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Research on the construction method of knowledge graph in the field of
high-speed railway signaling equipment fault based on LLMs
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Abstract; To solve the problems of knowledge storage and application encountered in the fault handling of high—speed railway
equipment, as well as the challenges of text data utilization and retrieval, this paper proposes a method for constructing a knowledge
graph of the field of high—speed railway equipment faults based on Large Language Models (LLMs) and instruction fine—tuning
technology. Firstly, a knowledge graph ontology model is top—down constructed to clarify the types and meanings of entities and
relationships involved in the paper. Secondly, based on the original text data of high-speed railway signal equipment fault case
studies, text annotation is carried out using prompt learning. Then, the LLMs are fine—tuned based on the Low—Rank Adaptation of
Large Language Models ( LoRA ) for fault text information extraction using instruction fine —tuning and performance testing.
Through the validation set verification, the model extracted 310 entities, built 548 relationships, and the precision of information
extraction was 66. 06% , the recall was 85.99%, and the F1 harmonic average was 74. 64%. Finally, a domain knowledge graph is
constructed, containing 6 903 entities and 19 215 relationships, for visualization and retrieval. The experimental results show that the
knowledge graph proposed in this paper can realize equipment - related query and fault causation tracing functions, and the
construction method effectively improves the efficiency and quality of text data processing, providing technical support for railway
safe operation and protection.
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Fig. 1 Knowledge graph construction

1.1 ZAFHES
AR B G DL T G AL, Xl S A& K

KEREHTEWE L, ARG L RETA A T2
& B A (55 B A ik R U 0 S AR AN G &



55 6 HREPL, 45 BT LLMs B e ARG £ 5 B0 sl e U s R AT A e EE 5T

105

BRI o R MY, Oy Jim S e AL AURU R R
R AR SCHESE i BRI 1 T 5 A B

FTE S AR NI 2 FT7s

B2 SEKERESIEHEIHEMIREEAREZE

Fig. 2 Ontology model of fault domain knowledge map of high—speed railway signal equipment
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Fig. 3 Equipment failure cases
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Fig. 4 Automated data annotation strategy
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Fig. 5 Fault domain information extraction method based on LoRA command fine—tuning large model
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Fig. 6 Automatic annotation method of structured data based on LLMs
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Fig. 7 LoRA fine—tuning technical structure
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Table 1 Experimental environment configuration

S E JiiAs
CPU NVIDIA 4090
Memory 24 GB
0S Ubuntu 22.04.3 LTS
Pytorch 2.2.1
CUDA 12.2
transformers 4.40.0
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Table 2 Parameter setting of model training

ZH {H
batch_size 1
gradient_accumulation_steps 4
epochs 10
learning_rate le-4
weight_decay 0
adam_beta2 0.9
optimizer AdamW
max_source_length 100
max_target_length 256
lora_r 8
ora_alpha 32
lora dropout 0.1
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Table 3 Experimental results of information extraction ( verification

set)
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Fig. 8 Fault spectrum of high—speed railway signal equipment fault field
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Fig. 9 Common fault phenomena of high —speed railway signal

equipment
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Fig. 10 Display of signal fault relationship of hump field

5 HRiE

ARSCBAHR I T —Fh T LLMs B85 8k 15 5
F RSO K A SR T ik, WIS E T A dhbs
TEAT 55 SRR , it on o > Sems , S8l 1 3¢
A A SIbRTE, B M THET LoRA 48410
P R A o B A B SCAS (5 B A RO Y, L Qwen—

T B EBURS 5 B 66. 06% , 43 0] 3l 85. 99%
F1 57808 74. 64% , 7 H 6 52 2% = e 41 0 ks B
WUHIRE S, e = e R BUF R B IE T £
LoRA {7 4 o 45 4R A7 i BT 45w i
WM, ARG IE AR b A SORE TR A5 R R A
Neodj B, B3 6 903 ANSE{AK, 19 215 4%
B SEELT R AT S 5 A S B
e DAl N 570 TR A7 5 s S R ERT Ay 4 Bk
LA B GBS AR S P

S 3k
(1] XPHE. EmE SR QR 5 ERIT]. SeR¥iRis, 2018
(12) .42-62.

(2] 262 T 1) Al i 22 A DR R ) S P iy 2 B 7 FH G
AREFF[D]. JLut: hEPGERABIREE, 2022,

[3] 2503, Wil Pl & A SOR REE A ik 5E [ D] JEat. vk
P AL FTBE, 2020.

(4] ZE3TEA. FET 8k B IR SCAS B0 ) a0 L 8T 33 e A Oy s F R
[D]. dEat.dbatsi@Rey, 2022.

[5] WELJ, TAY Y, BOMMASANI R, et al. Emergent abilities of
Large Language Models[ J]. arXiv preprint arXiv, 2206. 07682,
2022.

[6] ZHAO W, ZHOU K, LI J, et al. A survey of large language
models[ J]. arXiv preprint arXiv, 2303. 18223,2023.

[7] ELHAMMADI S, LAKSHMANAN L V S, NG R, et al. A High
Precision Pipeline for Financial Knowledge Graph Construction
[ C 1//Proceedings of the 28" International Conference on
Computational Linguistics. ICCL, 2020; 967-977.

[8] LI Linfeng, WANG Peng, YAN Jun, et al. Real —world data
medical knowledge graph: Construction and applications [ J ].
Artificial Intelligence in Medicine, 2020, 103 101817.

(9] ZERus, 24k, B9, . IR R ™ v H Bobr i A 75 sk oF
F[I]. [FEHEARSHRMENL, 2021(5): 11-16.

[10] LIU Jiaying, REN Jing, ZHENG Wenqing, et al. Web of
scholars; A scholar knowledge graph[ J]. Proceedings of the 43™
International ACM SIGIR Conference on Research and
Development in Information Retrieval ( SIGIR’20). New York:
ACM, 2020: 2153-2156.

[11] WANG Xiang, HE Xiangnan, CAO Yixin, et al. KGAT:
Knowledge graph attention network for recommendation[ J]. arXiv
preprint arXiv, 1905. 07854, 2019.

[12]BAOJ , DUAN N , YAN Z , et al. Constraint—based question
answering with knowledge graph [ EB/OL]. (2024-03-20).
https;//aclanthology. org/C16-1236/.

(13147, B dt o S e SCAR RSB0 20 M 5 BB AR T 50 B v
[D]. dbat. hEZERBI5RE, 2018,

(14T, BXIEHE, J5f, S5, I 1) o K O 22, B A g A
AR S R[], BRI, 2024, 46(7) : 73-80.

(15125, E35E, R, T T 20 SCAR Y R 5 B R
EATERIFE]. HRPRE SIRE, 2024, 18(9): 2361~
2369.

(1620, BFw, MRHEF, 6. 458 4R % 2 fl Qwen KiEH
BRI FAISCBREOIT k[ T]. R R (AR |



5 6 1]

HRENL, A5 BT LLMs F oy AR £ 5 B0 3 i e U R AT A 7 TR 9T 111

2024, 64 (12) . 2007-2018.

[17] MM, XBEAE. T ARREUR SR AR B 5 SB[ T].
LR L2025, 45 (4) @ 1169-1176.

(18147, MHBR, VAR, 2%, BG5S BRI R 2 o 8 2F
AEARRIRR R [ 7] THEEHLI T, 2025, 45 (3): 785~
793.

[ 19]SEKINE S. NYU; Description of the Japanese Ne system used for
Met-2[ EB/OL]. (1998-04-29). https://aclanthology. org/
M98-1019. pdf.

[20] AMIT S. Introducing the knowledge graph[ R]. Official Blog of
Google, 2012.

[21]ZHONG Lingfeng, WU Jia, LI Qian, et al. A comprehensive
survey on automatic knowledge graph construction [ J]. ACM
Computing Surveys, 2024, 56 (4) :94.

(22100, 247, Bk, . BHREREEEARLER[ 1], HHEVLF
5K, 2016, 53(3) :582-600.

[23] LIU Pengfei, YUAN Weizhe, FU Jinlan, et al. Pre — train,
prompt, and predict: A systematic survey of prompting methods in
natural language processing[ J]. ACM Computing Surveys, 2023,
55(9) :35.

[24] 2%, PHELOHRIREE R AR D], b5 b7 T
AR, 2024,

[25]PETRONI F, ROCKT A, SCHEL T, et al. Language models as
knowledge bases? [J]. arXiv preprint arXiv,1909. 01066, 2019.

[26]LESTER B, AL-RFOU R, CONSTANT N. The power of scale
for parameter —efficient prompt tuning[ J]. arXiv preprint arXiv,
2104. 08691, 2021.



