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Abstract

To address the problem of uneven distribution of key features in traditional text classification
tasks and insufficient local feature extraction ability of Bi-directional Long Short-Term Memory
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(BIiLSTM), a multi-channel text classification model based on self-attention mechanism and nor-
malization is proposed. Self-attention mechanism and layer normalization are added after BiLSTM
layer. The BiLSTM channel information and the initial word vector information are fused to input
into the convolution channel. The weight of information after the convolution operation is given
by self-attention, and the batch normalization is carried out. After repeated twice, the pooling is
carried out. Then the feature information after max pooling and BiLSTM channel information are
fused to input Softmax, and obtain the classification results. In the process of model operation, the
proposed model uses smoother Mish activation function instead of Relu. Through comparison ex-
periments with other deep learning models on multiple datasets, the results show that the pro-
posed model has better classification accuracy than other models and has better classification
performance.
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1. 518

ARG, ARG B HERIRSEEL RS 7 ERIEM, BRSO T
EHMFE, BN AT ARG SO RT R RS . AP E WAL KO ARG TV 2 AR b3
X%, WIEEIRZ M %% (Recurrent Neural Network, RNN) [1]. K48 i 12 M4 (Long Short-Term
Memory, LSTM) [2]. #5224 (Convolutional Neural Networks, CNN) [3]. 7 A HLHIRRL [4]45

AT BILSTM 28 FIVE R AL 78 4 th B th A E R 0 ME, dEmx EREAT A —4k:  [Fm
1 BILSTM 3@ i (¥ 45 R A I )i [ B4R 45, EWANERZE P IRE BiER IR A BRI H 54
(RCE , 43 BT — b, EREBIRZ 5 AT AL, 520K CNN #iE b5 I FFAE(S B 5 BILSTM
B AE S RATRIG, 85 RRWIA SR W R A B 0 70 R RCR

2. HXI1E

Bengio S5 [5]F4 4 i P2 I 2815 SR (NNLM), HPZ E7E NLP HA JESR RS . NIR1G 3 =2k
FIAl R aR,  Mikolov Z5[6]42 H W Ahia [ &%, CBOW (Continuous Bag-of-Words) 1 Skip-Gram.
T+ CNN BEE HHEff Hh F2 BUOCAS 1 Jay FAFALE , RNN BERS A3 ROt AL B | 7T SCHdfe - Zhang S5 [ 7144 LSTM A1 CNN
FHEL S, RAKAE T RNN 5 CNN #HTA G A Rk . ROmAE 8] M S5 [9]# 5K BILSTM A
CNN &, FI R F AL LSRG SCAR S B R SO, S A5 BRI & nT DUE 380 = SR 7 2K 1
HERATE . 5K/ ITZE[10]4 BiIGRU 5 CNN 454, KA CNN SREGHE A & 158 & R, FH BiGRU R4
Ja BN SCRIR, S5 BRI TR A B R A I SO R R

H R INLEI BRI R SCAR M B AR R AR, FrlL, A Lemt i N oL DL E=ANB A Gl sk, i@ &
EAR AR E S B P55 A5 [116 B = IHLHE 51N BILSTM, TR SCA 3 #rs TiAH S
E[121F BER NI G ANGISRZE M 4; XEEIRHAE[13]7E I A e 25t B B = 0], sy
{5 B H, LA BRI S| 7R Ry 8E5 . R HAE[14]92 tH—Fh 23818 CNN_BIGRU_att H 33
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AAY AR, RIS CNN SKEUS 34, 8 BIGRU FEHL RS04 mfE 8, WRal s S [153R 4L T
—/NEET B HUHIAN 2 818 CNN ) SAtBIGRU_MCNN SCAA TR, 7607 B 92060 45 SR B T B4
R, BT SCA S ST I
3. MAC_BIiLSTM &4 #ERpH0E
3.1 BFERGH

MAC_BIiLSTM SCAM R E R =04 55— abr &l BILSTM. HiEE ML DL Z
IH— LR ER G BILSTM 3 ; 58 —ANEB4 2 i@ BILSTM A Ve & ML G A E i, S5 &3 )
BEIRNZRE T RS E R 2 A, 26 =022 H CNN BHEEM AR AT EE 2 A, iZEiEs A &N
oA, g, BILSTM @il 38 H T 3REUCCAE BRI K IE SRS R, H¥ BILSTM
TG S R4 CNN JEIE Ak — 25 X SCA ) = 3R AS ST HR L, AT SR A5 S I i SO B
PR BARSE RN 1 FToR

GBS S

HRRREN
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Figure 1. MAC_BILSTM text classification model
1. MAC_BILSTM XA 43 245 R
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3.2. XARK

Word2vec H Rij 25 247 W RS A ok 2 =] BAA) ) 73 A SR, — R A8 e ) R vt a2 ] b R ST
Skip-Gram, Jj— /il id bR SO SR Al v R R B (1) CBOW .. A ST S5l 7] & 3= B2 A Skip-Gram #5
B, LSRN 2 fos.

INPUT PROJECTION OuTPUT

W(t2)

W(t-1)

W) N

W(t+1)
W(t+2)
Figure 2. Skip-Gram structure diagram
2. Skip-Gram ¥R [E
3.3. BiLSTM &
3.3.1. BILSTM + Attention
LSTM HLRL ¢ I 2 TS AR T
ftzo-(wf '[ht—l’xt]+bf) @
itZO'(Wi'[ht-vXt]+bi) 2
C, =tanh(W, -[h_;, % ]+b;) 3
Co=1-Ci+i 'ét 4)
0, =G(W0'[ht—1’xt]+bo) (5)
h, =0, -tanh(C,) (6)

EIBHEREF, o Ko NBE s, R tIN 28R T R38R AE, o Rt e 25, W,
NBUE, b, AEI, x TRt R, b ONET— BT R HORES, h s ZORE M, C
N E—IZIRIIRES,  CON AR RITIRES

BILSTM A5 A7 AP SCA N ] 2 2B X 3 SCHHe, AR SOAR AR AT B4 o 3, HLEh i 4
3 FrR .
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Figure 3. BiLSTM model diagram
3. BiLSTM 1= &I [E]

W, BIiLSTM HIE[ LSTM Flg ) LSTM M5, X, ~ X Al x, ARE -1+ i Fi+1 I ZIH NG
B IEMBREE LSTML S A b, W0 BREUZE LSTMR 1%t hy » concat 287 AN 7] 0 2 i H 17
HF4E, BILSTM FEsU= M h £ 8.

h = [hL’hR] (7

H VR AL AT DAZE OR 87 J5 SRS s AL b 5% S0 B R A, AR R rh B e B
LRETE B, ER NIRRT

u, = tanh (W,h, +b,) ()
a, =Softmax (u/,u, ) 9)
5 = Z a.hy (10)

Horh, u A h R A BERUE R R, W, B, b, ARE I, o M, it Softmax 2R3k
IH—HAE . 5 f5H BILSTM Hith 8 h S EAH o, HEAT SRR, 153225 HAE s, .
3.3.2. Layer Normalization

Hinton 25[16]4#2 tH & F T RNN #74 [1) )2 9 — 1k (Layer Normalization) I ERAE Y 22 S 5, ELARARFE DA
T AR M 2 I — R T M A TT AT A — 1k

M=%gd (11)
I 13 12
o' = F;(ai —u ) (12)
g2 _lﬂl (13)
o
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y=g-a +b (14)

e, 4 o M RMRES EME G 2, H ARRME S EW AL al REE | RE s,
y RRBERFR A, g A1 b 73 30 ) B ) 4 TR 4%

3.4. CNN iBi&

3.4.1. CNN + Attention

T FEECEINE B R R ERE, AU £ 2 CNN. ZiliE i N A2 imig N EBL R 8 R 54
it BILSTM + Attention @i 2 J& i Al & [l & . B 25 concat & 1A FE N Sos AR 2 S 9147 1) CNN
TIEXT So AT R EARFIE SRS « N T #2532 M XUEIE CNN HRFESRELRE 71, SRR 1) 2 JURHIE,
£ 2 /) CNN HIE FHIIA — EERU CNN BEAT DAL, I SCAS R f R IERIABE ), [N I\ B JINL
il = St H— Rk — 5 e s Y 1) 2 > Rg

BN S =X, %, Xy | Hd, x eR", x AREIENCARFE | AP R &, n
I ()in] [ B EE . B ERZE SCA W, SRR i e DLRR A

¢ =f(W®S+b) (15)

Hrp, o @ BRI | AMREE, () BRAER RS R, @ R BRIZHE, b Nk E
LIS

i [ AR S 2 BAUSH, 155> CNN RS 1 456 C, = [c,¢p,eo 0 | » N i ] A4
PR C AN BVER I Z AT AR, TR T

u; =tanh(W,c; +b, ) (16)
a; = Softmax (u]u,, ) (17)
S, = Zaici (18)

3.4.2. Batch Normalization

NI SRR ) [ 3E B A R ILRE S, N Batch Normalization #itAR#E{bJZ [17]4} i CNN EAUZ
B VEENEE A s S UL B . {5 5E Batch_size y m, Batch Normalization ZHi N\ A& A
B=[X.%, ", X,]» W Batch Normalization i1 41T

1 m
Hg :HEXi (19)
2 2 LS (% - ) (20)
Og = m& i —Hp
o _ K He 21
%; \/@ (21)
Yi=r%+p (22)

He, s og S RMREMG IS ROR IIE bR EZ, #iTA(22), 47T Batch_size 5 i AN AT
FME x, B AYIMEN 0. HZERN LINIESDAG K, e NERBRERANKIRME, ¢ M B NGBR35,
BJh, K4 Batch Normalization Ji FRFAE [ b Tk, THEIRAZWT

C =max(C) (23)
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3.5. Softmax &

i CNN ;&iE itk is BUSEE R EHE4T T [%4E, {# CNN iE 5 BILSTM iEiEfH M & 2 A
[, DA 7 xRl TE i AR P AT b 3, ARG ZEIT concat BRI JE I I 2 47T output, AT

IS .
AR Softmax 732548 SEHH output ISCAR S8, 15 B &85 Ml = 2 0 A0, tH R R AR
. _ exp (67 x"
Py = jIx";0)=———"— . ) (24)
Zexp(HnTx('))
n=1

Hr, P RIS x 52K B2600 j M2, o NBALIZRIZSH.
3.6. IRBHFERE
AR B Diganta [18]#2 Hi 1 Mish G B 4. 24 K2 £ /] Sigmoid. Tanh. Relu #iG R %, %

. . 1
Sigmoid: o(z)= 25
9 (1) @)
Tanh: tanh(z) = ez —eiz (26)
e +e
z 2>0
Relu: f(z)= 27
(2) {0 z<0 @
Mish: f(z)=z-tanh(In(1+¢7)) (28)
T R EONT LI oR E B A D 1] 4
Sigmoid Function tanh Function
1.0 4 — 14 —
/” /'
7 i
Oﬁi —4 PR 2 4
, /
-7 g
4 2 0 2 4
Relu Function Mish Function
4 -
2 1 27
4 ® 0 5 4 -4 2 g 0 2 4

Figure 4. Activation function

& 4. BUERBER

XLk Sigmoid. Tanh. Relu #3% A%, Mish B EUEEREW 2IAAT & B, MNIHE B RIEEERAE S,
A% Sigmoid BECTE FE RN, Tanh VBT KI7UE, LU Relu BB SRR, AEfs 50 4f Mo (f
(R AR IS kI
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4. SKWERG 5

4.1, SERSINEESHIIRETE
AR HISLIGIAET UL 1 ATs:

Table 1. Setup of experimental environment
1 XWMRRE

SLEOFREE IS B
BERY Windows10
CPU Intel(R) Xeon(R) CPU E5-2680 v4 @ 2.40 GHz
WAF 28G
iR S NVIDIA GeForce RTX 3060
HRIES Python 3.8.8

ARSI G N 28 1 A TF I T S0 I YA e SO 5 . THUNews SR8 86191, 4 H 3k ok
HriEEAESE . online_shopping_10_cats (f&j#% 0s10c)%FE L ChnSentiCorp ({&i#% Chn)%FE4E .

THUNews #7348 IS =R LIE A TF, L& st /=, IS, BE . B+ BUA.
B3 WErk SR 10 KE M. S HLFEIESERDE 15 Fhot i, sciGieiust 8 25 k. Bk, hF.
HHE, b RE. T AF . os10c HaEEYCE 7RI PR FAL RER. ek, BokEE F 4
A M. 9IS 10 KPFIR(E . Chn Zdl4E thng T ORI B BB IR, BEWE. BidAk, B
FE=ANOUEIE R AR 2 SRR R

KB EBENL S HINGREE . MNASEFNIIEEE, R EMIL L 2 k.

Table 2. Dataset statistics
2. BIBESITER

Bl e EREA Ik RaEs ke XKH

THUNews 300,000 260,000 20,000 20,000 10
A Hk% 90,000 50,000 20,000 20,000 8
0s10c 60,000 40,000 10,000 10,000 10
Chn 9000 5000 2000 2000 2

42. PIEMAESRBSHEE

ASCHF Jieba X4 N B SRR AT A AL EE, A Word2vec #57 FR ) Skip-Gram 75 2T FE 1] i) &)
k., 15300 A o A AR R 4ERE . 50, 100, 150, 200, 300. [A]H 5] AEdE 5% (Data Augmentation)
BOR, A REBIEERS T REIE R, SCESAREIE, W aRsRz L aE

B BARSHOR B & 3 Fios.

4.3. T 4E4R

K RBR VP HIbRHE & HERfIE (Accuracy) 5% (Precision). F1 {E(F-measure) & #4 [F] 3
(Recall). FHICHIIRIEHE RS BN 4 Fis.
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Table 3. Setup of model parameters
=3 RESBHEE

SRR WHEE
BRI RAT 3
Adam L fb &35 > 5 0.001
HFHg—KE 34
Epoch 10
Batch_size 128
Dropout 0.5

Table 4. Confusion matrix

F 4 RBREME

» SRR
Gt — .
Positive Negative
Positive TP EP
Negative FN TN

Horp, HERR AR IEFITH R AR T 20 AR ], AT
_ TP+TN
TP+ FP+ TN+ FN
R 2 T T 45 5o IR G vt A, B dEsf T oA IERE AR B L], TR A -
P
“TP+FP

A [ AR LA I 45 SR A IEREAS o5 e AR I SE PR IEREAS [ BB, THE A R F

R TP
TP+FN

F1RASHR S A BERAINECF 2%, geit T

PxR
P+R

(29)

(30)

(1)

Fl=2x

(32)

4.4. LWERRSTH

W, ARSCHATHAELR, —KH Mish BuSis, 5—AKRA Relu BuG ek, iR G,
BiLSTM. CNN. BIiLSTM_CNN. BiLSTM_Attention. CNN_BiGRU att [14]LL /% SAttBiGRU_MCNN
[15]. Hoxfbbgh Ransk 5 F13% 6 fioR:

G575 5 6, MAC_BILSTM SUAR ;SRR A A HA 6 Rt B, 78 DU Em SR ERIUAR | BLLF I 43 36
i, iR 5, ARG MM BRI E S EHERAZE ik F] 1 88.21%. 87.41%. 87.12%7FH
89.01%. Xf Lt BILSTM #5828, A SO/ DU 05 4 EHERR R 2> BIEETH T 2.76%- 1.61%. 2.74%71 3.21%.
ELEL CNN BEAY, ASCRIARAE DU B B2 3 1 4.33%. 2.78%. 4.07%F1 4.39%. *fLt
BiLSTM_CNN #&A8Y, ASCIEAAE DU 4 B HERA 2 73 BT 1 2.02%. 1.21%. 0.80%7#1 2.99%. 534k,
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Table 5. Comparison of experimental results with Mish activation function
F2 5. A Mish BUE R B SLI L5 RIS EE

THUNews ¥4 RAEES %G 0s10c %4k Chn ¥ 4

CEEEE I e MmO men T e
BiLSTM 85.45 84.43 85.80 85.06 84.38 79.85 85.80 83.20
CNN 83.88 82.75 84.63 83.80 83.05 77.66 84.62 80.33
BiLSTM_CNN 86.19 85.32 86.20 85.54 86.32 82.29 86.02 82.86
BiLSTM_Attention 87.27 86.32 85.63 83.42 86.10 82.58 86.22 83.02
CNN_BIiGRU_att 83.21 81.97 84.44 81.74 83.17 79.10 85.70 82.58
SAttBiIGRU_MCNN  86.70 83.72 86.25 83.99 86.08 78.99 87.16 84.73
MAC_BiLSTM 88.21 87.44 87.41 86.88 87.12 81.50 89.01 86.33

Table 6. Comparison of experimental results with Relu activation function
F 6. A Relu BUERBILIGLERITEL
THUNews %4 4& RAEPS ¥ os10c $#i 4k Chn ¥ 4

AR Tt rmes TRE rmon  TE mmen  BEE Fmon
BiLSTM 85.29 84.36 84.61 82.23 83.74 73.07 85.30 82.67
CNN 80.71 79.56 83.73 82.89 81.21 75.78 84.15 80.81
BiLSTM_CNN 85.65 84.74 85.26 83.07 85.42 80.70 85.95 83.14
BiLSTM_Attention 86.31 85.43 84.94 84.29 84.88 80.38 85.68 81.92
CNN_BIiGRU_att 81.94 80.93 82.49 79.85 82.30 78.27 84.72 82.09
SAttBiIGRU_MCNN  85.39 84.25 85.35 84.59 85.95 81.98 86.87 84.51
MAC_BiLSTM 87.09 86.14 86.16 85.51 86.78 80.69 87.40 84.93

BiLSTM_CNN 7 Lt BiLSTM #E 75 PU AN Adi 45 E HIHERR 20 I3 51 T 0.74%..0.40%. 1.94% 71 0.22%,
EL CNN BEALZE PUANBE 45 EUER R 20 B T 2.31%. 1.57%. 3.27%#!1 1.40%, W] CNN 5 BiLSTM
SEA TR 245 2285 K4 BB B8 A RUCHB R I ST A R () DG BREARFAIE, AT 2 i SCAR 7 2K e %2 . #HEL BILSTM_Attention
PR, SO RLLE PSR 48 L HERR R BI3E R T 0.94%. 1.78%. 1.02%#1 2.79%, FFH., @ilxttk
BiLSTM #AL 1 BILSTM_Attention A8 HERSZ v KL, B VER SIHLEIR 5] NSRRI 4r KM REAS 3 1
HE— B IS A ST 5 CNN_BIGRU_att 571 fll SAttBIGRU_MCNN 7 [1) 73 2 28 Sk AT Lh 8%,
RIA SR L CNN_BIGRU_att A58 A 22 76 DY N 5 B4 A3 0 1 5.00%..2.97%. 3.95%7FH 3.31%,
X SAUtBIGRU_MCNN AR A4 HERf 227 DU E s 45 Eor il = 17 1.51%. 1.16%. 1.04%7F1 1.85%, KA
SCHR T VERE RS B 7S 0 M R 35 Y CNN 5 BILSTM R SCAERAE R ELRE 77, I HAS ORI CNN JfiE
HRLG BILSTM s (e, 358 TRFERIE A, 2 —22mas 17 CNN X SCAR R RHAIE (S 2 B 42 Rk
[Ff, 7£ BILSTM @B CNN JEIE 4051 51 N B =R A ML JZ RS — 1025608 58 Hin R AE 43 AR k47
VR, SRR TR IR D), A ROBART TR S R

NIRFE ST PN FE bR S A R R 4R S 2 MR R, ASCHE— D R T & BT i) ) B 4R U Ik
N 50 4k, 100 4E. 150 #E. 200 4EF1 300 4k T, MAC_BILSTM 43 Z 70 55 Ho A JiF 2 5] 43 S ] [ B
PRE SRR Z KRR, TS IR L seie 25 SR an i) 5~8 Fios:
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Figure 5. The accuracy comparison of the models under different word vector dimensions
in THUC News dataset
[ 5. THUC News $iE& 7[5 18) [a) & 4 B iR EDE AR XTEE

0.83 =fe= BiLSTM

== CNN

| ¥ BiLSTM_CNN
0.86 =& BIiLSTM_Attention
- CNN_BiGRU att ¢
0.84 - =4 SAtBiGRU MCNN
: =0~ MAC_BiLSTM

0.82

P
PER

0.80

HEER

0.78 1
0.76
0749 e=—"" N

0.72 1 N
‘)Q \QQ \‘)Q %QQ %QQ
HEREE

Figure 6. The accuracy comparison of the models under different word vector dimensions
in Toutiao dataset

6. 4 Ak EHIRERRAM SR EHELL

WRIGEIG, AR A A A 2 PR B R A [ 4R BT, SRR B A L%, I A
TR 73 SVE REAE 0] [0 B 4E [ 300 ZERT S B . At B 1l e S 4 LRG0, [ B3 ) (¥ B
W5, BRI SORE @A, RindeE, A& R E R 7RI i, A3
PR FNYESE L 1) 73 SRMEREAL T H A SR B 2 SRR, BEAER] 1 30h 45 10 MAC_BILSTM 45 7Y
B H SO 3 RAE S5 A R S e 1
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== BiLSTM
—-e= CNN
0.85 - = BiLSTM_CNN .d
. =& BiLSTM_Attention //.
== CNN_BiGRU_att B
= SAtBIGRU_MCNN ./,/ »
=0~ MAC_BIiLSTM /) /e
0.80 2
H
ﬁ 0.75 A
0.70
0.65
T T T T T
Q QO Q Q Q
2 N > P S
HEEEE

Figure 7. The accuracy comparison of the models under different word vector dimen-
sions in 0s10c dataset

[ 7. 0s10c HIEEA EIA @ ELEEREDERHETIEL

== BiLSTM
—e— CNN

0.875 - =% BiLSTM_CNN

=& BiLSTM_Attention ﬂ
<= CNN_BiGRU_att /.
=4 SAttBiGRU_MCNN
0.850 91 -O- MA“thLSTM /",’X
0.825 A
&
l 0.800 A
0.775 A
0.750 A
0.725 A
Q Q Q Q Q
2 N Ne D BN
T EEE

Figure 8. The accuracy comparison of the models under different word vector dimen-
sions in Chn dataset
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