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Abstract; With the increasing of cases handled by the procuratorate, the user’ s demand for consulting knowledge in the field of
procuratorial affairs is raised year by year. However, it is difficult to deal with the large—scale consulting services by relying on the
experts in procuratorate to answer and reply manually. In order to improve the efficiency of user consultation and enhance the ability of
computer to correctly understand the user’ s query, a heterogeneous graph neural network model is proposed for business type
classification. This model uses graph representations based on both syntactic dependency analysis and neighbor window as inputs. RGCN
and GAT graph neural networks are used as feature encoders respectively, and feature fusion is applied to predict the business type of
user’ s query. Meanwhile, auxiliary classifiers are introduced to optimize the learning of feature encoders and improve the performance of
the model. Moreover,Focal Loss is applied to effectively address the issue of unbalanced data. Furthermore, the performance of this
model is compared with the traditional deep learning text classification models and the current mainstream BERT model in many
dimensions , such as macro average accuracy ,model size,reasoning time. Comparative experiments show that the macro average accuracy
of the proposed model on the test set is better than other benchmark text classification models. The model size and reasoning time of the
proposed model are much smaller than BERT model.
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AR H BT S A PR P 28 I 2 SCAR S AR Y
5444 CNN LSTM Bi—-LSTM C/R 7p 28 i Ak AU | [
5 T 4E Sk 3 Y BERT BEAYHEATIEREXS [, X b 4%

AR 3 Fron . POXT L 25 BT A, 38 th i) A ] b
P28 SCAS 3 FE AR R A IR L RS FAE S
CNN LSTM ., Bi - LSTM % B& i B 80 2 5l 42 7+ 1
5.6% 5.1% M14.5% ., I\F 1 51, 5l 2L RGCN %
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A8 5 # GAT 4 i 4% 56 B SC A 43 25 19 1 sE K T
BERT /324570 {H RGCN i 255 GAT 4 & F#1F
Bl A 5 IPERERI IS AL T BERT 4» 2600 B PRRESE T T
1.1% ., WL T RGCN it &5 BT #E BURRIE 5 GAT 4
Tt i T HRE BBURRAE HL AT — 52 (0 B MY (R AE 5 ) B
BRI R RE . AN, 26 3 MR AL T 4B

TR/ INFIAE B (8], T2t 1 S PRI 28 X 486 SCAR 43
FBAY K /N5 CNNLSTM ,Bi—LSTM 45 £5 B AH 1T
AT BERT #5% ( %5y chinese_L—12_H-768_A-
12) , B HR AT AL SRS /N FR 4 B[R] /N T BERT
BEHY | ZAERY (5 D ) A s T R S e s, B
R TR TR i A 350 B AT

K3 TR BARR L H AR E 5] B AL 6 M AR AT G

Y TV BIMER %/ % FEBI /N MB RS 8]/ ms
CNN 53.7 1.32 0.5
LSTM 54.2 1.41 1.31
Bi-LSTM 54.8 3.32 2.36
BERT 58.2 392 139
Model-RGCN+GAT 59.3 1.40 15

4 GERIE

T SCHE T — i T 5 A L 22 I 246 T G 55
BN S oy A Lt FH P 0] P K B Y e
A IZARLHE 1T RGON G it 3 F A MR AE 70 A 1) 1 3
N, FFIE IS GAT 4 3 T4 11 A R 2R, e 18
PERFIE RS SCEL T P AR ) P 20l 45 S BT X A
B Rl 7 30 e B R ) RGCN 4 i 25 14 5 AR T+
T 1.9% WPERE, I R GAT Zihd 2 (19 7 =
THT 1.5% WyMERE . R T F-Fi 3k P A G B 25 1) R AIE 27
2,50 3% RGCN 4 i Al GAT Ji i % 5 | A B 73 2
i MR T T 1. 3% MUMERE. A TR DA 2 T
PR IR] N 25 Ml 55 25 TR 1) R AR B0 AN 38 4 Tl R, BN
Focal Loss 15 pREL, ERRIEEF T 5. 6% RPERE, b
A, BT AR AL R AR b 1Y - Y e R I AR
GUURIE 4 ) SCAR 4y Z8 8T W AL T BERT 432
JUT i AR TR (14 A AR K /N A B IR [ 32 /N T BERT A
R ZRRAT B A AL B 6 TG 45 U
FOENRE R Sl ik — 20 b A 55 5 e ) 2 R 4e i
HEE AR SER
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