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Short Text Classification Method Based on Label Awareness Attention

LI Dashuai, YE Chengyin
(School of Information and Control Engineering , Liaoning Petrochemical University , Fushun 113001, China)

Abstract: Aiming at the problem that current short text classification only uses classification labels as the basis for judging classification re-
sults, and ignores the semantic information contained in the classified label text, a short text classification method based on label aware atten-
tion is proposed, which is based on a large—scale pre trained language model. This method represents text data in distributed vector form
through large—scale pre trained language models to obtain richer semantic information; At the same time, incorporating classification label in-
formation into the text data training process, using attention mechanisms to make the text data perceive and classify the most relevant informa-
tion; Using CNN networks and max pooling layers to extract local word level vector features, in order to better address semantic issues such as
double negation and comparative negation in English texts; Using residual connections to fuse sentence level vectors with word level vectors ef-
fectively alleviates the problem of text information decay. Tests were conducted on three common English datasets, R8, R52, and MR, and
the experimental results showed that the proposed method achieved accuracies of 98.51% and 97.10% on the R8 and R52 datasets, respective-
ly, which are better than DeBERTa and BertGCN.
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J SO B FLAG g M e AR e R S M R SC
PEAERE R o BN DA b [P, WA 250 B fif R SCAR BN 1)
FEM) S R 22 5% R A5 (Bag of Word, BoW ) Xt
SCRBHE AT RAE , SR T2 AR LG B A~ BR) 0 A5 J ~7 Y
AR, W T SCAR Z [ 9 I i) 1 =2 ] i SR B OE R
Word2Vec BEA RERAE SCA MY FF 3G O & SR 2
P AT o), RS A AT M — B — 3] ) i X
oAb PR — ) Z2 SCIn] , H Jovk ab B SCAS vh A 35 PF S 4
TR M RCE 0. BERT 45 WO 253 75 4 8 v 3 2501
TR SCHE SO A AR ) A RO TR T — 1R 22 SO S [
R AR SO SE T BERT I RoBER Ta 9 7911 25451 70
HEAT S SCAR B 1 1) AR
12 ETFHEMEHNIERSE

G P4 #1285 Y 2% (Recurrent Neural Network , RNN) i1 T
7 PR A B S IR OC AR )2 B T SR
K5, K IC 12 M 4% (Long Short—term Memory,
LSTM )it iz 382651 SR ) AN Hh 1T 228 RNIN A I B B4R
B TFD R LSTM HT RLAR g A1) P IR 3 5 S 00 SCAR BE AT 20
2B RS E A RE AR R BB 4 4% (Con-
volutional Neural Network , CNN ) £ F T & Ab #I4T- 55, {H
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Fig. 1 Overall architecture of the model
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3.1 KWIFE
B VFIA 5T : GPU 4 Tesla P40, W47 4 24 GB, A7 60
GB, CPU 2y 12 #% Intel (R) Xeon (R) CPU E5-2650 v4 @
2.20GHz, HMIAES : &5 M Python (3.8 It A ) , TR L 2%
SIHEZE N Pytorch (1.10 JAS) , IF & T Hfd il PyCharm 1 X
RRAEAT RIS RS o B SRS 3R 1R .
Table 1 Model super parameter setting

®1 BERBSHIRE

Parameter Value
ERk 2e-5
LRV O NAN 16
Dropout 0.1
fifbas AdamW
P S le-2
BB DY 10
3.2 HiE&E

PEFE R8 \R52 MR 3130 A S B AR b A7 92 0 .
RS e — L 8 F a2 iy U A L RS2 2 — L
52 TR 4y BB, —E 0 Reuters BUHE 1Y 1
B - K BEARE , I 2R 4R A i 4R Le 451 o R B ] L (5
R52 B9 R ARG 240, 7 B MEE R B R . MR 2 —> 7y
KR IR B BB 4R 3 50E R — A1,
YRGS . A B ST B 2 s .
AP LA, MR B 82 o P 2 4 2 A 1 9 AR A B RS A
RS2 B H, B3 A RO A5 B

Table 2 Basic information of data set

R2 HREEEXER

Hete PR R 5] Ty
R8 5485 2189 8 102.37
R52 6532 2568 52 109.56
MR 7108 3554 2 20.39
3.3 HiEAbE

AT BERT RN R AT SCARAE ,
K B0 A B R i AR R AT L A7 B B AR S AR SO
Bl TE L WS I [ CLS AR LA R A F I 2505 B L 78
AFERIINSEP IR R E R o BRI SR
B 2RISR RN R R B 3B FE [ PAD 453k, H 2
G — B RE o K T NS AT PR PR
[SEP#rak o 4328t 2 T Wi B & 8, W
WA BRI L FSE R U M CLS ] M [SEP]. BERT
RoBERTa 1 F (1943 #1245 A [ , RoBERTa 1 F </s> 1 43 %
. AL BERT i & RoBERTa, #23 %F B i 17 2%
STFAE o Rl L s 1 X 235 SR B ), 4 S AT

SN SR DEAT EFLDRE , LA v IR AR TR C 3 T2 i 12 o,
F14) T i 2
34 ILREE

K LA A5 B 5 AR SRR R R AT L3 - DBi-LSTM .
— L[] 9 LSTM, 2 25 i 1] A ] A 7 [ B4 SCAR TR &
FEAE ; @BERT 'Y, T Transformer F1 Encoder Y K A i
YIZkiE SR QRoBERTa "> . BERT ALY AR 1A, S
TR AT N L, 235 BERT K5 1) 4] 7 ML S DT I
@LSTM™ . —A~ RNN FY A8 & | B T Ab B ] 9 910, 2% fit
RNN 38 5 ) {35 ©CNNU S i 224 46 U A0 4 28 0 4%
AT SCAR 328, 25 T N=Gram 15 5, WBUR 3 F T 0E
B OLEAM!" . BER — A3 T AR I SR 850k,
i B SRR TAR A RN |l i R AL E AT S
A 432 ; DLguidedLearn' ") o 3 T 9 1| 25 A5 8 k471 %%
i FH Bi-LSTM #E 47 FRAF $2 B, S8 J5 11 545 25 A0 AL 245
SCARGY S @SLDC 3 i ] oft 2 I 245 5 AR A )2 5 AR
ALY 2o B b, 78 T 2R AL T £ Bi-LSTM ™) 2% Il 2k
SCAS, IF RS AR 2 0 A LB HE AT SCAR 432 5 @ Bert-
GON'®' . BE4 T K MBI 2SS 5 5 ] o AL 45 f14) SCA
KA RoOBERTaGCN J&7E RoBERTa £ 7 R #E4 79I 25 ,
HAb 5 BertGCN M 7] ; AOBertGAT . 45 4 I 7 5 S ML
TR FIASE I SR A 70 S 0 X6 AN [) 408 S AUAEL G F 31, Ro-
BERTaGAT J& 7€ RoBERTa F #4711 45, Hifth 5 BertGAT
] ;@Fasttextmﬂo — AR SCA A TR ONT LA AT
SCARAYE AR N] LAY Zrin] [n] &, R 458 {8 5, HH Facebook
&t ; @@DeBERTa J& H U SR ) 1 [ SR 15 35 Ab BB, fifi
FHWI A £ R 2t T BERT Al RoBERTa #5548 | [ isf 34 5|
AR FARTHTIN SR 07 2k LA s A A 177 A R
3.5 ISR

el FHHERR RAE IR AR, 220 R

accuracy = — (8)

N

A K R FU A 6 AR AR AN B, N A AR AR S5
3.6 TWHR

K AAITE RS \R52 MR 33 SO 89 4 1 iy v ffy
REERANF 3 PR, Horp i A+ 1 SRR AR SC LB A5 A 4k
I, HARBUR YR A T SCHR ; IR S R 45 1. ]
VLA AR SCBE R A P B 2 A e 38 B R A 25 2, 76 MR
B R R4 R . 5 Fasttext . CNN FIl LSTM %5 7% i
2 ) BIRIAR L, A SCRC A HAJ ) BERT 5 RoBERTa #4171
PR 8 AR A5 T4 19 73 JE 1 FE 5 BertGON il BertGAT %5 5£ T
Pl A 2 I 2% 1) 3 S ABE R B AR R A P 4 sy B AR 8L L (EL%
T Jm G B PERE 1A 2, AR SCR TR FH SCAS bR
BT AR OGS B, 2 AR B 3 S LEAM . SLDC FI
Lguided-BERT 453 T-H5 % 1 7 52Kk T A 8 S s AR bR
oL, WA HIER PR 5 AR Zhad B2 rh | i A S
PR AR SCA 5505 — Bk, AR TE T 58 SeAR 026
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Table 3 Comparison of accuracy of various models on three datasets

#3 BHEIEINEEELNERELEE %

HF RS R52 MR
Fasttext 96.13 92.81 75.14
CNN 94.02 85.37 74.98
LSTM 93.68 85.54 75.06
Bi-LSTM 96.31 90.54 77.68
BERT 97.80 96.40 85.70
RoBERTa 97.80 96.20 89.40
BertGCN 98.10 96.60 86.00
RoBERTaGCN 98.20 96.10 89.70
BertGAT 97.80 96.50 86.50
RoBERTaGAT 98.00 96.10 89.20
SLDC 97.21 94.72 82.16
LEAM 93.31 91.84 76.95
Lguided-BERT-1 97.49 94.26 81.03
Lguided-BERT-3 98.28 94.32 81.06
DeBERTa 98.45 - 90.21
BERT-LAAM 98.25" 96.92 " 87.03 "
RoBERTa~LAAM 98.51° 97.10 " 89.31 "

AR SCABEARY G MR 008 B2 73 260G BE ) 32 T+ 38R A0 T oAt
PO 4, BRI AN LA R AT B 4 45 5 25 fE
I ELAE fR] AR 25 40 28 B IR 75 o A, AR SO 7
RoBERTa il Il Z5 A5 A~ R B 4, 2 /& i T RoBERTa
PIIEZ sl N 1 IR S G O 2 6 B
37 HEEIE

SRy B IR AR SCARE TR A R Y AT A 7E RS B 4R b i
FFIH Al S5, I e AU B £ BERT . 25N 4 fiom , &
RO SR 22158, T AR, 78 Ll BERT FlbR &%
B OLN B AER 2882 T+ T 0.37% 5 i A CNN 1% £%
JEHERT AR 98.17% | TH % 98.22% , T AB% 2 % 45 I U
R — 22T 0.03% ., SCIRAE TR, & EHT R
BRSO, Hoh AR 10 T i S TR o oy

Table 4 Ablation experiment result

R4 HREEWHER %
R MRTES
BERT 97.80
LAAM w/o (CNN + RC) 98.17
LAAM w/o RC 98.22
LAAM 98.25

3.8 HRFHNK

FE RS EHEAE b Xf 7 5 Bk A7 ml A4, DAE i EDUR
1) 77 R IR AR SO RS 73 s R 5 O S AR ) AN [R] . R
T 434 Bl HL 5 48 % A (T-Distribution Stochastic Neighbour
Embedding, T-SNE ) Jy 1 X = 4 Beu i )2 08 17 B 4 db 2, L)
A 4 EMGEAT JR R o & 3 R CNN Il 2k )5 i T
AR CE B OSID S a] W, , R 1R 5 & 4 42K ] RoBER-
Ta f58 1Y FL 5 HE 1T R AL A A5CR 5 (8 5 A SCHERLAE RoBERTa
FRIVIZRER . AT LLFE H, CNN Fil RoBERTa # 7Y [ 4 5
PR ESCE 43 25 P ASE A0 B, T AR SCABE TR 28 3ok o 248 I 1) ) 218 311 4
PR e’

® acquisition
crude

earn

grain
interest
money-fx
ship

trade

Fig.3 CNN adopting T-SNE to reduce dimensions
B3 CNNX M T-SNE [ 4

@ acquisition
crude
earn

® grain
interest ’
® money-fx
® ship
e trade

Fig. 4 RoBERTa adopting T-SNE to reduce dimensions
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Fig.5 RoBERTa-LAAM adopting T-SNE to reduce dimensions
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