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Abstract Unlike general sentiment analysis, aspect-based sentiment classification aims to infer the
sentiment polarity of a sentence depending not only on the context but also on the aspect. For
example, in sentence “The food was very good, but the service at that restaurant was dreadful”, for

“

aspect “food”, the sentiment polarity is positive while the sentiment polarity of aspect “service” is
negative. Even in the same sentence, sentiment polarity could be absolutely opposite when focusing on
different aspects, so we need to infer the sentiment polarities of different aspects correctly. The
attention mechanism is a good way for aspect-based sentiment classification. In current research,
however, the attention mechanism is more combined with RNN or LSTM networks. Such neural
network-based architectures generally rely on complex structures and cannot parallelize over the words
of a sentence. To address the above problems, this paper proposes a multi-attention convolutional
neural networks (MATT-CNN) for aspect-based sentiment classification. This approach can capture
deeper level sentiment information and distinguish sentiment polarity of different aspects explicitly
through a multi-attention mechanism without using any external parsing results. Experiments on the
SemEval2014 and Automotive-domain datasets show that, our approach achieves better performance

than traditional CNN, attention-based CNN and attention-based LSTM.
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Fig. 1 The overall framework of convolution neural

networks
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Fig. 4 The operation of attention mechanism
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Fig. 6 Example of location calculation
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B R TR A S 20 T N R B AR R R R
A B 8 0 24 1T L3 3k 4 REUR [R) B X6 SCAR i
AT B BURAE AR TR Z R B R K
FES b WA R 0, 0 i A I 1 46 FR R E
c=f(wexi 1 +b), (15)
Hrp,we RV BEBENE.0€ R InE, f K
T RE x — B BUET TR SOAR Jm 3 45 i S
Wi X TR R n 198 F 38 2 5 B AR v A5 B R
IS IER

a=1 1D

2=

(12

D http://nlp. stanford. edu/projects/glove/
@ http:/[ictclas. nlpir. org/
@ http://alt. qeri. org/semeval2014/

c=[ciscos s nin]s (16)
Bl ce R, K AW AL 2 % Al max-over-time
pooling J7 1 X R AE & 4T T R AR, 1 e
AIRHIE ¢ =max{c}. Xf TA m &I E HRA
RN PEREAR B (17 . TR ERZ fi 10 4%
Tk AR 2 2 2 A AR SCGE S — A softmax
BRIk Hh R A R X (18) FT .
c=[ciacric, ] (17
y=softmax(WX,+B), (18)
Ho . X, AT REEHH W eRT N a2
KRR, B € ROy 4 3% 45 2 I B A SO T R )
1% 1 5 1 R U RS 2 5l 3 5 /0N A 38 SUI R ARG A A
B A U B BN
loss :—Zijlog v +alo)?. (19

Horp . D IR0t 56 R/ C S 2B 80 v g B0
i,y bR Alo)® S e .

3 % L

B A SR A T IETE 3 A R AT A A Y
B L HEAT SEE A DR E H AR B AT AT 55l A
XF S B A B 56 E AR ST M Y J7 R TR A [R] 408 1Y
Bl A 1 RE AR A R E R PR RE. FEAS SO
S, B 3] ] i R A Pennington 4% AN 42 H
() Glove i) ] 4@, J v B A 3] ] 42t Dy 300 4, i) i
KRR 1.9 MB. Hp 3] ) &2k H AR 4 2 R R B
PP, Al word2vec B skip-gram i)l %k 5
B BRI ) O 300 4k X T AR SR AL R 38
514345 UC—0. 01,0. 01) 3 BEHLA) b A ) 1) . A< 3L
K ICTCLAS 43 1) T 5% St b SCEOHE 4 347 4 1)
AR AR . X TR 1E] Y B bR AR SO R ] ) AR
S H AR B ) i 2R s, 4 < food”, “menu”, “staff”
A% T i 2 A TR AL H AR A SO HT 224> 18] (1 6]
T - YA AR S B A Y ) i R 49 4 dime sum”
“battery life” 4.
3.1 RBHE

AR SR YL SCHY SemEval2014 %4 59 Al b 3L
VR ZE AR I S HE 4E® (automotive-domain data, ADD)
HEAT S0 Hrh VR A SUUECE 4R O 2016 4F CCF R

@ http://www. wid. org. cn/data/science/player/competition/detail/description/237/
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HoE 5T 58 K B8 (BDCD Hr 3% F 90 £ A 43 Sk 155
O T BEREEE  SemEval2014 J&iff SCIFI L B8 A%
% 4 R . AL laptop I restaurant I > 45 ok
A P V. K R AR A 19 SRR P 73 DA AR L T A A
HpE 3 14 AR S e T R 1) S 0. AR SO
Laptop @13 &5 45 filf JH A0 5 I R 5« 1 ok 23 B
AN TR TR A R A A ke = 14 580 £ L 1 S e E.
Table 1 Statistic of The Datasets
*1 LBERABESIT

Data Set Positive Negative Neutral
Laptop-train 834 709 452
Laptop-test 235 167 133

Restaurant-train 1632 654 512

Restaurant-test 407 159 135

Automotive-train 2686 1089 1657

Automotive-test 854 243 458
3.2 #B3H

ARSCAGE Y 3 AN [R] 8 T 5 0 A B A A D7 125 58 I
S S Y il 2 Rl s A B N A B
TEFREAE. B RSN rectified linear units, il|
Gt FER ] Zeiler™ 42t (1 Adadelta BB, L

BLEI Y LSTM W 45 iz B AU 5 Fhe 2 B b i 1% 8
SRR IS T IS LSTM W 2% B8 4 1) 3 25 308

5) AATT-CNN-1. 7 3C 42 H 16 2 Fhie = )
S B 38 TR S A FEURR 28 I 2% 11 g A S A8, 52 46 v
AcsA, FIA, BB NE 0. 6,0. 3 F10. 1.

6) AATT-CNN-2. 74 3C 2 16 2 FhiE 2 )
R (R (O ESE AR EZN TSI TN B PRy
AL R AR A A, A, BB BE L T AR SE g b Ap

7) CATT-CNN. 7 342 H 5K 22 Fh i = 1 HL
il P H2 4 0 4 BURh 28 X 45 1) i AR AL, SE G vh G
R .U FESE B BE LW 46 A, IF 75 52 56 v n] 4 %

8) SATT-CNN. 7 34 i (16 2 Fl id: 22 1 Al
Tl ME B I B 3 i i AR by 4 B 28 0 265 1) o A AL
3.4 XRERESW

AR SCE 8 528 fE SemEval2014 F1 ADD % ¥
B L HEAT SIS A3 AR H AR A1 AR . 3R 3 4 th
8 ZH S AE 3 AN [] Ak 1) 155 a4 2% IE B .

Table 3 Accuracy on Aspect-based Sentiment Classification
of Different Models
®3 AEARAMSTEGERESRERE

Model Laptop Restaurant Automotive
Sk 2 R CNN 58. 32 66. 33 72.09
Table 2 Hyper Parameters of Experiment SVM 66.17 77.18 81.54
®2 ZHSHIRE ATT-CNN 65. 42 75. 89 80.13
Parameter Parameter Description Value ATT-LSTM 68.22 77.32 83.09
h Windows Size 3.4,5 AATT-CNN-1 65.79 76. 89 82.06
n No. of Features Map 100 AATT-CNN-2 67.48 77.89 82.70
Y Dropout Rate 0.5 CATT-CNN 67.10 79.17 84.63
s [, Constrain 3 SATT-CNN 68. 04 78.46 83.53
b Mini-batch Size 50

3.3 XfLb=EE

FEASCHE W 3 B s AATT-CNN, CATT-
CNNL,SATT-CNN F1LLF 9 8 Fhjy k7 3 A~ ARl
U )RR AT S

1) CNN. F Kim"™* 2 H {0 35 B A 28 ) 2 4
LIRSS T ST IVE S AV 2T

2) SVM. SCHRL15 14 1 58 FARIE ) SVM 43
FEAFETY AR A T B DA AR 92 O 4 B 43 2R R

3) ATT-CNN. JeF ek (11 48 i 2 2 =
FIRLH A R 22 190 28 5 1) 1] 2 R Sk 8 2 S L A
7% o0 245 1) i AR I T R R PILA

4) ATT-LSTM. SCHk[19 e i & FHEE T

M 3 LT LU AR SCIE Y 4 Fh O kAR
3 A G I 1 AR Al A R IR AN B A R R
H i AATT-CNN-2, CATT-CNN HI SATT-CNN
FE 3 AN ) B 4R v i 1 IR o 2 O R H L E H
% 55 0 3 FHEAE ) SVM 43 28 85 4. 38 i A AT: ]
FEAE ) CNN BB 55 2 H bs 19 1% 8% 4 B o e A
JEARFA L 7E fi 0 10 4 AT R 4R 19 00 26 TE i R
A 72.09%. 43 B S 56 25 L A AT, CNIN AR D
R 224 AN [R) E A 0 531 Sy )R 1 A e L %
i1 CNN AR B AT £ X5 19 H AR B2 BUE 2 19 45
FEAS L BT LR 0 516 o o 4 IR 590 ] — A ) 7 AN ) H
B 015 A M. BE T AL ATT-CNN £ 7Y
FHEL CNN 57 73 28 1F B SR A7 B I A 9 &0 A B =
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) Restaurant S0 EC P 4L 4 TH T 9. 56 26, 3 UL BH 14
2 B R (AR A AR I i B i BB O R e 1Y H B
AR AIE A5 B, AT B G b SRS A S I b ) 198 DA e
B E T VR B MU AE R H RS B RS A
k.

Xif AR SCH H 1 4 RS AR Al P — (T R
BLHI ) ATT-CNN BRI 0] LUE A SCHE Ay 4 Fi
BERIAE 3 A HHE HE 19 73 25 IE il R AR B g = T o —
BAMLH M ATT-CNN B AL, Horp Laptop %48 4
BFEE N 2.62% ,Restaurant iR E R F 5
3. 2800 IR SR R B T B i ol 4. 506, SR 4
SRR B — i ML ATT-CNN BLAL, 25
B L2 T ML A o A 20 0 2 A5 R T DL ) 4%
TE YN Zraoh B 38 52 AN [R] 9 3 33 0 AL o R DG 1 R 2 ) ke
SE HAR B AR B, DL KGE 3 K W AL 22
Vi) P4 R B IR R R B LA 9 T 2 1) BROAE 2 A ROOR
AT R — R S AL A R AR . DT ERAS A 1 4 26

XiF HEAS SR HE (1 4 b A AR RN SCRR (19 148 s 19
ATT-LSTM # A5 0] DL F t, ATT-LSTM 4% #4 7
Laptop 4538k 50405 4 B T fc 4 14 43 28 301 IE 1 3%
Sk 68.22%) AR SCHE H ) CATT-CNN il SATT-
CNN FEAE 2 MY 5 IE 3 2 1 Restaurant 4 38§
B HE AR G R A Y B IR R T
ATT-LSTM X £ #5214, i rp 2 B 8 4F 19 CATT-
CNN FERITE 2 A0 25 5504 40000 85 4l 4 1 1 40 2K IE
BR LT T 1. 28 %0 F0 1. 54 %, BB ANZE & 1 %
FIHLHI ) LSTM W45 4 L 3 T £ 7 & H1 AL 0 6
R 2 I 4% FRC SR 7 0000 4 35 /0 ) 0 4 1 IR D )l
FEA AN L 75 50 0 B A 006 B 4, DA -5 380195 I8 oy
JEIE RN, H 2 78 U 25 48 B0 i 3 o 70 2 1 8K
Fiir 46 bR DA 3 AS [R) 1 A 0 B O G T A1) SC
A% AR Rl B IR B 22 1 RO (S B AT AT B 41

%f . AATT-CNN-1 fil AATT-CNN-2 7 41 52
] LLA H AATT-CNN-2 BIRIAE 3 4> 45 45k 11 %5
PEH L T AATT-CNN-1 4 £, H b 43 265 1F i R
PETH e R ()2 Laptop 204645 .o 1. 69 0. 3 Uhd B 45
B Z 00 B B 1 T T A E B [ G R RO
i (1R TR0 2R A R T e 3 b AR RO 9 T LR R
28 6 G R 0T 240 Ml O R R AR 1) o 0 B — A A
AT L 190 2 7 T A 4 2 1 3 4K v 2 2] T 2 1 B
=Y=|

Bche

Xkt AATT-CNN-2, CATT-CNN #1 SATT-

CNN X 3 45250 ] LA H o >R H 38 2o 46 B 22 46 7
F 77 1k R TE I 25 808 #2019 Laptop 400 5l B 4is 4
AR IE R B, A 67. 10% .8 & 1F Restaurant
RUIBE 3 €1 Sp S| RV B BT 4 & SO T P e e R (R e o
Wi T HAD 2 250, 45 5B MM R CATT-
CNN # 8 Fl SATT-CNN £ # #f] . CATT-CNN
AU AT DLAE N 2 3k i v 368 ok R o A2 46 B AR [R) 3
B IALHITE A JZ SR REAR b Hb TAR A5 5 L 1 SATT-
CNN #8 B 7R & R)Z R A A AR EE L
A5 B AE 5. R PR e84 19 CATT-CNN #52 #Y
A AATT-CNN-2 BEAIAH [, CATT-CNN £L8 f 72
TR T L D e AAE R AR AL ] DL A
b B 3 T L A ) =
RT 2 AR SCRE B AATT-CNN-2,
CATT-CNN, SATT-CNN 3% 3 4> % f1 ATT-
LSTM #E AR R 5 H A A5 184 B AT 55 b i 43 28 &%
AR S H R B B R v YRR R AR R AR X 4 A4S
RS AT X S 0. SR IR 4 Rk 4 R
Table 4 Accuracy on Aspect-based Sentiment Classification

of Different Models Ignoring All Neutral Instances
R4 TRAEBE_SEIBRPINERAILERE

Model Laptop Restaurant Automotive
ATT-LSTM 86.57 89.22 92.16
AATT-CNN-2 84. 83 88.52 91.98
CATT-CNN 85.57 89.75 93.98
SATT-CNN 85.82 90. 28 92.34

M 4 AT LLE TR LB R M g 2 )5 . 4
HICH Ay IR R A T T, o
ATT-LSTM # BY 7 Laptop 44 45 5 19 70 2 1F 1
R o 86.57%. Bl ATT-LSTM # 5 78 B ¥
/N BB BB R TS SR AT LA b H Al A AR B
4B HE. CATT-CNN fI SATT-CNN # # 7§
Restaurant 1V 42400080 42 09 43 28 IE 8 2 40 05 T
ATT-LSTM #E7Y , 15 W] 78 55 40 42 400 55 se s i s
BT 7R B S HLH G B 22 I 2% 0 17 TR o SRR
BT R T EEIHLE G LSTM W 4. AATT-
CNN-2 BERILE 3 AN B AR 1 o0 AU BB R B 2519
ULHITES A B VLG e Ak BER
FIRLH A ) A A5 B E I ZRad 72 v ) 2% H gl
1o A e R RO B A2 B I T T R Ok 2 2 R AR
52 BN RN T I HLENE A 3 B 54 r R
REAR T 2 2k .

Xt CATT-CNN £ A fil SATT-CNN A5 A mf
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LIE H . 7E Laptop 4038 Fil Restaurant 4% 38 %4 35 £
SATT-CNN # A [y 43 2 1E 1 % = F CATT-CNN
R, A3 S FF 0. 25 % 1 0. 53 % {H & 75 V5 76 47
s 4 o CATT-CNN #8528 2 0 & f T SATT-
CNN 8 3 2RIEHRIETH T 1. 64 %.

KT 3 — 4 CATT-CNN £ A Fit SATT-
CNN B LE A [7) /N ECH 2 v i) 43 2800, L A S 4
HU Restaurant 4M 8 3 000 2% Z0 4 F1 75 22 45 3 4 500
ZBE VAT 5 538 IR UE S, L 45 SR AN 7 BF
7. NI 7 S5 5L 0T DL Y B 2 B 4R 1 R AR B0 n
CATT-CNN #£7% Fl SATT-CNN % %I 5 5 30 bk
PSR e € W o €1 Y N AR N S T L
SATT-CNN #8547 F CATT-CNN #4175 %%
PAEREAR B Z 1525, CATT-CNN B ) 53
KRR EW B AL T SATT-CNN # A8, K25 CATT-
CNN 2 7AE YN 25 3 F2 v mT DL 4 722 36 S B RN v 3
TIWLHIHE B 2 A5 B A8 &, AT DL 45 b 40 & I 25
Bt T AR B A D B SE R S I LA
(4% O, 1 SATT-CNN L8 58 5o I8 AN [] 38 3
M IIHLE A MG B S G MR T CATT-
CNN #8 & 7 Ca) fir7s. AH - Bl 25 50088 46 19 A
AB R B 8, CATT-CNN 45 %0 G 3 1 14 %% 725 4
SR IV R 3 2 T BIL R e AR B Rl AN [ R T AL o B
G- 1 EORH 27 2T 15 B B A A B AL RO | B R

0.95
7 0.90
<
5
3
: 0.85
- CATT-CNN
—o- SATT-CNN
0. 80 ) . L L L
1 000 1500 2000 2500 3000
Data Size
(a) Restaurant-domain dataset
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Q
< 0.92}
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(b) Automotive-domain dataset

Fig. 7 Classification accuracy of different data size

BT TR R /NI 45 B 3 28 1E 1 2 LE £

A B It vT DASAR O LG i B4 L B DA B 2 e
B8 i, CATT-CNN A& B 43 2 5k 5 2 ke
SATT-CNN A4, 4l 7(b) iR,

A SCAE AR 5T 9 S6 Ak 48 0 T A PR R
IR 7 35, A T S UE TR M v ML A A Akt
AR M\ Restaurant 45038 F1 IR 4= 45048 43 51 4 B 3 000
B4R fF AATT-CNN-2, CATT-CNN 1 SATT-
CNN 35X 3 AN AY |- i AN [] 2 BE 1 a) P 1) 5k )
P T I AT 5 A% 28 SR IR SE B S g 45 R
N 8 Frow o v g P ) a4 B S 0 3R R AN il A ]
PEVE R I HLE. B 8 25 50T LU i AP
FIHLH G .3 A EERIAE 2 A 45 UBOHE 4 L 0 o 2R AL
BERA B E R TF. Ho, Restaurant 4738843 25 1F #f R
PETHE RN 4. 570 VR AR AR A 25 0E 0 R A T I
Sk 3.83 V6. ik B ACTA] M R T ML R A L A Y
JNFE 3 b2 > SCAS 115 AR L - 38 3 00 4 1) 1 JEk 40
FHOR. A, Y R M ) i 4E R T 100 ZE B,
AATT-CNN-2 # % FH1 CATT-CNN £ B 75 2 4> 40
BB A b 432 TE A SRR BT BB J B SE
GEALAT LA i T AR S S 6 v Al R A 1) ) i A
g 300 4k, AATT-CNN-2 # 5 il CATT-CNN ## #l

0.92
>
8 0.90r
3
3
<
0.88 | —o— AATT-CNN-2
—o— CATT-CNN
—— SATT-CNN
0. 86 1 1 1 1 1 1
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Dimension of Tag Embedding
(a) Restaurant-domain dataset
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& 0.91}
]
3
<
0.89 - —0— AATT-CNN-2
’ —o— CATT-CNN
—— SATT-CNN
0.87
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Fig. 8 Classification accuracy of different tag

embedding dimension
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P B R I R T WL A B R I B AL T L 3] 1)
i B I HLEIE R ALY 25 00 32 B AR 2 3R] 4 1)
St (1 2 R R A — [ {2 S e A TR ] ] o T
TR S B0 % L AR T AR AR 9 25 2 T AR AE (5
SR A S R L ST TR T AL R 1 A T 4%
AR SATT-CNN A5 A 78 I ik F2 b a] LU 57 58 B
AT T B S 5008 %, BT L2 3R] ) o 4 R
100 B} SATT-CNN £ B g 43 2 1F iy 2475 A $2 74 (1
PETHIE BE AN . B4, B ) A R A 3G
BT Y1 2 Bk ) A o 2 184 s Jr DA AR SCAE 5256 vh
BEHL 100 A1 hy 1) P o) 22 %) 4 5
3.5 &t E S

kT 53 A AN [) I 28 A5 AR A ) 4% 44 1 B e 44
e AR CTEMIFEI B CPU, GPU F1 W 4% HE 42 F 52 1 7
A4 28 W 2 S (R B T A S 56 o8 P AR ) ) 0] i e
SR ANAH ) B B0 4. 26 5 4 R [ N 4% 455 0 7
Restaurant G4 4 1 58 B — 3% AL Y1 5k B ]
X L 45

Table 5 Runtime of Each Training Epoch
xS AREEBFERH—RIER B E s

Model Time Cost
ATT-LSTM 500+

CNN 4
ATT-CNN 12
AATT-CNN-1 16
AATT-CNN-2 23
CATT-CNN 21
SATT-CNN 24

5 G5 RTT LUE H LSTM W 45 (1 YIl 25 i []
A AR R L X B LSTM W 45 I 25 1) &
o 90 M B s L B — A BT R T A Y A e 1 iE R
YE. ATT-LSTM 5% R 5¢ pit — Yk 3% 48 1 Il 25 i) )
it 500 s, JEARSCHE AR 20 245, BLAk . AN T
APRRAE Y CNIN AL 70 2 S5 PR 58 il — IR 3% AR I
Srifi) R 2 4 s MAE R IHLHI B ATT-CNN ##
FUYN kRl R 12 s, 38 I 4 B 22 0 46 455 780 3
25 By B [B) P B 28 O i i T LSTM M 4%, ik 41, AR 3¢
PRI A4 Fh 210 B OIS B 2 N 48 AR (138 1T
i ] SR 4K T CNIN AT ATT-CNN #5132 57 1%
F ATT-LSTM R4 5 R 3 i3 B 2% F 7 2 1 L
126 BBl 28 I 2% 0] L B2 0] 7 19 - A7 Ak B AL BT L
A R0 AR AR TR A DI i 1)

TEFRE 2 B W A5 83 BT 45 55 s an A K8 3 i 52
H s VE = LA AT LSTM W 45 A1 45 4 (0 5 36 . 1X
K T7 BB TG BRI 26 A5 AL I e ao AR i 110 I
] AR M. AR SCEE T 18 2 0 HIL R B B 28 I 2% 45
IS 46 Hh 5 G 22 0 3 T WL TR 4 FRURR 28 ) 2%
(e H AR B A 2 T s B R R R B AR T2 T
T 32 T HL I 28 AR 0 I st ][] s s sk 25 0 5
st Sar R aril il ee =ik ki F R S A RE =]
BU S A SCHE DART A9 0 58 il 82 00 7 m AR Pk
F=WARIN NS RS Il EUD O N A A o ol a1 ) | NS i
TE B AL BEA AR w45 B AR O A i 20 26 1E
B 58, I A A ST — o X0 ) 49 48 530k R 103 )
OEDACRE S F =R AN DR DA ¥ SE G = BRI R
SEU A5 R W] A SCHR Y 5 X e AE G 1 A R R
LM EA R R B3 Tt 8 i TR E
P LSTM [0 25 5 70 A, A 55 G- 14 3 S8R

IS4 R T LU A SO T ) 2 1 8 1 B TR
MWK ITEAE I AR A B = 1) B 4 B 5 B
MG HE . T B BAOCR A B, Jr LA SCHE T ok
HE TR XA (R 227 ) A B 48 I 2% iR A 7 e sk
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