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Interpretable Knowledge Graph Reasoning Method for Fault Traceability in
Converter Transformer

WU Wanhao, WANG Jiawen, ZHANG Yonghao, WU Hongbin, LI Qingquan, REN Fuqgiang
(Shandong Provincial Key Laboratory of UHV Transmission Technology and Equipment, Shandong University, Jinan 250061, China)

Abstract: Converter transformer is a critical component of high - voltage direct-current (HVDC) transmission sys-
tems, and its fault evolution exhibits nonlinear and strongly coupled characteristics. To address the problems of unde-
rutilized operation and maintenance text data and the lack of interpretability in the diagnostic process, an interpreta-
ble knowledge graph reasoning method (IKGR) is proposed. First,an ALBERT-BiLSTM-CRF model is adopted to ex-
tract entities from such unstructured text as maintenance records and fault reports. The relational triples are orga-
nized in accordance with the schema layer of the knowledge graph and physical causal constraints, thereby construct-
ing a converter transformer fault traceability knowledge graph. Then, a dual-agent reinforcement learning reasoning
model is designed, in which a soft reward mechanism is introduced and a short-term on-policy trajectory buffer is uti-
lized to synchronously update the parameters of the dual agents, thereby achieving multi-hop fault traceability. Exper-
imental results show that IKGR achieves 94.8% in terms of the root cause ranking meric Hits@10, and is capable of
generating reasoning paths comprising equipment components, fault status, protective actions and testing methods,
thereby providing path-level explanations for converter transformer fault handling and O & M decision-making.
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Table 2 Comparative experimental results on

fault tracing(L=7)
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TransE 74.5 55.2
DeepPath 87.6 69.8
MINERVA 91.2 80.5
Multihop-KG 86.4 74.5
KGR-DIDA 93.7 84.9
IKGR 94.8 88.6
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Table 3 Ablation results of IKGR
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IKGR (w/o global agent) 77.2 79.4 85.1 81.3
IKGR (w/o local agent) 79.5 82.4 84.7 84.4
IKGR (w/o soft reward) 78.4 85.1 90.5 85.3

IKGR 85.4 89.5 94.8 88.6
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