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Abstract: In recent years, the rapid development of the new energy vehicle (NEV) industry has
exposed significant deficiencies in intelligent fault diagnosis and information retrieval technologies,
especially in intelligent fault information retrieval, which faces persistent challenges including
inadequate system adaptability and reasoning bottlenecks. This study proposes a retrieval-
augmented generation (RAG) framework that integrates large language models (LLMs) with KGs
(KGs) through three key components: fault data collection, knowledge graph construction, and fault
knowledge model training. The primary research contributions are threefold: (1) A domain-
optimized fine-tuning strategy for LLMs based on NEV fault characteristics, verifying the superior
accuracy of the Bidirectional Encoder Representations from Transformers (BERT) model in fault
classification tasks. (2) A structured knowledge graph encompassing 122 fault categories, developed
through the ChatGLM3-6B model completing named entity and knowledge relation extraction to
generate fault knowledge and build a paraphrase vocabulary. (3) An intelligent fault information
retrieval system that significantly outperforms traditional models in NEV-specific Q&A scenarios,
providing multi-level fault cause analysis and actionable solution recommendations.

Keywords: new energy vehicle fault; intelligent retrieval system; generative language models;
knowledge graphs; retrieval-augmented generation

1. Introduction

Currently, China is becoming a global leader in the research, development, production, sales,
and maintenance of NEVs, maintaining the world's largest number of NEVs for several consecutive
years. Along with the continuous evolution of digitalization and intelligent technologies in NEVs, a
large number of new platforms and new vehicle fault evaluation indicators are also emerging. This
rapid evolution is bringing about a series of new challenges, such as the complexity of functional
layouts and configurations in NEVs, the reliability and stability of charging infrastructure, and
consumers' insufficient understanding of potential fault causes, manifestations, and consequences in
NEVs.

Due to significant differences in the technology of NEVs compared to traditional gasoline
vehicles, and the complexity of the three-electric system, consumers often struggle to cope with the
integrated and complex nature of NEVs. These issues lead to difficulties for ordinary consumers in
addressing complex usage situations, fault maintenance, and relevant policy regulations. Currently,
fault diagnosis technologies in this field still face the following challenges: (1) insufficient data,
fragmented information, and difficulties in acquiring knowledge. Current fault diagnosis
technologies face challenges such as insufficient data, fragmented information, and difficulty in
acquiring knowledge. Traditional fault diagnosis methods rely on large amounts of fault data to
establish signal features or model parameters, which is extremely difficult for the diversified range
of NEVs, at least at the current stage. Furthermore, fault data from different brands and models of
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NEVs s difficult to unify. In this context, using system knowledge or rules to construct expert systems
for fault reasoning presents challenges due to incomplete knowledge systems, fragmented and
unstructured data and information, incomplete knowledge representation, and difficulties in
updating new knowledge. (2) Information fragmentation and low integration in the NEVs field. In
recent years, significant breakthroughs have been made in knowledge reasoning and intelligent
generation through LLMs and KGs. However, in the specific and rapidly developing field of NEVs,
there is still a lack of well-organized and comprehensive fault information and knowledge. Problems
such as severe information fragmentation and low integration remain widespread. (3) Challenges in
building specialized LLMs and knowledge bases for NEVs. Developing specialized LLMs and
knowledge bases for NEVs faces many difficulties. In the context of information fragmentation and
incomplete knowledge system structures, intelligently training models and generating knowledge
requires breakthroughs in methods and technologies.

To address these issues, this study proposes a method that combines fault tree analysis with an
expert system for fault diagnosis. The knowledge base constructed through fault tree analysis not
only contains the causal relationships of NEVs faults and solutions but also retains the unique
hierarchical relationships between fault tree knowledge conclusions. By converting the fault tree into
a knowledge structure combining KGs and rules, this method can effectively support reasoning and
analysis in the fault diagnosis process. This method not only addresses current technological
bottlenecks but also provides a sustainable solution for NEV fault diagnosis.

The main contributions of this study include: (1) proposing an innovative electric vehicle fault
information retrieval system that integrates large-scale language models and KGs, capable of
efficiently managing diverse and fragmented fault data; (2) developing a knowledge graph covering
122 different fault categories and using the ChatGLM3-6B model to promote efficient extraction and
reasoning of fault knowledge; (3) creating a fault diagnosis system based on RAG technology that
provides accurate fault cause analysis and offers feasible solution recommendations.

2. Current Trends and Functional Requirements Analysis of Intelligent Fault
Information Retrieval Systems for NEVs

2.1. Domestic and International Research Trends

2.1.1. Fault Diagnosis and Information Retrieval Systems Research Trends

In recent years, the development of fault diagnosis technologies for automobiles and integrated
electromechanical equipment has progressed rapidly and can generally be divided into three types:
signal-based fault diagnosis [1], knowledge-based fault diagnosis[2], and model-based fault
diagnosis [3]. The classification diagram of fault diagnosis technology is shown in Figure 1. With
advancements in artificial intelligence technology, increasing attention is being paid to combining
model-driven and data-driven approaches. For example, Qiao et al[4] applied stochastic resonance
(SR) to mechanical fault detection. Unlike traditional signal processing methods, stochastic resonance
utilizes noise embedded within signals to extract weak fault features, making it widely used in
mechanical fault detection. Xiao et al[5] introduced a new expert system knowledge base formed by
combining the dynamic fault tree model with the expert system knowledge base. Zheng et al[6]
introduced a knowledge transfer strategy for cross-domain fault diagnosis, highlighting the
application of transfer learning in constructing efficient fault diagnosis models. Jafari et al[7]
proposed an online lithium-ion battery state estimation method based on the extreme gradient
boosting (XGBoost) algorithm. This method uses voltage-time data from partial constant current
stages as input and obtains a nonlinear relationship model through offline training, thereby
improving the accuracy of battery state estimation in electric vehicle applications. Xia et al.[8]
proposed a real-time fault detection and process control method based on multi-channel sensor data
fusion. Using multi-channel sensor data fusion and uncorrelated multilinear discriminant analysis
(UMLDA) to model multi-channel data, the method achieved superior monitoring and fault
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diagnosis performance compared to other approaches. Simulation and case analysis demonstrated
the effectiveness of this method in rapidly detecting equipment faults. In reality, automotive
automatic diagnosis and expert system fault diagnosis methods maintain high usage rates and have
become fundamental means of fault diagnosis. With the development of network technologies,
digital communication, and artificial intelligence, integrated fault diagnosis systems that combine
networks and artificial intelligence are becoming the new trend leading the field of automotive fault
diagnosis[9-11].

Parameter Estimation Methods

Observer Methods
State Estimation Methods —{
) Filter Methods
Based on Analytical Model Methods

Spatial Distributicn Methods

Correlation Analysis Methods
FFT Transformation Method
Based on Signal Processing Methods Transformation-Based Methods
Small Wavelet Transformation Method

Spectral Analysis Methads

Fault Diagnosis Technology

Fuzzy Inference Methods

Meural Metwork Method
Symptom-Based Methods
Expert System Methods

Pattern Recognition Methods
Based on Knowledge Methods

Qualittive Observer

Knowledge-Based Observer
Qualitative Model-Based Methods
Fault Tree Methods

Directed Graph Methods
Figure 1. The classification diagram of fault diagnosis technology.

2.1.2. Knowledge Graphs and Generative Language Models Research Trends

(1) Generative Language Models

Since the introduction of the Transformer model in 2017, various models based on Transformer
have emerged: The BERT model is primarily used for traditional NLP tasks, while the GPT model is
mainly used for text generation tasks. Currently, various image processing methods based on
Transformer architecture have emerged, making significant progress[12].

GPT (Generative Pre-trained Transformer), a generative pre-trained model based on the
Transformer architecture, was proposed by OpenAl in 2018. It serves as the foundation for all LLMs
and is a model capable of generating natural language text based on a given context. Transformer is
a deep neural network architecture based on the attention mechanism, which can effectively capture
long-distance dependencies in text and has high parallelism and scalability. The GPT models have
made groundbreaking advancements in natural language processing and have demonstrated
powerful capabilities in text generation tasks, such as generating coherent and diverse follow-up
text[13-15].

Generative language models like GPT have shown broad application prospects in various fields,
generating fluent, coherent, and logical text, and handling multimodal input of images and text. For
example, GPT-4, as a large-scale multimodal model, can accept both image and text as input and
generate text as output. Its performance surpasses previous language models and can complete
difficult tasks across multiple fields. Furthermore, GPT-4 significantly outperforms existing language
models in traditional natural language processing tasks, even though these systems are usually fine-
tuned for specific task benchmarks[16,17].

(2) Knowledge Graphs and Applications
A knowledge graph is a technology that represents and organizes structured knowledge
through a graphical model, containing rich semantic information between entities, relationships, and

attributes. Its application is of great significance to expert systems, providing rich background
knowledge and semantic associations to help answer user questions. The construction methods of
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KGs have always attracted attention. Traditional methods mainly rely on manual annotation or
knowledge extraction from structured data. In recent years, methods based on natural language
processing and machine learning have gradually emerged, enabling automatic extraction of
knowledge from unstructured text data, improving the efficiency and coverage of knowledge graph
construction.

Currently, the applications of KGs can be categorized into four main types: the first is methods
based on question-answer templates, the second is research conducted through semantic parsing, the
third is methods using deep learning to rank answers, and the last is research conducted using
knowledge graph embedding learning. In recent years, the continuous progress of KGs and their
deep application in various fields have made knowledge graph-based information systems a growing
research focus.

(3) The Combination of Generative Language Models and KGs

Large models have demonstrated excellent performance in various natural language processing
tasks, but they still have significant limitations when facing complex knowledge reasoning tasks,
such as data biases, fairness issues, poor interpretability, transparency, and factual inaccuracies
leading to model hallucinations. To address these problems, researchers are improving training
algorithms, proposing new model architectures, using more fair and balanced datasets, increasing
model transparency and interpretability, and developing more effective knowledge integration
techniques[18,19].

A knowledge base can be a structured database, unstructured textual literature, or a knowledge
graph’s graph database. In the application of combining generative language models with KGs,
besides embedding graph data into model training and enhancing models with graphs, the
approaches shown in Table 1 are widely used.

Table 1. The integration methods of KGs and LLMs.

Method Core Focus Limitation Reference Examples

Difficult to handle
Using the idea of linking, LLMs

Pure LLM , professional knowledge-  ChatGPT4.0, ChatGPT3.5,
Reasoning can solve some reasoning . . . ChatGLM, Wenxin-Yiyan, etc
problems intensive reasoning and
complex reasoning tasks
Large models play various roles, Embedding LLM into
through querying knowledge in KG limits its Li et al. used LLM to generate
LLM®KG KG to enhance reasoning interpretability and SPARQL queries for KGs,
capabilities, enabling the addition  introduces complexity and the main subject of the
of external knowledge into the when updating the study is to complete KGs
model knowledge base
Cooperation between KG and Need to consider the Sun et al. used KG/LLM in
LLM, enabling knowledge graph ~ accurate path to the beam search algorithm for
knowledge graph knowledge reasoning,
LEMEKG  completion and reasoning completion while enabling enhanced path
through both LLM and KG integrating external expansion for KG
knowledge generation[20]

integration

2.2. Functional Requirements of Intelligent Fault Information Retrieval Systems for NEVs

NEVs are essentially complex electromechanical systems in motion. Their fault information
retrieval systems must fulfill multiple functions, including fault information acquisition, knowledge-
based Q&A on faults, and maintenance guidance.
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To fully understand the characteristics and patterns of fault information retrieval for NEVs, this
study designed a questionnaire survey targeting different users and market sales personnel, focusing
on clarifying the following key issues.

(1) Basic user needs: This includes understanding the aspects of NEVs-related fault knowledge
that different users prioritize; whether they have reliable methods and resources for obtaining
information on NEV usage, maintenance, and upkeep; their preferred channels for accessing
information when faults occur and the reliability of these channels, such as whether they can help
users promptly identify and locate issues; users' needs for rapid fault diagnosis tools and their trust
in maintenance suggestions. Additionally, it investigates the performance of existing NEV mobile
applications and automotive apps in meeting users' daily fault information retrieval needs, and
whether these platforms and applications can provide users with fast and convenient services.

(2) User preferences for fault information retrieval: For example, whether users prefer using
search engines to find possible fault causes and solutions; their awareness of and specific
requirements for professional intelligent search systems; whether traditional automotive fault
diagnosis systems are difficult to use or require high technical expertise; the common challenges users
face in accessing NEVs fault data, and their systematic needs for fault information retrieval.

(3) Requirements for system functionality: Whether existing fault diagnosis expert systems can
provide rapid analysis of fault information for different NEVs; whether they meet the needs of users
who lack professional knowledge; whether the knowledge base of NEVs faults within these systems
is comprehensive; whether existing automotive mobile applications support fault consultation and
provide problem-solving suggestions; whether these applications present NEVs faults and solutions
in an intuitive and user-friendly way; and whether the system platforms suffer from issues such as
overly complicated interfaces, inefficiency in responding to user inquiries, or low responsiveness that
negatively impact the user experience.

Through user surveys, literature analysis, and an evaluation of existing automotive client
applications, it has been found that current fault information retrieval systems for NEVs face
significant challenges in meeting the diverse needs of different users. The primary issues include the
following:

(1) The user interfaces of existing automotive fault diagnosis expert systems are overly complex
and crude, and there is limited information specifically related to NEVs.

(2) Most systems are unable to conduct precise reasoning and analysis of automotive faults. The
fault diagnosis technology they rely on requires a large amount of fault data to establish signal
features or model parameters. For the vast variety of NEVS currently available, this is difficult to
achieve under current conditions. Moreover, it is challenging to unify fault data for different models
of NEVs. While knowledge-based reasoning methods do not require extensive fault data, they also
face certain difficulties. For example, they can only perform fault detection within the scope of
existing knowledge, and acquiring new knowledge is challenging, with incomplete representation of
knowledge being another issue.

(3) Existing automotive fault diagnosis systems are cumbersome to operate. Each vehicle model
requires individual analysis, and the interfaces of both client applications and web pages are
disorganized and cluttered.

Table 2 summarizes the problems and requirements of the system. By addressing the existing
issues at various levels of these requirements, the direction for the construction of the NEVs fault
data retrieval system has been determined.

Table 2. Survey of existing system problems.

Serial Existing Problems System
. & Brief Description y New System Requirements
Number in the System Requirements
Information . . Customer-side
) The client-side web i i The interface should be
1 search is retrieval is

. . . concise, user-friendly, and
inconvenient page refreshes, the complicated, and ’ Yi
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. . the interface is able to quickly locate the
interface is not user- ) ) ) )
inconvenient required functions

friendly, and there is

no focus on NEV fault

optimization
Needs a fault detection
No specific model There i‘s no sPeciﬁc Technical anodel f?r vehic'le'fault ‘
2 . fault diagnosis system diagnosis, providing precise
for vehicle faults . method . -
for vehicles and natural interaction for
troubleshooting
Needs t i
NEV fault knowledge eecs 1o organize
Lack of relevant ] . knowledge on NEVs faults
3 is scattered and Data acquisition )
Kknowledge ved and establish a knowledge
unorganize
& & base with feedback.
Needs to build a Needs to build a specialized
Data resource knowledge base for NEVs
4 knowledge base for Knowledge base . .
. with capabilities for easy
scarcity NEV faults

integration and expert use

To address the above issues, an intelligent retrieval system for NEV fault information must
achieve breakthroughs in the following areas:

(1) Data acquisition: intelligent methods should be used to construct a dataset specifically
focused on the domain of NEV faults; additionally, a large amount of unstructured and semi-
structured data scattered across different sources and literature should be systematically integrated.

(2) Knowledge database layer: current fault diagnosis expert systems based on fault tree analysis
methods lack quick and convenient maintenance and knowledge acquisition capabilities;
automotive-related websites and applications, such as Autohome and DCar, provide users with basic
data like vehicle configuration parameters but fail to deliver sufficient data to comprehensively
integrate knowledge in the field of NEVs. Therefore, it is necessary to construct databases and
presentation methods tailored to the characteristics of NEV knowledge data. This process should
involve maintaining data by model, based on common fault types and phenomena, to ultimately
form a comprehensive knowledge set for NEVs faults.

(3) Technical methods: current automotive fault diagnosis technologies are unable to perform
precise reasoning and analysis for NEV faults, as they rely heavily on large amounts of fault data to
establish signal features or model parameters, which is difficult to achieve given the relatively short
time NEVs have existed and their diverse range of models. Although knowledge-based reasoning
methods do not require extensive fault data, they have limitations, such as their inability to detect
faults beyond the existing knowledge base, difficulties in acquiring new knowledge, and incomplete
knowledge representation. To address these challenges, it is necessary to employ artificial intelligence,
expert system methods, and knowledge graph technologies, such as RAG for LLMs, Prompt
engineering[21,22], fine-tuning of LLMs[23], BERT classification algorithms, Cypher query language,
front-end visualization, and API streaming for LLMs. Through the systematic integration of these
technologies, an intelligent fault diagnosis and analysis platform for NEVs can be established.

(4) System presentation: traditional fault diagnosis expert systems have relatively simple user
interface designs, while existing automotive website platforms suffer from overly complex and
cluttered page information, with their main content dominated by conventional automobiles and
related data. Additionally, pages designed for user feedback on fault issues are poorly structured,
making information retrieval difficult. To resolve these issues, new technologies should be
implemented, such as the Flask framework combined with visualization techniques, to develop a
fault data retrieval system specifically for NEVs. This system should enable intuitive visualization of
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the NEVs fault knowledge graph, providing users with a more user-friendly and convenient service
for fault diagnosis and information retrieval.

3. System Design of Intelligent Retrieval of Fault Information
3.1. The Logical Structure Design of the Fault Data Retrieval System

3.1.1. The Integration of Fault Diagnosis Technology

The Fault Tree Analysis (FTA) based on the Fault Tree Model and the Fault Diagnosis Expert
System are two important branches in the field of fault diagnosis. Exploring their integration to meet
system requirements.

(1) Fault Tree Analysis

Fault Tree Analysis (FTA), also known as Causal Tree Analysis, combines the advantages of
qualitative analysis, rule-based reasoning, and quantitative analysis, making it a simple yet effective
analysis method. It models the fault object as a fault tree, identifying and determining all possible
patterns that could lead to the top-level fault, and is a powerful tool for reliability analysis.

The qualitative analysis in FTA focuses on evaluating the importance of events, i.e., analyzing
the extent to which each event influences the occurrence of the top-level fault, and based on this,
preventive measures are formulated. In a fault tree model, the occurrence of the top-level event may
be determined by all the underlying events. However, in practice, the occurrence of the top-level
event is often caused by a subset of the underlying events (cut sets). When the removal of any event
in the cut set results in the non-occurrence of the top-level event, the cut set is referred to as a minimal
cut set. The identification of minimal cut sets in the fault tree reveals various patterns of top-level
event occurrences, highlighting the core role of minimal cut sets in fault tree analysis.

(2) Fault Diagnosis Expert System

A fault diagnosis expert system is an integrated system that combines artificial intelligence
technology, aiming to simulate human experts in system fault data retrieval and diagnosis. These
systems mainly achieve accurate and rapid diagnosis of complex system faults by integrating
components such as specialized knowledge bases, reasoning mechanisms, and user interfaces. By
combining expert knowledge with computer technology, a fault diagnosis expert system is
constructed. This system follows specific reasoning algorithms and facilitates communication
between the user and the computer through a human-computer interaction interface. The user needs
to answer the questions posed by the system, and the system performs logical reasoning based on
these questions and answers, ultimately deriving and presenting the diagnostic conclusion.

(3) Integration of Fault Tree Analysis and Fault Diagnosis Expert System

Through comparative analysis of the diagnostic expert system and fault tree analysis,
commonalities between them can be identified. First, the fault tree can be seen as a fault model within
the fault diagnosis expert system. The reasoning process of the expert system and the logical structure
of the fault tree have similar designs. Additionally, from the perspective of knowledge acquisition,
the fault tree represents a standardized knowledge framework. Using this framework to construct
the knowledge base of the diagnostic expert system not only clearly outlines the solution path to the
diagnostic problem but also significantly reduces the difficulty of knowledge acquisition for the
system.

The knowledge base constructed based on fault tree analysis contains not only the rich
experience and causal relationships between faults in NEVs but also preserves the unique
hierarchical relationships between the conclusions in the fault tree. Transforming the fault tree into a
knowledge structure that combines a knowledge graph framework with rules, effectively supports
reasoning and analysis in the fault diagnosis process. This method not only facilitates the acquisition
and simplification of fault diagnosis knowledge but also improves the efficiency and accuracy of the
diagnostic process, providing technical support for the fault data retrieval system in this research on
NEVs.
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3.1.2. The Logical Integration of Large Language Models and Knowledge Graphs

Although LLMs have demonstrated excellent capabilities in natural language processing tasks,
they exhibit limitations when faced with complex knowledge reasoning tasks that require deep and
responsible reasoning. First, LLMs often cannot accurately answer specialized knowledge questions
that go beyond their pre-trained content, especially those that rely on outdated knowledge or require
long logical chains or multiple knowledge jumps. Second, the shortcomings of LLMs in responsibility,
interpretability, and transparency increase the risk of generating erroneous information or harmful
text. Finally, the training process of LLMs is not only costly and time-consuming but also presents a
continuous challenge in keeping their knowledge up to date[24].

When using pure LLMs with chain-of-thought prompts to answer questions about the common
faults of specific models of NEVs, the model typically fails to provide accurate answers beyond its
pre-training phase. Additionally, it shows a lack of common sense reasoning and insufficient
handling of semantic ambiguities. Given the limitations of relying solely on the model for reasoning,
introducing fine-tuning training and KGs as external knowledge sources becomes a natural and
promising solution, aimed at enhancing the model's reasoning ability.

In Figure 2, the response using only the large language model is shown, while in the example in
Figure 3, the model plays the role of "translation” + "reasoning." It transforms the input question into
machine-readable commands for the graph to perform search and reasoning. The complete
knowledge graph successfully retrieved the correct knowledge, correcting the fault reasoning model
that was fine-tuned with downstream learning on electric vehicle failure knowledge. Due to the
limited and non-updatable knowledge base, it had led to a lack of fault knowledge, but the model
provided reasonable fault data retrieval results.

Question:hy hybrid vehicla model 15
The car fails to start, the fuel door has no
response, and the restart has no responsa.
What's wrong?™

LLM-only

{Chain-of-Thought Prompt): Let's think stap by step.

Bezponze: If vour vehicle exhibits the above situation, there are some
possible causes and suggestions: battery failure, software/senser errors, or
wvehicls not being in zafs mode. The hvbrid svstem may have detected
hizh-voltage swstem faults. To diagnosze the 1szue, the best approach is to
uza professional diagnostic tools, as it 1= recommended to check the fault
codes with thesa tools and conmact to the system sarvice for mamtenance.
For zafaty, avoid self-repair of the electrical system.

Figure 2. Only using LLMs.
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Question: My hybrid vehicle model 15
T o Bl b o S (ool Ao e a certain hybrid
rasponse, and the restart has no response. vehicle model
What's wrong™"
Prompt: Please generate a Cypher query Elzctric battary and powsr manazement
for thiz question. Response: MATCH . - system — power loss during driving,
(w:Wehicle {model: Tnknown vehicle'})- Information Retrieval elactric battery and power management
[:HAS_FAULT]-=(f:Fault) RETURN system — battery module faslurs, electric
fdescription AS FaultDescription, fcanse equipment — vehicle charging system
AS FaultCaunse, ffix AS FaultRasolutio. falure.
Fault Causze J’ .
Ovmer's Sugzestion
The 1z5ue with this vehicle model’s speed limitation 1=
likaly relatad to the sudden drop in SOC (State of
Charge). This drop is not caused by the battery In order to avetd spead limitation caused by
manzgsment system failure. but rather by the improper the rapid SOC correction, the vehiclas can zat a
wdentification of errors, such as the read voltaze drop higher S0C targat, such a= 70%, to reduce the
during actual driving, which may lead to the battery impact of small errors. Regularly performing
module 15zuss. Because the battery’s discharze power battery calibration, especially through
decreazas as SOC drops, when 30C suddenly comrects recovery charging at least onece every week, 1z
tself to a lower value, the battery”s discharge power recommendead,
may drop, which could lead to an EV power limitation
JECIES

Response: The speed limitation 1ssue with
this vehicle medel may be related to the
sudden drop mn 30C. The vehicle cuwner can
set 2 higher 30C tarzet to reduce the impact
of =mall arrors. Ragular battary calibration,
aspecially through slow charging at least once
aweek 15 recommended.

Figure 3. LLMs combined with knowledge graph retrieval.

3.2. The Framework Design of the Fault Data Retrieval System

The primary goal of developing an intelligent retrieval system for NEV fault data is to provide
support for various users in aspects such as fault-related information, intelligent diagnostic analysis,
fault repair and maintenance, equipment operation, and comprehensive knowledge services.
Therefore, the overall design of the system requires a high level of fault information retrieval
capability and sufficient knowledge capacity.

This study's intelligent retrieval system for NEV fault information uses a large language model
as the reasoning engine and a knowledge graph as the knowledge base to analyze fault information
and provide diagnostic and retrieval results. Its key features include leveraging the powerful
reasoning and generation capabilities of LLMs, utilizing fine-tuning transfer learning techniques to
handle and complete specific downstream tasks, and integrating the Neo4j database to store
knowledge triples related to NEVs faults. Based on the fault knowledge model, the system provides
fault information retrieval and analysis for users.

During the system's operation, when a vehicle experiences an abnormality, the user can input
fault-related information through the front-end interface. After acquiring this information, the system
processes it using a fault classification model to preliminarily determine the fault type. Depending
on the user's specific situation, the system selects an appropriate query template and generates a
corresponding Cypher query statement. It then performs query operations in the knowledge graph
database, retrieves the results, and feeds them back to the fault reasoning and analysis model. The
large language model performs fault reasoning on the fault information, determines the fault
condition, and provides relevant suggestions, completing the entire fault data retrieval and
diagnostic process.

The framework structure of the intelligent retrieval system for NEV faults data includes a large
language model module, a knowledge graph module, an integrated reasoning module, and a human-
computer interaction module, as shown in Figure 4.
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Knowledge graph
Pre-train Pre-trained Task specific module
Unlabeled Data models Labeled Data
Unstructured
Large language model Fine-tune l l " ;“ e > Structured data
module ata
Fault classification Fault reasoning Knowledge extraction Named Entity Recognition l
model model model . .. Knowledge
Relation Recognition graph
. Fault information l
A input Fault Knowledge Relation Inference Generation
by ————————— B S o —
Information Graph Data Recognition Model
Human-computer S
. . P Historical Fault analysis results and
interaction module — . .
Integrated reasoning Data visualization correlation analysis
Output module I

Figure 4. System design framework diagram.

3.2.1. Large Language Models Module

The LLM module consists primarily of two parts: data processing and the training and fine-
tuning of the LLM. This module serves as the foundation of the entire system. Fine-tuning is
employed in the design to train the model with knowledge related to various fault issues in NEVs,
which involves three main stages: data acquisition and preprocessing, model training, and training
evaluation. The LLMs module is shown in Figure 5.

Large language
model module

I I
| Pre-trainin Pre-trained |
| . |
EEEE—

| data madels |
: Fine-tune |

I
| Fault classification expert knowledge |
| labeled data L 4 unlabeled data |
| Fault classification Fault reasoning Knowledge |
| model model extraction model[ |
I I
I I
I I

Figure 5. The LLM module.

(1) Data acquisition and preprocessing

The primary data sources for this study include websites related to NEV faults, enterprise design
and production materials, as well as local and national standards. A differentiated strategy is adopted
for data acquisition: semi-structured data is collected using Python and its associated toolkits, while
unstructured data is obtained via text parsing and OCR recognition[25]. Due to differences in website
structures and scanning limitations, the collected data may contain invalid or incorrectly formatted
entries. Therefore, preprocessing is necessary, which includes data format conversion and filtering,
primarily achieved using regular expressions and custom scripts. This ensures that the data is
adequately prepared and valid, providing strong support for subsequent fault retrieval and analysis.

(2) Model training

The purpose of model training is to enable the model to deeply learn domain-specific data,
allowing it to accurately identify and analyze fault information for NEVs. By comparing different
training strategies, the best training process for handling NEV faults can be identified. In this study,
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DeepSpeed acceleration technology and CUDA GPU computation are used to improve training
efficiency. During experiments, parameters such as learning rate, batch size, and training epochs are
continually adjusted to optimize model performance. The training process leverages the
Seq2SeqTrainer from the Transformers library for efficient model training. Once training is complete,
the model is saved, and key performance metrics, such as loss variations and accuracy, are recorded
for future evaluation and application.

(3) Model evaluation

The Model evaluation primarily focuses on assessing the system's performance in intelligent
retrieval of NEV fault information, particularly in expert Q&A tasks. The model is tested using
existing Q&A datasets, and its performance is measured by calculating BLEU and ROUGE scores,
which evaluate text similarity and semantic similarity between the model's responses and standard
answers[26]. After considering these metrics, the model that performs best in terms of text similarity,
semantic similarity, and logical coherence is selected as the final system fault knowledge model.

3.2.2. Knowledge Graphs Module

To establish an intelligent system that can truly solve the problem of NEV fault information
retrieval, it is necessary to build a database of NEV faults and a relatively complete knowledge
system. The realization of this function requires the knowledge body graph module. In the study, a
combination of top-down and bottom-up methods was used to construct a knowledge graph of NEV
fault information; on the basis of data preprocessing, the function was realized through knowledge
modeling, knowledge extraction and knowledge storage[27,28]. The framework of the knowledge
graph module is shown in Figure 6.

I |
Lo | |
I | | |
| I i, | Knowledge |
I : — : graph module |
| |
| IlStructured data Semi-structured data Unstructured date!: :
| === -z

S s M S :
| |

I Knowledge | Entity Relation Attribute knowledgel |
I fusion : extraction extraction extraction extraction | |
| e e e e e e )|
| T '
| Preliminary Standard Knowledge Graph |
| knowledge | Kn;::uv;ilzgge »  knowledge p| of New Energy |
| representation representation Vehicle Faults |
- - - -0 . __ 1

Figure 6. The knowledge graph module.

(1) Knowledge modeling

This stage focuses on building the ontological framework structure for NEV fault issues.
Through extensive research into real-world scenarios and data analysis, and based on the diagnostic
characteristics of the fault tree model, the knowledge system for NEV faults is structured and layered.
Relevant categories, attributes, and relationships are defined. Ontology modeling tools like Protégé
are used[29], and an improved seven-step top-down method is applied to establish the ontology
database for NEV faults.

(2) Knowledge extraction

This step involves extracting entities, relationships, and attributes from preprocessed data to
construct and enrich the systematic knowledge graph for NEV faults. It primarily focuses on two
types of triples: (entity, relationship, entity) and (entity, attribute, attribute value). To enhance the
efficiency of knowledge extraction for fault information, extraction techniques are chosen based on
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the data structure. For semi-structured data, entities and attributes are extracted using rule-based
scripts; for unstructured data, deep learning models are employed to extract entity
relationships[30,31].

(3) Knowledge storage

Currently, knowledge storage methods can be categorized into table-based and graph-based
storage methods. Due to its strong expressiveness, ease of understanding, scalability, and ability to
facilitate cross-domain knowledge integration, this study adopts a graph-based storage method using
Neo4j[23]. This enables the storage, subsequent updates, and reasoning of knowledge related to
NEVs.

3.2.3. Integrated Reasoning Module

The core function of the integrated reasoning module is to correctly interpret user intent, classify
faults using a fault classification model, retrieve related fault data from the knowledge graph
database, and use the LLM for centralized reasoning. This enables intelligent fault data retrieval and
provides actionable recommendations. The system adopts the Model-View-Controller (MVC)
architecture and is developed using Python's Flask framework. It includes the data layer, algorithm
layer, business layer, and presentation layer. Various tools, including Flask, Python, Neo4j, MySQL,
ECharts, PyTorch, and Transformers, are employed in its design and implementation. This module
consists of three main parts: fault classification, information retrieval, and model reasoning. The
integrated reasoning module is shown in Figure 7.

Integrated reasoning module

Cypher statement Parsing graph data to Prompt-Learning | pata parsing model

» > N
generate prompt statements reasoning

Fault classification Data retrieval

A 4

Fy

Data
encryption Historical
conversation data |

A A
Fault analysis results and
visualization correlation

anarsis

h
h

Data storage |4

Figure 7. The integrated reasoning module.

(1)Fault classification

The fault classification module is designed to interpret user intent and preliminarily determine
fault categories based on the information provided, laying the foundation for subsequent information
filtering. This relies on fault classification models and focuses on mainstream classification techniques
such as deep learning, machine learning, and pre-trained Transformer-based models[32]. Fault data
for NEVs is annotated and applied to various classification models; the performance of these models
is compared to select the one that achieves the best classification performance.

(2)Information retrieval

This module converts the fault information output by the fault classification model into specific
Cypher query statements, which are then executed on the Neo4j knowledge graph database. The
retrieved data is transformed into a predefined format for Prompt statements, which are then
submitted to the knowledge model for NEV faults for comprehensive judgment. The key to system
design lies in mastering Neo4j's Cypher query language and understanding the Prompt format
requirements of LLMs to ensure the correct generation of query prompts. Finally, the results are
outputted through the LLM.

(3)Fault reasoning

This module uses the interactive API of the LLM to process the retrieved Prompt information
and submit it to the fault knowledge model trained with expert knowledge. It identifies the causes of
faults in NEVs and provides corresponding recommendations. Simultaneously, the retrieved data is
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presented in the form of graph animations, visualizing the knowledge graph and the entire reasoning

chain.
Method Category AccuracvP%  Recall Rate R%  F1 Score %
Braking S
raking System 87.22 88.86 88.03
Fault
BERT
Electric Drive
85.68 86.24 85.96
System Fault
Brakdng System 81.14 82,59 8186
Fault ’ - ’
LSTM
Electric Drive
8427 8561 8493
System Fault
Braking System 7142 7279 72.10
Fault o - -
TE-IDF + Naive Baves
Electric Drive
66.34 71.66 68.90
System Fault
Braking System 73.19 7259 72.89
Fault ’ - -
TE-IDF + Ridge Regression
R Electric Drive
77.15 79.60 78.36

System Fault

4. System Implementation and Testing

The fundamental requirement for constructing an intelligent retrieval system tailored for NEV
fault data is to accumulate sufficient vehicle fault data and knowledge including related concepts,
methodologies, instrument tools, logic and information resources related to dealing with fault
problems. The principal challenge encountered in practical application is how to obtain a sufficient
quantity of pertinent data and knowledge resources, followed by their systematic organization and
amalgamation to form a constantly enriched, holistic, and comprehensive knowledge architecture.

4.1. Data Acquisition and Preprocessing

The data sources mainly include text, audio, video, and other digital resources on the internet.
In the study, we accessed various available resources, websites, and online databases related to
automobiles through manual statistics and web crawler technology. After analyzing the structural
features and data feedback methods of various websites, we systematically merged and integrated
NEV data, which served as the basis for constructing the NEV knowledge graph and intelligent fault
data retrieval system.

The dataset pertaining to NEVs encompasses three primary categories: battery electric vehicles,
plug-in hybrid electric vehicles, and range-extended electric vehicles. This comprehensive dataset
comprises essential details regarding the specific specifications and technological types of the existing
NEVs. A cumulative total of 822 distinct vehicle models has been collated, which includes 631 battery
electric vehicle models, 35 range-extended electric vehicle models, and 171 plug-in hybrid electric
vehicle models. Moreover, an extensive compilation of 25,000 fault types has been compiled into 12
principal classifications, with further subdivision into 122 subcategories based on diverse fault
characteristics. Additionally, an impressive repository of 22,709 instances of expert knowledge has
been meticulously sorted out under various fault scenarios, providing a robust foundation for the
preprocessing of data and the generation of knowledge for LLMs.

In the application of LLMs, it is imperative to undergo both training and fine-tuning phases,
particularly in the context of QA-type applications, wherein the objective is to facilitate effective
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question-answering. The process of fine-tuning is systematically executed in accordance with the
following steps:

Step 1: Data sanitization, which entails the meticulous purification of the original dataset by
eliminating special characters, punctuation, HTML tags, etc., thereby guaranteeing the integrity and
uniformity of the information.

Step 2: Data format conversion is the transformation of the sanitized data into a JSON format
that is conducive to model ingestion, typically structured in an interactive question-answer paradigm.
Each data sample comprises a query and a corresponding response, delineated by specific delimiters.

"n,on

An example of the data format conversion is as follows: question,{"conversations": [{"role": "user",
"content": "Throttle Position Sensor, Structure and Working Principle."}, "answer", {"role": "assistant",
"content": "Greetings! The throttle position is situated posterior to the hose and antecedent to the
manifold. The throttle constitutes a regulatable valve that governs the inflow of air into the engine.
Subsequent to the air's entry into the intake manifold, it is combined with gasoline to create a
flammable mixture, which is thereafter ignited to generate power."}]}

Step 3: Insertion of demarcation tokens, to apprise the model when it should start processing the
problem and the corresponding answer. Special tokens, including [gMASK]. sop. <lsystem|>,
<l|assistant|>and others, are interspersed at the commencement, conclusion, and specific junctures
within the input text, thereby facilitating the model's accurate comprehension of the input data.

Step 4: Encoding of data, entailing the conversion of the annotated text into a recognizable code
format for the model. This process employs word embedding techniques to transform textual data
into vector representations and supplements them with positional encoding to constitute the model's
input vector.

Following these preprocessing procedures, the primal dataset is meticulously converted into an
appropriate format conducive to the fine-tuning of LLMSs, subsequently undergoing meticulous
annotation and encoding processes[33,34]. This measure can significantly enhance the efficacy of
LLMs when applied to the downstream task of expert knowledge acquisition for NEVs.

4.2. New Energy Vehicles Fault Model Training

4.2.1. New Energy Vehicle Fault Knowledge Model Training

The core objective of fine-tuning LLMs is to achieve efficient adaptation of domain knowledge
with limited resources. Traditional full-parameter fine-tuning requires updating all model weights,
which is computationally expensive. To address this, parameter-efficient fine-tuning methods have
emerged, which update only a subset of parameters or optimize prompts, significantly reducing
resource consumption while maintaining model performance. This study focuses on two cutting-
edge parameter-efficient fine-tuning methods—LoRA (Low-Rank Adaptation) and P-Tuning V2—to
investigate which method is more suitable for training on electric vehicle fault data.

(1) P-Tuning V2 fine-tuning

P-Tuning V2 is an emerging fine-tuning strategy designed based on traditional text-based
prompting, which, although effective in some cases, has limited expressive power due to its reliance
on a fixed vocabulary and is unable to fully exploit the model's potential expressive space. Therefore,
it enhances the model's performance in fault data retrieval by introducing learnable continuous
vectors (referred to as "prompts” or "soft prompts") without directly modifying the pre-trained
model's parameters. These continuous vectors are designed to be embedded into the model's input
as task instructions, guiding the model to generate outputs for specific tasks. P-Tuning V2 optimizes
these soft prompts rather than the model's weights, enabling adaptation to expert knowledge of NEV
faults while keeping the pre-trained parameters unchanged. This approach is particularly suitable
for scenarios with large-scale models in the current system, where directly fine-tuning the model
would be computationally expensive[35].

(2) LoRA fine-tuning
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LoRA is a fine-tuning method designed for the Transformer architecture. It achieves fine-tuning
by introducing additional, low-rank adaptation matrices into the model's self-attention and feed-
forward networks[36]. The dimensions of these matrices are relatively small, significantly reducing
the number of parameters that need to be updated during fine-tuning. The key idea of LoRA is to
capture task-specific variations through low-rank matrices, rather than directly modifying the
original model's weights. This method reduces the number of parameter updates during fine-tuning
while maintaining high performance across various tasks.

(3) Experiment and results analysis

This study uses Loss and Accuracy in model training to predict and evaluate the performance
of the model. Loss is calculated during the model training phase and is used to assess the difference
between the model’s predictions and the actual labels. The cross-entropy loss function is used to
compute the difference between the predicted probability distribution at each time step and the actual
labels. At the same time, BLEU and ROUGE scores are used to evaluate the quality of the generated
text, with these scores calculated by comparing the generated text to the reference text, providing a
comprehensive measure of the accuracy and fluency of the model’s generated text.

In this experiment, data from 22,709 expert Q&A pairs were processed, filtering out question-
answer pairs with a maximum output length of 256 tokens to ensure proper training for the LLM.
The data was then split into training and testing sets at an 80/20 ratio, resulting in 18,107 training
samples and 4,408 testing samples.

The model training experimental results are shown in Figure 8.

LoRA_Loss P-Tuning V2_Loss

—— smoothed Loss 50 R —— smoothed Loss
45 + Original Loss Is original Loss

0 2500 5000 7500 10000 12500 15000 17500 0 2500 5000 7500 10000 12500 15000 17500
Training Step Training Step

Figure 8. Model training loss chart.

From the experimental data, it can be observed that the model using LoRA technology shows a
faster decrease in loss value during the training process compared to the model using P-Tuning V2.
This indicates that the LoRA training method adapts more quickly to the NEVs fault expert
knowledge training data, learning the complex relationships between various fault information. This
rapid decline in loss value is evidence of good model training performance, suggesting that the model
demonstrates high efficiency and accuracy in recognizing and understanding the training data.

In the model evaluation phase, the BLEU-4 and ROUGE-L scores are shown in Figure 9, with
the BLEU-4 score on the left and the ROUGE-L score on the right.

The comprehensive experimental results show that both P-Tuning V2 and LoRA fine-tuning
methods significantly improve the performance of the base model in the NEVs fault expert Q&A
generation task. Specifically, P-Tuning V2 has a slight advantage in model input tokens, allowing it
to train longer token sequences. On the other hand, LoRA performs better on large-scale datasets,
demonstrating faster loss reduction, and its question-answering accuracy in BLEU-4, ROUGE-1,
ROUGE-2, and ROUGE-L scores generally outperforms P-Tuning V2. The low-rank matrix update
strategy of LoRA offers clear advantages in parameter efficiency and computational cost.
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Figure 9. Model Training Evaluation Scores.

4.2.2. New Energy Vehicle Fault Classification Model Training

Since annotated data is sufficient in the field of fault classification, and BERT models often
achieve better results in NLP tasks, considering the resource consumption of model deployment, we
conduct a fault text classification experiment using Long Short-Term Memory(LSTM)and BERT.
Additionally, TF-IDF + Naive Bayes and TF-IDF + Ridge Regression classifiers are used as baseline
comparison groups.

The study employs a cross-validation method with training and test sets, dividing the NEVs
fault corpus into 10 parts, with 8 parts used for training and 2 parts for testing. The dataset is not
shuffled. The deep-learning Transformers library provided by Hugging Face is used, and the pre-
trained Chinese hfl/chinese-roberta-wwm-ext model from iFlytek is loaded for training. In the BERT-
based text classification experiment, the tokenization and preprocessing step sets the maximum
sequence length to 512 tokens. The experimental model includes a DistilBertModel as the pre-trained
model, followed by a fully connected layer (768 to 768), a ReLU activation function, a Dropout of 0.2,
and a final fully connected layer (768 to 12) for classification. The classifier layer parameters of the
pre-trained model are used to initialize the final fully connected layer. The optimizer is set to AdamW
with a learning rate of 2e-5. Dynamic padding is used to ensure uniform data length within each
batch. During training and testing, data shuffling is enabled for training, and the last incomplete
batch is discarded. The results of some fault classification algorithm experiments are shown in Table
3

Table 3. The results of some fault classification algorithm experiments.

Method Category Accuracy P% Recall Rate R% F1 Score %

Braking System Fault 87.22 88.36 88.03

BERT Electric Drive System

Fault

85.68 86.24 85.96
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Braking System Fault 81.14 82.59 81.86
LST™M
Electric Drive System Fault 84.27 85.61 84.93
Braking System Fault 71.42 72.79 72.10
TF-IDF+Naive Bayes
Electric Drive System Fault 66.34 71.66 68.90
Braking System Fault 73.19 72.59 72.89
TE-IDF+Ridge
Regression
Electric Drive System Fault 77.15 79.60 78.36

From the analysis of the above experimental results, it can be concluded that Na-ive Bayes, due
to its simplicity and efficiency, is usually suitable as a baseline model, while Ridge Regression
performs better when dealing with fault data classification, especially in datasets with high feature
correlation. Ultimately, the BERT model significantly outperforms both the deep learning LSTM
model and the machine learning approaches, including TF-IDF + Naive Bayes and TE-IDF + Ridge
Regression, in classifying NEVs faults.

BERT optimizes the evaluation of the importance of different parts of an input sentence through
its self-attention mechanism, enabling superior performance in handling long-distance dependencies
and complex sentence structures. In the task of NEVs fault classification, BERT's fully bidirectional
contextual understanding, strong generalization ability, and the advantage of reducing task-specific
engineering requirements make it the preferred model for processing subtle textual differences.
Based on the characteristics of the NEVs fault corpus and experimental results, this study selects the
BERT model as the fault classification model for the NEVs fault data retrieval system.

4.3. Knowledge Graph and Fine-Tuning of Large Language Models

Through an in-depth analysis of the fault data procured from NEVs, a comprehensive
knowledge graph pertaining to the failures encountered in NEVs has been meticulously designed
and instantiated, leveraging the distinctive attributes of the automotive fault tree analysis
methodology. The knowledge graph was systematically populated with specific fault categories
pertaining to discrete vehicle models, encompassing 122 fault types along with their associated fault
phenomena and etiologies. For LLMs, the ChatGLM3-6 model, engineered by Tsinghua
University[37], was prudently chosen for the purposes of fault information retrieval and knowledge
generation, in consonance with the unique characteristics of the problem at hand. An exhaustive
extraction of fault information and knowledge relationships was extracted, culminating in the
formulation of a comprehensive summary lexicon for the principal fault domains. Figure
10.delineates the procedural framework for constructing the fault knowledge graph tailored for
NEVs.
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Figure 10. Fault Knowledge Graph Construction Process.

Knowledge Graph

The training and fine-tuning of LLMs are indispensable in constructing sophisticated domain-
specific intelligent information retrieval and question-answering systems. In the context of this
investigation, the P-Tuning and LoRA fine-tuning techniques were selected for the fine-tuning and
training of the ChatGLM3-6B model. Extensive experimental evaluations have demonstrated that
both the P-Tuning V2 and LoRA fine-tuning methodologies considerably enhance the performance
of the ChatGLM3-6B model when answering questions related to NEV malfunctions. In particular,
P-Tuning V2 has an advantage in processing input tokens, enabling the concurrent training of longer
token sequences. On the other hand, LoRA demonstrates superior efficacy on extensive datasets,
showcasing enhanced accuracy metrics (Accuracy) in BLEU-4, ROUGE-1, ROUGE-2, and ROUGE-L
for question-answering tasks. Its low-rank matrix updating approach is particularly advantageous in
terms of parameter efficiency and computational expense. Owing to the intricate nature of the model
calculations involved, a detailed analysis is not provided here. Figure 11 illustrates a comparative
analysis of the output outcomes before and after the training of the LLM.

It is evident that the trained model effectively circumvents the fallacies illusions in the original
model, manifesting a superior comprehension of NEVs fault knowledge, coupled with enhanced
logical reasoning and analysis capabilities.
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Question:The reversing image screen jumped, and the
45 shop said that this was caused by excessive current
in the car computer. How to deal with this problem?

LLM-Prompt

ChatGLM:If the 4S shop informs you that the issue is caused by high current, it could be due to a problem with the reversing camera system's
circuitry or another faultin your vehicle. Below are some possible reasons for the reversing camera system's high current:

(1) Reversing Camera System's Generator: If you are using an electric reversing camera system, it might generate high current.

(2) Vehicle Faults: Other vehicle issues, such as brake disc wear, wheel imbalance, or transmission belt faults, might lead to high current in the
reversing camera system.

(3) Circuit Faults: A faultin the wiring of the reversing camera system may also cause high current.

It is recommended that you take the vehicle to a professional mechanic or repair shop for an inspection to determine the exact cause of the
issue. The mechanic will check your vehicle and, if necessary, replace or repair the faulty components to resolve the high-current issue in the
reversing camera system.

LLM-Fine tune-Prompt

ChatGLM: Hello! Based on your description, high current in the car’s electrical system might be the reason for the flickering of the reversing
camera screen. This could be due to a circuit issue in the reversing camera system or possibly other faults in your vehicle. Abnormal current in
the car's head unit can directly affect the stability of the reversing camera system. Additionally, issues such as control module failure, unstable
power supply, or a malfunctioning screen driver module might also cause faults in the reversing camera system.

When such problems occur, the reversing camera system might generate higher-than-normal current, resulting in flickering or other
display issues. Therefore, it is advisable to first check whether the car's electrical current is within a normal range. If the current is normal, the
fault could be in other components, such as brake disc wear, wheel imbalance, or transmission belt issues, as these may also cause abnormal
current. Additionally, wiring faults in the vehicle could also be a cause of high current.

Given these potential problems, the best course of action is to take your vehicle to a 4S shop or a professional repair shop for a
comprehensive inspection. Professional technicians will be able to diagnose the exact cause and replace or repair faulty components, ensuring
the proper functioning of the reversing camera system and avoiding issues such as flickering. | hope these suggestions help you resolve the issue.

Figure 11. Comparison before and after model training.

4.4. The Process of Intelligent Retrieval of Fault Information of NEVs

In the typical pursuit of fault data retrieval, users are generally required to initiate the process
by inputting a preliminary description of the fault-related information. Subsequently, the system
engages in the identification and categorization of the input, ascertaining whether the information is
fault-related or not. In the event that the input is identified as non-fault-related information, it is
managed through the intervention of conventional, untrained fault knowledge-based LLMs, which
provide pertinent services. Should the system deduce that the user's submission pertains to a fault
issue associated with NEVs, the information is then routed to the intelligent fault data search service
system. The fault classification model proceeds to classify the information, ascertaining the
appropriate category from among the 12 predefined fault types. Upon establishing the general
category of the fault information, the fault knowledge model extracts the specific type of vehicle fault
from the fault knowledge graph via an information search. Following the correlation of the specific
fault phenomenon, the fault knowledge model is tasked with delivering to the user a comprehensive
search outcome detailing the fault cause and corresponding resolution, thus facilitating a logical,
reliable, and coherent fault reasoning analysis. If deemed necessary, the system is also capable of
transmitting the entire entity, attribute, and relationship information contained within the fault
knowledge graph to the user interface, thereby elucidating the complete intelligent fault data search
process. Figure 12 illustrates the intelligent search query process for fault information when the state
of charge of an electric vehicle's battery is low, which is to say, the ratio of the remaining battery
capacity to the total battery capacity falls below an acceptable threshold.
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Figure 12. User fault data retrieval process.

4.5. Elaboration of the System Information Interaction Flow's Framework

In the functioning of the NEVs Fault Data Retrieval System, the primary dependence is placed
upon a meticulously constructed knowledge base, derived from the automobile fault knowledge
graph. This knowledge base facilitates the retrieval of pertinent fault data and their associated
attribute relationships. Following sophisticated processing and refinement, the information is
presented in the form of a Prompt to an LLM. Subsequently, leveraging the enhanced knowledge
generation and reasoning capabilities of the LLM, which have been developed through rigorous
training and fine-tuning, the system obtains the desired retrieval outcomes and formulates a
proposed solution for the rectification of faults, as depicted in Figure 13.
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Figure 13. Fault information system interaction process.

In the initial phase, the system engages in the retrieval of fault-related information. This involves
encoding the fault data of the user's NEVs, incorporating techniques such as truncation and padding
to ensure compatibility with the input requirements of the model. Subsequently, the model's weights
are loaded, and the encoded data is fed into the LLM for inferential processing, thereby yielding the
desired output results. These output statements are then utilized to construct Cypher queries that
align with the structure of the fault knowledge graph, enabling the retrieval of pertinent fault
information from the Neo4j database.

During the second phase, fault data inference is conducted. To facilitate interactive services for
users and to allow for the seamless integration of knowledge graph data into the interface, the system
employs an API styled after OpenAl's format. This API extracts the relevant prompt from the
knowledge graph and presents it to the model in a "role": "system" format. LLM then performs
reasoning analysis to ascertain the cause of the fault in NEVs and to determine the appropriate
countermeasures.

The third phase entails data integration. The system has the capability to encrypt the user's fault-
related question and answer data for secure storage, and to feed back data that has received high user
satisfaction to NEVs fault LLM for subsequent learning and enhancement of the model.

Finally, in the fourth phase, the system facilitates the display of fault information to the user by
transmitting the data acquired from the API. Concurrently, the data sourced from the knowledge
graph is visualized using the echarts framework. This approach enables the system not only to
visualize the knowledge graph but also to achieve a graphical representation of the complete
reasoning chain.

4.6. System Development Technology

The evolution of an intelligent search system tailored for fault diagnosis in NEVs has adopted a
diverse array of development methodologies across multiple modules and hierarchical levels, as
illustrated in Figure 14. On the database level, the Cypher query language is employed to execute
read and write operations on the NoSQL database, Neo4j. Regarding the programming languages
utilized in system development, Python, HTML, and CSS have been chosen for their efficacy. On the
algorithmic design level, Python's robust data analysis libraries—Numpy, Pillow, and Matplotlib —
are harnessed to facilitate model training, evaluation, and data processing. For the selection of deep
learning models, the PyTorch framework is adopted, with Transformer serving as the model
repository. In the domain of Web development, Echarts is utilized as the front-end data visualization
framework, while Flask provides the structural foundation for the development environment.
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Figure 14. System development technical implementation.
4.7. System Demonstration and Testing

4.7.1. System Presentation

The retrieval mechanism embedded within the intelligent retrieval system tailored for fault data
analysis of NEVs fundamentally encompasses two pivotal stages at its core: initially, a sophisticated
classification algorithm is employed to conduct a detailed categorization of NEV malfunctions.
Subsequently, advanced text analytics are utilized to distill critical information, such as the vehicle
model and its series. Leveraging this information, the system diligently retrieves corresponding fault
data and provides it as a Prompt to the reasoning model that incorporates expert knowledge and
scavenges the knowledge graph for pertinent fault information, which is then fed into a reasoning
model imbued with expert knowledge to generate a comprehensive fault data retrieval prompt.
Ultimately, the system will progressively generate and display the entire fault data retrieval results
and the knowledge graph visualization data (Figure 15).

New Energy Vehicle Fault Diagnosis and Analysis with Visualization

Figure 15. Fault diagnosis and analysis with visualization.
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4.7.2. System Testing

To ascertain the efficacy and operational efficiency of the system, a series of functional
assessments and practical applicability evaluations were undertaken. Refer to Table 4 for a detailed
breakdown of the testing conditions.

Table 4. System testing environment.

Environment Parameter Environment Parameter
Operating System Windows11 64-bit Memory 32GB
Intel(R) Core (TM) i9- NVIDIA GeForce
CPU 11900H CPU @ 2.50GHz Graphics card RTX3070 Laptop GPU
(2502 MHz) 8G GDDR6

Throughout the system functionality testing phase, the primary focus is placed on whether the
system developed can respond to the user’s operations and fault information normally ascertaining
the system's capability to adeptly respond to user inputs and to effectively relay fault notifications.
Furthermore, it is crucial to evaluate the user's ability to interact with the system seamlessly,
leveraging the intuitive nature of the interface display. The detailed procedural steps and
corresponding outcomes are delineated in Table 5.

Table 5. System function testing.

Test items Operating procedures Expected results Test results

The system icons, buttons, and other user

User Interface Accessing the system  interface  elements are displayed P
. . . : ass
Responsiveness Testing  interface via WEB pages normally, and the user interaction
functions are free of obstacles
Inputting fault information The fault information inputted can be
Type of fault identification into the fault classification correctly received and parsed by the Pass
model in the background fault classification model.
The data parsed is retrieved The knowledge base can successfully
Knowledge base search retrieve data related to the parsed Pass
from the knowledge base information
Fault data retrieval and Submit the fault The page can stream and analyze the
graph visualization  jnformation after inputting data, and display dynamic visual effects Pass

function of the fault information-related graphs
it

The assessment entails the utilization of a comparative analytical framework, comparing the
performance of mainstream search engines and similar popular Question Answering Systems at
home and abroad. Owing to the void in the intelligent search domain for specialized NEVs faults,
there exists an absence of a mature application system; this research represents an exploratory
endeavor, with the comparative entities primarily comprising widely-used intelligent question-
answering systems such as Microsoft's Copilot, GPT-3.5 Turbo, Claude 3 Haiku, and the ERNIE Bot
4.0.

Throughout the assessment process, an emphasis is placed on scrutinizing the performance
metrics of each system, including question-answer relevance, accuracy, textual logic, coherence, and
response latency, as per queries crafted by automotive fault specialists. The assessment of question-
answer relevance primarily gauges the pertinence and expertise of the responses proffered by the
system in relation to the posited inquiries; precision evaluation pertains to the degree of alignment
between the responses from the system and those from the automotive fault experts. In order to
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mitigate the bias inherent in comparing the efficacy of a particular knowledge model subsequent to
targeted learning against its performance in an untrained state, the system assessment incorporates
additional evaluation metrics, including textual logicality, coherence, and response latency, among
others. These metrics serve to evaluate the logical consistency and coherence of the generated outputs,
with the final response latency being quantified as the average generation time per token, where a
shorter latency equates to a higher score. The scoring mechanism is predicated on the automated
scoring capabilities of GPT-4, and the percentile system of artificial assessment.

The findings indicate that the intelligent detection system for NEV faults, developed as part of
this study, is similar to LLMss in terms of targeted responses, has a slightly higher accuracy than all
other systems, exhibits a deficiency in both coherence and logical progress, and its response latency
marginally surpasses that of its counterparts (refer to Figure 16).

o 100
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‘7 60
2
g 40
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Y20
0
S
“\7~C\L B Microsoft Copilot
A ®  GPT-3.5 Tutbo
& Claude 3 Haik
Q o o0 aude 3 Haiku
otV
O ERNIE Bot 4.0

®  Fault Data Retrieval System

Figure 16. System usability assessment.

5. Conclusion and Prospects

In conclusion, the development of an intelligent retrieval system for fault information pertaining
to NEVs has successfully met the predetermined objectives. On a comprehensive basis, the technical
methodology employed, coupled with the execution of system functionalities, yielded successful
outcomes. The substantial language model ChatGLM3-6B has been introduced, along with a
dedicated downstream task dataset. The model has been meticulously fine-tuned using the LoRA
methodology to cater specifically to the task of detecting faults in NEVs. Comprehensive
experimental assessments have validated that the optimized model outperforms the baseline model
in fault diagnosis tasks. During the research phase, fault data was meticulously gathered through
web crawler and manual collection, followed by refinement and preprocessing, encompassing 122
common fault categories and associated diagnostic recommendations. The fault tree analysis method
was amalgamated with the expert system for fault diagnosis, and the generative language model
ChatGLM3-6B was integrated to facilitate the efficient processing of fault data and the construction
of a knowledge graph. Based on this knowledge graph and the generative language model, an
enhanced fault retrieval generation analysis algorithm has been meticulously crafted and executed,
and an innovative intelligent search system tailored for fault data analysis in NEVs has been
successfully developed, primed for initial practical deployment. Comparative analyses with
analogous systems and models have validated the efficacy and sophistication of the NEVs fault data
retrieval system.

Currently, there is still room for improvement in the system, and it will be further deepened and
expanded from the following aspects:

In the domain of fault data retrieval for NEVs, significant enhancements are feasible in the areas
of entity extraction, fault categorization, and relational identification. Particularly, during the
inference and retrieval processes from graphical representations, the amalgamation of text-to-Cypher
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transformations with graph traversal algorithms can facilitate a multi-dimensional positioning and
interactive approach, thereby augmenting the system's overall performance and precision.

Furthermore, the current rate of knowledge graph construction and updating falls short of
optimal efficiency. Future studies should investigate the modalities for automating the construction
and real-time refreshment of KGs, leveraging generative language models to dynamically recognize
and assimilate novel knowledge, thereby preserving the currency and accuracy of the knowledge
graph.

Lastly, it is imperative to amalgamate NEV fault data retrieval systems with other auxiliary
systems, such as vehicular networking and maintenance decision support systems, to create an
integrated and streamlined NEV service ecosystem. Prospective endeavors should focus on the
exploration of inter-system data interchange and functional integration to furnish a more
comprehensive and user-friendly fault diagnosis and repair service.
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