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Fig. 1 TCCM model structure
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BT PR B IE TR LSTM 5 5 W] LSTM f i 4 31
BEIEA LR XE RN RIZFRR.LSTM fi5HA K
wmr.

d=0c(W,-[h_,v] +b,), (1)
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R B N2 3d BILSTM 4 65 )5 i B2 e, Ho
(H' - JH'™Y 7R {H, -+ H, ) ST 7 1 A
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Fig.2 Two graph convolution methods
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2.6 HEE
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PRI, 75 21 AR IR 4 2 g ME 3 38 3 91 2K pR 2
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A EL,Z RIS ERL, v R Sy SR T )
i AR
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3.1 RIIRER
ASCHY ST G 1R,

R1 IBFE

Table 1 Experimental platform
E34 Windows 10
CPU Intel(R) Core(TM) i7-9750H
R NVIDIA GeForce GTX 1660 Ti with Max—(Q Design
g 8.0 GB
BE Python 3. 8
B Pytorch 1. 6.0
TH Pycharm 2020
3.2 HE&K

AR T Laptop \Restaurant 5 Twitter P18 =
DA TFBIEESE  Laptop  Restaurant & H [ friE
MK 2> SemEval-2014 Task ( https : // aclanthology.org/
$14-2004/ ) HIAE 5 4. Twitter 1% [ ACL-2014 (https:;
// aclanthology. org/P14-2009/) . =¥ P54 b (0 &
TR | PP AR =P [R) 19 SR 1, BRI 7 A
RN 2 R,

T2 BEEBESHER

Table 2 Data distribution of three data sets

T Laptop Restaurant Twitter

TR 976 2 164 1561

RS i 455 637 3127
THK 851 807 1 560

TR 337 727 173

v S LR 167 196 346
THK 128 196 173

3.3 LESHSIEMIER
3.3.1 A#%ikE
ASCAF H 300 4 14 36) [m) & AT R0 A 4R

JZ BiLSTM , —J2 GCN, 7E Laptop 5 Restaurant £}
£ B Adam LAk &8 EATO0AL , 78 Twitter £k 4R
R Adamax (AL FEATARAL. A T B 1k 0 5 R
JHT dropout. BARZSH & 4k 3 Fw.

x3 SHIRE

Table 3  Parameter setting

E it ey fH

Embeding_dim 300

Batch size 32
Learning rate 0.01

Num_epoch 30

input_dropout 0.7

gen_dropout 0.7
gen_hidden_dim 200

mn_hidden 100

3.3.2 N IEAR

R SR FHHERA R ( Accuracy ,A) F1 MacroF1 {H 4
W RS , BAR AT .
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=, (27)
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1 n
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T
A=—, 32
m (32)
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FN FeR FAREATRI A 71, TN 7R R A 500 4 1F
MacroF1 ( f#K F1) &m0 F1 W FME, T 0
TEREARR, N g MRS
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St B 2544

5) ASGCN''®" . i FiI 141 45 FHL I 45 Ab BRAK A7 K 3R
IR R 1)) KA 285 R R fif DR R A A A )

6) Repwalk ') . 41 H — 7l B0 pf 28 R 455 fifi ] 2
AL AR AT RE LI AE SR .

7)CDT '™ 2 Hh 36 BUR BB 7R | 5500 g o 4 52
5 T A ) 55 U AR A AR 5 51 4 ARl iR A7 R AT
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ARSI BB X FUASL R AT DLy b A T ML
L ph 22 25 B35, Hod TAN  AOA (AEN-Glove £
FIF B 1 HLH 58 153 2 4E 55, R-GAT, ASGCN |
Repwalk ,CDT 44t FHARAAA AR HCE 247 BT R
PR 5E I3 AT 55, (H R ok S ASE A rh 4 75
— W IE. T A AR BA T T i .

3.5 XPLEKIEH M

R 4 AT, ol FH 4 2 7 WL e 42 ) 4% 1)
MAERA E A ROR  BARSC R &S AR S
XU 3 R £ () TCCM A% 70 5 S5 o 4 AR Eb T fofi i B
T AR TR XL T ) 2% 38 3 R AS ] 0 £ S AR i
T 2 e i R T3 SCARRAE sl 5 A4 R 19 o
T W E B T AT 55 AR THA 5 — o S B AH e
T R AR ff v AT DLREGE
TR I I 59 R i ) vk 5 A FE AR S B R
AR FEIET T P AR5 B B TCCM B 15 4% AT LLHL
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Table 4 Experimental results of different models %

. Laptop Restaurant Twitter
A F1 A F1 A F1

TAN 72.05 67.38 79.26 70.09 72.50  70.81
AOA 72.88 67.48 80.53 69.84 72.25  69.96
AEN-Glove 73.51 69.04 80.98 72.14 72.83 69. 81
R-GAT 73.55 69.32 79.55 70.00 71.65 69. 80
ASGCN 76.01 71.44 81.16 72.14 72.39  70.80
Repwalk 76.80 73.59 82.32 73.87 73.84 72.32
CDT 76.56 72.34 81.46 73.59 74.37  72.79
TCCM 77.65 73.81 82.64 74.92 75.87 73.49

3.6 RAEISGHXE
3.6.1 Rk A kT oy A A

T UL R AMKAE 2R R A R, AR SCHEESE T
WEDR ( Without Extended Dependency Representation )
R B AR A R OB R IR 7 = Hdle
B BT 7RIS SR AR AR 5 R, St
TRBE T ) S RGHEE A R M 2.

®S5 FREFERTFHAENE

Table 5 Validity of extended dependency representation

%
Laptop Restaurant Twitter
iR
A F1 A F1 A F1
WEDR 73.22 68.11 80.49 68.99 73.80 72.03
TCCM  77.65 73.81 82.64 74.92 75.87 73.49

M S 0TI i WEDR Ml TCCM 1B %1 F1
HARZER 2, T8 5 R R A SRR ™ R A7 R
HEERIMgs G, US4 e s B 51 UE R
] B IRy H Y, T Rl T AR A7 R 7R J5 i WEDR
BRANTETo vk A0 5 B A T A VA AR B T $ T A i
B2 BUE B0 R 5% DL RRS BE (Y R H. 56 9 45
FEHAA SO ] LA A, 55 B 4 T A E AR B JF 5
AP A6 e B4 b 58 T 55
3.6.2 B M a9 A ZOM

iy TR TS0 S P 28 (0 A R A SR
T SFCN ( Semantic Feature Channel Network ) 5 %Y
FAE SURMIEIEE P 46 B 2 2% B0 SCRAAE 19 45 Tk
%, SCCN( Structural Feature Channel Network ) #fX;
FOSALFFIEIE I 9 2%, B H 2% SR A5 1 R 9 5 2
W IR EL AR B T Y R AR E R R SRR
BL.

HI 2 6 TN, TR 2 TH Rl 1 45 AFIE Y SFCN A5
RURJE IR T 18 SCRFAERY SCON A5 A1 4 R AR B A T
XGHEE 1 TCCM 5 156 ] XU 3 151 36 B 2% ] L
3 T SCRRAIE DA B AR AR P A 5 T8 O 4 b A A 7
AR PRI A AT R 18] ¥ A 4 A 4 i 1) T 3

x6 REBHR

Table 6 Single channel ablation %
" Laptop Restaurant Twitter
A
A F1 A F1 A F1
SFCN 75.83  71.34  81.65 72.27 74.51 73.08
SCCN 76.19  72.55 81.74 72.53 74.09 71.83
TCCM 77.65 73.81 82.64 74.92 75.87 73.49
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SCHRFAE BB, 5719 A5 1) A1 5 55 19 J7 XA 1) T
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U Ml 52 I I 2R AT 55 IR ] T A SO XU 3l 1)
LRI ] A7, UL T8 A9 Rl R LA A 2R 2 2R

HE—EHRTT.
3.6.3 EFEHAR M

T R TE B LS A A R, S T NAM
(No Attention Mechanism) NSAM ( No Self Attention
Mechanism ) . NIAM ( No Interactive Attention Mecha-
nism ) B A S5 BIFC R Ml ) AL A TERE T
Fil A2 B R R R TR R I R AN SR T TR SR
GERRINEE WA — EROCR I, R &
JIBL RS & aT LIRS 58 iU SUAE BV SRHK, L &
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EIE = AR5 B TR 2R, 25 R0 18 3
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Table 7 Effectiveness of attention %
Laptop Restaurant Twitter
TR
A F1 A F1 A F1
NAM 76.09  72.58 81. 65 72.08  74.09 72.27
TCCM  77.65 73.81 82.64 74.92 75.87 73.49
4 ZERIE

T R AR A B AR T T SUfE B ORI
PEAG IR, [R]As h 1K i A5 S A% 3 07 SRl 5 2 4%
RO S5 b AR SCER 1 T TCCM BB, fifi 2 W LUTE
2 IE AT A) VA S5 R A5 R A5 215 SUE B Ry G e
JE R SR AR s L A A T R AR R A

[ NSAM NIAM W TCCM
83.00 - 82.64
81.84 81.75
81.00
79.00 -
I 77.65
= 76.92
7100735 93 75.87
74.23
75.00F 74.09
73.00 . -
Laptop Restaurant Twitter

IS WALy RIET

Fig. 3 Attention mechanism ablation

TR 7RI ASREGE OIS i 1 45 FH R 2% 58
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Abstract In view of the problems that aspect level sentiment analysis tasks cannot give full consideration to syn-

tactic comprehensiveness and semantic relevance ,and the graph volume used in most studies only considers the top-
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down dissemination of information and ignores the bottom-up aggregation of information,this paper proposes a senti-
ment analysis model based on attention and dual channel network. While expanding the dependency representation,
the model uses self attention to obtain the information matrix with semantic relevance,and uses a dual channel net-
work to combine comprehensive syntactic and semantic relevance information.The dual channel network focuses on
the semantic features of top-down propagation and the structural features of bottom-up aggregation respectively.The
graph convolution output in the channel will interact with the information matrix , pay attention to complement the re-
sidual ,and then complete the tasks in the channel through average pooling.Finally,the final sentiment classification
features are obtained by the fusion of semantic based and structure based decision-makings.The experimental results
show that the accuracy and F1 value of the model are improved on three public data sets.

Key words attention mechanism;dual channel network ;decision fusion;graph convolution



