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Abstract
dation (BiAKLaw). In this model, BERT is utilized as a basic matching model, bi-directional attention mechanism

This paper proposed a bi-directional attention based text-keyword matching model for law recommen-

is implemented to extract token-level alignment features and keyword-level differential features, and these features
are fused with keyword attentive semantic representations for a better matching effect. The experimental results on
the traffic accident and intentional injury datasets demonstrate that, compared with BERT, the proposed model

increases F1 evaluation metric by 3.74% and 3.43% respectively.
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Fig. 2 Overall architecture diagram of bi-attention text-keyword matching model for law recommendation (BiAKLaw)
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XA 4RI L2, RS ZE, BALIES
W RIE BN E, WA BB R 21
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3.3.2 HEHUE R LIS

h T ERBR A AL I AR B = A 1 5%
W, F 1K XS-BERT . XS-BERT+ XU [f] 11 & 1 #L
il . XS-BERT+ 3£ i) 14 5 J1 L] LA % XS-BERT+
X[ 3 3 9 AL ) + 56 B A 7 ML 4 B RLFE 38
1 2 SRR R AR AR L R AT X L SE g, 2R
FAPin . LA, B AL T A O A 1)
BT (R AR X A R = A R i s g,
Hh S B R D AL R S e B R . R 3 AE SRR
G SN o VI RE =W RIN i LD PN R R S R i R T S
. XS-BERT 4271 0.79%, & 8051 5 i 4 27+
0.77% o TEACIH 5 A 4 1, O8] i 2 1 Ll
S e 1 i Al 45 PF 4 48 b5 F1 He XS-BERT #2 7t
1.13%, eSS0 FH B ESLT) 2.76% . 5255 45 R
UEH, 38 I s R E BRI, AR B S T 22 G
T DG X G2 [ 119 OC 6 22 SR AiE, 00 JE (5 B
T
333 EEEFEIGISM

FRAT 3 B A AR v A — AN R R 16
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Table 4 Result of ablation experiments
i Ik R G SN EE S
ixii]
P R F, P R F1
XS-BERT 0.900 0.866 0.882 0.894 0915 0.904
XS-BERT+ 3 i) {33 S 0Lkl 0.903 0.877 0.889 0.898 0.925 0.911
XS-BERT+ il 7E R H AL 0.912 0.872 0.892 0.908 0.951 0.929
XS-BERT-+ WL 43 1 Bl + S 1 2 Lk (BiAKlaw) 0.924 0905 0.915 0.923 0.938 0.935
=5 MEGERGSW
Table 5 Case analysis of intentional injury
A o B TIOR8
EY] AR FLIHRAE

BiAKLaw XS-BERT

HI ar L B NTEAE R B S
A BEAE M LI TH =K X AR SP AR AR
RS 2 52 S PO TR, Bl
JE W NI N 1 A B A
Bl AR R, Bl AT R A
WAEATeFE ABEE, 1 peE AR
BAE TR R BRAL B3 T Bt

HY b: 2KRE, WEANH B GR
BEhRG .

HI b ZEFE, PE ARG
Bt

% 234 Z: BREGEMASER, LZFLUTHIEN ., Mk
FHEMR . AT, BOAEGHW, =440 EHAEUT A PIRE;
BT s LR B T BRENE s ™ ERRR Y, 441U
AR . ORI s SO . ARSI RIUE R, KIEHLE .

% 72 % XETHHREABE . =R AN LIRS, [
FEE FHRIR, ATAESZIN, PR/ S A 2
WAL MEW-E IS N, BEYE SN (— )RR,
(A BRI, OB FERBAER; () E S5 X4k
XBAEIA R, TEZN, 7T LUREICIER S, [FIRES (kU
R TAEGINE KRN N ERE TG 3, HEARFE IR, S, %
RS E RN o BRSSO AIRIR S T, A RBEHIRE R IR, B nm]
AT o

i 234 Jk: BREGEMASER, L=FEUTHBEN ., Mk
S AR, BRI, &=L BT AEUT A WRE;
BSOS LAFHIRE T BRBE s s BRI, 4b1-4E1
AN RGN SE SN AR SEIER), REHUE.

% 234 % WRGEMASER, L=FUTHBEN ., Mk
FEH . AT, BOAEGHM, =40 E TR A PR,
BOFCTa K LIRS F BB EGE U ERRR A, 4+
AR . ORI s SO . ARSI RIUE R, KIEHLE

0.923 0.902
0.919 0.895
0.907 0.873
0.102 0.134

VLI R ST SR A T SR A% 1 S R

ZEGIEIE AL IEF S F S a W LIk
234 %%, F bk KR EE 72 F1234 4% L arh, B
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A, AR 234 B FE AT AR I 72
ZH RSy RSB A MBI Lk
2&7F BiAKLaw F1 XS-BERT R [ VC BC Al {8, 1 LA
F i, AL AR R T 0.5, HIBES
IE B I T AR 25 . AR SO Y BiAkLaw A & 810 (5
BREA, B 2 6 SR B, T T IR
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