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Segmented Summarization Model for Legal Documents

WANG Gang,SUN Yuanyuan, CHEN Yanguang,LIN Hongfei
(School of Computer Science and Technology, Dalian University of Technology , Dalian, Liaoning 116024, China)

[ Abstract] Text summary refers to the process of summarization the contentiof'text information, extracting the relevant
content, and then formulating a summarization.Existing text sumsnarization models usually analyze content selection and
summarization generation separately. Although they can effectively improve the performance of sentence compression
and fusion models, some text information will be lost in the extragtion process, resulting in reduced accuracy.Based on
the pre-training model and the document level sentencé encederwith Transformer structure, a segmented summarization
model combining content extraction and summarization,generation is proposed.The BERT model is used to conduct self-
supervised learning on a large corpus to arrive at a word répresentation containing rich semantic information.Based on
the Transformer structure, each sentence iSydivided into three types of tags through the fully connected network
classifier, and the original sentence set corresponding to each sentence summarization extracted. The Pointer-Generator
(PG) network is used to compress the ‘original sentence set, and multiple sentence sets generated into a single sentence
summarization to shorten the length of the output and input sequences.The experimental results show that compared with
the direct generation of summarization full text, the F1 average value of ROUGE-1, ROUGE-2, and ROUGE-L in
generating sentences increased \by 1:69 percentage points, which can effectively improve the accuracy of generating
sentences.

[ Key words] judical summarization ; pre-training model; Transformer encoder; sequence labeling ; Pointer-Generator (PG )
network ; segmented summarization model
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Fig.1 Similarity thermodynamic diagram between

reference summarization and important sentences
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Fig.2 Structure of extractive summarization model
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Table3 ROUGE indexs of generative summarization model
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BERT+Trm*(3)+crf+PG' 15 /i 71.17 68.91 68.68 58.19 56.11 56.04 67.70 69.08 67.62
BERT+ Trm?*(3)+ PG' 1% ! 71.37 67.17 67.48 58.49 54.92 55.22 68.16 67.45 66.82
BERT+ Trm*(3)+ PG' ##5 5 72.30 66.22 67.65 59.29 54.19 55.41 68.61 67.14 67.02
BERT+ Trm*(2)+ PG % #1 64.50 72.92 68.13 51.11 57.87 54.00 61.83 69.35 65.06

7% baseline #8581 & Lead-3, BV HUHT A SCRY AT
344 J 4 % “BERT+Trm* (3) 7 3¢ 7~ {fi Il BERT
N A A F 4 )2 Transformer 4544 , <37 F1€2” 43 5
RF =42 (“bio AR 2 I TE 20) Al — 2 8GRI & 5 PR
A COHE BB L Cerf” KR 51 S BEDL
(Conditional Random Field, CRF)™' ¢ PG 7 ¥ Hh
TEGUERE S NGB WAl TR S BN N T VR 1 R
FenAE A - S SR 0 R I 2R
R

TEZ BTG B T Lead 3 B P i 45 22, HLE A
Sk FH EL B I SCRY iR AT S Y B AR B — AR R R
o A B 5] . “exact_match” FE AR T, £
Lead-3 #1%1 | 38 /il CRF, HoKG i % . B MR X F1 F
M. fE“all” 4845 F , “BERT+Trm*(2) " i 7 ] K f
5, IR 2 “BERT+Trm*(3) +crf” . BERT+Trm*(2)+
PG 5% 5 Jilt B () 4] F f¢ 4=, H: ROUGE-1 .ROUGE-2 ,
ROUGE-L 1 ¥ ¥ {8 N 62.40%, i BERT+Trm*(3) +
crf+PG' # ! ROUGE-1, ROUGE-2, ROUGE-L i *F-
BIE R 64.11%, LLET & #2517 1.69 1N E 70 8i . Bk,
FE i BT 72 ROUGE 48 bk 19 A 1] 58 T B 3R s 76 N

g a T TP R A SRR T B A DR (AR R K 2R
RN B AR B o AR 2R Y 2 7 P S 0T
REEAEENER, LR R

5 HRIE

AR SR — 3 TR 8 AR 1 A9 43 B U AR
Y, 38 b CATL2020 %% 0 58 43 B =X A 4% 22 4l HRUEL
P4 B “bio” S AU bR 25 T A il BORD BT &)
O3 46 A OB R () A S B L SRR A5 SRR
AR T AE Qb B A= Y ) F | ROUGE-1,ROUGE-2 #ll
ROUGE-L i F1 318 0 64.11%. J5 24 3 F i K
2 A B2 A R AN MO I AR B 1 235 4 o s TR %
B 43 4 ) R SR A 5T
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