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Incorporating Legal Knowledge into Question Matching
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*(National Laboratory of Pattern Recognition (Institute of Automation, Chinese Academy of Sciences), Beijing 100190, China)

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
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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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g% G i J2 A 8 )R RN G i )2, a0 BILSTM J2= 43 79l 2 > T £ in) A1) 068 I (R34 4 @ FIMIBCBE 0] Fu) 6sF BV 19925

Z b S R SUE R, BRI M RN @ by, 2 ARERPIANE ARG g i S R BOIR S R

@ =BiLSTM (a,i),Vi€[l,...,m] 3)
b; = BiLSTM(b, j),Yj€[l,...,n] 4)

Foy gt AR E R B mar , T8I KR mat $FAG AN R 1954 A IO SGHE, A=t (7):
mat = a_in_j 5)

33 MRAXER
o T AR IR 30 kgt b R (R N 2 ) SRR, YA ) ) AR B R AU S R R SR AR YA, AR R T

© HFBIERAIEIFIDN  hipsswww. jos. org. en



A G GRAGE A A IR 69 19 &) IR B 1831

BERT ({145 i — 2 AT HE B — A I A A Y RN J2 R R NV B A P SR HLARIAE i) o A T SCUL AR
G5 AR B R AAGE, B T B S AN AL, YRR AT RETC R HE I SRE A In) AU R DR B AR B, LAREAT A 23
FHABLEE A ). Dy, AT 73 B AL, 3a A WL A i A 45 1R R R AR 2 KR

Ao AR T g RMEG TR) ) 2 T PR 1] PR 22 SRR s A B R, DL T A e A 2 0. Sl L3 B V0 )2, SR 0 R

ABIHE R H AR E, A ZSE BERT (WJRG 7 . X FHLHT AT LUR IR Transformer 2 11 A
=ML (self-attention) [KIHENL K SZEN.

HIERRG) 4 & g K oAP R X T £ OB LGk K T A K 9

e

g B A £ K K 6 '$ P
[N SRE =N |
WL BiER R G, HPIA AT 45 R (FERR T [CLS1AI [SEPY) F PRt AL BEAT R AE, TE Rty 1% 1Py
AN FARA TR RAE Ayora (1) FH hyora (K) 5 FoH hyora (1) TS 104 o Hh 1) AE— AN AR BRI 1) p Hh R3], i 1]
TR TN B 0% HE B 0 ISP A AT 455 1) 85 ryworg (K) MRAR B2 1014 y v KA — AN S AT 3R Il 41 x P Rt
o, AP R R LA L PR R S AT R A 1) . O T M B ROR IX P RAE 2 AN 22 5, AT I T
725 S diff, R PR

h_diff = (hwora(J) = hword(K ) @ (Mword (K) — Ayora(J)) (6)
M BERT (15 )5 — )2 Bt 5 BT PIASTE ) A0 (R AE h_question , AT TK L 5 T4 M BLUT 195 4 AU BE
BEAT T RTINS, WPEAE n) A0 K R AE 514045 BBEAT AT 1., 13 BIRAE hy, , 'L HE% d BITLRCE S I AH K 5 AT

BCyE A 22 e, A S R s
hy = Z:;lhquesﬁon X Softmax (mat) @)

Boa, BAVKELAT 5 Transformer 2 K5 1 Z v 58 WUHIAS 2 10 RAE Ry, , I HANJEERIY Transformer 21K
PRI A [CLS], SyAH = A M 1 22 5 1 i h_diff BATPHE, T R4 28, R pis:

By = R[CLS] hyora ()) @ hyora (K)®h_diff ® ®)
4 3L I
4.1 BUEE

AT D 1) ) DG BB SRR R, T N TR A K, i A RATT08 Jek 2 S B b 1 7 20y v e AT
B 1) A VS R B AR 1 e AT DA & (FRIEM . BE/ANE) HEAT I ICEL, B ILICHL T 20 J7 4525,
T 1) B2 S AR B (R e N (R0, BT — B Il i, TR Pk EEAE S ) g P I . dn SR 9 1) 1) 1)
2SI BU, W] LLIAE AN ) U AR FE 170 R — TS, DRI A A R A i AUt PSR I, AR SOR A T — R MR
BRSO LA TARVE 1) SR,

(1) BFXE 5 AN ), FRAT IR REAN S P9 119 0] 7] 2[RI HEAT ARBLRE V158, I8¢ 5 ML, X553 A2 4% 4 ) 1)
AT 2B, NG T EORIETE SCRIALL

(2) 58 (1) 250 Hh R 1 ) A 50 8 AN 2 A 08 [F) — AN sk, VARG — & R I, Lok T BRI T3
] ) 5 (B ol ) AR ] — AN RS, FRATTH o) R 2 220 W BHME 5, SRAR 3 1) A 111 SUARAULPE AL 3, e
Hh e SR A i A, g T N TR, WA T I A A 4 R 1 S — 3L

W RIS GREE, H N TARERUEE SR, A SCHARE NS 5 FEEEN: GRYY ks
5610 %%), B U& (B 3342 4%), ZCM I (B i 5578 4) KA &5- il (Bt & 3702 4%). IIZr&h Lk ik A
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SR, BF AR S MR N DA, IE A LB T 101, HorpillZi4E 21502 4, Bl 42 300 4%, JIliA4E 500 4,
A i S o
42 ZWWE

ESIM. RE2. BIMPM Ayl (¥R BE VT RO T, S 800ise B — 30 1a] ) S48 50 100 48, )35 KA RS B R 50,
YIZREE U BEE Ty 100, 24> 4 E N 0.000 5, Dropout ¥ &8 0.2, R ZEW BN 5, BEEE 5 ANYIZRFE IR SF
JBA TR, W B3RP, BERT R AR AR A &) R AT T SCTRIZE BERT #58¢, Horh 22 3] 545 & 24 0.00002,
Transformer [1))Z230%E K 12 J2. ASCEIR DL BERT A SR BRI AT OO, Bk im0k B8 2, I Filmok kK
JEy 64, 4 S 2V E ) 0.000 03, NZRFEIRIEE R 100, 1E54& M KFHHK SR IE A 64.
43 HfEER

BiMPM!": SR T — Pl SGaE 2240 A DC JC A JEAR., Rl s K UCHE . S KA UC S . 73 D UEHE . S vy
VT RS540 A SR ATV SCHA L.

RE2U: — i 4 44 O VE RO A B ME SR, A0 55 T SRR ARt STAPE S JE R SRR PR 1 S PE S 3 ANEE I, ) B
TR TR AL, S50, M.

ESIM"™: A58 78 23 ) FH Ml — 1006 5 1k A, RO =5 PR A0 S T b s 1 e Ao e P A S ) 5% 2 1 4
AN

BERT™: il it 5 B0, A SCHs BERT A1 by SUARH AE BB A% K 2 STV SCA (REAE.
4.4 S
4.4.1 BIEHHMEIE

T BRAEAR SCR R 5k, B K AR SRR b 4 ANSEVERR IR A 15 AT g T8 (1 0 A A el ) (1 s 4 sk
AT T AT EE S, BAR S 45 Rk 3 Fios.

R3OAHBELEER (%)

it 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
A SRR 93.32 92.38 92.45 91.27 90.94 91.02

MRAER 3 U045 A H: (1) AR SCREBLAERG TEGE AR AR (10 %5 T br RIIAR) T AR, FERFSE BRSO A4
Lt BERT 7 Acc 27t 1.92%. Rec $&F 1.82%. Pre #&F T 1.60%, 7EMIASE LA SCHIAY A L BERT 7 Acc 127+
0.66%- Rec #71 1.42%. Pre $27F T 0.79%. 54451 BERT H Lk, A SCRERY FLAT 58 58 904 o) A DU AL (W B g, 3
TN B VR D)2 R s da s f) R A 7, AR R R SRR A L ) RE ), SRR L TE g ) DG &R A W
AT AT B T 22 67 5 (AT, it v A28 PR s I TIE 6 075 S BN [r) 50 R PRIV 4%, Ak In] R0 PR SR AIE 59245 1)
ARACUHE A T3 B ML AS L, Bk i) AU R A% ) BINCICVR 4 5 Il AU AL Z A, 385 ZR AT A ), B AT DAL A5
ASAATCHC (135 £ BEAT 22 S PR ISR, RV TR THC 2 4% TR 0 )2 AR T4+ 3 D TR, AL AN 1T )28 1T R ORAIEAT 22 AR AR
(1)) 2 5 () A AH ), BEAT RUORIE TR i) B) R R AE AR B, HLARTHEL RN (WS40, (2) BERT [ SER R I T 0
WNGRE SR AR R, AH LU T A 0 R B VT FCBE R AR A, A kA ) ) VR IC (AT 55 BRI B A, 2 — A BRI I 2k
FEF . (3) RE2 VBN S i AS HSC A UL IR BB, AH L T~ ESIM, IR R RS 50 47, (H S BRI (R S 30t /N, I s i o
PR BR T TN ZRASER FAR T LAAT, DR RN &0 3508 S VR SR i R SR — N A SER I 5T,
4.4.2 RO AL

AT N 2 GRS A TR ) A UL T RO A 3R T, PRI BAT#: BERT, BERT+IA H {4 & J#L i, BERT+iA]
B R IHLHIHE S AR 3 AN A AL R (103 ) )0 (R R B2 B EAT X LSRG, SEI0 45 TRk 4 .
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T4 FREH EESLE (%)

iR 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
BERTHZ%% 91.56 91.03 90.72 90.89 89.78 90.56
BERTHA+£% 93.32 92.38 92.45 91.27 90.94 91.46

M 4 F H, AL TR 4610 BERT, BERTHA B A 2 D HULHIZESIEEE BI04 1 2R, E50UE4E | BERT+
17 [ I HUEIRE AR B BERT 7E Ace #2271 1.50%. Rec 3271 0.89%. Pre #2717 0.38%, 7EMINA%E |- BERT+iA
B = AU ELA L BERT 7E Acc $271 0.61%. Rec $27F 0.85%- Pre $2F+ T 0.80%, s LIS H REHE
f51 BERT XPEAE i) A0 ()R AE B8 0 ; BERT+i] By 2 I WLHITERAE S E R vPlgs R 2oR, 2L 4E E BERT+i H
HEINUHIBETUAR L BERT 78 Ace #FF 0.28%- Rec $&F 0.26%- Pre 32T 0.33%, Al ATESc AITREE AR H A
B 5, BRI FE DG RO 4% (R0 AR 7 77 SR VT IC, A AT RE S BUR IER I AR BTSN, T8CR A e B 202 T8
RISHAF R TR, J5 20T 8 i R BE A K VT AL HI42 S8R s IS S BB = BERT WpyAA: il 4%
(PR AE B8 ) BERT-+in] B VE R I HLHIHE 4 AR B A L+ BERT+1A] B ¥ = UL ERIESE L Ace $27F 0.42%.
Rec F4TF 0.93%. Pre F3RTFT 1.22%, RS I Ace 27 0.05% Rec #7F 0.57%- Pre 32T+ T 0.43%. 40
TEASKT I N BE I AR I A TS SR, B T I R R EE AR, BT I NVE SR ARG S 8= 15 2
THETF, ELAR I AT B AT 4 B TE X s sty At ) A B ST TR AL
443 A A EANBUNER T

TR AN B0t A 5% M S 30 280R ) — K TR 35, VA TR S0 1 o AR rhol ) 7 vh (MR R AN o i 2, R
I RIS A B SE 0 A R A B T2 R FRA TR V2 1 ) R AR B AN SO AT TR, SR A S BERT+
WORD (4550 1 B AN A (¥ a0V AN AT S 06, SEI0 AR Wk 5 .

5 WAEON SR (%)

A (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

SIHTER S, VA AN EON 2 RO S . TR VAR 1) ) 1 SCAKC SR, 2 IR ARG B, R g kA4
SRR (9 ) MR A D BE IR [, 2243 [ fy ] 7480 b Tk 30 [0 P ] PR D P ARG, S T2 B0 1% BT IE 1)
EHYA O
4.4.4 VELRER AT S 5 B

ST B AR U B A SO I 5 iR AE IR AR ) R UL O AT 25 b A Al A 280, A SCIE R T IS AR v 8 — A il O 1A T A
RTINS, BEom AR5y 1 Jebeiddt il A 2 vy AR AR A, SREUHDCVR R AR (REHRNE . dEk4k), K6 A
PRSI i) g Ry A T RIS A 7 4%

£ 6 MR ) A AR AR 45 R

A e caal 5
RS2, AFERAERRE, KA. BRI TG IR = AN T BL A 4R, AR RN 5730
TSR AT LR IR T 5 2 SR R [ B4 B0 AR, SRR A H AR

s SRR G 5 ST 6 25 30 4 0, WP OIS AR A 1 Tl — T

e e _ B ] 3 PR 05— VO PR, LSR5 A F 2% 1B

B AR 2T IRREAER e, w1093 8 RIS 2 SRR = A 19, N5 AN, W1

P LRI L5 WAL B AR A I B 2530 R L2405 kS0, PR AR
IR 5 5 2 IR

I
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2R 6 QDR ) 1) 73 59 B VR AR AR [R1 45 5, T AP A 1) 1) 5 A <28 5 T I AN, I HAE R 9]
VB A HH B, HLPIAS ) A UL C A 45 Al — 4%, TR RPN i) A 26 O U — B0 R ko) 0 2
] ESIM. BERT AUASCRIR R, Sl 3RAT Ace (HERA) AOFF 20 AN E BERLRT AN il )2 7 DL RC RO RLCR, £E
LA AN ) ORI RREE IR G O, 4970, WA AR 00 (¥ SE M. 22 7 24 3 AR ROGHZ IR A0 TR P53

RTOAFEBRTN SR

Y TR 45 3
ESIM 0.821
BERT 0.876

AR 0.901

IINTAR 7, 3 MBS TE AL T 0.5, FATRAEAGIEHE ) A0 7 Z 46 A AR S5 2 UL RS A, PRI W7 4] e
DA 1) AR VT I, AR B BT 1 A, HASSCRERUA LT BERT 42 1 0.025. PRA i s iR e, el NVE
I A AR, 0 T WA ) RO AR, 3] FE RO AL RE SR i iR ) PR A AR AR, TIVE A AR R
VO S MR T i i) A R L, RIS L T R S

5 45RiB

AR SRR A A A UL RCAE 55, SR T — PR AR AR GRAR L 4 19 0 i) AU R A A0 i FU UL Ly
1%, M AR I AR S SRAT A AVA FA A%, T AT SO [ N A i ) AT IRARA
G = IR ORI, A R G 0 1 ) ) SR A A BE T BRI, ) TR AU 1) A VS AR 55— € PR TR
FE R B AR, U 2 M LR R ) A 2 [ AR, 2 T 2 W R R AR, B RN 1) ) 25 S84 B el
0 R A A A 55 .
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