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Abstract With the ever-increasing size of legal cases in China, relevant legal case retrieval given a
user query has attracted considerable attention. Conventional keyword-based retrieval systems look for
matching cases that contain one or more words specified by the user. However, keyword searching is
sharply focused on finding the exact terms specified in the query, making the retrieval systems miss many

relevant documents. On the other hand, semantic-aware information retrieval methods usually rely heavily
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on labeled training data. Nevertheless, obtaining rich annotated data is a time-consuming and expensive

process, creating a substantial barrier for applying supervised methods to legal case retrieval. This paper

proposes an unsupervised, semantic-aware legal case retrieval method based on multi-granularity multi-

granularity semantic interaction. Specifically, leveraging legal concept-level features, phrase-level features,

and word-level features to comprehensively explore the semantic-aware interaction between the query and

each legal case. Experimental results on a real-life legal case retrieval corpus demonstrate that this method

has a significant improvement in MAP, MRR and NDCG@]10 indicators and substantially outperforms the

baseline methods.

Keywords unsupervised learning; text retrieval; legal case retrieval; multi-granularity semantic interaction
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Table 2 Retrieval performance on legal case retrieval dataset

FRY MAP MRR NDCG@10
TF-IDF 0.486 3 0.563 6 0.486 8
BM25 0.484 4 0.552 6 0.481 7
QLM 0.481 1 0.539 1 0.479 0
NVSM 0.506 2 0.601 8 0.530 7
BERT-PLI 0.6717 0.753 9 0.675 5
ULRM 0.666 1 0.754 5 0.679 4

ULRM R fi 245 75 W 8] 15 2 9] UL T« A]
A I VT BCAE N 20 DT T 3 A J7 T (V74
et N TVl S BB, ASGERT
ULRM HAYHEAT T VHAhSEES, RIFE Bk SR 2
B — AN 5 UL SIS PR AR R AR A I T, S
FpE 3 1R 3 Fiome MR 3 Haf LUR I :
#3 FERBIBERZIERMSNG

Table 3 Ablation experiments on legal case retrieval dataset

it MAP MRR NDCG@10
ULRM phrase_concept 0.656 6 0.739°5 0.668 1
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