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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
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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 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
hierarchical 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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A, =/~ LSTM Hooifm A il E—A ot )=
R0 4 B RS i N ) ] ) B AH R 3R] TR 2 LSTM
26 ] DLER 0 A4 58 5 T 4 BOHCAE ) F P i) SR SRR AL
B8 [FBF, AR 7 = AL AT LAk
28 AE IR0 A% v BE QT RE 8 7 TE A1) P 1) 1
B, WK 5 PR, AR HKFEER LSTM
EEEEET A

-
P88

output

-

K 5 {diE)ZE LSTM Zf A

TR N BT, ) DA 3] R = 4
hy]> BTH eR*™™, Hifih eR?, d
N LSTM Bk th ) B (4R 8 o Dy 1 fiE I 25 72 11 2
T AT DA R R SRV AR 4 SR ) TR SE T THT )RR AE
R, ARSCK R E 75 TH ) a A2 1 b — AN
IR h &5 S AE N EIEZ LSTM LT
o, o (12) Pok:
e=W,-h +W,-a (12)
Horhw, e R™ JyKeil 2 4 H h, BB AR [,
W, e R™™ 458 77 THI 1) 2 a A B R B o W) 2 7E I
SR T AT DU i U A NN 1 R U R R
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E TN SEUE I, I AT P X 28 7E I 2R 72 H
o 5 S R 5 7 T IR RS B
3.3.2 FJFJE LSTM M4

15 JZ LSTM W 2 7T LA RIGR BCRR 3& J7 THi A7)
TP EBIAE T A LG R, ER ] 185 Bl 1 45
BIAA) KRR AT, HPr S RS SR
HIR, AAEFRNE 2/ LSTM /2% 3k DL IE A R 51
XA TR B E. Ak, [F—3 AR R A+
AL AU IS B . N T 28R £ 5 2 B) PRI
wHHMAFRHERR, AEH M TFE
LSTM MKt — 04288 7] 7 2 M KO R .
X3 CNN 1 2 6 (1 508 J5 U T 17 Z A0 R
B, FAEE LSTM M2 1 i 4egmii &5 4, nTLAg
A7 2 LSTM MR —/ N oo . tHE 5%
Wz (13) Fis:

s=h, ®Ci (13)

Hrph, NiAEZE LSTM MG —)Z LSTM
BT, ci IR R S | AT R
FHEME, © N PP,

3.4 REN)IZ

AR SAFE A soft max BRI P2 LSTM

W2 ()t A9 B4R 2 2R ) 1 IB TR ) 5 SR
H, =k (14) fros:

y = soft max(Wh, +b) (14>

Hbw NBEERE, b NWE. AR A

AR FIE RN R 2GR, I R, @4

LR A — i e A SRR B, A8 X
WAXHX (15) 25

loss=->" >/ logy; + A||6|’ (15)

ieD jeC

Horb D N, RIIZREEa RN, C
NBIEHEAEL  y N RE TR, Y
SShRAH, Ao e X ERIT.
4 SEWRLERTH

AR SO — i g DX AR 22 R 2% 03 2
LSTM %28 PR P 43 J I 5 AR Y 7 6 T T 7 Uk
IHTAES T, £E 2 MiEE (SO0 A4 A

Ik C(restaurants. laptops. cameras F phones) %L
PEAE RTINS, B U AR SO TV A R .

4.1 SEIG¥HE

AR SemEval2016 1145 5 Higm#E iy
restaurants. laptops. cameras il phones, 4 M4
BT S0P, AT P SO A
PP, AR sETAT, B
FFHEE LA ANAFEBITTH, ANF 7 % R
0 NEZ BRI HET 7 GRS 7 2R
A FRIRHEE S, (ER—f) R e RE e i 77 T
FUWTH AT B . Hoh, restaurants AT laptops 4735,
W B A AR TR R 3 A R .
cameras F1 phones 4B HE G AR AN AR 2 Fifis sk
etk o SERHARGHNER 1 Fs.

® 1 LWHIEGT

HE sk R BWRAT ERAT dAT
REST-Train 350 1657 749 101
REST-Test %0 611 204 44

EN
LAPT-Train 450 1637 1084 188
LAPT-Test 80 481 274 46
PHNS-Train 140 758 575 0
PHNS-Test 60 310 219 0

CH

CAME-Train 140 809 450 0
CAME-Test 60 344 137 0

42 SINSHILE

TEARSCHISEIR , JECHHESR A Penning %%
PR ) Glove? il R W44 4 S0 B 1 7]
A EE, i [ ESR H Leipzig Corpora Collection?
] ) B AT AR A . Ho BRI ) & A 300 4ERIE
208, KB4 U (=0.1,0.0) S A B sk dal k471
ARG . AT ICTCLAS 434 T B b
HIFEIAT /i B . 7EX 3L CNN 1, A 7 3REL
FEMFLER, AR ZED, 2B
SEXIE AT B AR EAE, R E ORI 24 3.
4. 5, FFPE ORI 1000 BN X [
KEWREN 30, RIKEET 30 Kf)¥, AET
R 7 T E AR A AT UIE], N TN T

1 A f# restaurants. laptops. cameras 1 phones 45 4 AN EHSE
HEATSEG, FE S8 TP SC R BRI R E B AR REA R 7B iR &N
“OutOfScope”fIREA .

2 http://nlp.stanford.edu/projects/glove/
3
http://corpora2.informatik.uni-leipzig.de/download.html/

4 http://ictclas.nlpir.org/
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50 [4)F, ASCLL O [ AN T I H N .
Ab, N T BRI A, AR SCHESEE A T dropout
WU AR 1) IE AR BR 1) F T SZ36 I 2R 5800 4
AR, FTUAARSCAER AR T — A8
mini-batch. [X 15 CNN 7£ 55 48 F i 148 2 40
2 Fins

®2 BHIRE

HSH fii
B 30
E A A RPN 2,345
BEREBIZECR 100
IE D) IR ] 3
Mini-batch 32
Dropout 05

4.3 ¥FEESCIG

HE AR ST HE TR R E 4 J2 R B A R R L 7Y
LI 4 AU BARE S BT X b sEgs,
BOAIE A SR 73 A R

1) CNN-HLSTM: A SCHE H ITR FE 3 J= X 45 45
A, 4 ZE LSTM W48 m LUSREURE & J7 T 75 A) 7
P BRI &R, RIS A] DLREUA [ &) 7 2 8] f)
FHEIR R o AHZA RN A BT 7 1 H bRia X a) 7
BT XK 4, AU BARST A F/E 8 CNN %
N TCVEA RS AR 5 T H bR 7 | — 5] 7
BT RIT

2) RCNN-HLSTM: ASCHE H 5 1) e B,
ST U T ) B AR N AT T XA R 4
RS TR LE YN ik B2 o ] DLER X AN 8] 77 TH ) B A 1]
TR S, A RORAA R 5 e AT W
A BRI BB VPR R A 7 2 E K
PR B AROC R

3) CNN: T SCHR[18]42 H 1136 AR 4 25 I 2% A
R, AEFAST A TR NN, W S
R T8 7 THPVE R AL, TeiEE 0 e T T R s A
BEATIIGRAIRAL, W ICE SRR & J7 T TE A1) A
) FZ ARG &, 2 S Al A5 AR 220 I 2%
Xt

4) LSTM: FEF CHR[22)42 i) LSTM I %45
AL, DIBSTA) FAE N4 RN, J2& B 2 Al LSTM
PR AR A% B AT DUAR B ) AR ] O 0 B %

R, RGNS A OB 2R o ABAE I ZRid F b v
e I DR R 7 THI P15 B AIE , AN Re A 28CH ) IR —
) HRAN R 77 T ) SRR A2

5) LSTM-R: 2T 3CHR[22]3 1 LSTM M 4%
B, AR DU P PRI E N2 N, 5
& T FE— R P FE AN E A 2 A A BB R . 5
B A R E T TN IR, %A
ISR AR AN BRET RRF 2 J7 TR AT 2% ) i 2

6) ATT-CNN: J:T3CHR[814E th M3 T =)
WL SRR 2 I 28 AR, 2R 7 ) - X6 AT
AT 1 DMERE T S A B RO o A ST — ol
VEFITEGRUZ e € J5 THER JIHLE], AT DA A
FEN Rk R v i B SRR a8 7 THI R 15 AR IE 1R 2L
T R X ) (] — AN~ AN [R5 T8 ) 1 SR 12k o
{HAZAR I DSOS ) FAE M ZS AN, TCiE kA
TR R

7) ATT-LSTM: T CHR[L413E I AR
FIMLHIE LSTM LAY, 1Z AR R 7T DU ST A1) 11
Dy N B 35 T 07 TS O A AR 5 IS T L AT
WIF 50 B0 L IR ASR o 1A A mT AFE I R R rh s FE R
FEREE I, A RORBIAS [F) 7 T 1 Btk e . 3
AR LIS A RN NS 5N, 288 T [ —F
WAE )T B A B R . R Z Y ()7
PL R R R Is 5, BRI 2R A K .

8) RCNN-LSTM: T SCHR[25]4& tH 1 X 385
FEURh 28 X 4 R LSTM I 28 &5 5 SRR B A K R B 4K
O R IR, AR USRS ) FAE AN R
MHSE XK, FEAEAS [F] AT XA s R 26 ) 4%
FROBRTN 5 B 35 A 4o 228 O 5% 140 i, e It B 26 1)
LSTM £ m] LLOR B 1) 12 (RIS FP o &, AT B
R PRR IR IR B ARG &R o (HIZ A A 5
XTHRFE T TN I, IR AR )1 2R 72
HANREEE X R 8 7 AT 7 S i 2

9) HP-LSTM: & T-3CHR[16]42 Hi K153 2 LSTM
WA Z AR, 2 n] DA RSO IR € 7 T )1
TR OC R, [R] A ASR X [E]—PFie i ARl A
T BB R, ERICAH P T
1B HTESS HEUS T RSO . iR
VEA SBUEE RERE E T7 TR R 3R U AS PEAL v 1) 17 TRy
fEfE B .
44 FRERSHH

ASCAE 9 NLEAALTE phones. cameras 45
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) BT B REAS AN restaurants. laptops AT T 1)
FEURR RN A0 15 BBt X EE A SC 4 1) 2 AR RN 7

XL SESS:, HEAT 0 RXF sk, BRUEA IR
B RN SERE R MR 3 .

R 3 TEMEEE 4 MUEBIBEE LN HRER, H P R FARRTHEHE, ELRMNFE

L tid) iR BEE
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 7591 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 8851 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
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

MFE 3 TR SIS R nT LA H, ARSCHRH T
CNN-HLSTM i1 RCNN-HLSTM iR 7E 4 M5 1)
B4 AR T b A 1o 29 7R B 4 Y 4y R K
B, Hr RCNN-HLSTM #AI7E 4 AN Bl 42
AT T B R, AR R B
restaurants AT EHEEN F1 051N 91.06%A1
77.68%, Lt HP-LSTM BZUHET: T 1.04%7F0 2.45%,
b RCNN-LSTM BEAUHE T T 1.25%7F1 2.50%, ZiiE

T AR SR IR A

A ION R 58 J7 T VE R 7L A A 5 b A A
CNN 1 LSTM 73 R RARA AL, TR 2RACR
B U1 restaurants Ak AR 4 b AR ANVE AR AR
T FLAE R R A 77.92%F1 78.39%, TMiNANERE
ML) ATT-CNN 1 ATT-LSTM KR ZE restaurants
USRS )T 15 FLEAH LL CNN A1 LSTM A5 73
SRIRTET 2.67%H1 3.84%. £ 4 4 HIIX IR
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BERURI & A v E B LI S R E L& 2 AN T
T P ML RS ) - 2 R 2 2R

MK 4 R LLE W, AT 1 HE— A1)
AR 75 TRV AH [F] (15 Bl 1, 4 Fhsi 2y 2B IE A iR
AR H AR5 B 1 o (E 2 R Al CNN AT LSTM
) 286 85 750 TG V7 I Gt B2 v B SR VR R 9 THI 1R
FHEE R, BT DEEET 07 T B A 55 ok [ —
AN HR AN [R) 5 T ) e AR [ 18 Al P o 1
[F) — 1)~ H A 0 A () 1 T A A3 A7 A S [ 1 1 T
Wk, ana)¥ 2 fih)¥ 3, Al CNN Al LSTM

PR 285 A5 T4 HE AN (] P 7 T 04 e DA [ P 15 Al Pk
BE THOR MR KRG R SEFER VLI
ATT-CNN Al ATT-LSTM 8 0] AAE I 2ot 72 o i
T4 S T THD R T I WL v R DRV R 5 7 THI 1
JREFEAS S, A RX 3[Rl — ) A [R5 T ) 17 S Al
o BTt FAF 2 FA)F 3, ATT-CNN Al
ATT-LSTM [ £ #8 AT LA ok 4 5 5 T8I ()9 2 I ML
SR AN [5) 77 THI (10155 B e, 73 3810 I 110 155 J A 2%
S, NIRRT 3 S LI AL T 07 T i B o A
AR5 A B .

* 4 B ZBERRRETTFEM)

s AT Jrim R CNN LSTM  ATT-CNN ATT-LSTM
Service here was great, food was SERVICE#GENERAL Pos. Pos. Pos. Pos. Pos.

! fantastic FOOD#QUALITY. Pos. Pos. Pos. Pos. Pos.
Service was slow, but the people  SERVICE#GENERAL Neg. Pos. Neg. Neg. Neg.

2 were friendly SERVICE#GENERAL Pos. Pos. Neg. Pos. Pos.
Sometimes | get good food and SERVICE#GENERAL Neg. Pos. Pos. Neg. Neg.

: bad service FOOD#QUALITY Pos. Pos. Pos. Pos. Pos.

Ak, MR 3 SR LUE, 15 2 AT
LSTM 578 o, DL AN PF 98 1F S I 4% B N 11
LSTM-R B8 LY DUBHST ) FAE A M 284 A ) LSTM
B S 0F 1) o R R, R TR RO B U I
restaurants 47 B 45 I LSTM-R A7 1 F1 (B AH b
LSTM FAYHET T 1.06%F1 2.13%, 15 R A
PR HR AN [R]A) - 1 AE EUBR R RE A A TR B 4y
FRE. FEMAERINLE PR S, AL DA ST
) TAE %N ATT-CNN A1 ATT-LSTM M £8 #5571,
Z BV TR AT 2 A A B 5C R 1 RCNN-LSTM,
HP-LSTM.CNN-HLSTM F1 RCNN-HLSTM #&7 7F
4 NS EAR R F A L R . o, R
phones U HHiE 42 - A S H ) RCNN-HLSTM #H
b ATT-LSTM #7411 F1 (E 42T &, N 1.87%#0
2.33%.

RNT BB ER PR AR T2
V) AF EL I 28 75 A SCA (1) 56 1 7 THI 1% 840 BT A 45
bl DA ST A A N G IR 43 R, AR
A restaurants 1 laptops 2is B 4 £& (1) A 14 17 S AR
7F restaurants 1 laptops 4TS E i 45 b HEAT = 23 280}
Ebsias, XfEhseie st Ransk 5 fis.

MR 5 SEIEE R LUE H, fE =R TH
B IATE T, FEAF AT Z LR
RCNN-LSTM . HP-LSTM . CNN-HLSTM A
RCNN-HLSTM # 8 7E restaurants 1 laptops 453k
i b 0 o R b T DM A AR NN

ATT-CNN Al ATT-LSTM A&7, HAr A SO H2 A
RCNN-HLSTM #&RI7E restaurants SIS HEEE |11
SRR AT, TE 3 PR T FLE
N 77.45%, . ATT-CNN HEAU(¢) 72.32%$2 T 1
5.13%, kb ATT-LSTM AU [H) 74.65%F2 T+ T 2.8%.
WA N EE JIHLH ) RCNN-LSTM % 84 78
restaurants AU EHE S FHICF F1{EA 74.70%,
FHLE ATT-CNN BT T 2.38%, AL ATT-LSTM
BEARSRTE T 0.05%. 15855 LU ST A FAE A5
W LSRRI AR L, 28 8] - 2 TR A B K 2R AR R AT LA
TENZRIL FE HH 24 22 S VR A B8 IR 2 10 A) T TR AR
WOCFR, M AT LA BE 4 11 By R, B
TE &N 7 AL RS 2 o A AN 8 1 2 2R A%
B, H—PRAE T H RIS A T E R RNA
Rk

Ubak, MR 5 IsEit el BT LUGE H, B
TR A ) TR IR G IR A BE 7T, 5 A
EHFFCIR 4 HBERILE restaurants AT e 42 W M RE
A A 4 R EAE 80% LA b, Hid Ak R R E
ATT-CNN &4 WA 80.39%. HiE, Jrirass
AT PAKRIL, ORI RCNN-LSTM 1 HP-LSTM
TR (R85 4 22K 83.82%, 3 R T i B A3k —
HERTE, UEIHEE R TP AR AR — L DRI S SR H 1
W 285 A5 7Y T VR RN AR AR o TR T AR SCHR
CNN-HLSTM #1 RCNN-HLSTM #£ %, #F restaurants
A3 HR T B AR 1 40 2 A 4R A 84.80%F1 85.29%,
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B4R AH L RCNN-LSTM A1 HP-LSTM AR 2T+ T TS BT AT 25 H e o A AR Y e DL W 1 ) - 384T
0.98%7F1 1.47%, A SCH I I VAR T Il MR, AT HE Y (1) 2 R

%5 TEMEBUE restaurants F laptops STUBMIEE FRI= L ER

it =y EAETTE
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 7174
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
ASCAE CME R Uil B3R T — R A X
1, CNN F143 2 LSTM W& VR 7 /2 W 25 15 Y 0.79 || EHP-LSTM SCNN-HLSTM
N N . \ N @ RCNN-HLSTM
THET TSNS o T BRI .
. -~ o S
TR 2T 07 TR B T A 55 b AR F 50 B 4 % - §
N L N O 1750
(I B R, % FE AR i f) CNN-HLSTM, i §
NEY W M 0.7
RCNN-HLSTM BURFIARTHF S0 UG BIFROR 0 §
HP-LSTM HUIU7E 40 R =4 2 9 e 1 071 §
HEATXT LA . K Ee s S ant&l 6 il 7 fros 0.69 N
0o EM-REST EM-LAPT
0.88 | @HP-LSTM  mCNMN-HLSTM @ RCNN-HLSTHM | HiBE

0.86

0.64

B 7 ANFIRRY ) = 3 2R S0 45 xSt

W e
% o LRpv P 6 R T XL G AT DU i, A SCHR
s ¥ CNN-HLSTM il RCNN-HLSTM 5 RU7E 47 1) 5

56 rHEREAS T B HP-LSTM B B 4 1 43 2K 3508 .

o, 7RSI rh 3R T B i 1 restaurants 413k
¥ P54 RCNN-HLSTM # R FL “F¥{E N
84.37%, #HLL HP-LSTM L7 82.63%%¢E Ft 1
B 6 [ TR [ — 43 2K S22k L of L 1.74%. WA ET4)F R AN E J7 1 1) B bria sk k) o

EN-REST EN-LAPT CH-PHNS CH-CAME

iEE
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B ST X I CNN-HLSTM AU F1 ~FI{E N
83.21%, Lt HP-LSTM #AY$EH T 0.58%. [FIfT,
RCNN-HLSTM HERILE = 43255256 FH ) cameras 45
AR Y FL BN 71.90%, b HP-LSTM
R 69.90% 4T T 2.0%. M4 AT, AL
FEHZE A X CNN 14 )2 LSTM HIIR 5 2
2 AR R AN ] DRI ) 7 PN 30 4 S TR R 3 2
(B RO &R, AT DASRE R — Vi A) 2 8] 1)
MERFR. AR, 456X CNN Ffl53Z LSTM 1)
RSy Z MR T LR ghid e s il 4 2
LSTM [ 25 {55 155 754 WA [7]) 2 THT oA R R4 5 77 THI 114 1
EFEAS S, AR 7 T B 2 1 IR AIE
SRAN T AN B AE R T AU AR R . AR
454 X 18, CNN F143 2 LSTM 2% iR B a] DL i
X% CNN SRECEAF A IS EHEE R, R T
PSRN FA)F 2[RI P o 2R, X 28 A R 7 )|
Srod R nT U2 B2 = & (1)) 8] IR 1 IBEAE . BT
DLAS SCHRE H R FE 4 2 9 A 720 1 BT A 40048 ) 5
YE4E FARELAS T H HP-LSTM 57 B8 4 1K) 43 28 2%
B, AR T AR 1 RN 2 AR T £ T O T RS
BT 55 v A 850

CEEER 3. R 5 SLIRLEFAK 6. K T XLk
SR LLEH, AR HIB CNN-HLSTM #
RCNN-HLSTM #i484, 7Efrf sl #gEAS 1 b
Ry RS ey € S il e S el s N i s
1 H A i) SR il 43 o7 X 380 RCNN-HLSTM #5278
TE BT A A S2 06 R AR B DL ST ) T 4R O X I
CNN-HLSTM #AR R L, BHA SRR T
AN TR 75 THD 1) E A 1] S Kl 3 A 8] X 38 1) 7 VAR R T
T B B AT S A A Rk . T —
A5 U6 IE B T AN R 7 TR B A 1 SR &I oy X 38 5 VR 1
BN, AR FRAT AR E R X 85y, 7
laptops #/1 restaurants $He £ 4 4 FXF CNN-HLSTM
1 RCNN-HLSTM #AY 347 4 FSF0 = 53 % bl 5k
5, e 8-1& 11 fax, HrIE#E N accuracy.

0.813 T T T

0.812

0.811

0.81

£ 08098
0.808 -

0.807 -

—*—RCNN-HLSTM | |
CNN-HLSTM

0.806 -

0.805 - -
10 20 30 40 50

DI K g
] 8 Laptops 4HIsk#icdii £ LA [ DX L A — 73 245 51

077}
0.768 «—/*./r

0.766 -

Ei

0.764 -

0.762 - -
—#——RCNN-HLSTM
0.76 1 |

CNN-HLSTM
3

e e
10 20 30 40 50
XK

K 9 Laptops 4k Zd 45 AN A X 3K B i =40 R4 3

T T T
0.866 -

0.864 ~ A
0.862 ~ A

0.86 -

0.858 A
0.856 o
1 —=—RCNN-HLSTM

0.854 ~ ~*CNN-HLSTM |4
3

IEM%

r r
10 20 30 40 50
[E€23N 3

K 10 Restaurants Sk EH5 45 A [R) XK B 1) — 0 S 4 B

ome;/////d*//////),
0.834 4

£ 0832
H

0.83

0.828 - —=—RCNN-HLSTM |

*CNN-HLSTM

0.826 = =
10 20 30 40 50

DI

Pl 11 Restaurants SIS AE 4 A B X 380K B (1) =43 2545

A 8- 11 MsLIREE AT LA, AR
H 7 RCNN-HLSTM #845% E CNN-HLSTM #5 B47E
restaurants Fl laptops 2 MEHEEE b 1) =53 2R =4y
L EA A B R . RN AT B
CNN-HLSTM A FE [ 35 XA B 18 4k, 4r 2K IE
W% AP SN EE RCNN-HLSTM BRI Bk, 5 B LA
S A) T LR A3 XA T R AR XA B N AR
W GRid F8 2 % SRR 58 07 T A EE B M 1A 1
1M RCNN-HLSTM #5782 56 15 2 J5 T H Ar il %
XA F AT K3 5, 24 XK BN, i mT B
TR B ARE 8 7 TR 25 V)8 R ERENE, AMEUE L E
FERI 2 X3 CNN-HLSTM A5 5 56 47 73 258508,
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SR T ST AN [E] B AR K 4 DX S A R
45 BBEGERSHT

T AR SR ) RCNN-HLSTM
FE53 2 W E8 A RULE At A R AR MR IE AN TG i A+

* 6 RGP R B A2

KRB S XE AR L AR OB A BRI ROCR, A
SN H £ m g L 2 i TR )l ) EAT 0 SR R
XA, WEk 6 B

Id AT KIKAT 71 5/  ATT-LSTM  HP-LSTM  RCNN-HLSTM
1  Can be used for gaming as Awesome laptop for LAPTOP#MISCELLANEO Pos. Neu. Pos. Pos.
well. college! us
2 Leave room for dessert Great dining experience FOOD#QUALITY Pos. Neu. Neg. Pos.
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Sentiment analysis from customer reviews has become neural networks have become pervasive in sentiment analysis

flourishing in these years. And deep learning has achieved recently. For the task of aspect-based sentiment classification,

much attention in the field of NLP and the approaches based on attention mechanism can be well combined with neural
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network 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 the relations
both of intra-sentence and inter-sentence. The sole regional
CNN aims to capture inter-sentence relations by means of
receiving several regions of a review and extract the
long-distance dependency of aspect across the whole review.
The hierarchical LSTM architecture consists of word-level and
sentence-level LSTMs. Word-level LSTM receive a word-level

sequential input and an aspect attention 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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