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Survey on Opinion Target Extraction

JIANG Sheng-Yil»?2 GUO Lin-Dong? WANG Lian-Xi3 FU Si-Hui?

Abstract In recent years, fine-grained sentiment analysis has received extensive attention from academia and industry
for its important role in business decision-making and public opinion analysis. Opinion target extraction, as one of the
basic tasks of sentiment analysis, has been the crux of fine-grained sentiment analysis for years. In this paper, the origins,
state of the art, and research directions of opinion target extraction are discussed. We first elaborate the basic concepts
of opinion target extraction and formalize the problem, and then based on recent literature, we conclude and summarize
the approaches and techniques, which we divide into five categories: frequency-based method, pattern-based method,
graph-based method, CRF-based method and deep learning based method. We also review several evaluation contests
and collect the available corpus resources on opinion target extraction. At the end, the challenges arisen in opinion target

extraction are analyzed as well as the probable future is given.
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15 b 4 PEI SemEval /1, FE3EH XS4 5E X
MBS I R AR A 45 1 SO TP PPN SRR AR I 20K T
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ICARGE, PEUTXS R AT DA MR AE 77 i Eh B B i
T PR S Rl AR I, 15 0 I A 4
WA RN AP ER R NES
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1 BRI AT 53 B

5] 1. The noise level was unbearable, conver-

sation impossible. (from = “4” to = “15”)
51 2. Highly recommended is the spicy fried
clam rolls and spider rolls. (from = “26” to =

“48”; from = “53” to = “65”)

5 3. Great for a romantic evening, but over-
priced.

B 1, PE RS A noise level, & 44 i1,
A P R 2L, Ho from FI to FEFEU AT RAEA)
THRIGLE (W0 IFAG); Bl 2w, spicy fried clam
rolls I spider rolls ¥ PP XF R, B AT 41 K
R, HE PRI B 3 PP R B
TESCAH, EARSE E R SCE SO RPN X 42 price,
PR BA IO R 5. PR A B PP A X G il BBOME 2 28

K, BT AR ECRFSEARXT A X il — R SR, AN
A H A RS I R SAAFNE L, EER
REE T SR I FUE; AN, AL PR G i
Fe ey ol SR EAT R0k, 5 BT T SR IR B
A H T

P XS G H R U 5 i 44 SRR ) AR
W, P BEA R R A DO AR a] AE AR
SRR R, 5 )53 E R A T R0 A A B SCA
I A2 I LA 44 55 L 240, IF TR 5 R
H BAE WA )5 R AN S BRAE R v

1.2 ERERR

R AE 55 FUBLEE B R[], SAR A Gefib 3R] DA
S R E RS IRRIE A G A . TE R B
X S B S ERI— MEM XT R A, B % T —
AR T TN A G (kL B B0 R
PRAE), 56T — AN 1835 R R S 0 BT A A
IR AR vk I IR e <EiitN: R [ R R A
B — AN T B AR B R R 5. R IX
WP 1 BT, 0 7 o AU O
FRAL 555 J5 38 T R A RIS R 42 1 W A5 1 A7
RETRGETAT, BIanTe R o, AT RETESE T
S T AT AT G5 IE WA AR . X LR
AHPIE R FER: 1) XTIERGAITA 4
TE, TR FER R BETER C = {r,ra, 75,0+,
P ¥y Fo, m IR R, v WA m SRS,
4500 B R C SR M gaiEE S T = {4,

TR 5
BN BEAMERLOR ——
B TEUTR
1. Ttis ot high quality, has a killer GUI, is extremely stable, is ‘
uali
highly expandable, is bundled with lots of very good quatity
GUI
applications, is easy to use, and is absolutely gorgeous.
applications
2. Basy to start up and does not overheat as much as other >
use
laptops.
. . start up
3. T can barely use any USB devices because they will not stay
USB devices
connected properly.

AT YA

BN )T

easy to use, and is absolutely gorgeous.

Tt is of high quality, has a killer GUI, is extremely stable, is highly
expandable, is bundled with lots of very good applications, is

i PR AR
quality [14, 21]
GUI [36, 39]

v

applications [118, 130]
use [143, 146]

K1 RGO AN AT BT 55 X

Fig.1 Difference between corpus level task and sentence level task
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{5 B (Point-wise mutual information, PMI) $7 AR
A AT PR %42, AT 50 B8 BB 46 1] RE Y 3 7
WX G A, FEAH IR B 4E b, BTk [3] 1y
VETEERG R T T 6 %. AR o
PEPPH X 2 F 7= i 2 51148 7R 7] (Class-specific dis-
criminator) 2 [A](1) PMI {8, Ff AR £ 56 M158 7™
mZEBNE R FRHZ RSB R G5, PAs
I FRE 2 A5 A I 1R] R4, Blair-Goldensohn 5P
S A ARSI . A X TR A A1 SR A AT P X
PRI 8 . (51 01 D EASEAR T, AR50 Je
ThI 2 44 1] B 4% 1A 0, U2 44 1) B 4% 1) AR T i
M.

Scaffidi £ R A L AL TS o 3T
AR T — Bk, $E T s SRR
PP T PEIR SCAR TR X G B R 8. %  EE T 4%
TR, T B B 22 1 PP R 2 e B R 5
I, (EXF H BLR B Z PR S R ROR AR E, I
ARSI A 5 7 WERG 2, XT3 0] 4 DU Jo
.

LR, A — e H A BRI 5 ¥, WY

T U T ‘— BT [3-9]
ETHBA . — MBI [10-17]
— R ‘— MATAE: [18,20-21]
TN R REEU ¥
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Fig.2 Summary of opinion target extraction methods
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Fig.3 Procedure of the extraction method based on

association rule

ST B T R TIRATE S BB LUR A K (Like-
lihood ratio test, LRT) {7, Xu 2508 pprpse e
Am) -t Skip-bigram SRFEIR, #E T H 34
TE 72 i PR SCAS H HE B SR BRI 1R, A Je dl et ¢
X HOR U R 7 8 B Al 15 ) A e L. L 25000 A Sk (3]
S, JE a2 R A R A e A R, R AT
T B B SRR BT SCRE B (PMI-IR) 1 59 A% P
HEERE. E TR PR X SO VA LR 1.

2.2 ETEWRMME L

FET RSN B PPAf Xk 52 Al B YA o IS0
WX G AL AR S B P X 4 510 1R 2 TR] Y
FIEEOEE KRR, RIS AT . TR . K
F7 K R B0E A B & FE AT A X S .
R TTE WA STE T U ME AR A, B R
BERSEME S WP AR A oAk, B AN B 1 E
FILUN DCC 1) 5 F ML AR e 2 1) T, A 5L AR AT A D)
J7 M R

Zhuang 219 Fp i)l 4518 kL v i ] Stanford
Parser #F4T KA AL AT, HRIEVEXF S FTEA 1]
IR LR AR A s A K AR, AR i T 4
ST BT XT S ANV 1R 51 3, 45 G K BB
XIS AR AT “RRAE — WA WHiE. Jakob
2 [0 AR Sk [10] AYEERE_L, Bt T 34 A FE AR A
AR AR B PN RSB R R R %t
RERTERHATIZ 88, $& t—FhEF X4 e 4
T B ARSI B PR X G U ¥R, O
FHARIE AR BT . AR DT JE 0 59 R 32545 21 5 18 71
WXt 42, S8 5 8 AU Bootstrapping Jy 32 ifi 26 t
TR RIS, B a i K SR SEE X 20 7 i 44 PRl
mmE k. AR R SAT, FrRAE R GUEIE R 785
A DL T AL B A G i ITe A S BT L.

H 1 ETRRHEOA R

Table 1  Comparison of frequency-based extraction methods
SCHR 3 BIEIIES HE EMhe S
Digital Camera 1 English 0.747 0.822 0.783
it [3] Digital Camera 2 English 0.710 0.792 0.749
HE IS + AL .
Hu % R Cellular Phone English 0.718 0.761 0.739
2004 A MP3 Player English 0.692 0.818 0.750
SREUAEAE PR 5 .
DVD Player English 0.743 0.797 0.770
Digital Camera 1 English 0.89 0.80 0.84
ik [4] Digital Camera 2 English 0.87 0.74 0.80
Popescu % PMI Assessment R Cellular Phone English 0.89 0.74 0.81
2005 MP3 Player English 0.86 0.80 0.83
DVD Player English 0.90 0.78 0.84
Sk [8] Skip-Bigram + - Mobile Phone Chinese 0.4081 0.9529 0.5715
4 T
Xu % RIAN + By AL ) Digital Camera Chinese 0.3828 0.7153 0.4987
2012
SCHk (3] AR L Mobile Phone 1 Chinese 0.732 0.667 0.698
W"g + BT L - Mobile Phone 2 Chinese 0.791 0.850 0.819
Li 4 i
2015 + &+ PMI-IR " Digital Camera 1 Chinese 0.721 0.756 0.738
Digital Camera 2 Chinese 0.719 0.639 0.676

SR AR AR (Precision) . Hal# (Recall) il F1 ff.
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Qiu 203 #7247 —Fh Double propagation
(DP) 19 WA 2 > P74 6 52 A0 DA 3] 1) 4l B
W5, AREGE 4 Frs. B AR TR TS AP
AT R ZRARARCH 220 0 PEA 3R] RN PR X 52 2 TRI R 6 R,
DAL AR PP 1 R OV X 52, AR VT4 X 52
BV 3R], SR e AR B TP TR RN VA0 X5 52 oK il BURT 1
TR FIPE XS 52, TG, B2 BA B 0]
AP S. feJa, FH SR ERT A X S 3547 i
TEPR A B VE LT AN, TR D &R,
W T IR AR S N AR AR, 282250z
HAL.

s BRSO A Minibar
LT REAT
WEFAGT e b
T AR S —~  Stanford Parser
HAZPEVERHT fe-----— MiniPar

o OFFE (654
Y L1098 A !

__________________

CETE T r

RS TS0
N |
PRI 01 T

AT (s ST AT
SHWHEGE e 2BBME RS
l LW R AT

p EER T b
W gEWOE | L
P 71 %

K4 DP BRdE T o gemipol 5§
Fig.4 Procedure of the DP algorithm

DP FIATEE RN 0L T 25N Z Toik
S R R, S EOE AR SR PR A FE TR/ 1 DL
T, BEIFSGFFEE. %I, Zhang %1
T ICHE N ER Ay — AR B No AR 52 i 4
5 SR G 1] HITs SRt i e, I
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FHEFE /R TR Hub 37, H PR AR 7 i G5
Ml P SERFT No, PAREH 7R IE], [R5
BRI X RABUBAE, 5 J 405 15 1 38 P14 0
PR R I A A0, f3 o0 —E BUE I Ry
IRARIEN NG LR a R R, RN (1000 A
A7) I, AERER SRR RRARA N DT, A [R5 2]

BERFET; TEAHRCK (3000 AM)1) B, B THEFHL
UBE R 8N e, A U A R ] 3R AT
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AL D) Py T 32 R T AR A0TSR, A7 A 40
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101 AR SRS Y R AT R T
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9l IR AR, 1) WKEAR R ER
PR ATR IR AR A 2) T 2T g A B Y A A B A
VERC SRR A B BT B O BT, SRR AR
KW, ARREARBIR 70, FEEETEN 1 I RERRAT
ISR TR A R R BTN TR R PE 4 X
GAERPIREE I AP AE—RE KA, 1T HaX Bl oK R AE
PRI SO il A7

TLRE T 5T T 4l B0 Ty 2 B9 L
A PO R - RGET . E S T
3947 A~ b TR SR, SRS KR P IE 3
APEAT ARG | AT R AMRIZTE L), IH9A
T8 AL DASE BRI B il s A R Ak UL T 12
WP R . 2 AR I R ek . B
T SORBCPP U BRI S PP e R ASE B R X
PR SRR, SERR AR R, HERG SRR 80 %
PAE, HIEN 97.3 %. I IEAEAT SCRENIE . 1
TR — 1 Bl SCA T RIS B RO ROCR, X1 B
PR AEAT SRR AIATRR IR IR 2 B SUAR R A
. FET AR B PR GAm BT 7R WL 2.

2.3 ETERHEZE

BT FR BN R AP A% B T IR A
TR R Z B R R, HEARARIR: 1) K543
ol 4 T RETE I S g W X R 4, JETE AT A
FIRBE VPO RIS, 2) SR AATF0 3R 20 A 4% BRI X 57
A 2R 25 A R A 8 TA o R A 1 1) 2 [ 1Y
KA, MBI X R AR T T VR TR, ks
VAR S AR PP 0 G2 2 (B Y % R AR ST, A
— A 3) FE K B EHE (Co-ranking)
SEAVT AT BRI (10 AN T G A e P A1y ] )
1 B R, LA R v A O A Al e I 0 ) A %
ZuENA. BT ERE R PR RMIBOTIA WL 3.

Liu 2081 35 A8 A BT PR R o S A R AT
PRI RN 1) 38 5 3R]0 55 A A2 i e P o
GG 1 Z 1R R A5 2) O T R i 7
TRRHEIE AN R R BEAT PR AT, B2 B B 1R
AN IR

HE—ME 0 AHRAT S = {wi, wa, ws,
o wa b TRFERE A = {(6,05)]i € [1,n]} W3E
i RAL BT Z TR S AR 3R

A= arg max P(A|S)
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Table 2 Comparison of pattern-based extraction methods
SCHk 5k 25 BlEE HE FIRLER!
ik [10] Dependency template, . IMDb .
Zhuang % ok English 0.483 0.585 0.5292
2006 Supervised Movie Reviews
0.3126 0.4127 0.3557 (S)
Car Chinese
0.4513 0.5958 0.5136 (L)
0.3219 0.4006 0.3569 (S)
Sk [19] AEBE + 1 Camera Chinese
) 0.4556 0.567 0.5052 (L)
X4 Fiidug + PMI GIES
2010 0.3472 0.381 0.3633 (S)
g 4 43 ET R Phone Chinese
0.4976 0.546 0.5206 (L)
0.3379 0.4566 0.3883 (S)
NoteBook Chinese
0.4693 0.6342 0.5394 (L)
D1 English 0.87 0.81 0.84
ik [13] D2 English 0.90 0.81 0.85
Qiu 4 Double propagation R D3 English 0.90 0.86 0.88
2011 D4 English 0.81 0.84 0.82
D5 English 0.92 0.86 0.89
Do S ok Strict PR, L /R Lenient $EI .
2 Based on feature-opinion pairs.
%3 HTEIHIIO L
Table 3  Comparison of graph-based extraction methods
SCHR WIR7A 5 pyeiiz s HE SHG 2
Camera Chinese 0.75 0.81 0.78
Car Chinese 0.71 0.71 0.71
Laptop Chinese 0.61 0.85 0.71
Phone Chinese 0.83 0.74 0.78
Hotel English 0.71 0.80 0.75
S (18] ) - B MP3 English 0.70 0.82 0.76
Liu % R + BOBLEE ikt ,
2012 Restaurant Chinese 0.80 0.84 0.82
D1 English 0.84 0.85 0.84
D2 English 0.87 0.85 0.86
D3 English 0.88 0.89 0.88
D4 English 0.81 0.85 0.83
D5 English 0.89 0.87 0.88
D1 English 0.86 0.82 0.84
ik [20] WRIEAES BT D2 English 0.88 0.83 0.85
Xu % ~+ BfALEE Ek D3 English 0.89 0.86 0.87
2013 + R S L D4 English 0.83 0.86 0.84
D5 English 0.89 0.85 0.87
SCHR [21] B _ ) 0.43 0.39 0.41 (Strict)
Zhou % WAL IR M) Tencent Weibo Chinese

2013

0.61 0.55 0.58 (Soft)
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Jj=1

P[MB,3(A|S) X Hn(¢1|w1) X
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j=1
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Z )Y O AR nles|ws) 201 T 3] B 5 L g
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BERZ ISR X R, 5 — T F— AN B i
O HRAS. A6 3t BB I, 3% 3 AR E 2 i T 4 )
A AR (P X 4) 5250 (FEHrE) 2 8l
(A P, IO B EE 20 ) 1 R TR X A )
o5 BE. Horp 42 1) B 42 TR AR 5 T8 2500 2 TR) Y O R
T Association(wy,wa) 25, TR E H

Importance(c) 454 .

Association(wy,wa) =
1
t 1-1¢
+
p(wNawA) p(wz‘hwl\’)

;H\:[:F‘v t y‘:’ﬂ%—‘pﬁ]%7 p(wN7 U}A) = COUnt(U)N,wA)/

Count(wa), plwa,wy) = Count(wa,wy)/
Count(wy).
Importance(c) = m

b, e ik, tf-idf (c) BIoh25 4 1) TF-IDF 24
=, HT 20 ] g 2

CERE M SRR IS, A B A T RE L
6 Sk, WOSAUS AT R A1 A T 1) A ZA ., 4K
S BN L e — i BB AR B PPAN X A e %
HITEMN ST 2. 43 517E COAE2008 Dataset 2, Large,
CRDP = ANdfase Fabfracs, Hip Large M4
BRI, LR R BN, R EAUA LSRR [3,
13—14] FEHERAZR . HBIZA F H FE AT

Xu 200 L T — A BERE LR S BTAf 7]
FPEA R, 7256 — BB, 11 MiniPar

Stanford Parser X411~ SCAHEAT THAARE IR A7 4]
YEOAT, KT BB RARC N TR R, KT
(1) 44 1 5% 4% TR FE B AR 1D A R PR X 42, 10 SR ik
PR R R I PR X 52 2 TRl S AR A B A, 2 )
I B3 7= A B e PP AN 1] e TPAN X S R
BEATREAVE A TH s, A =B IR, TH s 22 1) (1 4 0 A
EREEEER 4 w(vaavb) = fTGQ(UmUb)/fTGQ(Ub) Zh
i, vg, vy NI, freq(ve, vy) FRILIE, 5K
S e B A5 A B ) B BTL U A SR A 2 A 1) A
PR KT G07 22, 7200 )7 3= _EHEZ SR p AR v] fg
R IEMBERIRRIEM RS S B, BT B
By B A28 R i iR TR A B 2 W, 9] G e 2l
PITRAR AR 2 VRN X5 B i, B 26 B
BN, BEVZ N X G E, B B4,
TEM B Bt B SR ) A LEA T DA

W T A H PEr 36 AP O X S 22 [E) Y K &R A,
Zhou ZEP HRH T Rl HBRR A 1 1 535 ok
FHEUE SCAR BTN X 5, AR AR 25 A% 1 3R i B
AR, s [a]— 3% 8RR LY A) -1 A S A ]
PV 4, SR G, B TFAE MR TR, A7
(] 0 RERLBE Pl s S5 AR DU T A 3, M Al R
FEVE, R BT SCAS v b B BT A 44 1) AT T
JOBR S SCAS ) 43 1l G5 A M PR X 5, DAAS
R SRS R & (Label vector), f)5,
3l W5 B A 25 A% 19 BV SR B DA X R AT HEA,
TR E S AP R 5. SR AR R, dEIR
BRSSO IR 2 (B A B £ ok AR
PR T R IE AR

2.4 BT FAMNIARENTG X

— g Sl R R B AR E B A5
BTN T 3 R AT PR R G AT FIUE, 451 40 B = 2
FK#iAl (Hidden Markov model, HMM). # K4
/RBHRAEA (Maximum entropy Markov model,
MEMM). 4Bt 5 (Conditional random
fields, CRFs) % &4 /7 5 it 4, CRF &
HMM F1 MEMM #) o0k i Ac, 15 8] 72 20—
BN, FHCA B E R AR 1 T VA
HMM Hl MEMM #8, $3 JL3C#k [22—23]. R
MAFET CRF WhiE.

Lafferty 224 F- 2001 4E42 1 #4119 CRF #
A, BT 2889 0 fibrd:. CRE 412 Ay
(4 ) 1) AR T i A A A b HMIML A, 3% f
PRGBS AR, RETE AT R SUE R, FRE
TR G, A MEMM #E81 R 2 JRy s e —1k,
1172 X MR AT 42 7 H —1k, I DARE k50 bR 10 e
(Label bias) [A).

é\m = {fL‘l,JIQ,JU?,, s ,l‘n} %‘%%Xﬁ?ﬁ“?ﬁu’ Y=
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{y17y27 Yz, 7yn} %ﬁ%ﬁ?ﬂ, )ﬂ”?ﬁfﬁ
lx WSO y BRIRER

1 n

pylz, ) = Z(x) exp (;;Ajfj(yihyi,fl’,i))
H, Z(x) = Zy exp(3>oi, Zj Aj fi(Yi-1,Yis T, 1))
KA F, £ (Y1, vir x,0) H—FRIERREL A
FUE, AT 222 S IS A. BRI KA TRk
PR B ) 3

XT PR RSB, W 2 KSR, y
FRice 1, vt va v RECIOB JE s IOBES JE
ﬁ- # X H 1I0B ﬂéﬁa Iy Yi € {I,O,B}, ik H
IOBES £, Wy, € {1,0,B,E,S}, % B, I, E
I3 FR T R R AR 4G . NEBFISE R, O %
PSS, S FRZHS A AL Bl
BRI AT “A few tips: skip the turnip cake and
roast pork buns.” & Wi FFRE T L 4.

Jakob 225 Fil [l CRF 2% £ A~ 45s A A
HEAT 720G, VRN AR AE G R TRRRAE | RIPERRAE . 4K
FEAEFRAE . TRl BERRAE AN SR R AR X 22 PR
HAPATII I, TEREIFe SR ERR 2. H 0l
ZH T 5565 0.749, 0.661 F1 0.722, HIEIKZE
S 0.622, 0.414, 0.497. & HAE TR =
RV X G2 1 1] 1 LU PR S SRS I 22 0, 24
A B 2 YR v ok B0 E IR EEE S D B PR
PG ARTE I, X P X GAEAEXE AR 1. X o A
WTE S T A2 ) ik R R SRR S
YIIER P B UM %, EAR B 45 RAAE TR
BOREM IR

YT RASOA, Al 2 I 2 R IE
G 22 AN 24 1) B 44 TR R, RS R AR AL
FREE ) A . SRFT R0 S o e AR
T A% (R0 BRIV A AR A e 4t Ry ),
AR JE AR BB A3, BB A AR A A Y 2
) MRS, IS IH T E AN AT A% O AT Y
ey FEMOPIRZ I, (B AT, . VA
FRER) CRF BRI 25, SCIe 45 R OA) )
EIG ISR A 12 F EE 8RR,
R T BT A% A 5 s A Rk

T A TR BV R O ROCR, 1R

— WL e

VKAFEPT 38 A BRI S A oh 5 L AR R AT 4
e 52 AL EAFAE, DABE R PP X 52 IR 50 14 v =
BIZ TR TR AN SCA P S5 AL AR X ] B(ELAZ
HITEIR B, BN i iR 4. BIZ AT BeR
FHRI ARV A, iR A7E CoNLL 2000 Pl
R FERE 90 % PA L, B, WA ERZ A
o AT a2 ANA AL, FEINA B R AR, B
1 RSO B P X SR RE. BEAT, S T
] (4 6 B AR B A RRAE, 4562 AR A AR AL
— [T IIGE. #E COAE 2008 {L55 3 HyiERIEAT
S, BN, JE R AL E R PR ST
¥ F (EiR 1.47 %, WIZAREVIRFEME - F(E
P 5.61 %, BASRHE IS 5] AR F A3 5
5.85%. %5 MK 7T CRF BALIEAT O X
ZMBU T .

2.5 BETREFINGE

2006 4FE DA, TREES: I AETE & R AT AL
it S AT ) LS T G D T AR A v B A
HH ARG ALAR 2 2] T3, TREE2E ) W] DA H gl
SPRRE, T 55 B R AU A W R S B A
WA, TR ) R K T S E0R 2 IR S5 14,
M-EA SR A RIER R e ).

ZJE, FEIFE A RES 2] B 322 3 Rk
(RIRE S A CRE 1 a5 B AT b & 2529 IR 2 4
W 2% 17 T3 2 2] ) T SCAR BB URIR, R0 T
X FRIEN CRF BRI E A, PABLAS 3] 5 & 1
%%, Wang %528) $7 4 (i 33 )0 28 ) 2% (Recursive
neural networks) 1 CRF #1456 0905 ¥ 3:47 Py
XGNP R B A EL, £ DT-RNN (Dependency-
tree RNN) J5301— CRF )2, DA CRF #i#23)
R BT SUE R, S WK 5 s, Mok EA
Tesih gt ® b S ng CRE LAY AL 3, (HkE
Yo T T LA AE R B2 TAE. Yin R fpap 5] 5
fic A (Embedding) HiHEHEKAE R CRE ALY 1)
ik, A Bl 6 Frs, Hggaig AFIHRFE
A BT SGRA I 6 (a) 153, 20k EF3CIRAH
K 6 (b) 158]. WA IRES > HES,
Liu 2505300 i F F e I 4 e ] ) A0 G AL A B 22
} 4% (Recurrent neural networks) 7 )% A, £

Z 4 10B FiI IOBES #ryfl1

Table 4 Example of IOB and IOBES annotation
A few tips : skip the turnip cake and roast pork buns
10B o (@] (0] (@] (@] (@) B 1 @] B 1 1 O
IOBES o (@] 0] o (@] O B E @] B I E O
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F#5 ET CRF BIEMEUY K
Table 5 Comparison of CRF-based extraction methods

SCHR Tk 2 EYEITES HE IR Hs R
Movies English 0.749 0.661 0.702
ik [25] CRF (Lexicon-related Web Services English 0.722 0.526 0.609
Jakob % OFE
2010? features) Cars English 0.622 0.414 0.497
Cameras English 0.614 0.423 0.500
0.5097 0.3579 0.4206 (S)
eV LN Chinese
0.7295 0.5122 0.6019 (L)
4 Ohi 0.5679 0.3631 0.4430 (S)
. nese
ik [27) CRF (ZHEHHE + 0.7761 0.4962 0.6054 (L)
ok Ja & AN ERHAE) o7 0.5843 0.4200 0.4887 (S)
AT : . .
2011 R A RLELTE oA Chinese
0.7692 0.5529 0.6433 (L)
0.4302 0.2060 0.2786 (S)
KE Chinese
0.6265 0.3001 0.4058 (L)
CRF (Lexicon-related
it [31] ( COAE 2014 0.6901 0.4605 0.5523 (S)
Liao % features + Syntactic and G )
9016 e information) e Chinese 0.7432 0.4855 0.5873 (L)
semantic information
VRSB EHEAT T U S, Ik N B AR
Pairwise connections in linear-chain CRF advmod conj
0 @ the (1) ) food &) / e dmm AUPNLN \
Y very  professional waiter  staff  and  service
Input output wnncutlons in CRF
scrvice (conj™", dep, amod) professional

T DOBIJ
food (h)
NSUBJ

DET

the () W

EDED @D
\

K5 RNCRF g5fy®]
Fig.5 Structure of RNCRF 28]

ALY o R ] ) A5 2 B SEIREs R R, To
T ATATRRE TR IR B 2 S B Lu A B2 1) CRF A
RSB A 45 58, e ah, AU AT DA R 3% Mo fl A 1]
P TEHSEE S, Poria 2B (R B £
W 2% (Convolutional neural network, CNN) {H 5]
PEM NS, FIH Amazon 18 SCA I Zkia] ] & AE R
FRERIAE] CNN . 3 6 I 845 T 5 TIRE
HEAT PR X S AR T 3.
H A, R )70 3 AR5 5 Ab B0, A 1

@@@ -+ (000 ~ (000

(O00) (00O0)

amod
(OO00) (OOO)
conj”! dep

(a) WA AR H R A MDA B 542
(a) Unsupervised learning of word and dependency
path embeddings

waiter

(©00) (©00O0) [eXeXe)li{eXeXe)
very professional staff and
(b) Zlk B NI AT 4 3
(b) Multitask learning with linear context
ETINCE SRR
Fig.6 Example of the embedding learning[

JBRZ K A iR SRR B RR, mHARRAZ IR
SR RN e IR EE 2 ) AR B e FARIE
A BT, TR SR A 3 B W R RS2 4 AR
H. BEAh, TRBES: ) AT s, BN aR 2 2R i

29]
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Table 6 Comparison of deep learning based extraction methods
SCHR Tk 01 EYEITES WE SR
R Neural N ki L ! English 0.7457 (F1)?
ecurrent Neural Networks aptop nglis
it [30] 0.7500 (F1)*
Liu % + Word Embedding + CIES
2015 0.8206 (F1)3
Linguistic Features Restaurant?! English
0.8082 (F1)*
Dependency-Tree Recursive L L Enelish 0.7809 (F1)
\ aptop nglis .
ik [28] Neural Networks + CRF +
Wang % T
2016 Linguistic/Lexicon Features
Restaurant® English 0.8473 (F1)
(Name List and POS Tag)
ik [29] Word Embedding + Laptop! English 0.7516 (F1)
Yin & Dependency Path S Restaurant?! English 0.8497 (F1)
2016 Embedding + CRF Restaurant? English 0.6973 (F1)
ik [32] Convolutional Neural Network Laptop! English 0.8672 0.7835 0.8232
Poria 4 CIES
2016 + Linguistic Patterns Restaurant?! English 0.8827 0.8610 0.8717

! SemEval-2014 Task 4 %5

2 SemEval-2015 Task 12 ¥ifdE

3 3 Elman Type RNN + Amazon il & + 155 FHHE

4 LSTM-RNN + Amazon [ + 155 ¥ EHE
FROR . THER R R ROR. ME RS TSR
SELRE T BB T AN R ) A e, TR AR S A ih LR
71 HUAS: 5 SRR S 1) () Bof 2 25 B o) G il B )ty
KR

2.6 oHT

H AP X S 3l B 5 9 R Ge— i P
Bl R BB AR T R B FRYE (M35)) |
I B AR PR SO, [ — A TE
AN R TE R R BE AR R 22 e, FRAl AT IR S Y
SCER R RN B A e, PR, AR SOk s AL A
L) 1) CRD (Customer review datasets) #l
SemEval-2014 ABSA (SemEval-2014 aspect based
sentiment analysis datasets) 1 A S5 by %5 ) JE i
TERL, FFAIE I 20 B 25 D SR A [ — i A i PR e
P, SCEGEER W T AN 8. ME T FIE 8 WLE
ih, 7£ CRD $#a4E b, BT RN RO RSt Bcy
VAT & F {H, 7F SemEval-2014 ABSA %§
g b, CRF FIUREE2E 3 RIS AT a5 5. B
Z MR ETET CRD i £ 8 &= 5% /0, R
TINS5 N T4 B B A3 8% 22 W O Y B B B
5% ®T SemEval-2014 ABSA a4 =, ¥
HRK, FIE A% CRF FIR RS S S0/ 251
PRI > k. (B2 IX AP 7 it 2
WFRITYENR? RS R, LI T 5RA

IRIJet A K, i85 2R EA XK, BB AL
BRI B AR PE bR TR e 1 R J 22
TR S - B SRS IS4, LU
MEE RIS FIEN IS & B RHAERE RO T
R, TR TN 48 28T A4 AT IR AT AT

77 i PR SCAS Y, FEAR PR RS SR AR BR HL
BEHRSCEL, TR R TR A PN R A BT YA LU
L. SCHR [34] A4, AETERIEA 4000 143
FEU, PR 300 B AT RREE AT AT 5.
FEEA AT ERY A 1) S REMIBCIE TR R 2
BTN RS G, X T AR B A X R 75 A
SNEBEAR T BTG 2) ME AL S )75 3L 4
AT BRI A Ik F S S, SIS To PR
4 3) AUk AL ROR 22, Bl an ik # 21 8r IH
B, (R Ay G 2 PTG v 0 % 44 1) 1 1) i v 5
JF T REARFHM R,

FE TR 9 77 35 R T 5 I B) 52 2% AR,
e RERTETRRL, DA O DAk A 08 2 5
R HA R ZACTE T RO IR M s i i, i H
FT IR AT A 11 P ™ B B SOAR P R I 22 8 R
BEAN, BRI ME DA Y. H T H 300765 AR, F55l
s 24 IR AUZ AN TR L 3R 2R
TR IRARAF LG, A5E i & S 80 R R
P, 4 DR HLIN 25 SO T e

BT IR B9 5 IR — Ol PN R R AR Y
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% 7 AF Customer Review Datasets | ffs25545 R

Table 7 Experimental results on Customer Review Datasets
SRR WIR7S SR EER
Hedfi (%) Al (%) F1 {4
ik [3], 2004 Frequency-based 72.20 79.80 75.81
ik [4], 2005 PMI 88.20 77.20 82.33
ik [13], 2011 Double Propagation 88.00 83.60 85.74
ik [18], 2012 Word Alignment + Random Walk 85.80 86.20 86.00
ik [35], 2014 Rule-based 89.41 91.42 90.40
ik [32], 2016 CNN-based 90.19 86.18 88.14
8 FF SemEval-2014 Task 4 ABSA Datasets I F{ 525645 5
Table 8 Experimental results on SemEval-2014 Task 4 ABSA Datasets
SCHR DIV FRLER
WA (%) A (%) F1 {4
23.00 25.00 24.00
it [36], 2014 Frequency-based
37.00 40.00 38.00
32.10 42.50 36.60
ik [37], 2014 Pattern-based
57.50 64.50 60.80
N/A N/A 74.55
it [38], 2014 CRF-based
N/A N/A 79.62
Convolutional Neural Network 86.72 78.35 82.32
it [32], 2016
+ Linguistic Patterns 88.27 86.10 87.17

U _F470r Laptop SUMEURMEIRLS R, Fi7#07 Restaurant SUSRERIEI L .

FE 3 g A 52 BN X AN PR 3] 1K A A, 0
ol BRI T I AR A 44 3R B S IR R, TR E Y
PEA T R REFRCR, GIAE ™ M “Hh
FAREE, shpgeim, HEFRAGR, HT B R
W, J7 g R, MR MR EEOR, A
HERE, S HEA AR A A RS R D TR AR,
PO SR Ny 44 1 B T T, AR, XA R A
J R “ERP2 AR, XA TR
WTAE T AR IE T B O, BT IR oE
FARPERIPEAR]. 538, BT VRAFAE R I B 1]
MRS A o] th 2 — AT B )

T2 BERLIA 00 75 3R AT AR RSB A
PO, X T B UE AL, A2
Wb FEFAET 1) BN GREE I RN R, K
MUBAR TR A PRGNS B 5L LB R R 2 22 A
5, ARSI O X R ST R Ao 2)
AT U, AN ) Uk 14 18 7 3Rk 7 AP AER
RZES, I G PR FET I S 0E e, 2R ST
P AL T B ERr I A A,

B URIESE ) 107 ¥R T REsdE S KRR AL T AR

D7 T AR, R AR TUAE 2 3 2R BLR )2 .
WU ¥ RO AE T ) &, ) ) s )1 2R A B TR A
WH TR BN, AR B BUS R RCR, YI%:A
) S TR T S AU O, TR AN SR RS AT
ST, W TS EE IR . Ak, WS
FTEH T RAEE RSN, @EBEH TN
B, PRI BRI ZRE R A R I % 48 5 vk
TR BIVERE LR 3.

AR AN R SR A BOT YA R LR 9.

BT TR AR WA B s 2 A0, FRALETE
SCAS PRI 2 s B R M. AT . £k
P ft B 5 5 T A 4K SCAS T B A £ 1E 78,
X AT LAY B AR E S AR (B 4043w . R
BRI A4 SEAR A ARIFAIE A MTEE) AT DABUS 3
TFRRCR, X S8 43T 45 e 1 Sk i ARRAESS B T4y
Xt G2 AR ok 2 R R AR . T R Pl
PEPFE S MBSO A R BT . B A
Mg T A A, PR S T T R G B R A AR
BURUR. & WG A DESHR (BIAMRRS A
). FET (FInFHIEBTFY) . 45 (FaBUNE
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Table 9 Comparison of advantages and disadvantages of various methods
Jiik = B
BT IR DL SRR, 7™ e ST T DAUSEAT AR IR BN N 5 T 2 T B
AARASHI () I RS 4 SEPA A X
ARG B A ROR 22, AnH TS S
TR 4 75 v IR II S AR A HARAE R M o
NFRERERETER i TN 75 2% ZE AR
BT EIR T S5O T VPR SR IR B B R R BF BB A AR I )
U] AR R 5 A T R AR R ) TR AP i i
HT CRF Wik PUNHER % e NalEaE e
A AR AR ISR AL 5]
TR W 5 ZE T B I 25
FTBRELE ] W7k SRR AE TR AR FUAH 3] 1) e Y| SIS

b IEn

M—EREE LRI A BEA AT TR R

ity B ARV R
R GRS A B v
AR P

B ZF, A5y JC) 45, Buabh, FiE s . s St
RIBAR R AT, NGB RIS SR EH
CAYAS RN I, RAG FF 8 A2 70 2 1 g o a3
IRTEGAR) o, TER) T oA BOE 5 AL, Bk
JE AN SCAGEAT AL B], B DA 2 A AL #E
Fif— AN 7% X SR AE AT BUAAE Ay 15 bR 5l B 17
MXFGRIPR A SR, BEE RG-S A,
K2 NG I UG 78 24 ) 1Ry, Blanfsdd XA
PR E [cow]| W7 X RIE ) [hamburger| $#E 417
FINE” X BERAE LT 510 B AR X HE AT w0 B 4R
BT BRI AR A AR H B, FEXT 2 SCAR AT P
MG EN 2 Tl ) X LA S R R AR R T S
YT iEEA .

T FHEAR R SOA, FETAL PR Bl 2 EAT
WA PR, GNP ERE . bR TS R S
AL BR, X BEHTE Ak R T 2 1T B A 1 D)
B VL LA AT DA, A I 75 ER M bR SOBE STt
1T #IWr, Flin Goood HHEF /R Good B God. X
T SCA AR AR B A B R SCESR AR BN 2 1 R A,
FEAEWR A 1) SN AR KA AR
(40 Freebase) S{A{K ZEAME A0 F B2EA T4 B R
A5 2) 3 I FE A RN i SOAS ] R R R
(BlanSLEE R ) R SCAFAT R . XA 5
SR ANEANE, (HRTE SR B RZ N T.

3 VAR SR BT A TE R SR
TN AR

TEVEA R Gl rh, —BOR BOR 3 58 (Preci-
sion). FA# (Recall) Fl F1 /ERIEMFRME. 24

3.1

XA
#SystemCorrect
#System Proposed

Precision =

#SystemCorrect
#Gold

Fl— 2 x Precison x Recall

Recall =

Precison + Recall

Hrpr, #SystemCorrect J2 Z2 G0 H W IE# I FEAN XF
RINEH, #SystemProposed J& 58 H R 11
MR RINEE, #Gold 2 N THRIERFEMRTZ
BH (FRfEER).

HE— MRS BT (cid, sid, from, to)
PLE, Hrp cid NS ID, sid A1 ID, from Fil
to 3 AR X RAEF) - R IR RN S5 A1, 2
A YRGS RAE T e Ao R UL,
AW R IE A

PA_E Y T ¥ 52 B A E N A ) PE AR i,
SR, A 22N R B R T PR 6 2 il Ok 1
TG BT R L2 B H R AR KA,
LT BT PR VAR — LA R, 5040 AN VA
Jr =

HiE EER

, #rcid = cid H sid = sid
HiA

Horr, s Ml s" 203 R GEAARES S X TR 1
EIRALE X, N FR TR XKERSLE, || Fon
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R G K HE. 5 R OB C.

C(S,8") = Z Z c(s,s")

seS s'eS’
Hp, S NRGEIRE, S WIRUEGIREE. W AN
fifi% (Precision). #E*#& (Recall) #1 F1 A
(S, 9)
5]
(S, 9")
||

Precision =

Recall =

Fl— 2 x Precision x Recall

Precision + Recall

XFFEAR VM 7 AE— AR BB IR T3 X
SN FAAAE, Flanea) 5 & G2, A2 IE?
X AZIN, FEor A T BT AR I 1R 2 4l 2 HEHE
R, MARGAMIL ‘BT AE PRI X G, anda ie
FEEVEI 7 =, AW R AT R, (HE RGN
=, WA BAE T — 28454 (0.5). 4K, AT ik
WAFAE— 20, ARG ‘IR A R 15
PR R E, 480k 1, IS RGER AR R
gE A AT AU SRR m a8 Tk, By
PA—FBCRE SN PR 7 XA A 3l B ) v I i A

AN, B2 INHK, ARIMTEN R R EER A
[], X1 LA DA X 5 I 2 K> B8 v ) 40 5. 3
TE7= ST, SR AN X R A ATy
AT, FRBACITEM R R AR R SRR, AT PAZ
m&. BT EAE AR Precision il Recall i1

1]

‘231 fz X g(aia A)

Precision = =

|A]

;fi

|T|
E fi < g(a;,T)

Recall = =2

7|

> fi
i=1

)
&

QZ‘GA
O, CLZ¢A

1, a; € T
g(aiaT) =
0, a; ¢ T

A KRGBEIFNAGIE, T WL, .
IS a; . VERX M A

=1, 40 size]0, 4] Fl size[10, 14] fE&EE M4 /E—
ANIEE, FER 2.

BT LRI i, 8 S S B R
R EEI Fa k5, 6140 Precision@k, & F T #4551
A a KT A TR DATEAT B 415 1 1291

3.2 HEXIEN

H B B B PRI AT 55 v A5 T PR R S 4k
BAAES5. BB B TP RGBT 55 B PR 5
FiE SemEval. 2014 4F SemEval {£4 4 — “J51
P S HT (Aspect based sentiment analysis)”
7" Restaurant 1 Laptop P> H R %L
#5140, Chernyshevich®® SCBLfY F G F T 1]
AREGETFEREAT I %R, 7E Laptop $5s hHEA 56
—, F1 (& 74.55%. Toh ] 541 DLIREC
FRYGAE Restaurant U o U b 18458, F1EH
84.01 %, B T i K A A W R4, B T R
H Yelp 1 Amazon /MR I EAT SR IE45- 2 A1)
HERHE4. Brun 2042 i XRCE Z%i7E Restau-
rant SUHHUE T 56— 4 EEEEN S, F1H
h 83.98 %, WARGHIEIH T CREF MRS,
HAE 8 o M an B VRO IR — PR R R
5 A s i e BB T A U St A2 b ok I iRt
Peab, i 4 5 T AR WordNet J 10k T4
TERIEYIRIATE. 2015 4F SemEval 1114 1248 &5
2014 4EK[EVINT, AEIE)Z 2015 4F R FRRRA) 700
YE—AMASE W AL, T2 4R R 2B TFESOA. 18
REFEAN X S BOR PE v, HES SERTHY A Saralegi
&[] g EliXa &% # Toh 2145 gy NLANGP #
%. EliXa 240K & T gAY (Perceptron
algorithm) #EATIIZE, K15 T8 —AMINSE, F1E
k7] 70.05%. NLANGP #4iitscfli &+ CRF
W77, A CRFsuite T H AT BIAR @A 25,
F1 {Hix3%) 67.11 %.

] PAORET PA R G e B P I A G L. SR
— J P SO AT [ 4 B PE (COAE2008) Hr, %L
K2 AR PEN )T TP B TEA X G2 X6 AT i A 8
Hh W, BN A AR (TN SIS ) 85 1 R
AN, O BN, TSI S BA ko,
MoA “{lR%%, positive}, {{i &, positive}, {fFikib,
negative}”. Zhang %16 (di f] T CRF fy#iAY,
BUSRS B PR 7 256 — A A AR PPN 7 U5 4
SR Xy Bt i R GEAE SERA PR 7 2 B
PREE— LS, R IR (1) 24 18 A 44 1R B A
EETEUT AT G2, 2K )G 6 A AR 0 . PMI F144 1] 5
T S B AT A B B A TN XS 4. 7 2012 4F
CCF HAEF S 304 (NLPCC 2012)
Hr, PRI R B T IS RS- & 0 P e 3T 2
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HIPFIE, BN “=IAIT %7 45, PRINER A 20
AN, FATEBIZ) 1000 250, FE00 R A PP Xt
ZANBUES h, T 1 CUCsas RGBT RAT
JEG, R T T R S S R o ORI AT
GG N PR SN UE NS

3.3 EREIR

B 7 B VI SR B B, B — S B
DTSR AL T R A

1) Customer review datasets (CRD)' & Liu
S0 SRAEAY b AT IR TE R, BUE R T
Amazon I CNET. & &S5 IRl Al TS
AT, WEARE TP R . o bR i
JZ.

2) Multi-perspective question answering
(MPQA)? Hi Wiebe 4518) $hit, g oy [ 45 4ok 25 U428
PR T T TR, TORLR I TR R K 187 AN iH]
U, B8 535 fe T SCRdk 10657 ). MPQA
TERHE R T AR T SR e 1 1 =
TCHLZAb, XS SCAR AT T F R R
JERRE.

3) Darmstadt service review corpus (DSRC)?
F Ik B8 it 35 47 Tl K 2% Ubiquitous Knowledge
Processing Lab [/ Toprak 251491 $it HE ok M
http://www.rateitall.com Al http://www.epinio-
ns.com P ANTE LR M o, A48 X 2E (Bl an 9L
fihr K 2) FIFEL NS5 24 6] (40 PayPal) B34
BT RHE A I RTE SO AT TR BARE. A
BTk 55 BUATUAE 4 R BE 175 R AT SR B T R A A 7

4) Arabic opinion target corpus (AOTC)* &
B HEE K2 Farra 25500 $2 Ak () B 7 471 15 57 6] DF
WTERHE, MR B R EEIRE B AL & 8 I M,
PR SUAMR T = A, 3L 1177 KiEg, 4
7346 MM R AR 2T ST S AR
TR AL Tl et

5) Corpus for implicit aspect extraction and
implicit aspect indicator extraction:® Hi 58 p4&fE
ST R Cruz %01 $240L )2 CRD iR 1
FARTE, BEARH TR R X R A 1R R 1,
Feln small[size] . light[weight] #1 slick[appearance],
TS I R R OR BRSPS R A PR E
T4 BTN R R G2 E AN A

6) Chinese product review opinion corpus

(CPRO) & Xu 45052 FLA i) B 17 i 45 Skl
J%, Hirp Digital camera 377 1100 £51¥i8, Mobile
phone fU% 500 4&iFiE. ik 10935 M)+, 7864
A FEE A, 12724 AN WAL GBERFR A
Comment). EEHHRE T MRS 25 RERAE
WXTGE . TP . PRI eI . RREE RN .
TR R i S A R, X i R SCAR AT IR
DAz AEE A .

7) RGN A AT e R 2 2016 CCF R
B S AR TR BT A 1 U B AT
FEU MR AEER, AR TIPS SR AR . 5
AU RIS, HIPM AT REHERE M4 (ER
HFRRALA ), HEEHELZ) R 8 000 N H)F, Hr
FRyEA 1000 2R, (PPXTE, 15 BbE).

4 THAXTSRIMEE =

MAPEI S5 RGP Gl U 2B b e A
BORZZIHE, VFZ MR B R 55 AR AR AT I, —
J7 AR HARE T AL BERAL 55, R A R SUE R
AR A L3 S AR L AT TR RITE U TR A 15
SCIIEE. 55 —J7 T, 1 5 R NSRBI A A
P iR r #k, B RRARIGTE, 75 Web 2.0 i
REERBLTCIE, W2 SCARTEW TS AARINE, (2%
i A5 EIHEBRZ MRS, AN, U R Al
BORA B B s W o 2 s, AR BG4
Xot SR A5 ) - A X R DA A B DA T G BT
MERIEATIE.

4.1 RRIFMRIR

B PP G SCA R B (EARSE T8 O]
PAZPHIT PR X R, IR SCASAEAE R, KEIEAN RS
ST 7AW FGE. RESOR T R, BT A
TALas 2 W RIAT PN R RPN AEAERCR 24k
H2E. N PARAR BT AT oA

B 4. “bfRUF, HRRS T

B 5. “FEWHEA LA/ DRBER T, X A4

B FHL

5 6. “This camera will not easily fit in a
pocket.” ]

B 7. /NRFHURIR R N BRI, EIEIEY

WP X R RS A PR i o, BIAnAERS
B HIIE SO, B 4 PPIXRA “Hris”, Bl 5
PERIGN R, PROTIE 57 R CBCR T RSy
TR PR SCAR PO X R B aCPP X gt m]

thttps://www.cs.uic.edu/~liub/FBS/sentiment-analysis.html#datasets

2http://mpqa.cs.pitt.edu/

3https://www.ukp.tu-darmstadt.de/data/sentiment-analysis/darmstadt-service-review-corpus/

*http://www.cs.columbia.edu/~noura/Resources.html

Shttp://www.gelbukh.com /resources/implicit-aspect-extraction-corpus/
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