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b,=b, +d,yv,, (16)
b, Zord TN )ik i, S i v, — BT AR
T
2.5 HERE

RIS 2T 1977 20, % MSRS-DPCNN #5270 4
IR B G EERFAE LA K 43K IR B8 (RO R 1IE 5 HAC-
BilLSTM FE AU B 42 Jmy I SO o6 R BRI HEAT
FRERRA, =l (17) 5 (18) s .

Vine = Vi + Voo (17)

G = concat(M,, ,V,.c), (18)
Hrp. v, 5V, N HAC-BILSTM AR LI Wi Fh 4
JATE B AR5 8] V. N HAC-BILSTM ## !
gy B 1) M, 9 MS-DPCNN AR Ayt () 4 41E 1]
L5 Vi PHEG R BIRHERLA 2 005 H ) i G.
2.6 i

¥ T TF 0 2o R OE 75 45 ) A ) i A 420
AT S H .

v, = squash(s;) =

H =liner(G),
Bl AL softmax JZHAT/M2E  AG B R L 4G

3 XBWEESHHN

3.1 LWIMEEHRE

ASCHERLFE T Pytorch 1.6 SEHL, iz 17 BB
Ubuntu 18. 04.3,GPU J 1 3 Tesla V100( 16 GB) , %
FE1EF A Python 3. 7.

AT AR it B A A A T A R (e
tp://www. chemmade. com ) | & T. 7 iy B ( http.//
www.chemep. com ) LA & 55 #84k T. ¥ (https://china.
guidechem. com ) 55 6 N JLEZ B KL T AL 2KAL 5
B AT AR R S A 221 216 S A bR
A AL T 4500 it SCAS Bl SF 2 SO K 261. 43
FLOPREERN I O 17 Bl BEAS 2 22 1A B LA o)
ARSI, ek ) 130 1. SCAR B W 5 T H 24
T b A TR, A4 A LSRR TR A T
AR A28 O T ROl AR T okl (RS
Yy Gkt B ESIGR] A WA T AR BORS R L H O
6T AR LA S AR P 5 S

REHEE R 6 :2 20 LI D] A A I ZRAR Rk
LE LA KRR Bt A o Bl ANk 1 .
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Table 1

Chemical product data format

AP 5

15318-45-31 % 25

PRAEHNEER RER, PRAEER

thiamphenicol C12H14CI2N207S

43 FH Mr:401. 22

O™ G L 6 R O A R
i JREK (L
FETIRIT PN WA PR IO 15 9€ 56 g 18 AP R
TAF R R T RHE G AR R X v e B R A
JEHE

AT

TR AL B AT 1z Ak PR VF Al A A FE
THUCNews Fil ChnSentiCorp P~ H1 SCA FF R 46 I
AT AN BAR A TEANE B A3k 2 K.

x2 HIEEER
Table 2 Dataset details

Che_products 17 221 216 261.43 130:1
THUCNews 10 200 000 22.34 1:1
ChnSentiCorp 2 7765 128.52 2.2:1
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THUCNews ( http ://thuctc. thunlp. org ) B AL Hil HX
20 J7 AR W W & B BRI BB A
o B RE ek BRI 10 A0, A2
2 D34 P BUIR K BE 22. 34 7 JE T4 SR IR SR 5
ChnSentiCorp ( https://github. com/SophonPlus/Chi-
neseNlpCorpus ) J& 1 i PEIREE 4 , — 384520 1E T8 A1
ST 2 AN TEA ] 7 765 S AR, Jorh IE PP AR
5322 % SURIT A 2 443 2%, B BER K E 128,52
TR TR

3.2 HEmAE

ELAR B A 38 3 AL HE LU L P ER

1) BUAE AR TE Ve D R 2 4 LR dE A
FYTE T S (o an ., T e W R AR A
GE) VEBRZ R A AR B AT R R R AT LA K
ERARN G —.

2) e i SRR Bl AR R AT iR T AR
JRCFR AR ) 5, XoF BT Y VR G 114 b SC TR A 4 A
jieba ( https :// github. com/fxsjy/jieba ) 4318 T. 2. 17
e ya] A 6 F B A5 FH 3R] 6 S I 2R T Tk KA
.

3.3 XWSHIRE

BARSEORE IR 3 Fw.

®3 KESHIKE
Table 3  Model parameter setting

HSHA R ZHUH
PENTYN S VES 128
batch_size 8
B 5e-5
dropout 0.5
HRE I A 12
B 1 KN 15,6,71
B 1 B4 128
BEWE 2 KN 3x3
B 2 B/ A 128
BiLSTM [t 19 25/ 300
iz 2 1o 45 AR B IR 3
3.4 FMNIERR

ARIC 51 500 R KRS 86 % ( Precision, P) | #E B %
(Accuracy ,A) A& F1ABARE 9 AN 45 b FH LAY A
P RBCR A TR

REBA R4 A2 AR T A 50 O 149 B AR AS v, 93
N TE AR AAEAS I o 19 e 81, 32 38 T 56 TR AR A i
RORFHE FLH B AR
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P= P . (20)
TP+FP

TR P RS TR P00 1 A A AR5 R AR S O L
B, AR

TP+TN
= — (21)
TP+TN+FP+FN

1713 (Recall , R) $5 75 T A EL 52 0 1E 6 A AE A
Fh N B AR AS BT o Y L R A R
TP
“TP+FN’

F1 T4 AR50 2R IR XA 78 25 L
TTEA TN R A
F1 :ZxM.

P+R
Horpr . TP R H IR, 227 52 B Sk 1F 451 HL 15000 A 1E 41 5
FP A E ], 2R 52 B A 4 F50 4 1E 461 TN Ry
B, 327 SEBR A G EL T R £ 461 FN 387 i
B, FoR SEBR Ry 1R T S 171 451

3.5 ZWERSH
3.5.1 AR A B

T SR AR R AL T A0 B e AR T
(A RO, AR SOR AR 5 TextCNN''' DPCNN™ |
BiL.STM ' .Capsule Network - 2! PU/SFELR AL ) K =
N2 B BB AT T SR XS L, SIS Rk 4
Ji7R.

(22)

(23)

R4 UITHIARLIEE RIS

Table 4 Comparison of text classification results for

chemical field %
T ] fE AR Y Sy HERIZR F1-Score
TextCNN 68.43  67.46
DPCNN 68.64  68.19
Word2Vec?) BiLSTM 69.61  69.13
Capsule 68.24  67.90
Ours 75.06  74.71
TextCNN 69.53  68.65
DPCNN 69.01  68.50
GloVe!?! BiLSTM 70.85  70.47
Capsule 67.57  67.09
Ours 74.27  74.20
MacBERT 84.24  84.24
MacBERT+BIiLSTM+ Attention 82.62 82.41
MacBERT MacBERT+Capsule+BiLSTM+Attention 83.44  83.36
MacBERT+DPCNN+BiLSTM+Attention 83.85  83.73
Ours 84.79 84.62
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M 4 FTLUF XAk T4k 28 SeA Bl , 1
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AP R AR SO AE A FH 2 285 30] ) £ A5 000 B A LE
FAUE FER AR A 12, F1-Score {H7) ETFT 9.91 #1
10. 42 N E 435 FUAE ] MacBERT W SCHUIZR1E =
FRAVAH E F1-Score ETFT 0. 38 /NE 20 S TE L B Bk
RIS E 0 45 7] LA — 5 R JE S TR AL PERE , ]
SR R T2 SCA R M4 55 HLAE Ao A, S48
BiLSTM £ 4 Jmy i AF 2., Jo ik e ot 21 = e 4k
SCAS B TE 5 B A B 38 I 26 0] LA B5C0R A X
— 15 T B A MacBERT B | = b 22 (i BEBL LR A5
TP RIS BRAS R R BT B, O LT 4 T 46 b .
FERIMERE T PR 3 T BB R PR BN i 5 A 5
Bl 2 i F N TS E0R RN HAUUZ
AT LA BRI PR T AR BN T A AR £ 1
T SREIPEBILA , DA ST R 1 S A 78 1 B
A B REIE | RON % S AR ME 8 4 2 HE T A A S
fig, H B2 AT, S EHAIMRE TR,

[, A 4 5080 T 60 AR T LA SL R A
AR SR BT AE AN H A b 343K B SR AL, ZE4f
F AT [ ] AR SRR 7R 58 B o B L AR ABE AR e i £
R F1-Score 3 HIFETH T 5. 58 AN EH 40 45 M1 3. 73 4~
53 e AR S A ] ] R AR SO RS 22 i B
LRAF TR B AR T T 0. 89 AN 43 AL AT LLE HH
AR SR S P A TR T LR 4 i 5 0 Ak T4 SO AR 432
1255 JF R AT A .

R T AT R M A AR R A A VR AT T
FETR Y @l SE 0 | SEIR 25 RN R 5 FrR. 2 o fR KA
THAT BRI, B AT Al 2 3k E 1L, v
fRERTH Al MSRS-DPCNN #5818 X4 fl HAC-BIL-
STM 7Y 6" (X R AETH Ml HAC-BIiLSTM 4% AU 3L Al -
YRSz XF PRI e RSBU-CW 47T Fil A 18

x5 HMIEWER

Table 5 Results of ablation experiments %
20531 a B y 8/6" F1-Score
X I v v v v 84.62
1 v v v 83.98
2 v v 84.17
3 v v 83.94
4 v 83.61/83.32

Wk 5 I B T A 1 AW Rl XTI B
HLHE SRR F1-Score FF& 0. 64 4~ 43 5, AR P
A B R B TR R, 35 B D DR ] RE S i LR T A

P AR A e | BRI HOL A RS, , T AR SCA A 1 b
TR SCA S AR BRI 2 SRR K, T
Fil T AT AR TR TR s g P ShAIL ) £ AR
PERE T BRAK. 57 2 413 il 22 3k 7 2 ) WL (4545
A F1-Score % 0. 45 ANH 43045, 23k 3 2 S HLH ]
PASE— 2 Ak b — )2 A 1 B ] ] g X A T 45088 S A
P TE SCRAERE J7 , DA I3 Fl 12308 73 TR AR 2 e A A 2
REF=AE R0 2 3 413 Al T MSRS-DPCNN A5 7 fifi 15

XA TR SCA AT VR B A B B, J& T 5 B2 1 R AIE
PRIV | DRI T il 32 308 43 [ A o) 5% T8 o A 1 e 7
RS R 2R 4 41 S X HAC-BILSTM A5 5 k47
THALSZEG B F1-Score FFE 1.01 4N 40 05, 7E I
FERl 4k 2 X7 MSRS-DPCNN A5 75U v iy [ I A e 3
i fl AR F1-Score 4KEE R [ 0.29 A~ H 43 45, 155
UKL PR MERE IR T [ | 3 3R7R 1% 43 155 U 42 L
1T SCEE SR B DL SO ) 25 (8] 7 S5 25 A0 A5
BT A T SRR TS R AR S KA
2 OCHE LR R s A R S A — R
BT 0 SCA RS TR RE

25 LR AR SO I Rl A 2R Bl AR TR R
AR SCAR 43 FERE RIS T4k T A0 SCAR 43 24T 55 A3 3
TR RE BN, 8 OGRS UAE B 2R SUE
B DL Ko 2 [B) 2R Gk BEA [l by BE 3 SCRAE W] LUA AL
T IAT SRS B
3.5.2 RERZACHIRAE

R T SRR h SCSCAR S AT 55 Bz Ak
fi£, AN 3CFE THUCNews Al ChnSentiCorp B4 H SC2A I
B I TS, SR A ARl Nk 6 32 7 R

& 6 THUCNews HiEEHER
Table 6 Model experimental results on THUCNews dataset

%

VeI S R eI F1-Score
TextCNN 90. 56 90. 56
DPCNN 91. 15 91.12
BiLSTM 90. 26 90. 31
Capsule 90. 64 90. 64
THUCNews Ours-Word2Vec 91.47 91. 46
MacBERT+BiLSTM +Attention 92.92 92.92
MacBERT+Capsule+BiLSTM+Attention 93. 05 93.03
MacBERT+DPCNN+BiLSTM+Attention 93. 88 93. 88
MacBERT 94.57  94.56
Ours 94.21 94.20
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M 6 HEHE AT N, A SCHE S AR B #E THUC-
News Fdi4E b4 e % It T° MacBERT #8274 | 3= % i
PR A SO R A of A T 451 SRS R AT T A g e i
TF. THUCNews %085 42 55 1k T 40 38k SC A 45 1 AH 22 5
KB FHRSOR, & AR AR I B SOy
Y MacBERT BN B850 0 52 2% , W80 1) 3C
ARGy A SOk JE A 52 ] s HG v ) A ML A R 2%
Xof S SCAS HVRRAIE A B BBOCA — 2 S, R s A S
REHUAH L1 PR ali i I 2508 S AR MR —
T BT A T I R R R AN A P e A 0] 1)
B, AR SCHE H R 3R 28540 T DUAT R THE R M 1 A
o F B SRR T T 0. 34 AN 40 45, 3 4 A A
TR A P 285 i 1) ks 0 2 45 4 A S SR B A 4R
ERTUHA I R ATz (e,

M ChnSentiCorp £#E4E , WK 7 AT LIE 1,
AR SR A P AR TR Dol 2 o T FH 9 A ] ) A 1 T
T HERR R F1-Score 43 I $2 ¢ 1.35 1 1.31 A~
gy a5 Hofh = A 2 B Be A AL e, HE RN FL-
Score AR TF 0. 45 F1 0. 60 A1 43 w5, B M fE 2
T ., E 2 H T ChnSentiCorp £ ¥ £E 54k T
U AR AR T SCAREIE B | 7 AR SCH 1 )
25 T LAAR G b B A SCAS e A AR AE 81 T A 78 4 g
LS

%7 ChnSentiCorp #iEELHER
Table 7 Model experimental results on ChnSentiCorp dataset

%
g4 TR HEFIEE F1-Score
TextCNN 84.74 84.57
DPCNN 84.93 84.83
BiLSTM 84.22 84.02
Capsule 85.00 84.75
ChnSentiCorp Ours-Word2Vec 86.35 86.06
MacBERT+BiLSTM +Attention 89.89 89.94
MacBERT+Capsule+BiLSTM+Attention 90.21  90. 24
MacBERT+DPCNN+BiLSTM +Attention 90.41  90. 26
MacBERT 90.60 90. 60
Ours 90.86 90. 86

A 22 B B R AN A R R S SR
GERTTLIE W I3 0 2 FE K SO B 4 T DL &R
PR 0 R A A X 4 1) 22 I B A Y A
ChnSentiCorp % #i& £ I B F1-Score #5 Fr Lt
THUCNews $CE4ES2TF 0. 19 AN E 205, Al e 2
KA R A 25 [ 4548 (B 7 ) 5 B 6, i
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Fig. 6 Impact of text length on model performance
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Text classification model incorporating multi-granularity
dynamic semantic representation

ZHANG Jungiang' GAO Shangbing' SU Rui' LI Wenting'
1 School of Computer and Software Engineering/Jiangsu Internet of Things Mobile Interconnection

Technology Engineering Laboratory , Huaiyin Institute of Technology, Huaian 223003

Abstract The widely used word vector representation is incapable of fully representing the specialized texts and
phrases in sphere of highly specialized chemical industry, which were quite professional and complex, resulting in
the low accuracy of classification. Here, we propose a text classification model incorporating multi-granularity
dynamic semantic representation.First,the adversarial perturbation was introduced into the word embedding layer of
the model to enhance the ability of dynamic word vectors to represent the semantics.Then the word vector weights
were redistributed by a multi-headed attention mechanism to obtain a better textual representation of key semantic
information.Finally ,text representations of different granularities were extracted through the proposed multi-scale re-
sidual shrinkage deep pyramidal convolutional neural network ( MSRS-DPCNN) and hybrid attention capsule bidi-
rectional LSTM ( HAC-BiLSTM) network model, which were then fused for classification.The experimental results
showed that the proposed model achieved an F1-score up to 84.62% on the chemical domain text dataset when
using different word vector representations, an improvement of 0. 38—5. 58 percentage points compared with existing
models.The model also had pretty good generalization performance on the publicly available Chinese dataset THUC-
News and the Tan Songbo hotel review dataset ChnSentiCorp.

Key words

text classification ; adversarial perturbation ; multi-granularity ; multi-head attention mechanism ; deep

residual shrinkage ; pre-trained language models



