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Abstract Text classification is a basic and important task in natural language processing. Most of the text classification methods
based on deep learning only focus on a single model structure. The single structure lacks the ability to simultaneously capture and
utilize both global and local semantic features. Besides, the deepening of the network will lose more semantic information. In order
to overcome the above problems.,a text classification model FMNN which is a text classification model fused with multiple neural
network is proposed in this paper. The model combines the performances of BERT,RNN,CNN and Attention while minimizing
the network depth. BERT is used as the embedding layer to obtain the matrix representation of the text. BILSTM and Attention
are used to jointly extract the global semantic features of the text. CNN is used to extract the local semantic features of the text
at multiple granularities. The global semantic features and local semantic features are applied to the softmax classifier respective-
ly. The results are finally fused by arithmetic average. The experimental results on three public data sets and one judicial data set
show that the proposed FMNN model achieves higher accuracy rate, and the accuracy rate on the judicial data set reaches

90. 31% ,which proves that the model has good practical value.
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T T R R 46 77 [ CLS T, ¥ [CLS Ay % Hh i & AE R 3¢
AR B S SCRE IR AR T soltmax 43 26 4% . A
YUAE T XRL GE i 4325 75 50, 4% BERT JT A 9 0] ) 42t i 1 R
S FMINN # R 4 g A

BAC_BIiLSLM: i T # — L B UE A SO # FMNN #25 {
TG EERMENTE. SR T Liu &P 41 38 AC_BIL-
STM i8I, & H# /4 T CNN,BILSTM Ml Attention iX 3
BR, FATT7E AC_BILSTM Ry L fili I3 Jm 7 BERT ik A
2, L #Rl4 BERT,CNN,BILSTM #l Attention X 4 /M
A IR A BB FRAE BAC_BILSLM,
4.3.2 EHEA

FEATTAE FH HE 10 2 Caccuracy) 1B R SEE IR AT AN 18 4, S0 90 25
BN 4 fral,

Fa ARIBERAEOR X

Table 4 Effects comparison of different models

CHLp 2 6D
Model SST-2 IMDB  AG_News  Judicial
TextCNN 90. 35 88. 44 91.99 88.48
TextRNN 89. 66 85.03 91.28 86. 31
TextRCNN 89.56 89. 1 91.79 88.35
DPCNN 89.61 88.76 91.43 88. 22
FastText 89. 06 88. 82 91.33 86. 62
Att-BLSTM 91.49 89.55 91.58 87.82
Transformer 88.47 86. 81 90. 97 84,47
BERT-base 93.67 93.06 94, 24 88.61
BAC_BILSTM  94.16 93.29 94.12 88. 89
FMNN 94. 86 93.57 94.55 90. 31

FMNN #BI7E SST-2,.IMDB.AG_News #l ] 5 548 % 4
MECIEAE AR T 94, 86%, 93, 57%, 94. 55% FI
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90. 31 Y MERG R . FERT 8 > FEHESIYG T, S0 56 245 R e 1) 2
BERT-base #& #, 5 BERT-base #i % 4 I, A% 3¢ #2 i (1%
FMNN #% B 75 4 A~ 52 50 i 48 14 34848 17 1. 19%,
0.51%,0.31% 1. 7% [HE B £2 F+, NTITIE B T FMNN 45 %4
T8 3z 4 S 4R B A SCAS 14 4 Ja i SCHRRAE A 22 A4y B R B )R
TR SCRRE R SR TR AL PR RE . A HOR MG S B HERA
19 BAC_BILSTM #{ %!, FMNN 7E 4 4304 4 b 43 91 36158
T 0.70%,0.28% ,0. 43 % F 1. 42 % WK B2 $& ), ifF — 25 16 1
T TR ELE T AL 5 R 1 ik .
4.3.3 HmEk

ST B AE FMNN A5 A A ) A (7] 4 0 A5 780 1) 45 300388 25
ATV AT T AH R 1 T R S5

FMNN-CNN iy JE A e 451 CNN 2 A AR, (0 42 g
T SCRRAE T 43 28 L i o ol Do 0 il 5 i o o8 Oy L e o o
FMNN-BiLSTM-Att by J5 85 # th 25 #5 BILSTM Fl i & 1 bl
B R, HAE i AR 5 8 CNN Z R4t 2 4R F
J 8w SCRRAE I K L T4 28 ik ik B FMININ-
Att O JEBEE P Jedn BILSTM J2 J5 ifd 19 7 35 7 ML i 4
¥ BILSTM g J5 — A~ B 1) 25 1 B MR 285 ml i 4 o 42 Ry i
FRAE R ; FMNN-BILSTM 24 JFUAS A h L 451 BILSTM J2 A9 45
B, A 2 ARG Y T 1] S AR B A A R O LR . T
Mg s 5 g,

EB IR

Table 5 Ablation experiment results
CA7 0D

Model SST-2 IMDB AG_News Judicial

FMNN-CNN 94.16 93.15 94. 25 88.79
FMNN-BILSTM-Att 94.56 93.18 94.13 89.73
FMNN-Att 94.61 93.48 94. 38 89.56
FMNN-BILSTM 94.62 93.35 94. 34 89.79
FMNN 94. 86 93.57 94.55 90. 31

T 56 FMNN-CNN A 52 46 45 5 [F] 5 A 8 BERT-base
BEATXE L AT LA ) FMNN 9 #5145 T BERT-base, #ii
Bi7E BERT #%8 J5 i gl & BILSTM #17E 2 1 L e A B4R
TUSCAR B 42 Jr) o SUHRRAE 42 A A 5 R JL ko FMINN-BL-
STM-Att (9 5% 45 25 3R [F] 2 i #2 # BERT-base if 17 XF Lt
FMNN-BiLSTM-Att & T 76 AG_News B4 b1 #E#H 1L
BERT-base fik 0. 11% L4 4b, 78 3 fib B 88 48 1 i s 5= 3t +
BERT-base, ] 7£ BERT #{ % J5 H @l & CNN B4 2442 B SC
AR (1 JRy R 1 SUARAE o S A R Ok 1 25 5 SR )5 42 FMINN-CNN Al
FMNN-BILSTM-Att B 52 45 45 3 [7] FMNN #E47%F 1, ol L&
B ALK 42 R CRE T 43 25 09 FMINN-CNN A5 50 2% 1 il
AU JR B 18 SCRFAE T 43 28 19 FMNN-BILSTM-Att 5% % 54
R ECT FMNN. 365 FMNN % FH (9 gl 4 % o X B
AR A SR T SRR AE AN R FB 6 SRR AE [ AR T 4 25 45
B R TR HOR s B 5 FMNN-Att Al FMNN-BILSTM 7E {4
#f FMNN gl & 25 a7 42 T, 43 5 B 5Bk T FMNN o 19 35
= FIHLHIAN BILSTM, 5286 25 . 32 8], FMNN-Att £ IMDB
AG_News P05 4R 1A ROCR ¥ T FMNN-BILSTM, 1ii
FMNN-Att 76 SST-2 Hl &) i 28 WA B 48 1 09 &R 11K
F FMNN-BILSTM, {4 FMNN-Att fl FMNN-BILSTM [

MOERUR SR B T FMNN-CNNH FMNN-BILSTM- Att
K F FMNN, M i iE 8] 7 78 FMNN f & 8 80 ool i Bil-
STM A Iy BL R 416 5 20 38 4 Jm) 1 SCHRRAE (9 A 3%
P B A R SR B R TR AR .
4.3.4  HAEERAITE

FMNN #5858 1 CNN 2B T 0A 2 AR T 1Y )R
BRI SCREAE 33 BILSTM J2 093 B 1 ML G 415 7 23 B
BT SCAR Y A JR i SCRRAE , B AT 2% 3K T A AIE 38 5 AR im
Py AT RLE SRR B A G )R IR AE & T A28 OF
W X P Al sUR1 FMINN H (19 25 35 @& ML 320 45 5 LE L 45 310 19
g 6 3.

6 FRIERELE SRR AR

Table 6 Feature fusion experiment results

(BT %)
BhA 7 A SST-2 IMDB  AG_News  Judicial
A 94, 41 92. 34 94, 22 88. 34
Eiiik: 3 94. 46 92.75 94. 14 89.02
EE S T 94. 86 93.57 94.55 90. 31

N 6 A LU ] SOA I 4 JR 1 SCRRE RN £ 4>
1 JR S U SCARRAE 8 A AR i i P i O 2R AT Al A B 4
AR o 25 Bl A PL AR B0 45 5L A IMDB R AG
News $U4E 4 I 09 #EH R 240 F BERT-base # AL, # F M
5 B A 0y 2K 1 SCRRAE ) it 3R A7 037 20 0 AR B 2 PR B2, 5%
S ¥ T SCIR L A4 18] B8 DL R 77| N 22 i1 Wt 75 DA TR 5 Dl 458 281
PERE .

%RIE AR A FMNN B EEA T BERT,CNN,
RNN FIE 22 F7 WL A D0 5, 0B 28 53 0 1 A A a4 DL o
Sy R HUT 4 R T SRR AE R 2 AR BE A R TS SRR AE L SR
J 45 33 R R AE 23 W0 T softmax 23 28 8%, fie 4% 1 1 45
Al A LIS F R R LR . 1 3 A TERE S 1 AR A
£ AT T L8 A R R AR AT FMNN BALZE 4 4S50
WAL L YIR B T IR AR . ARk AF ST N B IR K IR 22
W 28 FH T4 32 SCAR I 25 415 B R AR ¥ 45 & 90 1 0 A
P e R 45 R AT 5T
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