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Abstract  Aspect-based sentiment analysis has become one of the research hotspots in the field of
natural language processing (NLP) in recent years. Different from ordinary sentiment analysis,
aspect-based sentiment classification is a fine-grained task of sentiment analysis in the field of
NLP, which need to infer different sentiment polarity of different aspects in the same sentence,
because there will be more than one aspect in the same sentence usually. Previous studies, in general,
usually consider the independent sentence as the input of neural networks and only focus on the
given aspect in each sentence in the process of training. These approaches, however, will ignore
the long-distance dependency of the given aspect in the entire long text and cannot take full
advantage of the context relations of different sentences across the same review, which is bad for
those ambiguous sentences and short sentences of a review in the training process. To address

these problems. this paper proposes a hierarchical model of combining regional convolutional neural
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network and hierarchical long short-term memory (HRCNN-LSTM) for the task of aspect-based
sentiment classification on long text customer review. This approach can extract more feature
information of independent sentence and the relations of different sentences in the whole review
via combining regional CNN and hierarchical LSTM, and is able to infer the sentiment polarity of
different aspects discriminatively without any external information such as semantic dependency
parsing. We divide a long text review into several regions based on different targets of aspect in
the sentences, and then we utilize a regional CNN to receive different independent regions of the
review to extract the information across the entire review. This regional CNN is able to capture
the long-distance dependency of the concerned aspect across the whole review and keep the order
of different regions, as well as, save the training time of using LSTM network only. Meanwhile,
dividing regions based on different targets can assist our model to discriminate different sentiment
polarity of different aspects in the same sentence better. On the other hand, we present a hierar-
chical LSTM combined with regional CNN to concentrate on both word-level and sentence-level
information through a hierarchical attention mechanism. Aspect embedding is considered as a
word-level attention and combined with word embedding as a sequential input and fed into a word-
level LSTM to focus on the given aspect in the process of training and generate a sentence-level
attention. The final output of word-level LSTM is combined with the extracted feature information
from regional CNN and fed into a sentence-level LSTM. Such hierarchical word-level and
sentence-level attention between regional CNN and hierarchical LSTM can capture more in-depth
information from sentence and the entire review as well as consider both intra-sentence and inter-
sentence relations in the prediction process, which provide a good ability to discriminate the sentiment
polarity of short and ambiguous sentences. Finally, experimental results on multi-domain
datasets of two languages from SemEval2016 show that, our approach yields better performance
than several competitor models on aspect-based sentiment classification with word vectors only.

Keywords deep learning; aspect-based sentiment analysis; hierarchical model; recurrent neural

network; convolutional neural network; attention mechanism
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caw, b ATt 2 A B RRA
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b W DRI TR TR 5 T H A 1 R K 43 X8 AT
PLA SR B8 AN [\ 9 B A 6] ok X 43 A [6) 5 18 7 ) F-
(15 B R AE AR B, o (A5 80 7 1] 2 3 8 v T LA 50T
ol [7] — ] - e A [ 7 T 0 1 A
Xt PR A B ST X8, A SORE X80 B
— AT B W S — A o G % S E ) i A B R
NI FER R ro =[x 00, 0x0, ] HP o €ER™.
K — A VEIR v i B — Ak ST XA O A AR 2 ) 4%
(R AL R T TG B Sy 4 1 46 AR AR DX I A
B RRAE, =X (D PR
;= f(wer,+0) 9
HoweR" ' HEBZNE, b€ RN E . X4
— A X I o 4 R AR T DA ) X s 1 R AE B
ceR" AN AO PR
c=[crscsssChoyat | (10)
XA — A X B, AR 3R max-over-time
pooling J7 ¥k HE 47 Jay Ff AR AF 1 F RAE L 38 BUAE — 45
fEE ¢ e EE M RAESE B B c = max{c). X FH £
GRS H AT RIS B a2 (LD R 09 R RAERE
(REPSYER
¢ =1[c1:Coaacy] 1D
3.3 #E LSTM M4
T ARIOHE FE B SO ERHAE A B AR SC
A —A43 2 LSTM W % 43 5] 422 Wi i) i 2 4]+
JZ WA A« 38 2 1) o 2 R )2 0 R L
il o5 1) 24 7 ) sk R v R T DA DG R R TR ) T
PN A AH G FR L AT AR BURE S O AR R AR
SN T PN
3.3.1 Wif)2 LSTM M 45
BT Ty 1T 1F B A3 A B 0 2% 5 R 7 ) ook A
e E SR AN [R5 T A AR AR AR R L R E 2 LSTM #21K
— A LA IR Sy B 1 ) AR R 2% 1 A A A
B—A~ LSTM S0 i % A i b — > 550 U2 19
iy L R AS Y B A ) ) [ . 3R IE R LSTM R 2%
AT DLEE X 45 22 T T 4 BOH: 78 A1) - v 19 JRy R AE AR
S AT 3 A R T 9 T D L AT DAL N 2% A
Y53 72 v 8y JBE G T 4R 2 5 T A /) F v 1 IR
B 5 R e A SCER IR )R LSTM /) 4%
Shth 1A,
XFFR B N A) T, AT LA 3] a2 4 b A
M H=[h, hysshy |, B HER N, Hip b, €RY . d
S LSTM 55 i 1 0 (0 4 B2 . Ry 17 o8 I 2% 72 Y1l 25
b AR AT DAy B O 1 43 2 ) R E O T RRIE AR
S AR SO R 7 T ] i e RIS Y b — A il 4

output

i
TYE

B 5 JiiE)E LSTM 4544 &

JCHY B2 il 2 25 B AE iRl 2 LSTM Bt
A A2) iR .
e=W, h, +W, «a (12)
Hh W, e R R Z 5 b AR 4. W, €
R™ " Ay R T 1) it a )BT B I 4% 6 DIl 25 3:t
R rp R D Ao o g — i A ) Ok A R E 7 T
(19 25005 B, - T AT LA D) 6% 7 DI 25 2ok 7 v o G
TR J7 T B RREAR L.
3.3.2 MJTF)E LSTM W%
WiE )z LSTM M 4 AT DL A7 203K BURE E 77 1 il
] F PR IR I 22 R) B R O R s AR X IR AR
A R0 AT) - BE A A ) LT R AE AR B A
A R AU I 2 1 LSTM 9 25 3k L IF 1 7
X 2 T A SRR . BB A TR — e R [ ) T
AT AT ARARL P18 TR AR . S T 2 88 1 0 2 ) F FIE
18 A ) R B R A SO — A ) 2
LSTM [ 24 3 ik — 20 42 48 1) 22 (0] i 4RO ¢ & 4%
X CNN 9 4t e ) 5 19 58 05 I3 T )T 9 4
W, FA] 3 2 LSTM W 2% 1) de & B 45 5. T LS
F A2 LSTM W 48 5 — A~ BT i i AL 35 05 ik
= (13) R -
s=hyDe; (13)
Hr by KidiEZE LSTM M2 i 5 — 2 LSTM #
TG e S XIS M E NS @ > RAERHE
] 1, O T/ B DR A
3.4 R
ARIAE—A softmax REHEWR]F 2 LSTM
Do 2 1%y L A5 B A 43 28 ) I TR P ) 45 R
= (1) R
v =softmax (Wh +b) (14
Horp W g R FE B L b SRy e B AR SO S 1) A 6
BRI ZR P 28 B ARL I ik B b s di 2o 42 3% 45 2 1 B
— UKt dpe /MBS IR R G AR B, 52 SR A =X
KA H
loss =— > > yllogyl+aloll? (15
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o
=B

Horb D ol 4 8cdl L BRI ZR 8 & R/, C %K
PE RN E .y R or A T I BN 2 50 v Oy S B
a0 1% 258 SR T 3.

4 KBWRERGH

A SCHRE Y — Fh 25 A IX 6 BRI 2% 4y )2
LSTM 2% 1) 3 E 53 )= W) 2% 5 8 A 2y 1 1
B HTAT: 55 A 2 AR S (S SORTH SO 4 A4S 4
I (restaurants, laptops.cameras fil phones) f %5 §Ji
B b HEAT SIS B R AR SCHR S 5 R A A
4.1 LIHHIE

ALK ] SemEval2016 F 45 5 ¥ dis O iy
restaurants, laptops.cameras fil phones,4 /|>45 1 £
P G AT ST RS SO B BOE B A A
AN A L DRl A e SR a o e I R S S G
HEAH 1 ABE A A E W J7 8 A R D7 TR R 0 A
Z AN H bRl BT 5 1 1 B AT 55 i AR 4R )
TR IEAR B, 7E [8) — 1) vh A 0 4 B 0 T F) e
HAK B M. Ho, restaurants fil laptops 438 1 [y
B B AR R P 3 g AR M. cameras Al
phones 450 CECHE A AR R T A 2 B IR k. S
BAigeit g 1 pos.

*x 1 TWHEESIT

B a4 WEieE BT AT AT
REST-Train 350 1657 749 101
REST-Test 90 611 204 44

EN LAPT-Train 450 1637 1084 188
LAPT-Test 80 481 274 46
PHNS-Train 140 758 575 0

CH PHNS-Test 60 310 219 0
CAME-Train 140 809 450 0
CAME-Test 60 344 137 0

4.2 XBSHRE

TEAR ST S50 v, 3 SCRUE 4 R ] Pennington 4%
NP Glove® fi]) il 2 2k 1) 4 £ 552 56 A4 (1) 34
[ 2, A 3] ) 5 % A Leipzig Corpora Collection®
S0 A 0 T G oA R 300 4 0 i
SEAH LR 5145 A U(—0. 1,0, D)X R B SR AT
) [ S ) AR k. A SOl T ICTCLAS 3] T2 ©xf oy
SCHUHE B AT 23 TR AL B 7E X CNIN A, Oy 1 4R B
FEBRIEAE B AU ZE 0, Z2E R
DI EAT B AR ERAE LR o OR300 2,345,
R RS B o 100, BEAS IX I8 [ 5 KR %
A 30, R BE L 30 19 m) -, A SCHE TR E 5 TH

(1 H AR A i AT U0 X AR BN T 50 194
T ARSCLL O [ d SEURN A 00 R L AR R T
B 1k 3 8045 s A SCHE 52 86 T T dropout AL i A
AUEE 1) 1E DU AR B . el S 56 9 I R B S AN K i
PAAS SCHE 52 36 A T — A 8/ mini-batch, X
$f CNN 7E 52 56 o A 3R 40 2 50 36 2 iR,

x2 SHRE

X3 30
B DN 2,3,4,5
B P BUZ B 100
1 U 352 R 3
Mini-batch 32
Dropout 0.5

4.3 XfLEEIE

W A SO M I TR B 3 2 TR B A TR R R [ Ao 2
P 28 A ARLTE 4 A QUi Y BOHE A B HEAT X S L 5
UEAS SCHE HE 5 I AT R

(1) CNN-HLSTM. A 3CH48 19 U8 & 43 2 W 4%
RO, i 432 LSTM W4 Al LAk BUR: & 77 1 78 )
- PN ARO[ s BT LA SR BOAR [6] ) F =2 [
(14 R EL I 2R . A2 ASE A8 A i 5 1 1 H A 1) X A
FEAT IR 43 o AL A 37 % B F 1E o CNN
A TC WA U XS [F] T B A R 7E [F] — A
HhHET R

(2) RCNN-HLSTM. 7 34 H 7 i 19 58 & 5
R B4 5 T A H AR A X S AR AT X R
a3 s AT AE I 3 B opoal DUER X AN 5] T 0 H B
o) R R RO A TR 2 5, A ORI AN [R) T T AE )
PN 0 1 BRI A5 B FNEE R AP v ) T Z R
=T S

(3) CNN. T30k L1842 t i 4 U 28 I 4%
RLTRY it A N7 ) A Sl P28 B R (R o A IR A
A 5 T AR B T AL TG T B X R A T T ) 7R
HEAT NGR4T v 4K BURY 2 7 1 7E A F N B
FA]F 2Z 18] B8 0 3R 2 g i ik 119 265 Bl 28 T 4%
FAL,

(4) LSTM. 3 F ek [ 22 J#2 I i) LSTM W 4%
BERL, DLl 57 A F A O 45 10 A e B S Y
LSTM W 45 #5570 245 70 ] DL B8 4] 5 v 1) 1 11 B

@ AL f restaurants, laptops, cameras Fl phones 43 i f)
A ANBHRE AT SL 00 L AE S P AR SO R BR A R H AR
FEAFR) 7 & M7 35 8 OutOfScope” Y FE AR

http://nlp. stanford. edu/projects/glove/

http: //corpora2. informatik. uni-leipzig. de/download. html/
http://ictclas. nlpir. org/
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J7 O 2 5 R HUIR) T (] i A ¢ 22 L (B DI ko F b
1% v BE DR T R A T ) JRCRRAIE L O B A A8CH S [
—/i) - AN [ 5T R SRR

(5) LSTM-R. 2 F ek [ 22 J#2 i py LSTM X
ZEAEAY Z A LUREAS TP PRI VR 48 i A %
J& T [F— P s v AN 6] ) 5 2Z 8] B A B &R (H
A RIS BN E J7 TN B AL 48 A
Y5 3b B P S R B R4 A 5 T R AT 2 2T R 2

(6) ATT-CNN. Jt T SCHER L8 148 th i1y 1k T 1 &%
JIRLA B A5 FR ol 5 ) 208 A5 700, 32 A5 TR A 4] - o g AL
1155 UG T FE LATE BIF 5 50 4 B ROR . A SO —
VR I TE 4 B2 09 5 2 O 18 3 2 0 LA ] DA A
ARVLE I G52k 78 v sy B O U e o 7 TH I R AR AR
K DT R X3 ) — A 5 v AN [6] D7 T ) 1 R
P EZASE AL DL N7 ) VR S 2% 1 A A S T T AR B
) Z 1A A HLER AR

(7) ATT-LSTM. 5 F 3Ck [ 14 148 i 45 & 1
BIHLHI R LSTM W 28 887 , i 485 R A DL 57 47§
VE S i A 35 T 07 T I8 40 AT 55 vh RS 1 B A4
TF 8 B8 G A AR . 58 78 W] AR I 5 2o R v v R G
TE A€ 19 5 T A 8GR AN [] 5 T A 1 SRl k. {H 3%
TR LI S7 A7) A o R 2% B L 2200 T TR —PEag
AN TR A) - 22 (8] 4 AH BB ZR . [ B 22 A5 A8 1) 0 38 0 AL

Tl e 5 A% ) R s B BRI I R I TR

(8) RCNN-LSTM. % F SCHR [ 25 142 H % IX
BRI W 4% A LSTM [ 4% 25 4 ok 3] BUSC AR K i
BIAROME OC R 1Y I 48 B B L 2R B DLl 57 ) AR D oA
(i) A ok 57 DX 38, I AN (] ) 2 57 DX A Oy 4 FRRE 2
Do £ 114y B A 30 3 L A R A 2 O 4% 1 o 4 I A
P LSTM R 2% A] LLR 8 A1) 1 Z 18] Y B 7 56 & .
AT LR R AN TEI8 19 4 B B A0 ¢ R (R BRIk
A EERREE 7 I B LR I 2 A5 AR AE I
I R AR RE RN R T R T A 2] AL 2

(9) HP-LSTM. J& F 3¢k [16 ] & i # 7r J=
LSTM W) 45 5 Y, 1245 7Y W LA AS 3% 3K BURE 2 I 1 76
AT TR I 56 & L[] B s\ LA 3 B ] — PE a8
AN [F) A 5 22 8] A8 RH BB 2R AR A SCAS T P PRI 10 Bk
T 07 HH B3 B AT 55 H BUAS T S8k i s8R (HX
LRI A RO X R D T80 K 2R IR A PRI T 1
JFHIESS B
4.4 ITWHEREHW

A 9 A M8 B ALLE phones, cameras £
1 1) B A B0 FEAS A restaurants, laptops 4548 H Y
FEURR R W 15 B B30 X EE A SCHR s 1 2 2 A58 780
7 XS L AT A SN L ST L B IR AR SO Y
iR WA Rk, SER A R Ak 3 k.

R3 ARAEBEANTEHBFEELHNZSXER . EP PR FOHNRRBEHBE ELEM F1E

FYEITE S
i Y EEEan EN-REST EN-LAPT CH-PHNE CH-CAME
Positive Negative Positive Negative Positive Negative Positive Negative
P 92.32 60. 45 85. 00 66. 00 76.87 62. 10 88. 37 56. 67
CNN R 82.65 79.41 77.75 75.91 69. 68 70. 32 77.33 74.45
F 87. 20 68. 64 81. 21 70.61 73.10 65. 95 82. 48 64. 35
P 92.98 60. 58 85. 85 65. 74 76.92 62. 96 88. 96 57.14
LSTM R 82.32 81. 37 76.92 77.74 70.97 69. 86 77.33 75.91
F 87.33 69. 45 81. 14 71. 24 73.83 66.23 82. 74 65. 20
P 93.92 62.73 86.11 66. 25 77.82 65. 25 89.97 58.79
LSTM-R R 83. 47 83.33 77. 34 78. 10 73.55 70. 32 78. 20 78. 10
F 88. 39 71.58 81.49 71.69 75.62 67.69 83.67 67.08
P 94. 28 63. 37 86. 90 67.81 77.89 63.93 89. 67 58. 56
ATT-CNN R 83.63 84. 80 78.59 79. 20 71.61 71.23 78. 20 77.37
F 88. 64 72.54 82.54 73.06 74.62 67.38 83.54 66. 66
P 94. 89 65.92 88. 10 69. 81 78. 89 65. 83 90. 03 59. 44
ATT-LSTM R 85.11 86. 27 80. 04 81.02 73.55 72.15 78.78 78. 10
F 89.73 74.73 83. 88 75. 00 76.13 68. 85 84. 03 67.50
P 95. 06 66. 04 88. 40 69. 14 78.77 66. 24 90. 30 59. 34
RCNN-LSTM R 85. 11 87.25 79.21 81.75 74.19 71. 69 78.49 78. 83
F 89. 81 75.18 83.55 74.92 76.41 68. 86 83.98 67.71
P 94.92 66. 67 88.51 70. 00 79.18 66. 95 90. 60 59. 56
HP-LSTM R 85. 60 86. 27 80. 04 81.75 74. 84 72.15 78.49 79. 56
F 90. 02 75.23 84. 06 75.42 76.95 69. 45 84. 11 68. 12
P 95. 28 67.42 88.79 70. 75 80. 07 67. 65 90. 73 60. 89
CNN-HLSTM R 85.92 87.25 80. 67 82.12 75.16 73.52 79. 65 79. 56
F 90. 36 76.06 84.53 76.01 77.54 70. 46 84. 83 68. 98
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i 7Y B EN-REST EN-LAPT CH-PHNE CH-CAME

Positive Negative Positive Negative Positive Negative Positive Negative

P 95. 84 69. 08 88. 94 72.12 80. 68 68. 20 91. 09 61. 80

RCNN-HLSTM R 86. 74 88.72 81.91 82.12 75.48 74.43 80. 23 80. 29

F 91. 06 77. 68 85.28 76. 80 78. 00 71. 18 85. 32 69. 84

M 3 FraR i SE B 45 R nl LUE L A SR T Y
CNN-HLSTM #1 RCNN-HLSTM #5754 4> 45 45
ARG B T AR IR T L I Al 1) 45 A58 70 T A 1) 4 2K
B HH RCNN-HLSTM BERILE 4 A 4508 1§ 46
HEREAR TR AE Ay RO AE A RO AT
restaurants 30K $0 92 42 1 F1 {E 43 91 91. 06 % Fi
77.68% , 1t HP-LSTM R4+ T 1. 04 % F1 2. 45%,
I RCNN-LSTM #8482 A 7 1. 25% Fl 2. 50 % , K
UE T A SCHR 7 2 A AT

BA A CRE € J7 1 7 B R 2 il A R
CNN FI LSTM 1 73 2R %R # A B A5 70 R ROR
B AF 1Y restaurants S0 38 B4 AR b B AR RN T ARORE
AREH F1{EH HA 77.92% F1 78. 39 %, i il A 4
BEHLE B ATT-CNN Fl ATT-LSTM £ A 7£
restaurants R IR 4 B34 F1{E AR b CNN
1 LSTM H B 43 S 42 F 7 2. 67% Fil 3. 84%. £ 4
255 0 3K R A AR AR RN 45 15 3 T AL A ) 4 A AR
TEAL B 224> J7 T Yy BB ) 1 R 45 R

x4 SESHIENARAGTEM

T ] 77 1 1 JE% CNN LSTM ATT-CNN ATT-LSTM

X . SERVICE # GENERAL Pos. Pos. Pos. Pos. Pos.

1 Service here was great, and food was fantastic .
FOOD# QUALITY Pos. Pos. Pos. Pos. Pos.
. . SERVICE # GENERAL Neg. Pos. Neg. Neg. Neg.

2 Service was slow, but the people were friendly — o
SERVICE # GENERAL Pos. Pos. Neg. Pos. Pos.
SERVICE # GENERAL Neg. Pos. Pos. Neg. Neg.
3 Sometimes I get good food and bad service . - 8 os o8 8 8
FOOD# QUALITY Pos. Pos. Pos. Pos. Pos.

MR A SR LR A F 1 R — A
AN TR J7 T AH 7] A T IR o 4 i 455 78 R i A 1
R T H bR N R P E R LAY CNN I
LSTM [ 46 458 7 TG 72 46 I 5 ok A o i B OG 1 4
J7 T RRAEAE B B LA AE B F O 1 B BT AR 55
K 6] — A~ 4] = e (8 AN [8) 5 1 #0 H0 A T G ek
AP T ) — R H B AN [R] A J TEDAE AE AE AR [
(AR AR P L an ) - 2 A 7 3, Al CNIN A
LSTM W) 45 155 0 45 K [R] 1) 5 1 4R 40 2 >0 A8 7] 19 155
SR AT B TR R R AR B AR I
#lH ATT-CNN fl ATT-LSTM #4 % 7] L 78 I %5
T AR v S R T I AL R G T R T
T (1415 B AR A5 B, » 5 801X 4 R — /) AN [ )y 1 7
T B M. BT LI F A 2 FA)F 3, ATT-CNN Al
ATT-LSTM [ 45 #B A] LA 28 45 2 J5 180 1 1 75 1 6L
il F 30 A [R) 75 T ) I TR AR P L A5 3 I R 1 5 R 4y
55 DT B UE T ¥ 3 WL AE 5L 1 O T R A
BT 55 v (A8 Rk

A AR 3 B Rl LUE L 7E 2 NS
LSTM gAdrh, LIEAPERAE M 28 A i) LSTM-R
RS LY DA 37 ) 54 A 4% i A9 LSTM 488 74 45
AT 0 R s o A RUCR B U5 19 restaurants 45

BB A LSTM-REEAY ) F L AR L LSTMASE A i
T 1,06 %A1 2. 13 % . i B 2 JEAE AP o AS [F] )
T HYA HHK R AR AP TR A 1 2 R PR RE. FE A
TR AL AR A, B B DA ST R AR R A
ATT-CNN F1 ATT-LSTM W £ i % , % (& 3 i h
] Z Bl AH H. G & 19 RCNN-LSTM, HP-LSTM,
CNN-HLSTM #l RCNN-HLSTM H#I £E 4 4> 45 3§,
BE AR FAERA A 0 o RO, Hoh L 7E phones 83
WS B SCEE ) RCNN-HLSTM fH b ATT-
LSTM #5f#) F1 {54 FF e .0 1. 87 % il 2. 33 %.

h T 25 B 2 R — P R A ) 2 (]
AR LR 2R TE K SCA Y L T 07 T I A3 A 4T 55 v EL DA
ST ) A B S B e RROR L AR SO A
restaurants Al laptops 453k 2% 38 45 (19 A0 4 5 kR A
Tr restaurants I laptops 403§ ¥ 4 b 4T =43 2%
Xf b S X b SE R A5 R AR 5 .

M5 IR E R LVE TR = K T
T 8% A3 BT AT 55 b 25 JEOAS () ) 2Z [A) A HLBE R 1Y
RCNN-LSTM, HP-LSTM, CNN-HLSTM #1 RCNN-
HLSTM BRI FE restaurants Fll laptops 4% % 55 4% 4E
B A3 S AR AR G LA ST A AR R e A ATT-
CNN 1 ATT-LSTM #78 , H v 4% 3¢ 45 i RCNN-
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HLSTM FLRIAE restaurants S EIEE 1940 2554
Rl AE 3 PR P T2 F1 R 77.45%,
e ATT-CNN iRy 72.32% 42 T+ T 5. 13%, b
ATT-LSTM KR 74. 65 % $2 T+ T 2. 8%. WA
AFEZ YL B RCNN-LSTM #E A #E restaurants
SUSBEE LOE Y F1(E 74.70% M 0 ATT-
CNN BEAAR T T 2. 3800 A LL ATT-LSTM #5 Al 4t
FET 0.05%. BEHY 5 LAl 7 A A i A ) 4% A
RUAH HG , 25 S8 ) - 2Z [8) AH BGRB8 A8 A] DLAE I 25
SUN R PoE K S N A s Sl SRS A DR R R TR Y 1 S
AT AT AR BT 47 1 17 J2 0 28 80 S B AR 38 i A
TE T AL AR B rp A AN 55 1 20 2R OR L ik — 2P
B UE 7% FEVF I8 b ) ) AH LG AR A R
A N 5 By gn 45 A vl LUE Y B XS T

B A v TR ) ARG AR AT U RE T, B DL AR
FFE I 4 AL BERYTE restaurants 035 50 95 42 5 W AE
AR A A RARAE 0% DL B, A R W
ATT-CNN [l 4 %W 80.39%. {H &, 1 Hiss R
A DL R B O B 17 i RCNN-LSTM f1 HP-LSTM
TR 1) 45 4 SR HB N 83. 82 %%+ 4R TG 1 BUAS i —
A BT U RO 4 TP AR — 28 DUTE O 5T 4 i Y
2R TG 1 TR I A R AR X A SO A CNIN-
HLSTM F1 RCNN-HLSTM #i 8, #E restaurants 4 5§
HORRE A 1Y) 43 25 2 4%y 84. 80 %0 Al 85. 2904,
4 F M RCNN-LSTM fil HP-LSTM # A T T
0. 98 Y61 1. 47 Yo o P B A SCHE H 1 J5 v A6 36+ Oy 1
5 853 BT AT 55 T R X L Ath AR 7R X LA ) W 1 ) - A T
i ) AR 0 B o AT i T A TR (1 AR

% 5 A ERBFE restaurants F1 laptops FUHHIEE L =HKER

A B2 1 EN-REST EN-LAPT

Positive Negative Neutral Positive Negative Neutral

P 93.85 68.62 42.17 84.94 70. 24 36.78

ATT-CNN R 82.49 80. 39 79.55 75. 05 74.09 69.57
F 87. 80 74. 04 55.13 79. 69 72.11 48.12

P 92. 86 70.12 48. 61 85.55 71.33 41. 77

ATT-LSTM R 82.98 82. 84 79.55 76. 30 76. 28 71.74
F 87. 64 75.95 60. 35 80. 66 73.72 52. 80

P 93. 33 68. 95 49. 30 85. 31 71.09 43.59

RCNN-LSTM R 82.49 83. 82 79.55 76.09 76.28 73.91
F 87.58 75. 66 60. 87 80. 44 73.59 54. 84

P 93.21 70. 37 50. 70 85. 38 71.33 44.16

HP-LSTM R 83. 14 83. 82 81. 82 76.51 76.28 73.91
F 87. 89 76.51 62.61 80. 70 73.72 55.29

P 93. 38 69. 48 54.55 85. 35 71.19 45. 45

CNN-HLSTM R 83. 14 84. 80 81. 82 76. 30 76. 64 73.91
F 87.96 76.38 65. 46 80. 57 73.81 56. 29

P 93.42 69. 88 57. 14 85. 68 71.53 49. 32

RCNN-HLSTM R 83.63 85. 29 81. 82 77.13 76. 64 78.26
F 88. 25 76. 82 67.29 81.18 74.00 60. 51

0.90

AR SCHE AR B 98 6 Ak E 3 T —Fh b & X 45k
CNN F143 2 LSTM W 45 1) R Ji 43 /2 I 246 A5 0 ] 1
FeF A BT AT 55 . O T R — 2 B R A R A
FETF 7 T A AT AT 55 v L LA BIF S8 AT A 1 1 UK
OB X AR SCHE ) CNN-HLSTM, RCNN-
HLSTM # A1 F LA FT B 58 b BUAS B 47 808 1) HP-
LSTM HERIAE = 43 25 F = 43 25 1 % Jk 43 25 &5 R
FrXF Ee a3 . XL A5 R aniEl 6 FHiEl 7 k.

LiG R 6 RN 7 X R AT DLE A SO
() CNN-HLSTM #l RCNN-HLSTM # #I 7£ Jif £5
Sz eh R ELAS T 1 HP-LSTM 5 57 47 14 43 2%
ORI A T4 S B T B i Y restaurants
S B4 F RCNN-HLSTM B () F1 2444 Ky

HP-LSTM
0.88 1 NCNN-HLSTM
|| MRCNN-HLSTM

0.86
0841 |
@ 0.82 ’/§
s e 2\
’ EN-REST EN-LAPT CH-PHNE CH-CAME
g S
6 NIRRT A RS A R

84.37% 40t HP-LSTM Bi#I 1y 82.63% & F+ T
L 74 %, A3 51 A) 7 R O TR 5 1 ) B A e ok R 4
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"NN- ER PR AT AR = A KON [ A
. g isTy RONN-HLSTM U8 47 = 3 A1 = 43 26 5F 1 5%

4 S CNNHLSTM 5. a8~ 11 s H o E A %k accuracy.

Kl gk
7 ORI = S A AR X L

M7 X CNN-HLSTM # # ff) F1 7 ¥ {8
83.21% .t bt HP-LSTM B4R T} 1 0. 58 %. [A] it .
RCNN-HLSTM # B AE = 432525 A Y cameras 46
WBRE EWEY F1{H N 71.90%, [t HP-LSTM
R 69. 90 Y HFH T 2. 0%, A3 B 45 S ] 1, A 34
I EE A X CNN F 4y 2 LSTM B IR BE 43 )25 (0 2%
TR AN AN AT LA AR B/ - PR A5 A2 T8 R 3] 1 22 [) 1Y)
MR OC R T AR I IR] — PE 38 v ) - 22 1) 14 A B
KFR. B 454 X CNN Fil4r)z LSTM ¥R B 4y
J2 W 2 AR AT LAAE I 2o F h i 43 )2 LSTM ¥
28 (AR A AN [] )23 T S % AR 2 T 1) P R CRR AR
5B RS R R E T T 0 BRI ERRAE L SRR T AY
ot 19 18 2 T A 0 AL B AN AL R 5 A DX
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Background

Sentiment analysis from customer reviews has become
flourishing in these years. And deep learning has achieved
much attention in the field of NLP and the approaches based
on neural networks have become pervasive in sentiment analysis
recently. For the task of aspect-based sentiment classification,
attention mechanism can be well combined with neural net-
work to obtain better results. However, such approaches are
only in a position to receive an independent sentence and
focus on the aspect itself in the process of training. which
ignoring the impact of the words around the target on
sentence, and cannot extract the important information of
the aspect across the whole review. This paper proposes a
regional CNN-hierarchical LSTM, which is able to consider
both word-level and sentence-level attention of the aspect in
the process of training. Meanwhile, this approach can leverage

both of

The sole regional CNN aims to capture inter-sentence relations

the relations intra-sentence and inter-sentence.

by means of receiving several regions of a review and extract

for word representation//Proceedings of the 2014 Conference
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the long-distance dependency of aspect across the whole
hierarchical LSTM architecture consists of
Word-level LSTM

receive a word-level sequential input and an aspect attention

review. The

word-level and sentence-level LSTMs,

that aims to concentrate on different aspects in the sentence we
are considering. The sentence-level LSTM is able to capture
sentence-level attention by receiving a sequential input of the
review from regional CNN, which can capture the important
relations of the sentence on the whole review explicitly.
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