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Label-Guided Dual-Attention Deep Neural Network Model
PENG Zhanwang' , ZHU Xiaofei', GUO Jiafeng’

ABSTRACT Since the text information of labels is not included in some datasets, the semantic
relationship between text words and labels cannot be explicitly calculated in the existing explicit
interactive classification models. To solve this problem, a label-guided dual-attention deep neural network
model is proposed in this paper. Firstly, an automatic category label description generation method based
on inverse label frequency is proposed. According to the label description generation method, a specific
label description for each label is generated. The generated specific label description is applied to
explicitly calculate the semantic relationship between text words and labels. On the basis of the above,
review text representation with contextual information is learned by a text encoder. A label-guided dual-
attention network is proposed to learn the text representation based on self-attention and the text
representation based on label attention, respectively. Then, an adaptive gating mechanism is employed to
fuse two mentioned text representations and the final text representation is thus obtained. Finally, a two-
layer feedforward neural network is utilized as a classifier for sentiment classification. Experiments on
three publicly available real-world datasets show that the proposed model produces better classification

performance.
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network model
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Table 2 Result comparison of sentiment classification of different models on 3 datasets
%

pom Sports Toys Home
M. F1 B. Acc M. F1 B. Acc M. F1 B. Acc
DARLM 49.60 47.95 50.58 48.67 54.49 53.43
Transformer + Attention 45.67 43.41 47.28 47.08 48.10 47.67
BiLSTM + Attention 55.37 52.93 54.80 53.81 59.65 59.10
BiGRU +Attention 54.21 53.03 53.54 52.82 59.32 58.03
HSSC 53.49 51.99 54.24 53.66 58.51 57.42
Max 53.27 52.64 55.02 53.64 58.31 57.36
HSSC +copy 53.14 52.63 54.38 53.32 58.78 58.02
Max +copy 53.95 52.53 53.52 52.01 58.85 58.05
Dual-view 56.31 54.28 55.70 54.06 60.73 59.63
LGDA 56.89 55.70 57.55 57.59 60.95 59.81
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A aS 50 44 Bdi F BiLSTM Hil Transformer 25
f BiGRU.

2% %3 BiGCN(Bi-level Interactive Graph Con-
volution Network) T T A 4 IR
S Hogr e 5 BiLSTM A1 Transformer BYXT H. 36
LS EE NG YRR

£3 BEBAEINIHFEELHEMRIBER

Table 3  Result comparison of ablation experiment of different models on 3 datasets

%
o Sports Toys Home
M. F1 B. Acc M. F1 B. Acc M. F1 B. Acc
-L 55.65 53.22 56.34 55.71 59.39 58.19
-S 53.49 53.04 56.40 55.16 59.22 58.65
-G 55.89 54.34 55.88 55.12 60.11 59.25
- ILF 56.40 55.36 57.42 57.15 60. 81 59.75
— BiGRU( + Transformer) 46.38 45.07 50.49 50.18 48.71 48.01
- BiGRU( + BiLSTM) 55.54 53.76 55.53 54.35 60. 04 58.88
LGDA 56.89 55.70 57.55 57.59 60.95 59.81

3 AR, R BRI R AR
T3 GIRRER AT T B A A 3 0 T TR AL 2
J5 .2 N ERERA SRR T [, R 4 5B
O3 ERA FRRAE . S5 A0 AR AT BE 5 bR 2R as
BN, {fi A BiLSTM H1 Transformer 8% BiGRU 2
J&, or RV RE Y A O [l B EE Y R R, PR O fE
BiGRU Ltf#i ] BiLSTM Fl Transformer & & LGDA.
2.5 SHERHE

N T RGBSR KBRS0, 18 3 4
AR LT S AU SE 5. 43I K = 10 .30,

50.70 .90, 45 R a0k 4 .

®4 K AREXHERERNRM

Table 4  Influence of different K values on index values
K Sports/ % Toys/ % Home/ %
M.F1 B.Ace M.F1 B.Ace M.Fl1 B.Acc
10  55.62 54.24 56.80 56.33 59.79 58.64
30 56.07 54.54 57.20 57.22 59.98 58.82
50 56.89 55.70 57.35 57.59 60.14 58.94
70 55.94 53.95 57.04 56.60 60.95 59.81
90 55.31 53.71 56.99 55.73 59.37 58.43
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H %% 4 n[E 3. 78 Sports  Toys FHi4E I ,K = 50
I, 2R 28R R AN 7E Home BUd4E F K = 70 IF, 43
KRR EAR.

b bE K HYG K, i A febr 2 TS
K. R R R 2 K AR /NG SR B A R b 15
BTG, TR A iR AR 4, o VR 2. Bl
& KAERHE I, s IO e, {5 B EE,
AT A A AR 2 PR T AR, Y K BAHEAME
B, R Bl 5 K AHAREREE K, 7 U T iR
TR, SRR B G R 22, 5 AR FEAIR
ITRFOR.

2.6 TERHMTLE

LGDA 5 Dual-view B3R X ELan 3% 4 fir
. 2t GPU WAER R IR RIET , GPU N AEE
T UK Fe s BRI 25 B s . e DI 25 72
2 AN L RS KON R 32, R AR R )
LSS, F 20T L, LGDA 7€ GPU PNAE I #E S I 24
A AR KT Dual-view. X 2& KN LGDA #H
WA A AT I 2, i BB {28 WM #E GPU N
FEH /N UNGRAH B (H U LODA 3 ad A iihn 2 H
R PR 28, TE R AL A | BRAG AR AN 1Y )
B, TR i 3 2SR

%5 LGDA # Dual-view it &M 33 LE

Table 5 Calculation cost comparison of LGDA and Dual-view

fom Sports Toys Home
- GPU NAF /MB YIIZRAHE /min - GPU NAF /MB JIZkEFK /min - GPU WAE /MB  JIIZRAHS /min
Dual-view 7654 75 8134 60 7954 160
LGDA 1789 35 1856 30 1824 120

2.7 EBISH

AT HEEHWHL X LGDA 5 Dual-view 2Z [H] 4
PAF IR A RE JT , A SCH 2 AMBERLX T[] — 4
PR SCA BRLIR] ()7 B2 AL AT A, Bk Nk 6 B
71N, U TR R 7R A A T R R R s A
/N 3 5 WA R, Dual-view BRI love .good 45

FR Py 17 23] (ELE 43 BC AR R 50N TR] 0T 51
JETCK B R buy product F5 43 Ft # K AU AL E. 1
LGDA X1 J8& ] love .good favors .well 43 Fic 4 K
YA , % 5 1 BTC O i 3a), 43 FCAR /D WA . il
PL,LGDA IE#f T % AR 4, T Dual-view F £
R, X R LCDA HA B4 A4l S BARRAIE 19 BE

%5 LGDA 7l Dual-view B9 = W E AL XTLE

Table 5 Visualization comparison of attention weights of LGDA and Dual-view

it PHESCA

BMbRE  HhRAE

kids love these as party favors, and fit well into a pinata , it was what we expected

Dual-view for the

they won't go far. would again.

, Just remember the plastic piece is a weight that goes on the nose of 4 5
the plane and it will fly really 'good. remind your friends, kids to do this otherwise

kids [[6¥8 these as party favors, and fit well into a pinata, it was what we

LGDA the nose of the plane and it will fly really

expected for the product, just remember the plastic piece is a weight that goes on 5 5
. remind your friends, kids to do
this otherwise they won't go far. would buy again.

3 %5 W OIn

AR SCHR PR 8 5 A OO B TR o 22 P 2 A
FI(LGDA). 55, 2 3 T bR BBk i) [ 328 51
PREETIR R BT 12, N Bn 26 A U S AR 2540
&, T SO ] S AR A5 Z R SOCR.
TERCHER | AT SOA 25 5 45 o 1 A R g 1R
SCER IR AR S B RUE R R4S, 735177 ]
T H R B SOR SRR FE T AR T B RSO

SR SRR W EE BT TR LR A WA SO
R BRI B TR T 2 0
Yot h A A TR AN, 42 3 AN TP R ELI R
HEAE T OS2I 20T LODA 4MJSU e, Wb
TR YIRS . Ao e 2% 1 e U 2
D7 HEEG Ah K .

& £ X M
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