influential, which can be unidirectional, bidirectional, or even form feedback
loops. By introducing a network structure, ANP allows arbitrary dependence and feed-
back relationships among elements, thus more accurately depicting the internal logic of
complex systems. The ANP method can reflect the network importance of indicators in
the entire UX realization network through weight calculation —indicators relied on by
more indicators are naturally of greater importance. Although ANP ultimately outputs a
set of weight values and its evaluation logic can still be regarded as “weighted summa-
tion”, this set of weights has already incorporated the nonlinear relationships of mutual
influence among indicators [27].

After obtaining the indicator weights, the coupling coordination theory can further
characterize the state of “collaborative emergence” and “coordinated balance” among
multi-dimensional systems [28]. As an important method for quantifying the coordinated
development level of multiple factors, the coupling coordination theory can reveal the
dialectical unity between the whole and parts of a system. The core concepts of this theory
include coupling degree, coordination degree, and coupling coordination degree. Cou-
pling degree describes the intensity of interaction and interdependence among subsys-
tems, without reflecting the quality of development. Coordination degree measures the
overall development level of each subsystem through weighted summation, reflecting the
overall development quality of the system. Coupling coordination degree is a composite
index integrating coupling degree and the comprehensive development level of the sys-
tem, taking both interaction intensity and development quality into account and reflecting
the matching and balance of system development. Traditional comprehensive evaluation
methods assume that different dimensions are substitutable, meaning that the advantage
of one dimension can compensate for the deficiency of another. However, the UX of intel-
ligent vehicles is an organic whole, and shortcomings in any dimension will become the
bottleneck of the overall experience. Such synergistic laws as the gain effect and the cask
effect cannot be reflected merely by ANP weights and must rely on the coupling coordi-
nation degree model for quantitative analysis of the interactive relationships among sys-
tems [29].

From the perspective of symmetry theory in complex systems, the coupling coordi-
nation theory is essentially a quantitative description of dynamic symmetry and sym-
metry breaking in systems, and the two exhibit a high degree of internal consistency. The
balanced development of all dimensions of a system corresponds to a state of symmetry,
while developmental imbalance between dimensions corresponds to symmetry breaking.
The coupling degree reflects the symmetry strength of interactions among subsystems
within the system. The higher the coupling degree, the closer the two-way dependence
and feedback relationship between subsystems, and the stronger the symmetry of internal
interactions; a coupling degree approaching zero indicates that subsystems are mutually
independent, with complete disappearance of interaction symmetry. The coordination de-
gree reflects the level of structural symmetry in the overall development of the system.
The higher the coordination degree, the closer the developmental levels of each subsystem
and the better the structural symmetry of the system; conversely, it indicates that the sys-
tem has obvious developmental weaknesses and broken structural symmetry. The cou-
pling coordination degree provides a comprehensive measure of dynamic system sym-
metry, characterizing both internal interaction symmetry and overall structural symmetry.
It can accurately reflect the entire evolutionary process of a system from symmetry break-
ing to symmetric equilibrium.

In summary, this study designs the research framework shown in Figure 2, which
includes the establishment of an indicator system, the assignment of indicator weights,
the evaluation of subdivided indicators, and the comprehensive evaluation of UX. The
specific model formulas will be elaborated in Sections 4 and 5.
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(D Establishment of the intelligent
vehicle UX indicator system
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based on coupling coordination theory

Figure 2. Research framework.

4. Establishment and Weight Allocation of Evaluation Indicator System
Based on ANP

4

.1. Establishment of the Indicator System

In constructing the indicator system, this study follows the principles below:

Comprehensiveness principle: the indicator system shall fully cover the core dimen-
sions of intelligent vehicle UX.

Representativeness principle: indicator redundancy shall be avoided, ensuring each
indicator precisely corresponds to the core functional features of multi-agent systems
and the core demands of UX.

Quantifiability principle: all indicators shall have feasible quantification methods
and reliable data sources to guarantee the objectivity of evaluation results.
Adaptation principle: the indicator system shall be deeply adapted to the technical
logic of multi-agent collaboration.

Different from the indicator independence requirement of traditional evaluation in-

dicator systems, this study allows correlations among indicators, and the inter-indicator

relationships will be quantitatively processed using the ANP method.

Based on industry consensus and literature research, this study identifies five core

evaluation dimensions as the first-level indicators of the indicator system:

User personalization adaptation (C,): measures the vehicle’s ability to adapt to indi-
vidual user differences, including personalized selection, personalized recommenda-
tion, personalized settings, etc. The core of this dimension is to enable the vehicle to
fit different users’ usage habits, preferences, and needs.

Vehicle differentiation adaptation (C,): measures the vehicle’s ability to adapt to di-
verse scenarios and environments based on its own software and hardware configu-
rations. Different software and hardware configurations determine the vehicle’s
safety boundaries, interaction capability, comfort level, connectivity capability, etc.,
ultimately delivering differentiated product experiences.

Common iterative evolution (Cs): measures the vehicle’s common iteration capability
based on fleet-wide collective data. By collecting and accumulating fleet group data,
common pain points and demands of users are explored to realize function iteration
and experience upgrading for the entire fleet.

Personalized iterative evolution (C,): measures the vehicle’s personalized iteration
capability based on individual user data. By continuously collecting user driving and
usage data, the vehicle deeply grasps users’ preferences and habits, enabling UX to
improve continuously with usage duration.

Full-cycle convenience (Cs): measures the vehicle’s capability of providing automated
and convenient services covering the entire usage lifecycle. Through autonomous ex-
ecution by agents, automated operations are realized throughout the pre-driving,
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during driving, and post driving processes, truly assisting users and freeing them
from burdens.

Based on the core connotations of the five first-level indicators and combined with

the core functional features of four types of agents, this study screens 14 s-level indicators

to construct a complete hierarchical evaluation indicator system, as shown in Figure 3.

The core connotations of each second-level indicator are as follows:

In-cabin perception (E;,): the prerequisite for vehicles to provide personalized ser-
vices. Dominated by the AD agent, it involves functional features such as driver sta-
tus monitoring, gesture recognition and voice recognition.

Personalized driving control (E;,): adapts to different users’ driving habits and pref-
erences. Dominated by the VC agent, it involves functional features such as steer-by-
wire suspension, steer-by-wire, and brake-by-wire.

Richness of connected ecosystem (E;3): involves the application ecosystem, service
ecosystem, and content ecosystem of intelligent vehicles. Dominated by the IoT
agent, it covers functional features such as application stores, vehicle-to-network con-
nectivity, and mobile-vehicle interconnection.

Driving safety (E,,): reflects the vehicle’s safety response capability in diverse driv-
ing scenarios. Dominated by the AD agent, it covers various active safety functional
features such as autonomous emergency braking, adaptive cruise control, and lane
keeping assist.

Multimodal interaction (E,,): reflects the diversity of interaction between the vehicle
and users. Dominated by the CP agent, it involves functional features related to vi-
sion, hearing, touch, smell, and somatosensation.

Riding comfort (E,3): reflects the smoothness and stability of the vehicle under dif-
ferent road conditions. Dominated by the VC agent, it involves functional features
such as steer-by-wire suspension, steer-by-wire, and brake-by-wire.

V2X diversity (E,,): reflects the vehicle’s capability to connect with more external
devices. Dominated by the IoT agent, it covers connected functional features such as
5G, Bluetooth, Wi-Fi, NFC, UWB, and satellite communication.

Scenario expansion (E3,): reflects the vehicle’s capability to effectively respond to us-
ers’ common demands. Dominated by the CP agent, it involves functional features
such as service libraries, scenario libraries, and scenario engines.

Vehicle-road coordination (E,): supports the collection of common fleet data such
as road conditions, traffic scenarios, and driving characteristics. Dominated by the
IoT agent, it involves functional features such as cooperative perception, cooperative
decision-making, and information interaction.

Personalized data closed loop (E,;): supports the personalized iterative evolution of
the vehicle. Dominated by the IoT agent, it covers functional features such as data
collection, encrypted transmission, storage, and processing.

OTA upgrade (E,,): converts optimization results from the data closed loop into ac-
tual experience upgrades. Dominated by the IoT agent, it involves functional features
such as cloud diagnosis, digital twin, and predictive maintenance.

Driving takeover (Es,): reflects the vehicle’s capability to free users’ attention during
driving. Dominated by the AD agent, it involves functional features such as navi-
gating on autopilot and adaptive cruise control.

Unmanned operation (Es,): reflects the vehicle’s operating capability in unmanned
scenarios such as parking, passenger pickup, object retrieval, and charging. Domi-
nated by the AD agent, it covers functional features such as automatic parking, re-
mote summon, and autonomous driving.

Automated execution (Es3): reflects the vehicle’s capability of automated orchestra-
tion and scheduling for basic control functions. Dominated by the VC agent, it
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involves functional features related to the hardware abstraction and service-oriented
architecture.

User personalization Y Vehicle differentiation Y Common iterative Personalized Full-cycle

adaptation

adaptation evolution iterative evolution convenience

rving ety

In-cabin perception Multimodal Scenario
interaction expansion

Personalized driving Riding comfort Automated execution
control

Richness of V2X diversity Vehicle-road Personalized data
connected ecosystem coordination closed loop

OTA up grade

Figure 3. UX evaluation indicator system of intelligent vehicles.

The indicator system was reviewed and validated by an expert panel consisting of
three specialists in intelligent connected vehicles, automotive human machine interface,
and UX evaluation (one senior engineers and two university researchers). The panel con-
ducted two rounds of evaluation on the comprehensiveness, representativeness, and
quantifiability of the indicators and revised the indicator connotation and classification to
eliminate redundancy and ensure alignment with industrial practice and user demands.

4.2. Indicator Weight Allocation

The basic principle of ANP is to decompose a system into several element sets (re-
ferred to as clusters), each containing a number of elements. In this study, clusters and
elements correspond to the five first-level indicators and 14 second-level indicators, re-
spectively. The influence relationships among elements are represented by a superma-
trix—a block matrix where each block denotes the influence of one cluster on another.
Through pairwise comparison judgments, the relative importance between elements is
determined, and an unweighted supermatrix is constructed accordingly. Then, by consid-
ering the relative importance among clusters, column normalization is applied to the un-
weighted supermatrix to obtain a weighted supermatrix. Finally, through the calculation
of the limit supermatrix, direct influences and all multi-layer indirect influences are infi-
nitely superimposed to derive stable global weights.

Traditional ANP modeling usually relies on expert experience to make prior assump-
tions about the interaction relationships among indicators and adopts the Delphi Method
to construct pairwise comparison judgment matrices. However, this approach is suscep-
tible to interference from experts’ knowledge backgrounds, cognitive limitations, and sub-
jective preferences, leading to biases in evaluation results. To address this problem, this
study innovatively introduces a professional database in the automotive industry —Intel-
ligent Vehicle Competitive Analysis and Benchmarking Platform —as the empirical data foun-
dation for ANP modeling [30]. This database covers the implementation logic and soft-
ware/hardware configurations of 119,038 intelligent functional features across 139 vehicle
models available on the market.

On the one hand, relying on this database, this study clarifies the sharing, collabora-
tion, and dependency relationships among various functional features at the micro-tech-
nical element level, thereby identifying the influence relationships between indicators. For
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instance, by analyzing the invocation relationship between the safety warning function of

the AD agent and the interactive display function of the CP agent at the software and

hardware levels, the influence path of Multimodal interaction (E,,) on Driving safety (E,3)
can be precisely defined. The network topology constructed based on such objective data

mining scientifically depicts the intricate correlation mechanisms within the UX indicator

system, laying a solid structural foundation for weight calculation.

On the other hand, in the process of constructing the unweighted supermatrix, this
study takes the technical collaboration principles, influence scopes, and action depths of
various collaborative functional features in the database as the quantitative basis. Specifi-
cally, according to the detailed functional feature descriptions in the database, the influ-
ence intensity between indicators is mapped to the specific technical coupling degree (e.g.,
the strength of collaborative gain, the length of dependency paths, etc.), thus transforming
qualitative technical dependency relationships into quantitative comparison scales. This
process realizes the transformation of the ANP weighting mechanism from subjective ex-
perience-driven to objective data-driven, significantly improving the reliability of the
model calculation results.

After constructing the ANP network structure and unweighted supermatrix based
on the industry database, the model was submitted to the above expert panel for review.
The experts verified the rationality of the interdependence and influence relationships
among indicators. Figure 4 presents the ANP network analysis model constructed in this
study. Figure 5 provides a more intuitive illustration of the specific connection relation-
ships among the second-level indicators. In the figures, each connecting line indicates that
the end node exerts an influence on the start node; in other words, the start node depends
on the end node. Indicators with more incoming connections mean that their correspond-
ing functional features are relied upon by more other functional features, thus accounting
for a higher importance proportion in the entire UX realization network.

Wehicle differentiation adaptation v

Full-cycle convenience ~

Driving takeover

User personalization adaptatiop .
Unmanned operation
In-cabin perception
Personalized driving control
\ ‘\

h |

Richness of connected ecosystek{n . Il A
—— | -
\\"\ Common@% 5
\‘u‘:\ ' ~—— /

Automated execution

Scenario expamsion <=

Vehicle-road coordination

Figure 4. ANP network analysis model.
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Figure 5. Connection relationships among the second-level indicators.

The network structure of ANP is inherently suitable for characterizing symmetric
and asymmetric interactions among system elements, which is one of its core advantages
over AHP. Symmetric interaction refers to a two-way dependence and mutual promotion
between two indicators, forming a closed-loop gain. For example, the Driving safety (E;;)
of AD relies on the precise execution of VC, while the Riding comfort (E,3) of VC also de-
pends on the stable decision-making of AD. Asymmetric interaction means there is only
a one-way dependence between two indicators, forming a unidirectional gain. For in-
stance, OTA upgrades (E,,) rely on the Personalized data closed loop (E,;), whereas the reali-
zation of the personalized data closed loop does not depend on the OTA upgrades.

In the ANP model of this study, there are 5 clusters (C;—Cs). The cluster C; contains
n; elements, denoted as Ej;, Ejp, ..., Ein,- The total number of elements in the system is
n = 14. All judgment matrices are constructed using the 1-9 scale method of ANP and
have passed the consistency test (consistency ratio <0.1).

As shown in Equation (1), the unweighted supermatrix is a 14 X 14 block matrix
whose core function is to characterize the direct influence relationships between elements.

[Wll Wlsl
w=|: -~ 1)
Wsi - Wss

The submatrix W;; represents the direct influence weights of elements in the cluster
C; on elements in the cluster C;. Columns of the matrix represent influencing elements,
and rows represent influenced elements.

To construct the submatrix W;;, taking the element Ej; in C; as a decision sub-cri-

jr
terion, a pairwise importance comparison is performed on all n; elements in (;, and an
n;-order reciprocal judgment matrix is constructed as Equation (2):

@)

a1 Qi
Aijk = | :

anil e anini

It satisfies reciprocity: a,, = ai, and diagonal elements a,, = 1.
qp
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The normalized principal eigenvector of the judgment matrix is solved by the eigen-
value method, whose components are the local priorities of each element in C; under the
criterion Ej, satisfying:

Qijk " Wijk = Amax,ijic " Wijik 3)

Amax,iji is the maximum eigenvalue of the judgment matrix a; .
As shown in Equation (4), the local weight vectors corresponding to all elements in
C; are sequentially used as column vectors to form the submatrix W;;.

Wij = [ Wijl WijZ W”n} ] (4)

The unweighted supermatrix only reflects direct influences between elements. Each
submatrix W;; has column sums equal to 1, but the column sums of the entire superma-
trix are not necessarily 1. It does not satisfy column stochasticity and thus cannot be di-
rectly used for limit iteration calculations.

The weighted supermatrix corrects the unweighted supermatrix via column normal-
ization. Its core is to introduce cluster weights and transform the unweighted supermatrix
into a column stochastic matrix (the sum of elements in each column equals 1), providing
the mathematical foundation of a Markov chain for subsequent limit operations.

Taking the overall goal of the control layer as the criterion, a pairwise importance
comparison is conducted among the 5 clusters, and a 5-order judgment matrix is con-
structed. The cluster weight matrix is obtained by solving via the eigenvalue method:
A.11 . A 15

A= ©)

Asy v Ass
where 4;; is the importance weight of cluster C; relative to C;, satisfying the column nor-
malization condition.

Each block of the weighted supermatrix is obtained by multiplying the cluster weight
with the corresponding block of the unweighted supermatrix element-wise. The overall
formula is:

Wy = Ay X W (6)
The weighted supermatrix is a column stochastic matrix, with the sum of elements in
any column equal to 1. It is essentially the one-step transition probability matrix of a Mar-
kov chain, where each entry represents the one-step dominance between elements. The
core of the limit supermatrix is to eliminate cyclic dependencies and indirect feedback
effects in the network structure by solving the steady state of the Markov chain, thus ob-
taining the global final priority weights of all elements.
The limit supermatrix is the limit of the weighted supermatrix raised to the infinite
power, mathematically defined as:
we = Jin 7 0
where W' is the k-th power of the weighted supermatrix, representing the k-order indi-
rect influence relationships between elements. The limit matrix has identical columns, and
this common column vector is the global limit weight of all elements. Its components cor-
respond to the final priorities of each element with respect to the overall goal.

4.3. Weight Results and Analysis

After calculation, the cluster weight matrix and the unweighted supermatrix of the
ANP model in this study are presented as follows:
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0.08 0.28 0.13 0.40 0.00
0.55 0.09 0.34 0.40 0.67
A=10.00 047 0.13 0.00 0.33 (8)
0.23 0.00 0.06 0.00 0.00
0.14 0.16 034 0.20 0.00

0 1 0 025 1 0 0 025 0 075 0 0 0 0 7
0 0 0 075 0 075 0 o o o0 o0 0 0 O

0 0 0 0 0 025 0 075 0 025 1 0 O O

0 075 023 0 02 075 067 0O O O O 1 0 075
0 0 0 05 0 025 0 064 0 075 0 0 0 O

0 025 012 05 02 O 033 01 O O O O O 0.25
0 0 065 0 06 O 0 026 0 025 0 0 0 O )
0 0 0 0 0 0 0 o 1 0 00 0 O

0 0 0 1 0 1 0 o o0 o0 01 0 1

1 1 0 0 0 0 0 o o o0 00 0 O

0 0 1 0 0 0 0 1 0 0 O0 0 0 O

0 0 1 0 0 075 1 0O 0 083 0 0 0 O

0 0 0 0 0 0 0 08 0 017 0 0 0 O
0 1 0 1 1 025 0 017 0 O O O O O -

A characterizes the relative importance of the five first-level indicator clusters (C;—

Cs) to each other. Its derivation follows four precise steps:

Step 1: count the number of functional features related to secondary indicatorsin C;—
Cs, respectively.

Step 2: convert the ratio of the number of functional features to the standard 1-9 ANP
comparison scale.

Step 3: calibrate the initial scale matrix to correct for statistical biases caused by in-
complete data for niche functions.

Step 4: solve the maximum eigenvalue of the calibration judgment matrix, extract the
corresponding eigenvector, and complete the column normalization.

W’s derivation extends the cluster-level method to the element (second-level indica-

tor) level:

Step 1: construct a fine-grained functional invocation graph for all functional features
and aggregate these dependencies to the 14 second-level indicators. For each pair of
indicators Ej, (in ;) and E; (in (;), evaluate the coupling depth based on the ag-
gregation degree of the dependent nodes and the length and strength of the depend-
ent path.

Step 2: for each sub-criterion Ejk, build a pairwise comparison judgment matrix for
all elements in C; using the 1-9 scale, where the scale value is determined by the
coupling depth.

Step 3: solve the eigenvector of each element-level judgment matrix to obtain the local
priority of each element, which forms the column vector of the corresponding sub-
block W;;.

The final priority weights of each element are directly extracted from any column of

the limit supermatrix (all columns are identical). After splitting by element clusters, both

the relative weights within each cluster and the global weights of the elements can be

obtained simultaneously, as shown in Table 2.

Table 2. Indicator weight calculation result.

First-Level Indicator Weight Second-Level Indicator Weight
In-cabin perception 0.09
User personalization adaptation 0.18 Personalized driving control 0.04
Richness of connected ecosystem 0.05
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Driving safety 0.12

Vehicle differentiation adaptation 0.29 MultlTnf)dal interaction 0.07
Riding comfort 0.05

V2X diversity 0.05

Common iterative evolution 0.23 Scenario expansion 0.12
Vehicle-road coordination 0.11

Personalized iterative evolution 0.12 Personalized data closed loop 0.10
OTA upgrade 0.02

Driving takeover 0.07

Full-cycle convenience 0.18 Unmanned operation 0.05
Automated execution 0.06

Interpret the ANP weighting results from the perspective of symmetric and asym-
metric gain mechanisms. Indicators with the highest weights are generally the core de-
pended-upon parties in asymmetric interactions. Indicator pairs with strong symmetric
interactions exhibit similar levels of systemic importance. Most indicators with lower
weights are the one-way dependent parties.

The overall weight distribution of the first-level indicators is relatively balanced,
ranging from 0.12 to 0.29. This indicates that all five dimensions are essential components
of UX for intelligent vehicles, and none can be neglected.

Among the first-level indicators, Vehicle differentiation adaptation accounts for the
highest weight (0.29), suggesting that the differentiated software and hardware configu-
rations on the vehicle side still serve as the fundamental support for UX. They determine
the vehicle’s safety assurance, comfort level, human-vehicle interaction capability, and
connectivity capability and constitute the underlying foundation for scenario adaptation,
personalized services, and automated execution. This aligns with the development trend
of intelligent vehicles featuring “upgraded mobility attributes and expanded space attrib-
utes” [31].

The weight of Common iterative evolution (0.23) is significantly higher than that of
Personalized iterative evolution (0.12). This implies that industry-wide, highly perceiva-
ble functional upgrades (common dividends) deserve more attention than the long-term
self-adaptation of individual functions. In the ANP network model, this difference is re-
flected in the stronger supporting role of common scenario expansion and data accumu-
lation for other functional features.

Among the second-level indicators, Driving safety and Scenario expansion rank the
highest in weight (both 0.12). This shows that the core factors influencing intelligent vehi-
cle UX are, on the premise of ensuring safety, creating richer personalized, and intelligent
scenario experiences for users. Safety represents the bottom line of UX, while scenario
innovation defines its upper limit. The next important second-level indicators are Vehicle-
road coordination (0.11) and Personalized data closed loop (0.10), indicating that the UX
upgrading of intelligent vehicles highly relies on the support of connectivity. Vehicle-road
coordination serves as the core data source for common iteration, and a Personalized data
closed loop is the cornerstone of personalized evolution. This reveals the essence of multi-
agent collaboration—data flow acts as the blood for the coordination among various
agents. It also verifies the necessity of the technical route of “individual vehicle intelli-
gence plus connectivity empowerment” in improving UX [32].

5. Comprehensive Evaluation of UX Based on Coupling Coordination
5.1. Evaluation Methods of Secondary Indicators

For the 14 secondary indicators, this study has designed corresponding evaluation
methods or submodels for each indicator. Potential synergistic gain effects exist among
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indicators, and this study distinguishes between strong gain and weak gain based on the
technical collaborative mechanism, impact scope, and effect depth described by underly-
ing database-supported collaborative functional features. Strong gain arises from cross-
agent data or feature fusion, rather than one-way instruction triggering or function invo-
cation. It generates new functionalities that cannot be independently realized by any sin-
gle agent. Furthermore, it must affect no fewer than two secondary indicators or span
multiple primary UX dimensions, resulting in systematic improvement. In addition, com-
pared with the highest score achieved by individual agents acting separately, the strong
gain must produce an increase of at least 10% in the target indicator score. Strong gains
are directly reflected in the submodels or raw data; weak gains have already been incor-
porated into indicator weight allocation through the ANP network analysis. All indicator
values are appropriately normalized to fall within the interval (0, 1).

5.1.1. In-Cabin Perception

This study uses the two-dimensional “perception—cognition” functional grading
evaluation model to assess In-cabin perception (E;;) [12]. The perception dimension
mainly considers the coverage range of the CP agent in sensing the in-cabin environment,
occupant status, and equipment status. The cognition dimension primarily evaluates the
intelligent processing depth of the CP agent over perceived data. The formula for the com-
prehensive index of in-cabin perception capability is as follows:

P = Scoverage X Ccognition (10)

where Scyyerage denotes perception coverage and Ceognition denotes the cognitive under-
standing depth coefficient. Their respective values are presented in Table 3.

Table 3. In-cabin perception evaluation value.

Agent

Scoverage

Value Description Ccognition Value Description

CP-1

CP-2

CP-3

20

35

Covers three core data types: occupant status, basic en-
vironment, and equipment status, with three groups of 0.3 Descriptive cognition
basic parameters for each type
Adds two core data types: occupant emotion and occu-
pant biometrics, with four groups of basic parameters 0.7 Interpretative cognition
for each type
Adds two more core data types: in-depth occupant

physiological features and occupant behavior trajecto- 1.0 Inferential cognition
ries, with five groups of basic parameters for each type

5.1.2. Personalized Driving Control

This study adopts a functional grading evaluation method to assess Personalized
driving control (E,,), whose core measure is a composite function of the number of ad-
justable dimensions, degrees of adjustment freedom, and adaptive level [33]. The specific
formula is constructed in exponential form to reflect the nonlinear gain brought by multi-
dimensional collaboration:

PDC = (D x F)t (11)

where D is the number of adjustable dimensions, F is the degree of adjustment freedom
in each dimension, and L is the adaptive level coefficient. The three parameters are cali-
brated based on the underlying database and the Technology Roadmap for Intelligent Chassis
of Electric Vehicles:
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e V(-1 typically provides three driving modes: Sport, Comfort, and Economy. Steer-
ing, braking, and shifting characteristics differ across modes, but all use fixed-param-
eter control. Corresponding values: D = 3,F = 3,L = 1;

e V(-2 supports manual personalized parameter adjustment by the driver. Adjustable
dimensions include steering effort, brake pedal feel, acceleration response, torque
output, energy recovery intensity, and shifting logic, with continuous stepless adjust-
ment for each dimension. Corresponding values: D = 6, F = 10,L = 1.2;

e  VC-3 supports fully automatic adaptive adjustment based on driver preferences. On
the basis of VC-2, it adds steering return characteristics, braking force distribution,
regeneration intervention timing, and suspension damping. All dimensions support
dynamic stepless adjustment. Corresponding values: D = 10,F = 10,L = 1.5.

5.1.3. Richness of Connected Ecosystem

The core measure of the Richness of connected ecosystems (E;3) is the cross-border
scope of the ecosystem and the number of associated participant categories [34], with the
specific formula as follows:

RCE = S¢ross X Nparticipant (12)

where S,,.,ss represents the cross-border scope of the ecosystem, reflecting its ability to
span service scenarios, and Npgrticipane Te€presents the number of associated participant
categories, characterizing the diversity of ecosystem stakeholders:

e  JoT-1 mainly targets in-vehicle services for automotive mobility, with core partners,
including automotive software suppliers and third-party APP suppliers. The values
of Seross and Npgreicipane are 1and 2, respectively.

e IoT-2 connects in-vehicle, home, and office service ecosystems through connectivity,
adding consumer electronics manufacturers and smart home enterprises as core part-
ners. The values of S,,5s and Npgrticipant are 3 and 4, respectively.

e  IoT-3 further integrates service ecosystems of intelligent transportation, smart en-
ergy, and smart cities, adding transportation authorities, energy service providers,
and urban management departments as core partners. The values of S, and

Nparticipant are 6 and 7, respectively.

5.1.4. Driving Safety

This study adopts the multi-sensor coupling-based collision avoidance effectiveness
evaluation model proposed by the research team in Reference [35] to assess Driving safety
(E31), with the specific formula given in Equation (13):

13 Nx i
CAE grop = 1 — 1_[ (1—CAE;) (13)

j=1
where CAEjy 4,0y, represents the collision avoidance effectiveness of multi-sensor unit
combinations for accident type k, while CAE) ; denotes the collision avoidance effective-
ness of a single sensor unit j for accident type k, with x; being the quantity of sensor
unit j. The sensor units in the model cover not only on-board sensors but also roadside
sensors and V2V technology, thereby incorporating the strong gain effect of Vehicle-road
coordination (E3,) on Driving safety (E,,) into the evaluation.

5.1.5. Multimodal Interaction

For Multimodal interaction (E,;), this study establishes an evaluation framework
based on the interactive information entropy coupling model [36], covering five modali-
ties: vision, audition, touch, olfaction, and somatosensation. Information entropy theory
is adopted to quantify the information-carrying capacity and interaction efficiency of each
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modality. For a single modality i, its interactive information entropy is defined by the
binary Shannon entropy formula:

H(X;) = W; x [-P;log, P, — (1 — P;) log,(1 — P;)] (14)

where P; denotes the effective transmission probability of the signal of modality i, and
W; is the weight coefficient of the signal of modality i. The values of P; for different lev-
els of CP agent and W; are listed in Table 4.

Table 4. Effective transmission probability and weight of different interactive modalities.

Modality P; (CP-1) P; (CP-2) P; (CP-3) W;
Vision (i = 1) 0.75 0.90 0.98 0.30
Audition (i = 2) 0.85 0.95 0.98 0.25
Touch (i = 3) 0.80 0.90 0.95 0.20
Somatosensation (i = 4) 0.60 0.80 0.90 0.15
Olfaction (i = 5) 0.60 0.80 0.90 0.10

The comprehensive evaluation of Multimodal interaction (E,,) must account for the
inter-modality coupling effect. When multiple modalities operate collaboratively, the
overall interaction efficiency of the system is not a simple linear superposition but exhibits
a nonlinear gain. The formula for the multimodal joint interactive entropy is given as fol-

H(Xy, X0, X3, X4, Xs) = Z H(X;) — Z TR /H(Xl-) x H(X;) (15)

where 7;; is the correlation coefficient between modality i and modality j. It character-

lows:

izes the redundancy of information transmitted by the two modalities under the premise
of effective information delivery. The closer 7;; is to 0, the more distinct the effective in-
formation carriers of the two modalities are, the more complementary their dimensions
are, and the less redundant they are, resulting in a more significant entropy reduction
effect after fusion. The values of 7;; are shown in Table 5.

Table 5. Correlation coefficient between different interactive modalities.

Ty Value Tij Value
T2 0.1 o 0.3
13 0.2 Tys5 0.3
T4 0.3 T34 0.2
s 0.3 T35 0.2
Ty3 0.2 Tys 0.3

5.1.6. Riding Comfort
This study characterizes Riding comfort (E,3) by the vehicle’s ability to suppress lat-

eral, longitudinal, and vertical vibrations and impacts under different road conditions
[37]. A weighted product model for three directions (lateral-longitudinal—vertical) is es-
tablished, which comprehensively considers the independent effects and synergistic ef-
fects of brake-by-wire (X-direction), steer-by-wire (Y-direction), and suspension-by-wire
(Z-direction). The specific formula is as follows:
Comfort =1+ X)"*x (1 +Y)"" x (1 +2Z)"=
X[+ XA+ )]y x [(1+X)(A+ 2] x [(1+ Y)(1 + Z)]YW»= (16)

X[A+X)A+ YA+ 2)]%xvz — 1
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where X, Y, and Z represent the optimization effects of the independent control in the
three directions, respectively. The six weighting factors denote the contribution ratios of
the three independent effects and four types of synergistic effects to overall comfort im-
provement, determined by expert scoring.

a, B, y,and & are the gain coefficients of the cross-direction synergistic terms. Due
to the inherent complexity of human subjective vibration perception and the nonlinear
coupling between vehicle chassis subsystems, these coefficients cannot be derived purely
from analytical mechanics. The industry generally adopts the method of experimental test
calibration combined with expert consensus to determine such synergistic gain coeffi-
cients. In this study, firstly, about 10 studies on integrated chassis control in the past five
years are systematically reviewed, and it is found that the typical range of similar cross-
direction synergistic gain coefficients is [0.8, 1.5]. Then, according to the fully recorded
physiological characteristics of human vibration perception, the relative size of the coeffi-
cient is determined: the human body is the most sensitive to vertical vibration, followed
by longitudinal vibration, and the least sensitive to lateral vibration. Therefore, the verti-
cal-vertical synergistic gain (y) and the three-dimensional synergistic gain (&) are assigned
higher values, while the horizontal-vertical synergistic gain () is given the lowest value.
Finally, by consulting three senior automobile chassis engineers with more than five years
of experience in ride comfort adjustment, the specific valuesof a =1.1, p =1.0, y=1.3, and
0 =1.4 are determined.

5.1.7. V2X Diversity

The V2X diversity (E,,) is evaluated using the weighted product method, which com-
prehensively considers three dimensions: connected categories, connection depth, and
connection breadth [38]:

. . w
Dwerszty = (Ccategory)wc X (Ddepth) ¢ X (Bbreadth)wb (17)

where Ceqregory 1S the number of connected categories, Dgepn is the connection depth
level, and Bypeaqrn iS the connection breadth. The weights of the three dimensions are 0.4,
0.3, and 0.3, respectively. Each dimension is rated on a 0-10 scale:

e  IoT-1 mainly connects other vehicles and mobile phones, supporting one-way broad-
casting and simple data reading, with coverage limited to the vehicle side and short-
range local area network. The values of Ccategory, Ddepths @Nd Bpreagtn are 2, 2, and
2, respectively;

e IoT-2 adds smart home appliances, office equipment, wearable devices, and trans-
portation infrastructure as connected categories, supporting two-way information in-
teraction and limited control over individual devices, with coverage extended to me-
dium-range areas. The values of Ccaegory, Ddepths and Byreadarn are 6, 6, and 6, re-
spectively;

e  IoT-3 further adds smart buildings, public service terminals, drones, and robots, sup-
porting autonomous linkage and multi-device cooperative control with no distance
restriction. The values of Ccategory, Ddepth, and Bpreagrn are 10, 10, and 10, respec-
tively.

5.1.8. Scenario Expansion

The core measure of Scenario expansion (Es;) is the number of customizable scenar-
ios supported. This study collected the development status and planning of intelligent
vehicle scenario libraries from multiple OEMs:

e  CP-1 typically supports only 15-25 fragmented preset scenarios;

https://doi.org/10.3390/sym18050722


https://doi.org/10.3390/sym18050722

Symmetry 2026, 18, 722

20 of 31

e  (CP-2 supports user-customized scenarios, with the scenario library expandable to
over 200;

° CP-3 enables more flexible, seamless cross-domain scenarios, with the scenario li-
brary theoretically expandable to over 1000.

Therefore, this study sets the baseline scenario counts for CP-1/2/3 agents as 20, 200,
and 1000, respectively [12]. The final result is logarithmically processed to smooth magni-
tude differences.

5.1.9. Vehicle-Road Coordination

The core measure of Vehicle-road coordination (E;,) is the scale of real-time vehicle-
road interactive data. The baseline data interaction rates for IoT-1/2/3 agents are 10 Mbps,
500 Mbps, and 1000 Mbps, respectively [18], which satisfy the requirements of basic infor-
mation interaction, cooperative perception, and cooperative decision-making [39]. The fi-
nal result is logarithmically processed to smooth the magnitude differences.

5.1.10. Personalized Data Closed Loop

The core measure of a Personalized data closed loop (E,) is the annual effective data
upload volume per vehicle. The baseline data closed-loop scales for IoT-1/2/3 agents are
10 TB/year, 200 TB/year, and 1000 TB/year, respectively, corresponding to the require-
ments of a small-scale local offline closed loop, a large-scale multi-source real-time closed
loop, and a city-wide full-domain data closed loop [39]. The final result is logarithmically
processed to smooth magnitude differences.

5.1.11. OTA Upgrade

The core measure of OTA upgrade (E,;) is the OTA update frequency and demand
responsiveness, covering three types: data OTA (DOTA), software OTA (SOTA), and firm-
ware OTA (FOTA):

Uora = () WeF) X Raemand 18)

where F, is the annual average update frequency of the t-th OTA type, and Ryemana iS
the demand response coefficient, whose values are shown in the Table 6. The weights for
DOTA, SOTA, and FOTA are set according to user perception intensity as 0.4, 0.5, and 0.1,
respectively.

Table 6. Update the frequency and demand response coefficients of different levels of IoT agents.

Agent Fpora Fsora Frora Raemand
IoT-1 24/year 4/year 1/year 0.2
IoT-2 48/year 16/year 4/year 0.5
IoT-3 120/year 36/year 12/year 1.0

5.1.12. Driving Takeover
The Driving takeover (Es,) reflects the extent to which the AD agent replaces human
driving tasks. Its calculation formula is as follows:

Takeover = Rsystem X Lattention (19)

where Rgysem represents the ratio of system-driven mileage to total driving mileage. This
study obtained first-hand data from three leading autonomous driving companies in the
industry, with values of 40%, 70%, and 100% for AD-1/2/3, respectively. Lgttention repre-
sents the driver attention liberation coefficient of the system, which quantifies the extent
to which the AD agent reduces the driver’s workload and frees their attention from core
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driving tasks. The NASA-TLX scale is a globally recognized standardized tool for subjec-
tive workload assessment, covering six dimensions: mental demand, physical demand,
temporal demand, performance, effort, and frustration [40]. Each dimension is scored on
a continuous 0-100 scale through structured driver interviews. The group standard Meas-
urement Method of Driver Workload for Autonomous Vehicles in Autonomous Transportation
Systems issued by the China Intelligent Transportation Industry Alliance further supple-
ments this framework with objective physiological measurement methods, including eye-
tracking (fixation duration, saccade frequency), electrocardiogram (heart rate variability),
and respiratory signal monitoring [41]. Based on the comprehensive evaluation scores
from this integrated framework, driver workload can be classified into three distinct levels,
which directly correspond to the operational characteristics of different AD levels:

e High workload (>60 points): the driver bears full responsibility for all driving tasks
and must maintain continuous visual and manual attention. This matches the opera-
tional requirements of AD-1 level systems, where drivers are required to keep hands
on the steering wheel at all times.

e  Medium workload (30-60 points): the system handles most dynamic driving tasks,
but the driver must remain in the loop and respond to takeover requests within 3-5
s. This corresponds to AD-2 level systems, which allow eyes-off operation under spe-
cific conditions.

e Low workload (0-30 points): the system handles all driving tasks within its ODD,
and the driver only needs to monitor the system status occasionally. This aligns with
AD-3 level systems, which permit drivers to disengage their full attention from the
road for extended periods.

The inverse relationship between workload threshold and attention liberation is nor-
malized to a 0-1 grade, with the values of AD-1/2/3 being 0.4, 0.7, and 1.0, respectively.

5.1.13. Unmanned Operation

The core measure of Unmanned operation (Es,) is the average daily driver time
saved. This study considers six types of unmanned operation scenarios: unmanned park-
ing/summoning, unmanned remote vehicle relocation, in-campus pickup/delivery of
small items, cross-region object retrieval, cross-region passenger pickup, and autonomous
refueling/charging. The average daily time saved is calculated based on the time saved
per scenario and the daily frequency:

e AD-1 only supports automatic parking and summoning near parking spaces, with a
daily time saving of 6 min;

e AD-2 supports unmanned summoning and valet parking within its ODD, with a
daily time saving of 9 min;

e  AD-3 supports all unmanned operation scenarios, with a daily time saving of 27 min.

5.1.14. Automated Execution

The core measure of Automated execution (Es3) is the number of atomic services sup-
porting automated execution after vehicle hardware abstraction. According to the agent
classification and hardware configurations:

e V(-1 includes 22 atomic services in the powertrain domain plus 28 atomic services
in the body domain (excluding steer-by-wire suspension);

e V(-2 adds 12 atomic services for brake-by-wire and 10 atomic services for steer-by-
wire on the basis of VC-1;

e  VC-3 further adds 8 atomic services for steer-by-wire suspension on the basis of VC-
2.
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5.2. Evaluation Results of Secondary Indicators

After quantitative evaluation and normalization of the secondary indicators led by
different agents, the core evaluation results are shown in Figure 6.
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Figure 6. (a) Evaluation results of secondary indicators led by AD agent; (b) evaluation results of
secondary indicators led by CP agent; (c) evaluation results of secondary indicators led by VC agent;

(d) evaluation results of secondary indicators led by IoT agent.

With the improvement of agent levels, the performance of all secondary indicators
shows a significant upward trend, and the improvement ranges differ noticeably across
levels. Among them, indicators such as Driving takeover (Es,), Unmanned operation (Es;),
In-cabin perception (E1,), Richness of connected ecosystem (E;3), and OTA upgrade (E,,)
show the largest improvement from Level 2 to Level 3, reflecting the core UX gains
brought by high-order agents. In contrast, indicators, including Multimodal interaction
(E32) and Riding comfort (E,3) achieve most of their improvement from Level 1 to Level
2, with marginal gains diminishing from Level 2 to Level 3.

By stripping out the gain effects of multi-agent collaboration, the contribution of the
four types of agents to UX at different development stages is analyzed separately.

For low-level agents, the ranking is CP > IoT > VC > AD, which is consistent with
current industry practices:

e (P agent presents a “low-hanging fruit” effect: CP-1 interactive functions are highly
mature and directly reach users’ visual and auditory senses, enabling users to quickly
perceive intelligence [42].
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AD agent faces a UX trap: AD-1 remains driver-dominated, and frequent system in-
terventions often disrupt the driving rhythm, providing little convenience and po-
tentially increasing driving workload [43].

VC agent has hidden attributes: although VC-1 achieves preliminary by-wire control,
its core value lies in improved underlying execution precision. Such implicit techno-
logical progress is difficult for ordinary users to directly perceive, resulting in limited
UX gains [44].

For mid-level agents, the ranking shifts to IoT > CP > VC > AD, mainly due to:

IoT agent unleashes a multiplier effect: IoT-2 evolves beyond a mere communication
channel to become a key hub for synergy between the vehicle and external digital
ecosystems, rapidly boosting scores for V2X diversity (E,,), Vehicle-road coordina-
tion (E3;), and personalized data closed loops.

AD agent falls into an “uncanny valley” dilemma: AD-2 represents an awkward tran-
sitional stage, with Driving takeover (Esq) of 0.49. Frequent switching between ma-
chine-dominated and human-dominated modes causes high mental stress, so UX
gains remain limited [45].

For high-level agents, the ranking becomes IoT > CP > AD > VC, mainly because:

IoT agent acts as digital infrastructure: IoT-3 connectivity is deeply integrated into
the vehicle foundation similar to utilities. Users no longer consciously perceive being
connected, yet all advanced UX relies on it.

AD agent achieves qualitative transformation: AD-3 reaches full marks in both Driv-
ing takeover (Es,) and Unmanned operation (Es,). It truly evolves from an auxiliary
tool to an independent driver, delivering a leap in UX.

VC agent hits a UX ceiling: although VC-3 achieves ultimate three-dimensional coor-
dinated control in three directions, physical comfort has a physiological perception
limit. Once VC-2 eliminates basic jerks and vibrations, further improvements from
VC-3 become barely noticeable to users [46].

5.3. Comprehensive Index Evaluation of UX

The results in Section 5.2 correspond to the secondary indicators realized under the

dominance of a single agent only. However, for the comprehensive UX index, the impacts

of the following two aspects must be further considered.

On the one hand is the gain in effect on secondary indicators brought by multi-agent

collaboration. This study mainly considers the following strong gains:

When the IoT agent supports roadside cooperative perception (IoT-2/3), the elimina-
tion of perception blind spots, combined with the decision-making and planning ca-
pability of AD-3, significantly improves Driving safety (E,,) [47].

When the IoT agent supports roadside cooperative perception (I0T-2/3), more refined
road condition perception information, combined with the adaptive adjustment ca-
pability of VC-2/3, substantially enhances Riding comfort (E,3) [48].

When the IoT agent enables large-scale connection to external devices and the con-
nected ecosystem (IoT-2/3), combined with the intelligence level of CP-2/3, Scenario
expansion (E;q) is greatly improved —for example, convenient services featuring
cross-ecosystem integration and cross-device collaboration [49].

When the AD agent supports unmanned operation (AD-3), combined with the intel-
ligence level of CP-2/3, Scenario expansion (E3q) is remarkably promoted, such as
new business models carried by unmanned mobile spaces [50].

On the other hand is the coupling coordination effect of primary indicators, meaning

that multi-dimensional collaborative development is required to maximize the overall UX.
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This study uses the coupling coordination degree of the five primary indicators to charac-
terize the comprehensive UX index, with the specific formula as follows:
I, G 5
C= (. C)/5F T—;Wi*ci, D=VC=T (20)
where C, T,and D represent the coupling degree, coordination degree, and coupling co-
ordination degree, respectively.

Taking the state where all four types of agents are at Level 0 as the starting point, this
study assumes an agent evolution step size of 1 (i.e., the OEM chooses one type of agent
to upgrade by one level in each evolution). Based on the dynamic programming algorithm,
the optimal collaborative evolution path for UX is obtained, as shown in Figure 7. The
specific results of each primary indicator are presented in Table 7.

~
o

| [/

—_—AD —CP -_VC —I0T

]

Figure 7. Multi-agent cooperative evolution path with optimal UX.

Table 7. Evaluation results of each node on the optimal path.

Step AD CP VC ToT C: C, Cs C, Cs c T D
1 0 1 0 0 004 019 017 000 000 000 010 0.0
2 0 1 0 1 005 023 032 028 000 000 018 0.0
3 0 1 1 1 013 030 032 028 021 095 026 049
4 1 1 1 1 013 044 032 028 033 093 032 054
5 1 2 1 1 029 046 046 028 033 098 038 061
6 1 2 1 2 035 053 076 068 033 095 053 071
7 1 2 2 2 044 060 076 068 042 097 059 075
8 2 2 2 2 044 065 076 068 058 098 063 079
9 3 2 2 2 044 087 080 068 097 097 077 086
10 3 2 2 3 064 093 085 100 097 099 088 093
11 3 3 2 3 094 095 100 100 097 100 097 098
12 3 3 3 3 100 097 100 100 100 100 099  1.00

Along the optimal path, the evolution of multi-agent collaboration generally exhibits
a characteristic of alternating upgrades. Prioritizing any single agent to its highest level
alone does not yield the optimal UX. With the alternating upgrades of the four types of
agents, the comprehensive UX index shows a continuous upward trend, and the coupling
degree remains above 0.9 (except for the first two steps), indicating a strong interaction
and interdependence among the five UX dimensions along this path. This fully demon-
strates that multiple agents in intelligent vehicles are mutually dependent and mutually
restrictive, and only coordinated development can deliver the best UX. From the perspec-
tive of symmetry theory, the core logic of the optimal evolution path is to maintain dy-
namic system symmetry through alternating upgrades, avoiding severe symmetry break-
ing caused by the advanced development of a single agent.

https://doi.org/10.3390/sym18050722


https://doi.org/10.3390/sym18050722

Symmetry 2026, 18, 722

25 of 31

From the perspective of specific evolution steps: the stages from 0 to 1 and 1 to 2
follow the sequence CP — IoT — VC — AD. This shows that CP agent and IoT agent
generate the most significant UX increments in these two stages. They enable rapid de-
ployment of user-perceivable functional value, achieving fast UX improvement. The stage
from 2 to 3 follows the sequence AD — IoT — CP — VC, indicating that the importance
of autonomous driving becomes prominent at this stage. There are two key differences
from the single-agent evolution results in Section 5.2:

* Inthel to 2 stage: in the optimal collaborative path, the VC agent is upgraded before
the AD agent. This reveals that VC-2 serves as a prerequisite for AD-2 in the multi-
agent network. The limited autonomous driving capability of AD-2 in complex sce-
narios highly relies on the lateral and longitudinal cooperative control capability of
VC-2. The collaborative functions such as dynamic body height adjustment and
multi-sensor fusion control deliver additional UX gains.

* In the 2 to 3 stage: the evolution order of AD is prioritized to the first position. This
is because, with IoT already supporting roadside cooperative perception, upgrading
from AD-2 to AD-3 leads to a substantial improvement in Driving safety (E,;). The
UX gain achieved through multi-agent collaboration far exceeds that of upgrading
the AD agent alone.

6. Conclusions

Aiming at the UX evaluation of intelligent vehicles under multi-agent collaboration,
this study constructs a scientific and feasible quantitative evaluation system, reveals the
UX mechanism of multi-agent collaboration in intelligent vehicles, and proposes an opti-
mal multi-agent collaborative evolution path for UX. The main conclusions are as follows:

First, based on four types of automotive agents (AD, CP, VC, and IoT) and five di-
mensions: User personalization adaptation, Vehicle differentiation adaptation, Common
iterative evolution, Personalized iterative evolution, and Full-cycle convenience, this
study sorts out and refines 14 secondary indicators and proposes corresponding quanti-
tative evaluation methods. The indicator system covers the core elements of intelligent
vehicle UX and can effectively characterize the comprehensive effect brought by multi-
agent collaboration.

Second, combining ANP and coupling coordination theory, this study breaks
through the limitations of traditional linear weighted evaluation methods and realizes the
quantitative characterization of interdependent and synergistic gain relationships among
multiple agents. The ANP method effectively solves the problem of mutual influence and
interdependence between indicators, and the coupling coordination theory effectively ad-
dresses the evaluation challenges of synergistic emergence and coordinated balance
among multi-dimensional systems.

Third, the excellence of a single dimension of UX does not equal excellent overall UX.
The optimal evolution path of multi-agent collaboration generally features alternating up-
grades, and only coordinated upgrading of multiple agents can achieve balanced devel-
opment of the five dimensions of UX.

Based on the above conclusions, this study provides the following implications for
OEMs’ product development and technology advancement:

*  Break down technical barriers among functional domains and build a cross-domain
collaborative R&D system. OEMs should abandon the traditional domain-isolated
development model, establish collaborative R&D teams covering intelligent driving,
cockpit, vehicle control, and connectivity, open up cross-domain data and functional
interfaces, tackle key technologies for multi-agent cross-domain collaboration, and
fully release the UX gains.
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*  Adhere to the product development philosophy of safety as the foundation and sce-
narios as the core. Driving safety is the bottom line of intelligent vehicle UX. OEMs
should always prioritize driving safety in technical R&D to build a solid safety bar-
rier for intelligent driving, vehicle control, and connectivity. Meanwhile, focusing on
user demands, OEMs should strengthen scenario expansion capabilities and create
scenario-based UX covering the full vehicle lifecycle.

*  Rationally plan the multi-agent collaborative evolution path and accurately allocate
R&D resources. From the UX perspective, OEMs should prioritize R&D investment
in CP and IoT agents in the early stage to quickly implement user-perceptible func-
tions; in the medium term, strengthen the by-wire chassis technology of VC agents
to consolidate the execution foundation for the upgrading of AD agents; and in the
later stage, focus on the in-depth integration of AD and IoT agents to tackle urban-
level autonomous driving and vehicle-road-cloud integration.

This study still has certain limitations. First, as a forward-looking evaluation research
oriented to multi-agent collaboration of AIDV, there is a lack of complete real-vehicle ver-
ification and large-scale user subjective rating comparison, which is an inherent limitation
of this type of multi-criteria evaluation research. In the future, we will combine real-vehi-
cle tests of mass-produced models with large-scale user subjective evaluation data to fur-
ther optimize and verify the evaluation model. Second, this study only evaluates UX un-
der different agent combinations without considering the impact of vehicle architecture
platforms and system integration on overall cost. Future research can combine cost factors
to construct a comprehensive UX-cost decision-making framework.
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Abbreviations

The following abbreviations are used in this manuscript:

UX User experience

OTA Over-the-air

AIDV Al-defined vehicle

OEM Original equipment manufacturer
R&D Research and development
AHP Analytic hierarchy process
ANP Analytic network process
AD Automated driving

cp Cockpit

vC Vehicle control

IoT Internet of things
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ODD Operational design domain
v2v Vehicle-to-vehicle

V2I Vehicle-to-infrastructure
V2X Vehicle to everything
DOTA Data over-the-air

SOTA Software over-the-air
FOTA Firmware over-the-air
Appendix A

Table Al. Functional features realized by AD-CP collaboration.

Agent AD-1 AD-2 AD-3
Coupled basic safety warn-
ings . e . o
. _ Scenario-specific interaction ¢  Full-autonomous driving in-
Interaction sensitivity . . .
CP-1 adapted to drivine condi- adaptation teraction adaptation
t'onI; & Enhanced takeover request ¢  In-cabin environment linked
i
. alerts with driving environment
Driving style matched to
driver status
Scenario-based interaction Seamless takeover scenario . .
. .\ Advanced cockpit experi-
adaptation transition ..
. . . . . . ence based on driving sce-
Driver emotion—driving Personalized intelligent )
CP-2 . .. . narios
style linkage driving adaptation Drivine stratesies adapted
Multimodal interaction for Cross-scenario linked ser- & & p
.. . to passenger status
driving control vices
Emergency collaboration for
hysiological abnormalities . . *  Full-scenario collaboration
Py gica . . Intention prediction and ad- . .
Contactless intelligent driv- . .. without a driver
Cp-3 . vance adaptation of driving .
ing control . Demand-prediction-based
.. . strategies . ~
Cross-scenario interaction driving services
adaptation
Table A2. Functional features realized by AD-VC collaboration.
Agent AD-1 AD-2 AD-3
Basic driving assistance exe- Precise execution in limited
cution scenarios
Vel Smooth control in car-fol- Smooth control during the *  Basic execution of fully au-
lowing scenarios takeover transition period tomated driving
Adjusted control response Control optimization
adapted to road conditions adapted to traffic flow
Curve-coordinated control *  Optimized control adapted
Optimized control adapted Dynamic body height ad- to unmanned occupant sce-
VC-2 to bumpy roads justment narios
Optimized control adapted Multi-sensor fusion control ¢ Cross-scenario control
to ramps switching
Emergency coordinated Predictive cooperative con-
control under extreme con- trol
ditions Control optimization
. . p .. *  Unmanned full-domain co-
VC-3 Data-driven self-adaptation adapted to user driving

of control parameters
Full road surface smooth-
ness guarantee

habits
Fault compensation coordi-
nation

operative control
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Table A3. Functional features realized by AD-IoT collaboration.

Agent AD-1 AD-2 AD-3
Basic V2I information assis-
tance
IoT-1 Short-range cooperative ODD range expansion assis- Emergency communication
early warning tance support
Online iterative optimiza-
tion
Cooperative perception for
blind zone compensation Regional-level traffic coordi- Connected scheduling of
Cross-ecosystem data link- nation unmanned vehicle fleets
IoT-2 L. . i e
age Wearable device-linked High-precision positioning
Large-scale data closed-loop driving coordination
optimization
Driving strategies adapted . . .
8 g ap Urban traffic service coordi-
for urban-level intelligent nation Urban-level unmanned co-
IoT-3 transportation . . operative driving
. . Vehicle-road-cloud inte- . .
Vehicle-road cooperative .. . Ubiquitous IoT perception.
.. ) grated decision-making
decision-making
Table A4. Functional features realized by CP-VC collaboration.
Agent CP-1 CP-2 CP-3
. ) Control optimization
Basic control based on fixed p
. . adapted to occupant emo-
interaction commands tions Emergency control for phys
Ride smoothness linked . . . .g 4 i, phy
VC-1 . Precise control via natural iological abnormalities
with occupant status .
. language Contactless precise control
Control adapted to the in- .
. . Personalized control based
cabin environment ) .
on biometrics
Scenario-based suspension
adjustment
Optimized control adapted Multimodal interaction- . .
e . Cross-scenario vehicle body
VC-2 to occupant conditions based vehicle body control ,
. . . adaptation
Body adjustment coordi- Personalized control styles
nated with the in-cabin en-
vironment
Predictive control based on
Interaction-triggered control intention anticipation .
88 . P . In-depth linkage between
under extreme conditions Control strategy adaptation . .
VC-3 physiological status and

Full-scenario posture stabil-
ity

based on biometrics
Multi-scenario coordinated
control

control
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Table A5. Functional features realized by CP-IoT collaboration.

Agent CP-1 CP-2 CP-3
Natural language connected
Basic connected information query Contactless connected con-
display Personalized data synchro- trol
IoT-1 . S N
Mobile-vehicle interconnec- nization Emergency connected ser-
tion interaction Interaction-triggered con- vices
nected early warning
In-depth cross-device link-
Cross-device basic linkage P In-depth collaboration with
. . . age .
Roadside data-assisted in- . L wearable devices
IoT-2 . Interaction optimization .
teraction Emotional connected ser-
L based on data closed-loop .
Travel service linkage . vices
Seamless travel services
Urban-level traffic infor- . . .
. . . . Optimized interaction for
mation service Cross-region service collab- . .
. . . vehicle-road coordination
IoT-3 Smart energy interaction oration
. L. Unmanned connected con-
Cross-region emergency Wearable device linkage trol
service
Table A6. Functional features realized by VC-IoT collaboration.
Agent VC-1 VC-2 VC-3
Connected early warning
triggered control (e . . .
L Road condition-triggered Early warning-triggered ex-
IoT-1 Smoothness optimization . &8 Y &8s
o suspension control treme control
based on roadside infor-
mation
Roadside blind spot com- . .
. . . Real-time cooperative con-
pensation optimized control Adaptive control based on .
IoT-2 . . trol supported by high-
Cross-scenario control read- roadside data
. speed data
iness state
Control optimization
adapted to urban-level traf-
fic
. Urban-level fleet control op- Urban-level cross-scenario
IoT-3 Optimized control based on . P .
timization cooperative control
smart energy
Emergency cooperative con-
trol
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