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Abstract: Question matching is an important task of question answering systems. Current methods usually use neural networks to model
the semantic matching degree of two sentences. However, in the field of law, questions often have some problems, such as sparse textual
representation, professional legal words, and insufficient legal knowledge contained in sentences. Therefore, the general domain deep
learning text matching model is not effective in the legal question matching task. In order to make the model better understand the
meaning of legal questions and model the knowledge of the legal field, this study firstly constructs a knowledge base of the legal field,
and then proposes a question matching model integrating the knowledge of the legal field (such as legal words and statutes). Specifically,
a legal dictionary under five categories of legal disputes has been constructed, including contract dispute, divorce, traffic accident, labor
injury, debt and creditor’s right, and relevant legal articles have been collected to build a knowledge base in the legal field. In question

matching, the legal knowledge base is first searched for the legal words and statutes corresponding to the question pair, and then the

« FEGIHH  H K E SRR (2018YFC0830105, 2018 YFC0830101, 2018YFC0830100); [H 5K [ 4R Bl 2# 54> (61761026, 61972186,
61762056)

WA IR 18] 2020-10-24; &S5 8): 2021-01-13, 2021-05-21; S I E]: 2021-06-30; jos 7E£ Hi R IR [ 2022-07-15



2 BRPk 4R e A gk K R

relationship among the question, legal words, and statutes is modeled simultaneously through the cross attention model. Finally, to achieve
more accurate question matching, experiments under multiple legal categories were carried out, and the results show that the proposed
method in this study can effectively improve the performance of question matching.

Key words: legal question matching; legal words; statues; legal domain knowledge base
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Tk BT i) AR AL il ) 2 T (R AR 1) 1) 22 S SR A AR R, DL T A e AT Z2 3.l il i s 2 VR AR B
A FIEEER T H AR B, 0 A& 7E BERT [F1 504575\ . IXFLHIn] DUR IS 44 Transformer 2271 1K A
T JIHLE (self-attention) [RIFEAS 4 SZH.

W

(G dkak
Bl5 6 BRIl
M AR 2R, B AR T R S5 IR (FEER T [CLSTAN [SEP]) HISF 3 AL BEAT #4, TE B 1 XS R
ANANTRIARAA B RAE Agora (1) FH hyora (K) , e hyorg (1) 2RISR A x 0 B — A AR BLIR A p rh Ry, il i
FE R WL i AR A TP ST AR 5 DA T B rora (KO WA BE ) £y R (R — A7 L5 BB 1) ) o PR
i, AP T A L L PR R S AT R A D 1) e O T M B A RO R IX PR AE 2 A 22 5, AT IAN T
22 S b diff, W R PR

h_diff = (hyord(J) = hyord(K)) @ (Ryvord (K) = Ayora(J)) (©6)
M BERT I35 Jid — JZ IR i (R PR ASVE A 1] )0 IR SR AIE h_question , ATV L5 T b0 @ I 13 4 AR AL B
BEATVE R IHLEE, X ) F00 B RAE 590405 BT AC B, 19 BRAL Ay, , & B8 T B ULACIE S RO H AL

[LRF SINPZE S d /A W/ TR
hy = an:lhquesﬁon X Softmax (mat) @)

I, AT 24060 5 Transformer J2 it 280 13 2 0 HLIAS B 0L AE hy, , I HNEAG ) Transformer J2 1)
AR EC R [CLS], Sk Qe 2 Mt . 2 0 h_diff AT, T IE400 25, W R pis:

hiy = h[CLS] hword (J) 52 hword (K)e h_dﬁ® hft ®)
4 £ W
4.1 HIEE

TR AR AT ) A G T 50 S 2 AR e 110, 7 LN R AR 5K, BT DAFRAT T 3 B A 1 g =Xk e vk e 4
B i A ICRC AR . B e TRA AT & @AM FEANE) BT R G, B AL RELT 20 J7 4 &%, H
T I R 2 S R A R (K Ll A R0, B — e (Gl Pk, BRI moke L4 k1) A0 1R . dn SR A 1) £ 1)
P ST BU, W] LI E ANV ) AU AR 38 17 ] — TS, DRI A A A ) U PSR I, AR SOR A T — R MR
el i, el N TAREE B 5

(1) BRSNS ) 8, FoATIREREAN IS 3 P9 19 ) 1) 2 [RIEAT ARABLRE TH 580, 518 5 R, o5 A 2% 2 1) 1)
FIHAT R, PR )2 EORAIETE SCRIAL

(2) HT28 — 0 07 H R B i A o 88 3 A IR [ — AR A R s, VR e — B R 0145, BTLLCA T ARIERTHE 1)
A5 BRE 1a) AE R TR — AN AR s, AT ) 2 R A A B 5, Sedis 5100 0 (005 SCRIABLE A4 2, ik Hh
I LR A, SR SR N AT, FAR T A A S S 2

Wit Ak ARG, I TR 58, AU A 5 Mkt ARAZ ik
5610 45), BUS (Bl 3342 £5), A TMH I G R 5578 4%) LA ridl (B 3702 4%). e ik Jyid:
Bt g, BArE S MR 9 N TAriE, IE R hpg&EF 11, Hd il ghde 21502 4%, BE4E 300 4%, K4
500 4%, FLAL S Rk a0 ¥ .
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42 LWRE

ESIM. RE2. BIMPM Jyiti A (3R B VEBC RS R, S0t B — B Al ) s 48 0 100 4, JP 5 KK E N
50, YIZREE UL E M 100, 242 Z B E 5 0.0005, Dropout B 0.2, TS A LW E N 5, T 5 AN IkE
I BEEBUR A TR, WA b 1EFR 7. BERT R MR A TA 5 R AT SCHI S BERT A28, Horpeg > 5%
WHE A 0.00002, Transformer [JZE0BE N 12 2. ASCHAL Ll BERT A FESe AR EAT ok, Kevde it iml A Hioise &
2, AR E N 64, % I FE K 0.00003, YIZRFIRBEE R 100, 24 1B T H KR E A 64.
43 FHERA

BIMPM": SR 1 —Fh5e 33k 1) 22 40 A1 DT T 1) JEVARL, il d5c RS S Kt AR . dE s U S KyEE
VT S50 A SR ATV SCHA L.

RE2M: i il ik AV B BRI HE S, A0 T SR AR s SRR . SE AT SRR PEAD bR SCRE RS 3 ANERE, [
TR R R L. S50, M

ESIM"™: A0 76 43 ) Ml — A6 5 b, SR =E & 0 M VAR T T AR SR M 1 by o) 55 2
AN

BERT™: il it S B0, A SCHs BERT A1 by SCARHR A A% K 2 STV SCAS RREAE.
4.4 SCIGOHR
441 BERIARMESE

T AR A SRR A R0, FRATIE IR AR SO 5 4 ANSEUEREI AR B AT MR R ATk 1 ) 0 a4 Lt
AT TR SRS, Bk seit g5 1k 3 s,

®3AABMEEKE R (%)

I Acc (dev) Rec (dev) Pre (dev) Acc (test) Rec (test) Pre (test)
ESIM 88.83 87.65 86.42 87.32 86.23 86.98
BiMPM 87.04 86.21 85.12 86.86 85.58 85.87
RE2 88.39 87.12 86.03 86.00 85.12 85.49
BERT 91.40 90.56 90.85 90.61 89.52 90.23
AR AE Y 93.32 92.38 92.45 91.27 90.94 91.02

MR 3 IG5 A H: (1) AR SCRIBLAE I TEAE AR AL (10 %5 T br LIRS T AR, AEREE FAR ST AA
Lt BERT 7E Acc #£7F 1.92%. Rec $&F+ 1.82%. Pre $&7+ T 1.60%, 7E AL LA SCAE AR L BERT 7E Acc $#&7+
0.66%- Rec #71 1.42%. Pre $27F T 0.79%. 54451 BERT # Lk, A SCRERY FLAT 50 58 904 o) A DU AL (W B g, 38
TN B ) 2 R SR HR s g e AR R, B IR R R A B 0 e, AR A ) ) DG R B
AT AR B T 22 67 B (WAL, 4 v AR 20 P AUl I TR i 77 Sl N [n) 008 R PRIV 4%, A 1] A0 PR SR AIE 59245 1)
AR MR AT 1 R MRS B, e LR Ay BE B4 ) BIVC R4S il Ay AR 2 A, 333K AE fE ), B AT LAk f) 5
ANHHVCHE A 45 AT 2 S PR TSR, TRV UG BV 4% (1 R0 DU R T 4% 3 DR I, H AN THDJ2 T B RE R UE A7 22 AR
(1] 2 5 il A AH [, B8 RLORIFVE A ) ) PR AE A B, AR 2504, (2) BERT [SE 50 AR EILH T 7
NZRTE 5 B A, A bE T LAt PR ¢ B DT S B SR, TRV 1) ) DT R PR AT 45 R R TR A, — /T i ) ek
KR (3) RE2 ME N S I AS B SO A TR B TR, AH L T~ ESIM, I R BRI BB 47, (S BB (R S 30t /N, I s Jis o
P BT PRI ZRAE B AT T LAAL, DR B Rl N AR A0 ORI B SUACRAE & — N 3k SEH Tk,
4.4.2 REBRIRIHUY FhEL G

ACTENT N T ARy 7T i) A UC T RO A 1R T, BRI B AT BERT, BERT+IA {4255 /1 #l i, BERT+
1) B R I HUHHE S AR 3 AN ZE R e (R A3 il A 6] (R s £ B 1EAT 6] B S5, Seae &5 AR 4 o,

M 4 5, AT R AR BERT, BERT-+ H {4 & I WLHITERIESR PPl g 3 B oR, 7E41F % | BERT+
i EVE R AL AR B BERT 78 Ace $271 1.50%. Rec $#271 0.89%. Pre #2711 0.38%, ik 4 = BERT+iil
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B = AU R LE BERT 7E Acc $27F 0.61%. Rec $2FF 0.85%- Pre $2F+ T 0.80%, s ML LS E AEHE
15 BERT XvE48 in) )t (PR AE B8 7 BERT+Hi] [ R I HLEIERRUFSE LI vrm g5 1 2oR, 6 R 4E I BERT+id A
T PR RA L BERT 76 Acc 3271 0.28%. Rec $2F+ 0.26%- Pre $#2F+ T 0.33%, MlAVESCAIREE TR A
W S, R A9 A DT v 4% 0 R0 U] AR 0 - 755 o DU, 76 1T e S BN IER I AR G S N, 1025 A TP T 122 B T4
RS HA ) T G0, 5 20T ik R LE Aff (1) DT AL v 25 R DR A A5 L R4t s BERT XAt inl )it
AL B ) BERT-+i] B vE & I HLHIE £ AU A A L BERT-+i] B iE & I HUHIE R IEAE I Ace 27 0.42%.
Rec 3T 0.93%. Pre E4RTF T 1.22%, EMRSE E Ace $27F 0.05%. Rec #2271 0.57%. Pre 327+ T 0.43%. %N
TEASKT SN BE R AR I A TS SR, B T I A RIEE A O R, BRI NVE AR ARG 2 40 15 2
THETE, FLAR I AT B AT 45 B TE SR stk At ) A B ST TR AL
F4 BRPUXT LI (%)

A Acc (dev) Rec (dev) Pre (dev) Acc (test) Rec (test) Pre (test)
BERT 91.40 90.56 90.85 90.61 89.52 90.23
BERT-+ii] 92.90 91.45 91.23 91.22 90.37 91.03
BERT+%5¢ 91.56 91.03 90.72 90.89 89.78 90.56
BERT+Hiil+%4% 93.32 92.38 92.45 91.27 90.94 91.46

443 JEHE A RN BRI

AL A B R M S IR ORI — K IR 3., RV AR SR R I R mPofs £ 1 b VA R A BB B b 2, (H2
73 R Y B S ORAT B T2 DR A D0 3 [ g v i 3] PR AN BB AT TR T, SR ASC BERTH
WORD R B B AN A IR PR AN B AT 556, SEIR AR Ik 5 .

xS AN LS (%)

EALEECR (n) Acc (dev) Rec (dev) Pre (dev)
0 91.40 90.56 90.85
1 92.13 91.45 91.98
2 92.90 91.45 91.23
3 92.42 91.65 91.19

SYNTAE S, Sk il i B0k 2 MR IBRAT. R T ) 4SO KB, 20 ROV AT L, R R et
ST 4 AR AT XS, 43 [ 0 ) 04 KL TS SR 0 B AT S IO, ST £ 04 U
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RT ARBTG5 R

Lt TIO 45 R
ESIM 0.821
BERT 0.876

AR 0.901

IINTAR 7, 3 DB TME AL T 0.5, FRATRAE AR HE ) A0 72 56 7 A AR5 2 UL A, PR ik W7 4] iy
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