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Cross-domain sentiment classification method of convolution-bi-directional
long short-term memory based on attention mechanism

GONG Qin ", LEI Man, WANG Jichao, W-ANG Baoqun
( School of Communication and Information Engineering, Chongqing University of Posts andTelecommunicaiions, Chongging 400065, China)

Abstract: Concemning the problems that the text represenfatiow features in the existing cross-domain sentiment
classification method ignore the sentiment information of importntawords and there is negative transfer during transfer process,
a Convolution-Bi-directional Long Short-Term Memory hased oh cAttention mechanism ( AC-BiLSTM) model was proposed to
realize knowledge transfer. Firstly, the vector repzesentation of text was obtained by low-dimensional dense word vectors.
Secondly, after local context features being obtaihed by convolution operation, the long dependence relationship between the
features was fully considered by Bi-directional Long Short-Term Memory ( BILSTM) network. Then, the contribution degrees of
different words to the text were considered by introducing attention mechanism, and a regular term constraint was introduced
into the objective function in order to avoid the negative transfer phenomenon in transfer process. Finally, the model
parameters trained on source domain product reviews were transferred to target domain product reviews, and the labeled data in
a small number of target domains were fine-tuned. Experimental results show that compared with AE-SCL-SR ( AutoEncoder
Structural Correspondence Learning with Similarity Regularization) method and Adversarial Memory Network ( AMN) method,
AC-BILSTM method has average accuracy increased by 6.5% and 2.2% respectively, which demonstrates that AC-BiLSTM
method can effectively improve cross-domain sentiment classification performance.
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Tab. 1 Reviews of books and kitchen domains
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deep leaming methods. better bargain.
The story is interesting and The excellent quality of
+ thl‘il]ing. Could not put the these sharp knives are well

book down.
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after normal usage for two
weeks.
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This book is very worth seeing.

E1 AC-BILSTM f&
Fig. 1 AC-BiLSTM model
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Fig. 2 Architecture of cross-domain sentiment classification
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3.1 HEERSHIRE

BXHGHEEZRTRAMBRELE S KT R¥
Blitzer 25 i 2 ) £ 0815 AR E 55 , LK 6945 : Books (B) .
DVD(D) .Electronics ( E) F Kitchen( K)4 4~47i%, H,HA
GUBRALE TE AR 1000 5%, 55 S0 45 8 KB R R A5 1%
o A3 BIREA U IE S TR A AT 38 IR 43 A R4
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R2 ZHIEBHESESITER

Tab. 2 Statistics of multi-domain sentiment datasets

Eitd Yk WAL FEfdRgE HT L/ %

Books 1600 400 6000 50
DVD 1600 400 34741 50
Electronics 1600 400 13153 50
Kitchen 1600 400 16785 50

T INGF—NBIFRRE SR B E o E R, R
3 BAXTTHENS I E,
®3 XRSBILE

Tab. 3 Experiment parameters setting

28 1=} 28 &
k¢33 128 LSTM BT RASLEE 128
W RYIZEE  Skip-Gram || LSTM BURCRAZEE 128
1N/ 10 HREINELE 128
Batch Size 64 Dropout 0.5
B R 100 Ak % Adam
BB 3 ek 0.001

3.2 {EMIERR
A SCE LB o HE B 6 (Accuracy ) SR PEAl 1B R4 28 10 1
k. IWEARWT Fin:

N
Accuracy = IWZ |y,- = }7,| (18)
=

Horpry, 08 x, BUIUAREE v, WIFRIR », LB 2 , N R
BEHKD,
3.3 4R

AR HI ) AC-BILSTM 5 5 1Y 5 651 48l 1% 8% 3 28 0 1
HUT 8 R EdiAT WEOR B UE BT 07 B A AU

1) NoTransf( No Transfer) : 4SRN RmEBERH T
H R

2) SCL-MI ( Structural Correspondence Learning Mutual
Information ) ! . ¥ 45 3% i .45 B, ( Mutual Information, MI) 4
& R AL , B 5 43 TS IR U B AR UK A AR 5 I
XA R 22 8] (9 AH et o

3)SFA( Spectral Feature Alignment ) 0], o s 3 AL FY 2
FA R U B R AR 4 SRR TE A |
BEATIE IR AR BUB AR IE R R, B R TE R W AL B 43
%ivo

4) SS-FE ( Feature Ensemble Sample Selection) U fgi &
B AT TR B 45 , 28 J5 FUAN 3R DU S B s A 1 R
3k,

5) DANN( Domain Adversarial Neural Network ) 7 . 71 Fj 12}
X P 22 ) 28 R SE U S UL IR 2K

6 ) DAMSBA ( Domain Adversarial Stacked Denoising
Autoencoders) ! . 2 & DANN f)—Rbik s 5, NS
MR A P IR IER 5

7 ) AE-SCL-SR ( AutoEncoder SCL with Similarity
Regularization) "' : 556 [ 4 45 X 187 22 ST ) AR Bk 32 785
U I R SR PR

8) AMN ( Adversarial Memory Network ) 21 W X Piniz
P % ST U R 2

4R EREF T B0 KRR RX SR, TLUE
AR Y B9 AC-BILSTM #EEV 7 &-AMF AT 45 v 1
R R R R Y, FUERf 353 T 83.3% . 5 NoTransf J5
B b, AC-BILSTM A5 84 i) P 43 R MERI R A T 13. 6% ,
JRHAETF NoTransf Fih% 5 52 BN XA R B &2, B DL
53 A HERA FAHXI AR ; 5 SCL-MI,SFA il SS-FE Jr ik L,
AC-BiLSTM A1 iy -3 73 28 e R o3 4R T 12. 1% 6%
A7.3% ,[H %y SCL-MI.SFA 1 SS-FE (11 f HR g TR 41 11
TEREFE 3, BOK A BEMER S AR AL ARALE , R B AT P2
SrSEMER R M XTIRAL; 5 DANN . DAmSDA £ AE-SCL-SR ¥
AHH, AC-BILSTM #5 % i) 3 ¥ M 7 F 43 H 42 0/ T 11. 4% |
9.3%F 6. 5% ; 543 AR B AER AMN 534 Ik, AC-
BiLSTM [ -3 0 MR RR T T 2.2% o

MR 4 BT LB R T LUR I, 72 55 ST By 2K,
Kitchen 71 Electronics 453 = 18] % Y ff 2 H Rof I At 4T 805 136
B8, 3 ULH Kitchen I Electronics ##iE 437 Fe A, Gk B
ENBORRAE, R, A& ATk P 350 R R AT LUE
NIER 2 S BRI TRE ST TR E R, X BT
2 ] BRSO IR = MR R

hFE 4 80 IFEY, 5 NoTransf 548 H., AC-BIiLSTM #&
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ASCHER T A o R E T N AgRE 5
Bh A BB R BT S MHIE R R, 3F LIRSS A B A5
SURIT AILZAZAHE 1 Ny Tk S HE 8 B
BAEE BT RE IR AL Ny A K2 3 X B AR a2
R4 AR BIRRAE , DT 62 = T000AS B s B PR TR ARG A0

RJHTR_E T SCRAIE , BILSTM BE65 75 S8R 22 18] (593 SR
HRRZR s B B ATERIIHLE , 78008 IR A R RTER 304
B STRREEBE , Kt — PR R R

Bl 3 s M R AN U 5 (R R 2 AR B T 22
TERIHHER o AT LA H, 28 SCHR Y i A 2 ELA X U, A o B )
FEIME , TR b B SIS 51 25 (1 2 2K i 5% =22 i A A 5 Y
RN, BEE BB 0, M R IR 2 3 B TS, T
U KRB AR R T BB

x4 TRAENSLEEBEINLER %
Tab. 4 Classification accuracy comparison results of different methods %
4R, NoTransf SCL-MI SFA SS-FE DANN DAmSDA  AE-SCL-SR AMN AC-BiLSTM
D—-B 72.4 73.2 77.0 80.4 75.0 76.1 77.3 82.8 83.4
E—-B 67.4 68.5 75.5 72.9 70.0 71.9 71.2 77.5 78.2
K—B 68.8 69.3 74.0 72.9 71.2 70.0 73.0 78.9 79.5
B—D 76.8 78.8 82.6 79.1 73.7 79.7 81.1 81.3 84.7
E—D 70.3 70.4 77.0 74.6 71.0 73.1 74.5 76.7 79.1
K—D 72.1 72.2 77.0 75.7 71.4 73.8 76.3 80.1 81.3
B—E 71.3 71.9 72.0 74.2 68.0 74.9 71.9 81.2 83.4
D—-E 70.7 71.5 77.0 77.1 74.5 75.0 78.1 80.5 82.8
K—>E 81.3 82.2 84.6 82.9 82.1 82.4 84.0 82.5 86.5
B—K 74.5 77.2 78.0 78.1 78.8 75.4 80.1 82.5 84.7
D—K 73.2 74.0 81.0 77.8 77.6 7.4 80.3 83.6 85.4
E—-K 81.0 82.9 87.1 84.9 84.5 8570 84.6 90.0 90.5
-y 73.3 74.3 78.6 77.6 74.8 76.2 78.2 81.5 83.3
90 R Log OIEMIRZA S, 28 TF B B = P Bdi g b iy sK i 4%
-0 - 22 .
85 [\ | -o— A o o SRR, BT ) AC-BILSTM A HY AT LA R0 5 v B8 195
\ 0 L0 . - N .
801\ e RGP RAERE . IR EORA , & SO R4 T 1Y o
\ - 1404, N 3
Sup AT KR, BRI Lo
N | \ i ~ > Al “, A
£l K |10 % A P B 1 T P 0 1 4 1 PR T3
Tl \‘“\\n 1100 ® TESESERTFE b B A vh ST R R R IR R R, FR7E SRS
: N o /oos TR BB T 7 A R et
60k / o N B . X N
N 096 RO TR, F — 2T B DR T B SR LR,
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