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Abstract

the dependency syntactic information, or do not establish the relationship between dependency syntactic structure and

At present, most of the researches on the aspect term sentiment classification task in user reviews ignore

words. Therefore, this paper proposes an aspect level sentiment classification method based on Graph-LSTMs. Graph-
LSTMs was used to learn the context features of words. The position vector was spliced with dual position information in
the input of bidirectional GRU to optimize the sentence sentiment coding. The attention mechanism was used to capture
key sentiment features to achieve classification. The experimental results on two data sets of SemFEval2014 show that the

accuracy and Macro-F1 of this model are significantly improved compared with several baseline models.
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X E bR ia] AL, SR J5 4 IE 0] F1 R[] LSTM d5¢ Ji5 B 21 1)
BRSP4 , B S B B T .

2) TAN"'L AT LSTM 433568 _E T SCHIH A sl ik
FTEmtsy , SR J5 X B 2 R A 20 4 1 359 tb Ak 5 B A 4
RV S A FRR , RZaGE Pi ok RoR H
Btk , SE a2

3) MemNet' ™ Bfiali AHEREAE A AMHICAZ , F
H b ia) 25 2 S BOm) 15 A5 8, I 58T H bR ial RRAIE 26
Ne VARG MR BARia IR GR , SEB 26

4) RAM'®) . LR P or 8 AT b B XL 1) LSTM 1
BRORR S , PRI GRU Y R AL 2 2 2 BBtk
NP I

5) PABN" . 23 Bl %t b SCAN H A il 3 sk X 1)
GRU #EA7 4y, Forh b SC 4 A 19 s A Sk B34 B 30) 11
Tl AT 7 f) A7 B 1 2 DR 2 AR, e J5 1 R AL
(AR R ML B0 A R 1 B R o

6) ASGCN-DT''" + {fi i WL Jfa () LSTM X A1) 747
Aty , Xt BEOCTR 25 1 A B A A 7 s —J& R GCN
HRAE A 1] A AAE (B 32 BUR] - ) A I R AIE , 945 21 H bR
AR 3R 5 U 5 2 M BB AR TR A5 2T 1 B
FCRAS o e Ja AR 2 T ML B B A B o

7) ASGCN-DG'""' . 4545 ASGCN-DT A —Fk,
WRAEE R TE I

8) PWCN-Pos ™' J £& Pk {37 & A & i AL XU i)
LSTM () BROR A , T 28 365 BRI 28 S BUCRRAIE , i i ok
IR A S A2

9) PWCN-Dep'™': 5 PWCN-Pos %5 {4 — %k, 1£ i
BRI i A B AN

P g R L3 4, W LAIE A SCRIRIZE AN
[vi) A0 ) B4 4 A B AN A 8RR . TD-LSTM
B HAR R IE RN, 0 B3R — . TAN 55
A E AR SEAT AR, AR ML ORI R
Fto RAM FIFHHEE I HLEIFI GRU 22 SR BUF ik 5
B, FEL TD-LSTM Fl IAN A A/ $E 7+, PABN DLk
PEAL B AR [ AL AU GRU AR i iR, R4 &
XL ()7 2 B, 76 Restaurant £45 5 4 TH80K
FIFH A1 315 B 1Y ASGCN-DG il PWCN 7E Laptop £ 3
4L B ARIRACR €8, R B T KA Ak 0 T 1 R
SPATSS A B RWRIE R o ASOTREm A EUE 4
B T BRI R, Horh 7E Restaurant 45 5 A
A A S B T, AR FUAS AL Hh e A 45 5, FE P A
Febn Loyl T 1,02 H 4 fUR 1. 43 T 43 a5, Bk
T ARSI AR

T4 BNFEEHESE LR ERER Macro-F1(% )

Restaurant Laptop
Ttk
Acc Macro-F1 Acc Macro-F1

TD-LSTM 78.00 66.73 71.83 68.43

IAN 78. 60 — 72.10 —

MemNet 80.32 — 72.37 —
RAM 80.23 70.80 74.49 71.35

PABN 81.16 — 74.12 —
ASGCN-DT 80. 86 72.19 74.14 69.24
ASGCN-DG 80.77 72.02 75.55 71.05
PWCN-Pos 81.12 71.81 75.23 70.71
PWCN-Dep 80.96 72.21 76.12 72.12
DPAGL 82.18 73. 64 76.33 72.36
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