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H I G H L I G H T S

• An LLM-driven system for railway turnout defect diagnosis and maintenance decisions.

• Textualization of data enables semantic understanding by the LLM for diagnosis.

• Enhanced fine-tuning via contrastive loss achieves 89.6% diagnostic accuracy.

• RAG integration automates the generation of standardized maintenance decisions.
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A B S T R A C T

High-speed railway (HSR) turnouts are among the most mechanically demanding components in the railway 

infrastructure, yet current operation and maintenance (O&M) practices remain largely reactive, experience-

dependent, and disconnected from automated decision support. This paper presents a large language model 

(LLM)-driven expert system that bridges the gap between raw sensor data and actionable maintenance decisions 

for turnout defect diagnosis. Three core contributions are made. First, a data textualization strategy is devel­

oped to convert train body acceleration signals into structured text sequences comprehensible to LLMs, enabling 

domain-specific diagnosis without architectural modification of the base model. Second, an enhanced instruction 

fine-tuning scheme is proposed, incorporating a contrastive loss function that tightens intra-class feature clus­

ters and widens inter-class margins, alongside a hierarchical evaluation method that reliably extracts categorical 

intent from free-form model outputs. Third, a retrieval-augmented generation (RAG) module is integrated with 

the fine-tuned model, enabling the system to generate standards-compliant maintenance recommendations di­

rectly from diagnostic results. Controlled experiments across four pre-trained models and 26 experimental groups 

demonstrate that the proposed system reaches a peak diagnostic accuracy of 89.6%, while preserving the natural 

language generation capabilities essential for report production. The framework is evaluated on a physically rep­

resentative dataset generated by a validated stochastic vehicle–turnout dynamics model. The resulting integrated 

pipeline, from extracted signal features to maintenance decision output, offers a practical and scalable solution 

for intelligent O&M of complex railway turnout infrastructure and beyond.
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1 . Introduction

Turnouts are among the most failure-prone components in high-

speed railway (HSR) track systems. Their complex geometry and concen­

trated stress distribution make them susceptible to geometric deviations 

that, if left unaddressed, can develop into rail corrugation, fractures, or 

structural instability (Cai et al., 2024; La Paglia et al., 2023). As rail 

networks continue to expand globally, the volume and diversity of mon­

itoring data generated from these components grow correspondingly. 

This growth places increasing pressure on operation and maintenance 

(O&M) workflows, which in many organizations have yet to move 

beyond manual inspection and experience-based judgment. A key ge­

ometric indicator in this context is the reduction value, defined as the 

vertical height difference between the top surface of the switch or point 

rail and the adjacent stock rail (Chang et al., 2022). Maintaining this 

parameter within prescribed tolerances is essential for smooth wheel–

rail load transfer as trains negotiate switches. When the reduction 

value deviates from its design specification, the load transfer path shifts 

unfavorably: an excessively large value delays wheel load transition, in­

ducing lateral sway and impact forces; conversely, an excessively small 

value causes premature wheel–switch rail contact, intensifying local 

stress concentration and accelerating material fatigue (Chen et al., 2020, 

2024). Accurate and automated perception of this geometric state there­

fore constitutes a prerequisite for any credible intelligent maintenance 

framework (Fig. 1).

Current monitoring approaches fall into two broad categories. Fixed-

point microcomputer-based systems can track electromechanical param­

eters such as switch machine current and switching force in real time, 

but they struggle to directly capture the structural signatures of reduc­

tion deviations, which limits their value for precise defect diagnosis 

(Wang et al., 2024). Periodic inspections using track geometry cars 

or manual patrols provide richer acceleration data as trains traverse 

turnouts (Li et al., 2023, 2014), yet the subsequent analysis pipeline 

depends heavily on expert interpretation and does not readily scale to 

the data volumes generated in dense rail networks. In a broader context, 

structural health monitoring methodologies have progressed from early 

signal processing techniques (Amezquita-Sanchez & Adeli, 2016) and 

statistical anomaly detection (Entezami et al., 2025) toward lower-cost, 

higher-coverage, and increasingly automated platforms (Sarmadi et al., 

2023). For turnouts specifically, the remaining challenge is to con­

nect automated data acquisition with integrated maintenance decision 

generation within a single workflow.

Large language models (LLMs) have emerged as a promising av­

enue for bridging this gap. Their capacity for sequence understanding, 

contextual reasoning, and natural language generation offers a unified 

mechanism for transforming heterogeneous sensor inputs into struc­

tured, human-readable outputs (Wang et al., 2024; Zhao et al., 2025). 

Recent studies have shown their utility in mechanical fault diagnosis 

(Lin et al., 2025; Tao et al., 2025), civil infrastructure assessment (Jiang 

et al., 2025; Xu et al., 2025), and transportation safety analysis (Jia et 

al., 2025; Liu et al., 2025), among other engineering domains. The wider 

adoption of deep learning techniques in railway infrastructure, includ­

ing UAV-based inspection (Aela et al., 2024) and deep transfer learning 

for image-based structural damage recognition (Gao & Mosalam, 2018), 

provides further evidence of the field’s receptiveness to data-driven au­

tomation. A detailed review of these recent developments is provided in 

Section 2.3.

Despite these advances, no existing study has developed an in­

tegrated system that simultaneously handles the full pipeline from 

structured signal features to standardized maintenance recommenda­

tions for railway turnout components. This paper addresses that gap 

directly. The proposed framework, illustrated in Fig. 2, combines in­

struction fine-tuning of a general-purpose LLM using the LlamaFactory 

platform (Zheng et al., 2024) with a retrieval-augmented generation 

(RAG) module grounded in industry maintenance standards (Zhao et 

al., 2024), constructing an expert system that produces both a defect 

classification and a professional maintenance report from a single in­

ference pass. While the current implementation relies on predefined 

time–frequency features, the diagnostic and decision-generation stages 

operate without manual intervention once the features are extracted.

The remainder of this paper is organized as follows. Section 2 reviews 

the relevant literature. Section 3 details the proposed methodology. 

Section 4 describes the experimental setup. Section 5 presents and dis­

cusses the results. Section 6 focuses on the main limitations of the 

current study and outlines directions for future research. Section 7 

concludes with a summary of findings.

Fig. 1. Illustration of a typical HSR turnout structure.
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Fig. 2. Schematic diagram of the proposed expert system.

2 . Related work

This section reviews the three areas most relevant to the present 

study: the physical relationship between turnout reduction deviation 

and measurable vehicle response (Section 2.1), the evolution of mainte­

nance paradigms for HSR infrastructure (Section 2.2), and recent LLM 

applications in engineering monitoring and diagnosis, organized as a 

structured gap analysis across four functional dimensions (Section 2.3).

2.1 . Correlation between turnout reduction deviation and train body 

response

Reduction deviations at the wheel–rail interface disrupt smooth 

contact and generate measurable dynamic responses throughout the ve­

hicle. While conventional safety assessments have concentrated on local 

indicators—wheel–rail forces and derailment coefficients—that require 

specialized trackside instrumentation, train body acceleration offers a 

globally accessible alternative that is routinely collected during com­

mercial operations and contains rich information about the underlying 

wheel–rail interaction state.

Early investigations relied on multi-body dynamics models, which 

captured macroscopic vehicle behavior but were limited in their abil­

ity to resolve medium-to-high frequency vibration transmission to the 

car body. Wang et al. (2024) examined the influence of reduction de­

viation on wheel–rail forces, while Chang et al. (2022) characterized 

the macroscopic dynamic consequences of suboptimal reduction val­

ues. These studies established the qualitative link between reduction 

value deviation and vehicle response, but did not provide a quantitative 

basis for automated diagnosis. The introduction of multi-flexible-body 

simulation by Ma et al. (2025) addressed this limitation by showing 

that distinct reduction deviation types (whether originating from the 

switch rail, the point rail, or both simultaneously) excite characteris­

tic time–frequency signatures in train body vibration, thereby laying 

the physical foundation for inversion-based diagnosis. The stochastic 

dynamics model employed in the present study, which accounts for un­

certainties across 27 vehicle and turnout parameters and uses measured 

spectra to parametrize random irregularities, extends this line of work 

by providing a controlled yet physically representative dataset for LLM 

fine-tuning (Tang et al., 2025).

2.2 . Evolution of O&M paradigms for HSR

Turnout maintenance methodology has passed through three iden­

tifiable phases, each characterized by a different relationship between 

data, expertise, and automation.

The conventional paradigm (Fig. 3(a)) couples periodic data col­

lection with manual expert interpretation, following established main­

tenance standards (Avci et al., 2021; Cao et al., 2020). Diagnostic 

quality under this paradigm is inherently bounded by the availability 

and consistency of qualified personnel, and the turnaround time from 

data acquisition to maintenance action is often measured in days or 

weeks. The data-driven paradigm (Fig. 3(b)) replaces expert interpreta­

tion with deep learning models trained to extract defect-state mappings 

from large datasets, substantially improving throughput and objectiv­

ity (Aela et al., 2024; Deng et al., 2022). However, the interpretability 

limitations of these black-box models mean that final maintenance deci­

sions still require human oversight, and the models themselves produce 

categorical labels rather than actionable guidance. The LLM-augmented 

paradigm (Fig. 3(c)) addresses interpretability and decision generation 

simultaneously: by pairing existing diagnostic conclusions with RAG-

based knowledge retrieval, LLMs can produce standardized, auditable 

maintenance recommendations without additional fine-tuning (Lee et 

al., 2024). The neural network foundations that have enabled this pro­

gression trace back to early applications of connectionist models in civil 

engineering (Adeli, 2001; Adeli & Yeh, 1989), which laid the intellectual 

groundwork for current deep learning and language model deployments.

The present study advances beyond all three paradigms by propos­

ing an integrated expert system (Fig. 3(d)) in which a single fine-tuned 

LLM handles the workflow from extracted signal features to maintenance 

report generation within a unified architecture, thereby reducing the 

dependency on separate diagnostic and decision-support modules.

2.3 . LLM applications in infrastructure monitoring and diagnosis

Recent LLM deployments in engineering can be organized along 

four functional dimensions relevant to the present work: time-series 

diagnosis, knowledge retrieval, decision generation, and multimodal 

integration.

In the area of time-series diagnosis, primary efforts have focused 

on adapting LLMs for fault diagnosis from sensor signals (Lin et al., 
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Fig. 3. Schematic diagram of the evolution of maintenance paradigm.

2025; Zhang et al., 2025), typically through prompt-based or fine-

tuning approaches that convert numerical sequences into textual rep­

resentations. More recently, multimodal architectures that fuse vibra­

tion spectrograms with task-specific prompts via low-rank adaptation 

(LoRA)-adapted LLMs have achieved cross-dataset generalization with 

explainable outputs (Wang et al., 2025). However, these studies pre­

dominantly address mechanical systems (bearings, gears) rather than 

civil infrastructure, and none integrates the diagnostic output with 

downstream maintenance decision workflows.

Regarding knowledge retrieval, RAG has been applied to construc­

tion management documentation (Wu et al., 2025) and safety knowledge 

retrieval for building projects (Lee et al., 2024). In structural health mon­

itoring, convolutional neural network (CNN)-based damage classifiers 

have been coupled with LoRA-fine-tuned LLMs to synthesize heteroge­

neous sensor data and inspection reports into prescriptive maintenance 

decisions (Smarsly et al., 2025). These systems demonstrate the value of 

grounding LLM outputs in domain standards, but operate independently 

of any upstream automated diagnostic model, leaving a gap between 

data-driven diagnosis and knowledge-grounded recommendations.

In the domain of decision generation, chain-of-thought reason­

ing guided by the Human Factors Analysis and Classification System 

(HFACS) taxonomy has been used to analyze aviation accident narratives 

(Liu et al., 2025). Image-based zero-shot prompting has been applied to 

pavement condition assessment (Xu et al., 2025). Post-earthquake struc­

tural damage reports have been generated from image–text pairs (Gao et 

al., 2026; Jiang et al., 2025). In railway-specific contexts, graph neural 

network (GNN)–LLM integration has been explored for track settlement 

forecasting (Zhou et al., 2026), and LLMs have been used for bridge 

specification generation (Maharjan & Chun, 2026). While these applica­

tions produce actionable outputs, they rely on manually curated inputs 

rather than automated diagnostic pipelines, and do not incorporate 

standardized maintenance knowledge through retrieval mechanisms.

For multimodal integration, approaches combining sensor data with 

text or images have been explored for landslide interpretation (Areerob 

et al., 2025), mechanical fault analysis (Jose et al., 2024; Li et al., 

2025), and knowledge graph construction (Zhou et al., 2024). Physics-

informed evaluation frameworks have assessed LLM-generated driving 

scenarios (Jia et al., 2025), and natural language processing for trans­

portation knowledge extraction has been surveyed more broadly (Zhang 

et al., 2026). These studies demonstrate the potential of multimodal LLM 

systems but do not close the loop between sensor-driven diagnosis and 

standards-compliant decision outputs.

Across these four dimensions, a consistent gap remains: existing 

systems address either the knowledge retrieval dimension or the diag­

nostic dimension in isolation, but no study has combined both within 

an integrated pipeline that operates on structured sensor-derived fea­

tures and produces maintenance recommendations grounded in industry 

standards. The present study is designed to bridge this gap.

3 . Method

This section describes the proposed expert system in detail. 

Section 3.1 covers the construction of the fine-tuned defect diagnosis 

model, including signal feature extraction, the improved training objec­

tive, and the task-adapted evaluation strategy. Section 3.2 describes the 

RAG module for standardized maintenance recommendation generation.

3.1 . Construction of the defect diagnosis LLM via instruction fine-tuning

The goal of this stage is to convert a general-purpose LLM into a 

domain expert capable of classifying turnout reduction value deviation 

defects from structured textual representations of sensor signals. The 

overall process is shown in Fig. 4. Rather than modifying the model 

architecture or training a new model from scratch, the approach relies 

on parameter-efficient instruction fine-tuning within the LlamaFactory 

framework (Zheng et al., 2024), supplemented by a contrastive learning 

objective and a task-adapted evaluation strategy.

3.1.1 . Signal feature extraction and textual dataset construction

Raw train body acceleration signals are not directly suitable for 

LLM processing, both because of their high dimensionality and because 

the statistical patterns relevant to turnout health are not transparently 

encoded in the raw time series. A textualization strategy is therefore 

adopted to transform the signal pattern recognition problem into a lan­

guage understanding task, making the diagnostic problem accessible 

to the full range of LLM capabilities, including reasoning, contextual 

grounding, and natural language report generation.

Drawing on established practice in rotating machinery fault diag­

nosis (Tao et al., 2025), 24 features are extracted from the lateral 

and vertical acceleration channels: 12 time-domain quantities and 12 

frequency-domain quantities, all carrying clear physical interpretations. 

Computer-Aided Civil and Infrastructure Engineering 49 (2026) 100098 
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Fig. 4. Schematic diagram of the defect diagnosis LLM based on instruction fine-tuning.

Table 1 

Feature parameters of high-speed train body acceleration signals.

Type of Feature Feature Name

Time-domain Mean value, Standard deviation, Square root 

amplitude, Absolute mean value, Peak value, 

Skewness, Kurtosis, Variance, Kurtosis index, 

Peak index, Waveform index, Pulse index

Frequency-domain Frequency mean value, Frequency variance, 

Frequency skewness, Frequency kurtosis, Gravity 

frequency, Frequency standard deviation, 

Frequency root mean square, Average fre­

quency, Regularity degree, Variation parameter, 

Eighth-order moment, Sixteenth-order moment

These are listed in Table 1. The selection prioritizes features with 

well-established physical meaning for two reasons: first, physically in­

terpretable features allow the instruction prompt to include meaningful 

guidance (e.g., directing the model’s attention to the most discriminative 

quantities identified by analysis of variance (ANOVA)), which would 

not be possible with abstract latent representations; second, transpar­

ent features facilitate future extension of the defect taxonomy without 

requiring redesign of the feature extraction pipeline.

The extracted features are arranged into instruction-following data 

records comprising three components, following prompt engineering 

conventions discussed in (Luo et al., 2023). The Instruction component 

specifies the model’s role as a domain expert, defines the classification 

task, prescribes the output format, and provides brief physical guid­

ance on the most discriminative features identified by ANOVA; this 

guidance directs attention to specific feature names and their expected 

behavior under each defect condition, giving the model a physically 

grounded reasoning anchor rather than relying solely on statistical pat­

tern matching. The Input component lists each feature name alongside 

its corresponding lateral and vertical value in plain natural language; 

by presenting numerical values within named feature contexts (e.g., 

“Lateral Standard Deviation: 0.0372”), the format allows the LLM to 

leverage its pre-trained understanding of statistical concepts when inter­

preting the data. The Output component is a single integer label in {0, 1, 

2, 3} corresponding to the defect condition; abstract labels are adopted 

rather than descriptive category names because they accommodate fu­

ture expansion of the defect taxonomy without restructuring the training 

data and focus the model’s optimization on categorical mapping, thereby 

reducing sensitivity to vocabulary choices and the ambiguity they may 

introduce. A representative example of this format is shown in Fig. 5.

3.1.2 . Training objective enhancement with contrastive learning

Standard instruction fine-tuning minimizes cross-entropy loss over 

next-token prediction, which drives the model to produce correct tex­

tual outputs but does not explicitly shape the geometry of the learned 

representations. In a classification setting, this can leave the decision 

boundaries between defect categories poorly defined, particularly when 

the feature differences between categories are subtle—as is the case 

for reduction value deviations, where conditions such as switch rail 

deviation alone and simultaneous switch-point rail deviation produce 

partially overlapping acceleration signatures.

To address this, a contrastive learning term is incorporated into the 

training objective, drawing on the formulation introduced by Hadsell 

et al. (2006). This mechanism enforces that representations of samples 

belonging to the same defect category cluster tightly in the embedding 

space, while representations from different categories are pushed apart. 

Implementation details are illustrated in the “Improved loss calculation” 

module of Fig. 4.

For each sample in a training batch, the hidden state at the final 

answer token position is extracted as the sample’s semantic represen­

tation. The model maintains one learnable prototype vector per defect 

class. The contrastive loss is defined as: 

L𝑐𝑜𝑛 = − log
exp

(

sim(ℎ𝑖, 𝑝𝑦𝑖 )∕𝜏
)

∑𝐶
𝑘=1 exp

(

sim(ℎ𝑖, 𝑝𝑘)∕𝜏
)

(1)

where ℎ𝑖 is the hidden-state representation of sample 𝑖, 𝑝𝑦𝑖  is the pro­

totype vector for its ground-truth class, 𝐶 is the total number of defect 
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Fig. 5. Example of the text data format used for instruction fine-tuning.

categories, 𝜏 is a temperature parameter controlling the sharpness of the 

similarity distribution, and sim(⋅, ⋅) denotes cosine similarity. Prototype 

vectors are updated via exponential moving average to maintain stability 

across training steps (Li et al., 2021): 

𝑝𝑘 ← 𝑚 ⋅ 𝑝𝑘 + (1 − 𝑚) ⋅ ℎ̄𝑘 (2)

where 𝑚 is the momentum coefficient and ℎ̄𝑘 is the batch-mean repre­

sentation for class 𝑘. The total training objective combines the standard 

language modelling loss with the contrastive term: 

L𝑡𝑜𝑡𝑎𝑙 = L𝐶𝐸 + 𝜆 ⋅ L𝑐𝑜𝑛 (3)

where 𝜆 controls the relative contribution of the contrastive term. 

This combined objective preserves the model’s generative capabilities, 

which are essential for downstream report generation, while explicitly 

regularizing the feature space for more reliable classification.

3.1.3 . Hierarchical evaluation strategy for the classification task

Because the fine-tuned LLM generates classification results as free-

form text (e.g., “Based on the feature analysis, the defect category is: 

2”), standard text-overlap metrics such as ROUGE-L and BLEU are poorly 

suited for evaluation. These metrics penalize surface variation in expres­

sion even when the categorical intent is identical—a model output of 

“the category is 2” and a reference of “2” would receive a low overlap 

score despite conveying the same diagnostic conclusion.

The study therefore adopts a hierarchical semantic parsing strategy, 

shown in the “Improved accuracy calculation” module of Fig. 4. After 

standard text preprocessing (whitespace normalization, punctuation re­

moval), evaluation proceeds through three cascading extraction steps. 

The first step searches the trailing segment of the output text for a 

standalone integer in the valid label set {0, 1, 2, 3}; the trailing seg­

ment is prioritized because the model’s final statement typically contains 

the conclusive answer. If no explicit integer is found, the second step 

matches the output against a bilingual keyword dictionary that maps 

natural language expressions to class indices (e.g., “level 1” → class 1, 

“condition zero” → class 0), covering both Chinese and English variants 

to accommodate cross-lingual evaluation scenarios. As a final fallback, 

the third step conducts a full-text scan for any digit present in the output, 

Algorithm 1 Contrastive Instruction Fine-Tuning with Hierarchical 

Evaluation.

Input: Pre-trained LLM M; training set D𝑡𝑟𝑎𝑖𝑛; validation set D𝑣𝑎𝑙; 

epochs 𝐸; learning rate 𝜂; contrastive weight 𝜆; temperature 𝜏; mo­

mentum 𝑚; classes 𝐶; label set Y = {0, 1, 2, 3}; keyword dictionary 

W
Output: Fine-tuned adapters 𝜃𝐿𝑜𝑅𝐴; prototypes {𝑝𝑘}

𝐶
𝑘=1

1: Attach LoRA adapters to M; freeze remaining parameters; initialize 

{𝑝𝑘} randomly 

2: for epoch = 1 to 𝐸 do

3: for each mini-batch B ⊂ D𝑡𝑟𝑎𝑖𝑛 do

4: Forward pass: obtain logits and extract hidden state ℎ𝑖 at the 

final answer token for each sample (𝑥𝑖, 𝑦𝑖) ∈ B
5: Compute L𝑡𝑜𝑡𝑎𝑙 = L𝐶𝐸 + 𝜆 ⋅ L𝑐𝑜𝑛 via Eqs. (1) and (3) 

6: Update 𝜃𝐿𝑜𝑅𝐴 via AdamW; update each 𝑝𝑘 via Eq. (2)

7: end for

8: // Hierarchical validation 

9: for each (𝑥𝑗 , 𝑦𝑗 ) ∈ D𝑣𝑎𝑙 do

10: Generate 𝑡𝑗 ← M(𝑥𝑗 ); preprocess text 

11: Extract 𝑦̂𝑗  by: (1) trailing integer search ∈ Y ; (2) keyword 

matching via W ; (3) full-text digit scan; else mark as failure

12: end for

13: Compute Acc = 1
|D𝑣𝑎𝑙 |

∑

𝑗 𝟏[𝑦̂𝑗 = 𝑦𝑗 ]
14: end for

15: return 𝜃𝐿𝑜𝑅𝐴, {𝑝𝑘}
𝐶
𝑘=1

capturing edge cases where the model embeds the label within an unex­

pected sentence structure. This hierarchical approach correctly identifies 

semantically equivalent outputs regardless of their surface form, en­

abling a reliable measure of true classification accuracy. Outputs that fail 

all three extraction steps are recorded as prediction failures and counted 

as incorrect classifications.

The complete procedure, covering LoRA-based fine-tuning with the 

contrastive objective and hierarchical accuracy evaluation, is given in 

Algorithm 1.
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Fig. 6. Workflow of the RAG module.

Algorithm 2 RAG-Based Maintenance Recommendation Generation.

Input: Fine-tuned LLM M∗; raw acceleration signal 𝑠; knowledge base 

K; embedding model 𝜙; re-ranking model 𝜓 ; number of retrieved 

passages 𝐾
Output: Maintenance recommendation report R
1: // Stage 1: Diagnostic inference 

2: Extract features from 𝑠 (Table 1); construct textualized input 𝑥
(Section 3.1.1) 

3: 𝑦̂← M∗(𝑥); 𝑐 ← HierarchicalParse(𝑦̂) (Section 3.1.3) 

4: // Stage 2: Knowledge-grounded report generation 

5: Retrieve top-𝐾 passages: P ← TopK
(

sim(𝜙(𝑐), 𝜙(𝑑)) ∀ 𝑑 ∈ K
)

6: Re-rank: P∗ ← 𝜓(P , 𝑐)
7: Assemble prompt 𝑥𝑔𝑒𝑛 ← Prompt(𝑐,P∗); generate R ← M∗(𝑥𝑔𝑒𝑛)
8: return R

In practice, the hierarchical strategy proved highly reliable across 

all 26 experimental groups: the first two extraction levels (trailing in­

teger search and keyword matching) successfully parsed every model 

output during both validation and testing. The third-level full-text digit 

scan was never triggered, owing to the explicit format constraint in the 

instruction prompt. Nevertheless, the theoretical risk of spurious digit 

matching remains for scenarios involving longer outputs or expanded 

label sets, and is discussed further in Section 6.

3.2 . Standardized maintenance recommendation via RAG

Once the LLM has acquired defect diagnosis capability through fine-

tuning, the RAG module extends its function to maintenance decision 

generation, closing the loop from signal acquisition to actionable output. 

The workflow is illustrated in Fig. 6.

The module operates in two sequential stages using the same fine-

tuned model, as formalized in Algorithm 2.

Stage 1: Diagnostic inference. On-site acceleration signals are pro­

cessed through the feature extraction and textualization pipeline de­

scribed in Section 3.1.1, producing a structured text input. This input 

is fed into the fine-tuned LLM, which outputs a preliminary defect label 

indicating the type and severity of the reduction value deviation.

Stage 2: Knowledge-grounded report generation. The defect label 

from Stage 1 is used as a semantic query to retrieve the most relevant 

passages from a pre-built knowledge base. This knowledge base is con­

structed from the “Railway Engineering Technical Manual—Turnouts” 

through a standard document processing pipeline: the source document 

is segmented into passages using recursive text splitting with overlap 

to preserve cross-boundary context, and each passage is encoded into 

a dense vector representation using a dedicated embedding model. At 

query time, the defect label is similarly embedded, and the top-𝐾 pas­

sages with the highest cosine similarity are retrieved. A re-ranking model 

then reorders these candidates by contextual relevance to the specific de­

fect type identified in Stage 1. The retrieved passages, together with the 

diagnostic label, are assembled into a structured prompt and passed back 

into the same fine-tuned LLM, which generates a maintenance recom­

mendation that is both defect-specific and compliant with the relevant 

industry standards (Zhao et al., 2024).

Using a single model for both diagnostic and generative tasks re­

duces system complexity and avoids the coordination overhead of 

multimodel pipelines. Grounding the generated recommendations in 

an external, authoritative source ensures their professional quality and 

traceability, while mitigating the hallucination risk that would arise 

from relying solely on the model’s parametric knowledge. The resulting 

two-stage workflow constitutes the complete signal-to-decision closed 

loop targeted by this study.

4 . Experiment settings

This section describes the data, experimental design, and comput­

ing environment used to evaluate the proposed framework. Section 4.1 

introduces the dataset and the four textualization formats. Section 4.2 

details the experimental groups designed to isolate the effects of 

loss function, data representation, and fine-tuning hyperparameters. 

Section 4.3 specifies the RAG evaluation scenarios, and Section 4.4 

summarizes the hardware and software environment.

4.1 . Data collection and preprocessing

The dataset is derived from a stochastic multi-flexible-body dynamics 

model of a high-speed vehicle–turnout system developed by the research 

group (Tang et al., 2025). The model parametrizes uncertainties across 

27 key variables in both the vehicle and turnout subsystems, and uses 

random irregularity spectra fitted to field measurements as the external 

excitation input, providing a physically representative simulation basis.

Four operating conditions are simulated: Condition 0 (nominal), 

Condition 1 (switch rail reduction deviation only), Condition 2 (point 

rail reduction deviation only), and Condition 3 (simultaneous switch 

and point rail deviations). For each condition, lateral and vertical accel­

eration time histories at key car body measurement points are recorded 

at a 0.25 m spatial interval throughout the full turnout passage, yielding 

a dataset that covers a broad range of defect types and random param­

eter realizations. The complete dataset contains 1500 samples in total, 

uniformly distributed across the four conditions; for each condition, the 

375 samples are partitioned into 250 for training, 50 for validation, and 

75 for testing. This balanced design simplifies the classification task rel­

ative to real-world maintenance scenarios, where defect instances are 

rare and class distributions are highly imbalanced; the implications of 

this simplification are discussed in Section 6.

Fig. 7 presents the dataset analysis in detail. The raw waveforms 

in panel (a) show substantial overlap between the four conditions, and 

the t-distributed stochastic neighbor embedding (t-SNE) projection in 

panel (b) confirms that the categories do not separate cleanly in the 

original feature space. ANOVA F-tests in panel (c) identify Lateral Root 

Mean Square and Lateral Standard Deviation as the two most discrimina­

tive features, providing a basis for the physical guidance prompts used 

in the PD and LD textualization formats. Violin plots in panel (d) fur­

ther illustrate the distributional differences across conditions for these 

high-𝐹  features.

Four textualization formats are evaluated to assess how data rep­

resentation strategies affect the model’s downstream diagnostic perfor­

mance. Raw data (RD) feeds the complete time series directly into the 

prompt, preserving all information at the cost of very high token counts 

and increased computational overhead. Feature data (FD) uses the ex­

tracted 24 time-frequency features, reducing input dimensionality while 

retaining broad coverage of the essential signal characteristics. Physical 
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Fig. 7. Data visualization and analysis.

Table 2 

Token statistics for different textualization formats.

Dataset Type Instruction Length Instruction Tokens Input Length Input Tokens Total Length Total Tokens

RD_ZH 134 90 40,734 38,428 40,881 38,522

RD_EN 496 96 40,797 38,430 41,306 38,530

FD_ZH 140 95 996 668 1149 768

FD_EN 550 102 1574 558 2137 665

PD_ZH 219 148 996 668 1228 821

PD_EN 827 155 1574 558 2414 718

LD_ZH 217 146 508 335 738 486

LD_EN 796 152 797 280 1606 437

data (PD) augments FD with ANOVA-guided physical prompts that di­

rect the model’s attention to the most discriminative features. Lateral 

data (LD) further removes the less relevant vertical acceleration features, 

strictly concentrating on the laterally sensitive subset identified by the 

ANOVA analysis to minimize potential background noise. Detailed to­

ken statistics and context length variations for each format are reported 

in Table 2.

4.2 . Experimental setup for the diagnosis task

Experiments are organized into three groups: loss function configura­

tion, dataset type, and fine-tuning hyperparameters. This design allows 

the effect of each factor to be isolated while the remaining settings are 

held constant. The default baseline configuration uses the LD format 

(lowest token count), contrastive loss weight 𝜆 = 1.0, LoRA target = ‘all’, 

learning rate = 1 × 10−4, and effective batch size = 8. Four pre-trained 

base models are selected to span two architectures and two capacity 

levels, forming a 2 × 2 design matrix: Llama-3.1-8B and Llama-3.2-1B 

from the Llama family (Llama team, 2024), and Qwen3-8B and Qwen3-

0.6B from the Qwen family (Qwen team, 2025). All fine-tuning uses 

LoRA (Hu et al., 2021) with rank 8, 20 training epochs, per-device batch 

size 2, and gradient accumulation steps 4. The full experimental design 

is summarized in Table 3.

4.2.1 . Comparative experiments on loss functions

The first set of experiments examines whether the proposed con­

trastive loss outperforms standard cross-entropy training. Groups G0–G3 

vary the dropout rate under pure cross-entropy loss to establish a regu­

larization baseline. Groups G4–G7 then introduce the contrastive term 

at four weighting levels (𝜆 ∈ {0.5, 1.0, 2.0, 3.0}), keeping all other hy­

perparameters fixed. Among these, G5 (𝜆 = 1.0) is designated as the 

baseline for all subsequent experiments, as preliminary trials indicated 

that this weighting provides a stable balance between the language mod­

elling and contrastive objectives. Lower 𝜆 values produced negligible 

representational gains, while higher values occasionally degraded vali­

dation perplexity. Hence, 𝜆 = 1.0 is adopted as the default setting for the 

remainder of the study.

4.2.2 . Comparative experiments on dataset types

The second set of experiments assesses how data representation 

and language affect diagnostic accuracy. Groups G9–G11 compare FD, 

PD, and LD under monolingual English conditions. The RD format 
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Table 3 

Experimental design for loss function, dataset type, and fine-tuning parameter comparisons.

Category Group Description Train Data / Test Data

Loss Function G0 CE, LD_EN Dropout = 0.0
G1 CE, LD_EN Dropout = 0.1
G2 CE, LD_EN Dropout = 0.2
G3 CE, LD_EN Dropout = 0.4
G4 CE + Contrastive, LD_EN 𝜆 = 0.5
G5 CE + Contrastive, LD_EN 𝜆 = 1.0 (Baseline)

G6 CE + Contrastive, LD_EN 𝜆 = 2.0
G7 CE + Contrastive, LD_EN 𝜆 = 3.0

Dataset Type G8 Monolingual EN RD_EN / RD_EN (Raw Data)

G9 Monolingual EN FD_EN / FD_EN (Full features)

G10 Monolingual EN PD_EN / PD_EN (Physical guidance)

G11 (G5) Monolingual EN LD_EN / LD_EN (Baseline)

G12 ZH trained, bilingual test FD_ZH / FD_ZH + FD_EN

G13 ZH trained, bilingual test PD_ZH / PD_ZH + PD_EN

G14 ZH trained, bilingual test LD_ZH / LD_ZH + LD_EN

G15 (G9) EN trained, bilingual test FD_EN / FD_EN + FD_ZH

G16 (G10) EN trained, bilingual test PD_EN / PD_EN + PD_ZH

G17 (G5) EN trained, bilingual test LD_EN / LD_EN + LD_ZH

Fine-Tuning Parameters G18 (G5) LoRA Target, LD_EN Target = All (Baseline)

G19 LoRA Target, LD_EN Target = Attention

G20 LoRA Target, LD_EN Target = FFN

G21 Learning Rate, LD_EN 1 × 10−3 (High)

G22 (G5) Learning Rate, LD_EN 1 × 10−4 (Baseline)

G23 Learning Rate, LD_EN 1 × 10−5 (Low)

G24 (G5) Batch Size, LD_EN Effective 8 (Baseline)

G25 Batch Size, LD_EN Effective 25

G26 Batch Size, LD_EN Effective 100

(G8) was excluded because its token volume (over 38 000 tokens per 

sample) prevented fine-tuning completion even at batch size 1 on a 

single RTX 4090, confirming that raw time-series input is impracti­

cal for current-generation LLMs without prior dimensionality reduction. 

Groups G12–G17 evaluate cross-lingual transfer by reusing the mono­

lingual models trained in G9–G11 (for the EN direction) and training 

new models on Chinese data (for the ZH direction). Each group tests the 

model on both language variants of the test set, enabling direct compar­

ison between monolingual accuracy and cross-lingual transfer accuracy 

within a single experimental group.

4.2.3 . Comparative experiments on fine-tuning parameters

The third set of experiments investigates three hyperparameters that 

directly govern the scope and dynamics of parameter-efficient adapta­

tion. For the LoRA target, G18 (target = all) serves as the reference, with 

G19 (attention modules only) and G20 (feed-forward network (FFN) 

modules only) as comparisons. Learning rate variants span 1 × 10−3

(G21), 1×10−4 (G22, baseline), and 1×10−5 (G23). Effective batch sizes 

of 8 (G24, baseline), 25 (G25), and 100 (G26) are tested; G26 results for 

8B models are unavailable due to VRAM constraints. These three factors 

are tested independently while all other settings remain at their baseline 

values.

4.3 . Experimental setup for RAG

The RAG experiment uses the G5 fine-tuned model (Llama-3.1-8B) 

as the core inference engine, deployed locally via Ollama. The RAG 

pipeline is assembled in Cherry Studio, a visual orchestration interface 

for LLM-based workflows; Qwen3-8B handles both embedding and re-

ranking to ensure semantic retrieval accuracy. The knowledge base is 

drawn from an English translation of the Chinese national standard 

Railway Engineering Technical Manual—Turnouts. Preliminary compari­

son indicated that Chinese and English versions of the knowledge base 

yield comparable report quality; the English translation was selected to 

maintain linguistic consistency with the base models, both of which were 

pre-trained predominantly on English corpora. As shown in Table 6, 

EN→ZH transfer consistently outperforms the reverse direction, further 

Table 4 

Experimental scenario design for retrieval-augmented generation.

Scenario Workflow Inference Model

0 Diagnosis label → direct report generation Base model

1 Diagnosis label → RAG retrieval → generation Base model + RAG

2 Diagnosis label → direct report generation Fine-tuned model

3 Diagnosis label → RAG retrieval → generation Fine-tuned model + RAG

supporting this choice. Llama-3.2-1B and Qwen3-0.6B are excluded from 

the RAG evaluation because their context windows are too short to 

accommodate the retrieved passages alongside the diagnostic input.

Four scenarios are compared, as listed in Table 4. Scenarios 0 and 2 

test direct report generation without retrieval, using the base and fine-

tuned models respectively, while Scenarios 1 and 3 augment the same 

two models with RAG-based knowledge grounding. This 2 × 2 design 

separates the contributions of instruction fine-tuning and knowledge 

retrieval to overall report quality.

4.4 . Experimental environment

All experiments were conducted in a unified cloud container com­

prising 13 CPU cores, 56 GB RAM, and one NVIDIA GeForce RTX 4090 

(24 GB VRAM). Development and training used Visual Studio Code with 

dependency versions specified by the LlamaFactory framework (Zheng 

et al., 2024). All base model weights were sourced from Hugging Face. A 

single 20-epoch fine-tuning run on the LD format was completed within 

approximately four hours for the 8B-scale models, confirming that the 

proposed pipeline is feasible on commodity GPU hardware.

5 . Results and analysis

Results are presented in the same order as the experimental 

groups defined in Section 4: loss function comparison (Section 5.1), 

dataset type comparison (Section 5.2), training parameter compari­

son (Section 5.3), RAG evaluation (Section 5.4), and generalization 

validation (Section 5.5).
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Fig. 8. Model performance with standard cross-entropy loss under different dropout rates.

5.1 . Loss function comparison

Fig. 8 summarizes model behavior under pure cross-entropy loss. The 

training loss curves in panel (a) show rapid convergence followed by a 

plateau, with curves across dropout groups G0–G3 largely overlapping. 

Validation accuracy in panel (b) likewise shows no clear stratifica­

tion across dropout rates, and final test accuracy differences within 

G0–G3 for any given model remain below 0.03. These results indi­

cate that dropout adjustment alone provides no meaningful gain in this 

fine-tuning setting.

Introducing the contrastive loss (G4–G7, Fig. 9) produces two ob­

servable effects: a more sustained upward trend in validation accuracy 

across training, and a reduction in late-stage (Epoch > 15) fluctuations 

compared to the cross-entropy-only baseline. Both effects suggest that 

the contrastive term yields more stable and better-separated feature rep­

resentations. Among the four weighting levels, G5 (𝜆 = 1.0) achieves 

the best overall balance, with Llama-3.1-8B approaching 0.75 accuracy. 

Higher weights (G6, G7) do not yield further gains and in some cases 

slightly degrade performance, which is consistent with over-weighting 

the contrastive term at the expense of the language modeling objective.

5.2 . Dataset type comparison

In terms of training cost, data type complexity determines computa­

tional consumption. FD and PD contain more tokens and incur higher 

overhead, whereas LD streamlines features to boost training efficiency. 

Dimensionality reduction effectively suppresses overfitting for models 

with limited capacity (Table 5). As noted in Section 4.2, the RD format 

was excluded due to excessive token length. For the remaining formats, 

Fig. 10 reveals a consistent pattern: the benefit of richer feature sets 

depends on model capacity.

For 8B-scale models, the FD format yields the highest accuracy. 

Llama-3.1-8B trained on FD_EN (G9/G15) reaches the study’s peak test 

accuracy of 89.6% on the monolingual English test set (Table 6, G15 

row, FD_EN column); the same model evaluated on the Chinese test 

set under cross-lingual transfer achieves 75.7%. This peak accuracy is 

a monolingual result (English training and English testing); it appears 

under the G15 group because G15 reuses the G9 model and additionally 

evaluates it on the Chinese test set to quantify cross-lingual transfer. 

The 13.9 percentage-point gap between the monolingual (89.6%) and 

cross-lingual (75.7%) evaluations of the same model directly measures 

the cost of language mismatch between training and inference. The 

greater model capacity of 8B models allows effective use of the richer 

FD feature set. For smaller models (Qwen3-0.6B, Llama-3.2-1B), the ad­

vantage of FD largely disappears; LD’s lower redundancy enables faster 

convergence and comparable final accuracy despite fewer parameters. 

This capacity-dependent behavior can be attributed to three factors. 

First, small models lack the representational capacity to perform implicit 

feature selection when presented with 24 features, many of which are 

redundant for the classification task; the model cannot learn to ignore ir­

relevant inputs and instead fits noise in the less discriminative features. 

Second, the FD format produces approximately 665 tokens per sample 

compared with 437 for LD (Table 2), and smaller models with fewer 

attention heads must distribute attention across the additional tokens, 

diluting focus on the most discriminative quantities. Third, LD’s removal 

of vertical features acts as an implicit regularizer, concentrating model 

capacity on the laterally sensitive subset that ANOVA identifies as most 

informative (Fig. 7(c)).

Cross-lingual transfer results (Table 6) show a consistent asymmetry: 

EN→ZH transfer outperforms ZH→EN transfer across all model–format 

combinations. For instance, Llama-3.1-8B on G15 (trained on FD_EN, 

cross-lingual test on FD_ZH) achieves 0.757, a 13.9 percentage-point 

decrease from its monolingual accuracy of 0.896 on the FD_EN test set, 

compared with 0.443 for the reverse direction (G12, trained on FD_ZH, 

tested on FD_EN). This outcome is expected given that both model fam­

ilies were pre-trained predominantly on English corpora. The LD format 

offers the most stable cross-lingual transfer, with only a 0.01 accuracy 

gap between English and Chinese test sets in G17, though at the cost of 

a lower peak accuracy.
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Fig. 9. Model performance with combined cross-entropy and contrastive loss under different weighting coefficients.

Fig. 10. Model performance with different dataset types.

5.3 . Training parameter comparison

The three LoRA target variants (G18–G20) incur nearly identical 

computational costs (Table 7), confirming that module selection does 

not meaningfully affect training overhead. Performance differences, 

however, are appreciable: Llama-3.1-8B under G18 (target = all) 

achieves 0.701, compared with 0.581 for G19 (attention only) and 0.672 

for G20 (FFN only). Adapting all modules simultaneously outperforms 

targeting either subset alone, which suggests that both attention and 

feed-forward layers contribute to the diagnostic mapping (Table 8).
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Table 5 

Training computational cost under different dataset types (FLOPs).

Training Dataset Qwen3-0.6B Qwen3-8B Llama-3.2-1B Llama-3.1-8B

G12: FD_ZH 4.15 × 1016 7.07 × 1017 7.99 × 1016 6.14 × 1017

G13: PD_ZH 4.45 × 1016 7.58 × 1017 8.83 × 1016 6.79 × 1017

G14: LD_ZH 2.65 × 1016 4.52 × 1017 5.54 × 1016 4.26 × 1017

G15: FD_EN 3.60 × 1016 6.14 × 1017 6.77 × 1016 5.20 × 1017

G16: PD_EN 3.89 × 1016 6.63 × 1017 7.35 × 1016 5.65 × 1017

G17: LD_EN 2.40 × 1016 4.08 × 1017 4.70 × 1016 3.61 × 1017

Table 6 

Cross-lingual defect diagnosis accuracy.

Training Test Qwen3-0.6B Qwen3-8B Llama-3.2-1B Llama-3.1-8B

G12: FD_ZH FD_ZH 0.378 0.357 0.701 0.436

FD_EN 0.384 0.416 0.603 0.443

G13: PD_ZH PD_ZH 0.394 0.378 0.688 0.411

PD_EN 0.389 0.368 0.640 0.432

G14: LD_ZH LD_ZH 0.396 0.398 0.736 0.634

LD_EN 0.357 0.395 0.608 0.571

G15: FD_EN FD_EN 0.400 0.389 0.645 0.896

FD_ZH 0.362 0.376 0.642 0.757

G16: PD_EN PD_EN 0.389 0.421 0.656 0.858

PD_ZH 0.320 0.394 0.603 0.704

G17: LD_EN LD_EN 0.373 0.405 0.528 0.701

LD_ZH 0.458 0.405 0.547 0.709

Table 7 

Training computational cost under different LoRA targets (FLOPs).

Group Qwen3-0.6B Qwen3-8B Llama-3.2-1B Llama-3.1-8B Setting

G18 

(G5)

2.395 × 1016 4.081 × 1017 4.698 × 1016 3.612 × 1017 target = all

G19 2.381 × 1016 4.073 × 1017 4.679 × 1016 3.606 × 1017 target = attention

G20 2.383 × 1016 4.077 × 1017 4.690 × 1016 3.609 × 1017 target = FFN

Table 8 

Test accuracy under different fine-tuning strategies.

Group Qwen3-0.6B Qwen3-8B Llama-3.2-1B Llama-3.1-8B Setting

G18 

(G5)

0.373 0.405 0.528 0.701 target = all

G19 0.378 0.389 0.517 0.581 target = attention

G20 0.373 0.373 0.539 0.672 target = FFN

G21 0.394 0.394 0.362 0.352 LR = 1 × 10−3

G22 

(G5)

0.373 0.405 0.528 0.701 LR = 1 × 10−4

(Baseline)

G23 0.325 0.378 0.352 0.373 LR = 1 × 10−5

G24 

(G5)

0.373 0.405 0.528 0.701 Batch = 8
(Baseline)

G25 0.384 0.410 0.565 0.592 Batch = 25
G26 0.389 / 0.373 / Batch = 100

The baseline rate of 1 × 10−4 (G22) yields the best results. A tenfold 

increase to 1 × 10−3 (G21) causes training instability, with Llama-3.1-

8B dropping to 0.352. A tenfold decrease to 1 × 10−5 (G23) leads to 

comparably low accuracy (Llama-3.2-1B: 0.352). The 1 × 10−4 setting 

therefore represents a stable optimum across the tested architectures 

and scales.

A moderate increase to effective batch size 25 (G25) benefits small 

models (Llama-3.2-1B improves from 0.528 to 0.565) through improved 

gradient diversity. For Llama-3.1-8B, the same setting reduces accuracy 

from 0.701 to 0.592, consistent with the known sensitivity of large trans­

formers to batch size. Effective batch size 100 (G26) exceeds VRAM 

capacity for 8B models and also degrades small-model performance, 

which suggests diminishing returns from further batch size increases.

5.4 . RAG results and analysis

Report quality improves progressively from Scenario 0 to Scenario 3, 

as shown in Fig. 11. Scenario 0 (base model, no RAG) produces 

outputs with vague tool references (“precision tools” without specifica­

tion), absent deviation thresholds, and overly general recommendations 

(“regular maintenance”) that lack operational specificity. Scenario 1 

(base model + RAG) introduces cause analysis content and concrete 

operational guidance drawn from the knowledge base, substantially im­

proving specificity. Scenarios 2 and 3 (fine-tuned model) confirm that 

instruction fine-tuning (applied only to fault classification, not to gener­

ation) does not degrade report generation quality: both produce logically 

coherent, structurally complete outputs that meet baseline expectations 

for a professional diagnostic report. The Scenario 3 combination of 

fine-tuning and RAG yields the highest quality outputs, with standards-

compliant content, explicit deviation thresholds, and procedure-level 

recommendations that Scenario 2 cannot independently produce.

As noted in Section 4.3, the 1B- and 0.6B-scale models lack the 

context capacity required for the retrieval-augmented pipeline, limiting 

RAG-based reporting to models at the 8B scale or above.

To complement the qualitative comparison, three domain experts 

from universities and research institutes (none of whom are authors of 

this paper) independently rated the generated reports on a five-point 

Likert scale across five dimensions, following established practices for 

human evaluation of generated text (Celikyilmaz et al., 2020). Table 9 

reports the averaged scores. The results indicate that RAG is the pri­

mary driver of report quality: Scenarios 0 and 2 (without RAG) score 

below 2.0 on all dimensions regardless of whether the model has been 

fine-tuned, while Scenarios 1 and 3 (with RAG) score 4.0 or above. This 

pattern is expected because the instruction fine-tuning in this study tar­

gets the classification task and does not directly modify the model’s 

report-generation behavior; the quality improvement stems from the re­

trieval of domain-specific knowledge rather than from the fine-tuning 

itself.

5.5 . Generalization validation

To assess the adaptability of the proposed framework beyond re­

duction value deviations, a preliminary generalization experiment was 

conducted using an independent dataset from a prior study on ballastless 

track arching defects (Tang et al., 2024). Unlike the reduction deviation 

task, which uses train body acceleration signals, the arching dataset is 

based on longitudinal level irregularity data collected by a track in­

spection system. Arching severity is determined by the difference in 

irregularity amplitude between a low-temperature month (January) and 

a high-temperature month (July): significant differences indicate arch­

ing, while minimal differences indicate normal conditions. Each sample 

consists of 50 measurement points at 0.25 m intervals, covering one 

12.5 m track slab. The dataset contains 1800 samples across four con­

ditions: Normal (1,000), Level 1 slight arching (400), Level 2 moderate 

arching (200), and Level 3 severe arching (200). The class distribution 

is imbalanced, reflecting a more realistic maintenance scenario than the 

uniformly balanced reduction deviation dataset.

Three textualization formats were evaluated. RD feeds the 50-point 

difference sequence directly. FD extracts 12 statistical features (mean, 

standard deviation, root mean square, absolute mean, peak value, skew­

ness, kurtosis, variance, kurtosis index, peak index, waveform index, and 

pulse index) from the spatial difference sequence. PD augments FD with 

brief physical guidance on the relationship between irregularity ampli­

tude differences and arching severity. An example of the instruction 

prompt and data format used for this generalization task is shown in 

Fig. 12. Two base models (Llama-3.1-8B and Llama-3.2-1B) were fine-

tuned using the same contrastive instruction fine-tuning configuration 

as the best-performing reduction deviation experiments (𝜆 = 1.0, LoRA 

target = all, learning rate = 1×10−4, effective batch size = 8, 20 epochs).

Table 10 reports the results. The RD format yields near-chance accu­

racy for both models, confirming that raw irregularity sequences are too 
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Fig. 11. Text generation results under different retrieval-augmented generation scenarios.

Table 9 

Expert evaluation of generated maintenance reports (1–5 

Likert scale, averaged over three experts).

Dimension Sc. 0 Sc. 1 Sc. 2 Sc. 3

Technical Accuracy 2 4 2 4

Standards Compliance 1 4 1 4

Operational Feasibility 2 5 2 5

Completeness 1 4 1 4

Overall Quality 2 4 2 5

Fig. 12. Example of the text data format used for instruction fine-tuning on the 

arching defect dataset.

Table 10 

Generalization results on the arching defect 

dataset.

Model RD FD PD

Llama-3.1-8B 0.231 0.685 0.671

Llama-3.2-1B 0.245 0.595 0.597

long and unstructured for direct LLM processing without prior feature 

extraction, consistent with the RD exclusion observed in the reduction 

deviation experiments. The FD and PD formats achieve substantially 

higher accuracy, with Llama-3.1-8B reaching 68.5% on FD. The ab­

sence of an improvement from PD over FD is expected, as the physical 

guidance was not specifically optimized for the arching task. Notably, 

the class-imbalanced distribution (1000/400/200/200) in this dataset 

presents a harder classification problem than the balanced reduction 

deviation setting, yet the framework still produces meaningful diagnos­

tic accuracy, providing initial evidence that the proposed methodology 

transfers across defect types and data modalities.

6 . Discussion

This section discusses the main limitations of the current study and 

identifies directions for future research.

The dataset used in this study comprises 1500 samples generated en­

tirely by stochastic multi-flexible-body dynamics simulation. Although 

the simulation model accounts for 27 parameter uncertainties and uses 

field-measured irregularity spectra as excitation input (Tang et al., 

2025), the trained system has not been validated on real operational 

signals, which may exhibit different noise characteristics, sensor drift, 

and environmental variability. The uniformly balanced four-class distri­
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bution is considerably simpler than real-world maintenance scenarios 

with highly imbalanced class frequencies, and the sample size, while 

sufficient for parameter-efficient LoRA fine-tuning, is relatively limited 

compared with typical LLM pretraining corpora. The most critical next 

step is therefore validating the framework on field-collected accelera­

tion data from in-service HSR turnouts. When sufficient labelled field 

samples are available, transfer learning offers a natural adaptation path­

way; when only a handful of annotated examples can be obtained under 

operational constraints, few-shot adaptation provides a more practical 

alternative. Collaboration with railway operators to access operational 

data under appropriate confidentiality agreements is being actively 

pursued.

Although the diagnostic and report-generation stages operate auto­

matically, the overall pipeline incorporates several manually designed 

components: the 24 time–frequency features are predefined based on 

domain expertise, the instruction prompts include ANOVA-guided phys­

ical hints, the knowledge base is translated from a specific technical 

manual, and the hierarchical label extraction strategy relies on rule-

based parsing. These choices inject domain knowledge that improves 

accuracy and interpretability, but they mean the framework is more 

accurately described as a semi-automated integrated pipeline than a 

fully end-to-end system. A promising direction is to integrate a con­

volutional or transformer-based encoder as a front-end module that 

projects raw acceleration signals directly into the LLM’s embedding 

space, enabling automatic feature discovery and removing the need for 

manual feature selection. Separately, the third-level fallback in the hi­

erarchical evaluation strategy (full-text digit scan, Algorithm 1) was 

never triggered in practice but carries a theoretical risk of matching 

irrelevant digits in verbose outputs; constrained decoding or struc­

tured output schemas would provide stronger guarantees for production

deployment.

For the four defect categories evaluated here, a template-based ap­

proach mapping each label to a pre-written report would be a simpler 

alternative, and this trade-off is acknowledged. The LLM-based design 

is motivated by considerations that extend beyond the current four-

class setting: real-world turnout maintenance involves dozens of defect 

types and severity levels whose combinatorial space makes templates 

impractical at scale; an LLM can reason over instance-specific feature 

values to differentiate recommendations within the same category; and 

the RAG mechanism allows standards updates by refreshing the knowl­

edge base without modifying the generation logic. The present four-class 

evaluation thus serves as a proof-of-concept validation platform. The 

preliminary generalization results in Section 5.5 provide initial evi­

dence that the framework transfers to other defect types; extending it 

to a comprehensive taxonomy (rail wear, contact fatigue cracking, fas­

tener loosening, etc.) requires adapting feature sets, instruction prompts, 

and the RAG knowledge base, while the core infrastructure remains 

unchanged.

The current RAG assessment relies on qualitative comparison sup­

plemented by expert scoring (Table 9). A comprehensive evaluation 

would benefit from larger-scale annotation, automated faithfulness met­

rics (Celikyilmaz et al., 2020), and comparison against expert-written 

reference reports; such evaluation is left for future work as the com­

munity establishes standardized benchmarks for domain-specific RAG. 

Additionally, the dense-passage retrieval currently used can exceed the 

context capacity of smaller models; constructing a structured Knowledge 

Graph from the manual’s hierarchical content would enable graph-

traversal-based retrieval (Graph RAG) that delivers targeted knowledge 

fragments with fewer tokens, potentially extending RAG to smaller-scale 

models. Extending the input modality to include rail surface images, 

acoustic emission signals, and switch machine current curves would 

enable multi-modal diagnosis, allowing the system to cross-validate 

findings across heterogeneous sensing channels. For practical deploy­

ment along railway lines, model compression is a prerequisite: reducing 

memory and inference latency with minimal accuracy loss, whereas 

knowledge distillation can transfer the diagnostic capability of the 

fine-tuned LLM into a compact student model better suited to edge 

hardware constraints.

7 . Conclusion

This study proposed and validated an LLM-driven expert system 

for HSR turnout defect diagnosis and maintenance decision generation, 

addressing the persistent gap between automated data collection and 

actionable O&M outputs. The main findings are as follows.

(1) Domain adaptation through contrastive instruction fine-tuning. 

Combining a structured feature textualization strategy with a 

contrastive learning objective enables a general-purpose LLM 

to reach 89.6% diagnostic accuracy on reduction deviation de­

fects. The contrastive term leads to more stable convergence and 

clearer category separation in the representation space than pure 

cross-entropy training with dropout regularization, while the hi­

erarchical evaluation strategy ensures that classification intent is 

reliably extracted from free-form outputs.

(2) Data representation and model capacity interact. The benefit of 

richer feature representations (FD over LD) depends on model 

scale: 8B-parameter models achieve substantially higher accuracy 

with the full 24-feature set, whereas 1B-scale models perform 

comparably across formats and converge more reliably with the 

reduced LD representation, a finding attributable to the limited 

capacity of smaller models to perform implicit feature selection 

over redundant inputs.

(3) Integrated maintenance workflow via RAG integration. Coupling 

the fine-tuned diagnostic model with a domain knowledge base 

through RAG enables the system to produce standards-compliant, 

procedure-level maintenance recommendations once the diagnos­

tic features are provided. A single-model architecture for both 

diagnosis and report generation avoids multi-model coordination 

overhead, and grounding the output in an authoritative source 

ensures traceability while reducing hallucination risk.
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