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Abstract  Sentiment analysis in text is an important research field for intelligent multimedia
understanding. The aim of sentiment classification is to predict the sentiment polarity of opinionated
text, which is the core of sentiment analysis. With rapid growth of online opinionated content, the
traditional approaches such as lexicon-based methods and classic machine learning methods cannot well
handle large-scale sentiment classification problems. In recent years, deep learning has achieved good
performance on the intelligent understanding of large-scale text data and has attracted a lot of
attention. More and more researchers start to address text classification problems with deep learning.
The content of this survey is organized as two parts. We firstly summarize the traditional approaches
including lexicon-based methods, machine learning based methods, hybrid methods, methods based
on weakly labeled data and deep learning based methods. Secondly, we introduce our proposed
weakly-supervised deep learning framework to deal with the defects of the previous approaches.
Moreover, we briefly summarize the research work on the extraction of opinion aspects. Finally, we

discuss the challenges and future work on sentiment classification.
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Fig. 1 Summarization of product reviews
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70 AT AL A B RS g bR o 2 SOk - T I BT
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LI P B AR T A DE K PRI SCAR B . BB
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1 EREFRERTE
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li fe to get used to the huge screen. "H W, fE ¥k =
BT “battery life” TEHE 1,2 A& BE Y. 5 3 435
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“battery life” j&— BB AL, B R 2 “bartery
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ey AL B . e A v R manual” H BLAE 10 A4~
AT, B B A8 4R “manual mode” Ml “manual setting”
o 8 BRAE PR B s v, 2 AT 4 B B AE A TR PE i 1
AR 4 WM 3 R, HL 2 ARV A
HAE R — A4 B, A 4 » “manual”f p-support {H
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comes with an excellent easy to install so ftware” X
2 AR HES B T A “easy”, A AT 2 AR R
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R AR T . Zhuang 25 APR W) S 38R
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G AR Sy TR AU BOR]. B 4 IR OC R
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Fig. 4 Grammatical dependency graph on a review

sentencel™

B4 PR E AR &R

WA I 5 AR £ 1 A 3 T A SRR A ) v ok
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HAERRAEE AT HMM. Lu 28 AT R H 7 —Fh 3k
T RE R Y B &N R 4R HT 7 Bk (probabilistic latent
semantic analysis, PLSA) e BUE PEIS HP A 278, 1%
SAEH N TF IR AR ERA 2 4 DB
modifier; 2) B X4 head term. K I, — 25 PEiE 7]
LI 3k M (head term, modifier) YT 2, {1 (quality,
good) , (ship, fast) &5, — % 3 Ui, , #% & 1 18] oy 3= 781,
A6 i 1w Ay A5 2 ). SCHR C12 J4E & I AT head term 5
modifier 2 [i] i 2 JLAF BRI Fl 3% 35 T8 = fil A 2]
PLSA BRI 3% 30 2 1 i 2% T PLSA 1907 15 4%
k-unigram 15 7 B A E LN kA 328 B A (Lopic
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FIE SRR R BLOC R . A T A R L
TEAZ I A 5% A R F B AT fEAY 3 A

A B T RUR O B B 5 AR A
TR R B 7 AR o, 2 T35 5 A Y 07 v A [
— 4B N A B RIS R (R RE A R T
— A — 5 T HAB UL A L T N
o 2R Y BIHE 20 BT F T A R0 B 2k TR
BERY R 7 ik B — 2 BT RE ) AR AR R MR 18
Bl ERRCREBMR. Baal R R BOE BEBUR . G B
PR T iy A 4 B OC T AR IR S Ry B AR
WS KA.

2 REBRIEFE

% %432k (sentiment classification) 2% B4
TR B TR) R, e B AR 2 ) W I 1 v % A7 R 1]
2 DX 17 8% ) R BE T 3 B 2 B4 28 IR R L 1D TR/ R
(positive/negative) . 43 25 8§ & 1E /A T/ 31
(positive/negative/neutral) =325 2) £ 0432, I
X T I AT RO AR R i I
JLB AR TR AT IS BT 1 B ~5 B ATl
RO B 1 BRI B B iR 32
FFzRE UTHEENAEXE 1 KRN E
M7 . BRI R TR R R T E SN S
2 1) B P IR MU O e 2) B P LA AR T v
DM GHARFEIB SN T EOETIHIRERR
MIr s D ETHRESIN I % UT . RIEN A
X5 207 R 2 i AR
2.1 % Fi7 B (Lexicon-based) 15 B o K 7%

TR B R 0 O AR O 3R] - R, B
DA J3% ) S Ay ) T D 360 17 JRR M ek 1y R AR H
(7] R 51 P28 5030 Fh A% 0k S5 M L BT AR I B9 A
FEI Can but WA 320 15 B AR 5O . SCHRL4-5.
23 [T R ML I R 2R T h R AR T
PE. CERL23 ) Turney A P38 o 618 T 25 1) 50
TR ) Py ) A S R S VTR T R T R AR R 32 3T
2 A3 BB AR A IR 5 “excellent” LK £ A 5 E
)5 “poor” Z [H] (9 H {5 B, SR J5 X P & 5K 2245 11 1A
LI R

SO(phrase) =PMI( phrase,“excellent”) —

PMI(phrase,“poor™), D
H, SO (phrase) 2y 16 4 (phrase) B 1% B 4 {8 5
PMT g H A5 8, R i) 2Z 6] i 2L 9 56 & 1345 5.
AR AT TR A IR 4 B B 22 A B AR K

PIAE A S 2 I8 A9 1 SRR (L. AR 20 H Y IE. f RN
RN )22 7 P 0 15 A A A B 35 . 0 — 26 PRI
MR AR AR 1 R IR ATRIR R BAME R T
T B A IR S T TG AP S R R R U R B
3.8 OB AU I 410 SR BB T LIRS .
HLR AT 5 AN ] S SE 9 45 R R T RS T
Feflk 65. 83 %0 F s 84. 0% 432K MR .
Table 1 A Processed Review Judged to be Positive by
Forlum (1) B¥
F1 REXOABSETERN—FITICLEREHER™

Extracted Phrase

Part-of-Speech Tags Semantic Orientation

online experience JJ NN 2.253
low fees JI NNS 0.333
local branch JJ NN 0.421
Average Semantic Orientation 0.322

SCHERL4 [ i SCE B A A PR HOE 25 1l i A P
ST R VL 18 AR M 1 R BB AR $2 T A5 3R] (A
“good”, “bad” 45 ) 1 Ay 175 2% 3R] At 7 IR Rk R] B, P AR
15 ) S o 5 U T ) R A R A BB 8 AR R R PE . X
SCR T 5 IR M 4% WordNet W 25 38 1Y E X
AR A S SC ] A R A PE IR v R 25 TR AR PR
Bl 6 fran , SLERE Sk 3R i ORI e &R, B4 ET Sk EBR
iRl &L BIR B S WordNet [ 28 o 4F4a] — 4~ 1]
BRI IR AT A6 BT A A R % v A 0 SCRD B SCIR) 6
FRAR B Z2 0]V ) I8 AR P, R T B N7 A A B Y T
AR L I R PR 6 Ry BRI SCIR D6 R IR A
A A B AR S B B SCTA) 56 FR R R B A R
TE AR M. 207 R BRF - D e g it
BB n ADTE A GEOCH SR BUE »n=30)
AL PR N AR TR A IR AR 5 2)
1t WordNet Ht DLfp =82 th i 3al il o I3k AR 98 B3
I SCR] R SCTR] P IR AR M DG R L AU H B BhAR i
TR 25 3R] ) 18 AR 1, AT 45 81] WordNet JE 25 98] %
JRR TR B 5 30 MR AR 32 ) LR TR SRR U 3 I A A
T SCSE A o B Th 3 8 4 X 3 L B S AH L
DVD #§ i #% . MP3 & il 2 FHL 4 285 &IT8. %
TR AE DB 4R S T 188 84 2 040 I A 2R
SCHRLS JFESCHR 4 TP T/ER Al b, 3 — 2% 8
P2 18 R 5 18 32 A 2 (R A R B X AT T
AR R s . = (2) R, Hodr, Score( ) 5 TR IR
FRE SRR s w, SRR RIS TE A R R
S AT RN 5 SOCw,) & TR w; A IE AR AR, 7]
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ﬁiﬁ]‘%@iﬂﬁgﬁﬁ,%%JIEETK‘@WSO(M)=1,74§
S AR N SO(w,) = —1;dis(w;, NI w, 5
F A £ Z R iE R .

t

Score( ) = 2 SO (w,)

) dl‘S('UU,jvf). (2)

<«—> Synonym < -->» Antonyms

Fig. 6 Bipolar adjective structure-"

B 6 BRI A iR 451

P 2 C2) T AT 8 3 AT ) A7 1) ) R 17 SR A T B
W A 32 18 553 5 A B2 8 S R ) AU 1 ) o) R SRR Y
e 2 E R R AL SCHRLS JVE 4 0 2y T — 2] ik
U)K 8 2 PRI 1 g I RO ML I S SR g A5 R SR
W% 7 B i 43 28V R W 2 T IR 28 07 s TE AT
S b 7 e BOURTT S BT 9206 1R ) EE A
91 %6 1y A3 [l 2.

fAT B 4 2. 1 47 TAE. 2T i e i iR oy 2
VEAS T E AR 15 JE ) R S B ) Y i i
EE e N S i (= VA TIE SR LR IR G
1) 8 T BN L5 5 W R A 8 ) R N
o3 TR AR AR PRI TR T B ) T AL DA, X 2R T
ML ARKRAR B b e T N B A5G g iR, 4
ITREIECE . A G B TS ARE S 45
PR ARG L N 285 il L TH 35 L2 R 5 (A1 =
) ST S B0 A R R A SO WA A2 S DA 3 B
Je G ] B H R A R TS TR 1B R
SHEAN 2 T ) ML 1) 5 4 TG ¥k il R B UL R, (implicit
opinions) 147 3 [A] 75 , 1 & PS5 “1 bought the
mattress a week ago, and a valley appeared today”
i RAR I T 5 o (0] A, SR T — UL 1Y
SCFRIRIE AL X 2 W TE ) 2 VRIS 1Y HE R AP
A= EWRAE LA MERE, X
FHP S BB R B i T oA AT ] A7 JRk i)
T BORE T ] MUY vk Tk TR R L TE Gn SR
L25 ] BT 3, T i) M /Y 7 vE HORE & &R (ad-
hoo) iy 77 20 B Bt =W A 15 8% 0] 1) 155 B bl
HATT BN SCN A ] — 15 R ) A5 R B A 2x B

F PRV F U AN R & A AR AR Bl an 76 F LTS
, “large”7E PF A “ battery™ i 3% 3A £ T 175 8% 1) 7E
PEA “screen” i 22 3K 1E 1T 17 /=K.

LR  JRATE B 1 5 g L A I 515 i) i

1) GI(the general inquirer)™". % I B in) 24
TR T R 2% 8 k. X R — N E R A S T
o B 4 A5 SR M M (negative/positive) | i) ¥ (41 NN,
NNs, ADJ 4F) 5 W5 K04 & 1k

2) LIWC(linguistic inquiry and word count)™,
T IR M2 SUEE R AN SR 2 i, 3RS 1 51 Category
Feom i R 2 CnEE 1 AT o & D, 2 2 4
Example W25 H 7 45175 RS 300 Rz i) 1F 0] 3k 2.

Table 2 The Structure of Sentiment Lexicon LIWC

®2 BRFHELIWCHAREN

Category Example
Negate aint, ain't, arent, aren’t, cannots-*
Swear arse, arschole * , arses, ass, asses:
Social Acquainta * , admit, admits, admitted:--
Affect Abandon * , abuse, abusi * , accept:-*

Notes: * means regular expression.

3) MPQA (multi-perspective question answering).

i Wiebe &5 A0 gt sy, a4 % 2 718 4~ 1E
TE 155 R T 4 912 A T R AR SR 2 5 A
JE A 1 B (Polarity : positive/negative) | i J&%
o JE (Strength: weaksubj/strongsubj) . 18 4~ %k . 17
P (Part-of-speech: adj/noun/verb/anypos«++) A F &
Nt 22 (Stemmed : y/n).

4) Opinion Lexicon™ . iZid L4 4 2 006 4~ IF
TE 155 2R Il 4 783 A>T I R IR Hh Ry Z AR TE T
[Fi) Bl 5 175 SRR 79 s o4 TE X LA =X, B o f
AR TR TE AR TE DL Bt s R bR 0 AF

5) SentiWordNet™". % il # XF 1 X il [ 45
WordNet Hv iy A7 1) Y1 3 A7 17 Bt 1 23 28 91 25t
S PR B B AL 3B (PosScore/NegScore).

Xof 5 T ) M A R O 2R VR N L R B R L
JR ] Al T T A [R) AL X L [ — R AR AN
T — SRR B AN 3R 3 B R A RS R, % 3
R BEROR 2 AR RN — R . Ho, g3
B BEACER 2 A A ] ] Y A2 4 R TR S 4R,
I3 B 4 FARRAT A A — B A E . X T
AN — 0 1) 46 U] AR S PR B R AT N TR IE
T A 2 T i M R R R —
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Table 3 The Degree of Inconsistency Between Different
Sentiment Lexicons

RI FEBRAENA—HEE

Sent%ment MPQA Opir41i0n Gl Senti- LIWC
Lexicons Lexicon WordNet
MPQA 33/5402  49/2687 1127/4214 12/363
Opinion
. 33/5402 32/2411 1004/3994 9/403
Lexicon
Gl 49/2687  32/2411 12/308 1/204
Senti-
1127/4214 1004/3994 12/308 174/694
WordNet
LIWC 12/363 9/403 1/204 174/694

2.2 ETHNSEFEINAZE

Pang 55 AF™ F 2002 458 YR 82 30 F AR Y
BLAS 7 2 J7 T Al U 15 8% 4 26 ) . 322 SC A 0 SO 2
K (document-level) ) — 0% B 4325 [R] L, BV A b7 4
SFIR AR PE. I ARSI AT I T AR RREH & 5 A
[FIBLAS % ) 7 EETE L PRI 1R B 7 S [l Y 3R
LI AE R MNER 4 PR, LI A5 LRI M T ANE DL
-5 /3-25 (naive Bayes, NB) Fl & KR & (maximum
entropy, ME) , 3 #f [n] & #1. (support vector machine,
SVM) I 3 2R BCR 4P, B 5 Unigrams FfAE 455 i
T8 B 2R I i A5 3] T 82. 9%,
Table 4 Performance Comparison of SVM, NB and ME™

%k 4 SVM. NB and ME 75 318 8 5 K8 R 3t 1 5

Features NB ME SVM
unigrams 0. 787 0.728
unigrams 0. 810 0. 804 0. 829
unigrams—+ bigrams 0. 806 0. 808 0. 827
bigrams 0.773 0.774 0.771
bigrams+ POS 0. 815 0. 804 0. 819
adjectives 0.770 0.777 0.751

top 2633 unigrams 0. 803 0. 810 0. 814
unigrams- position 0. 810 0. 801 0. 816

Notes: The bold values mean the best accuracy value among

the three classifiers.

WG, 280 & 5% > 07 B A 58 AR 6 sk
AR B 20 00 7 2R R B B 22l T
AR R AR 4 G 7E 1% B4 28 B ROR, Dave 5§
AP T Unigrams FRAFE Al Bigrams FRAF 7F 5 B
SRR R OR  SEER A R AN SR 5 R, XL
BT AR 4% 74 F A Bigrams 1 H A ] Unigrams
FRAE 1 3 2R ME A R 1

Table 5 Performance Comparison on Unigrams and Bigrams™*

%= 5 {£HA Unigrams $F{E 0 Bigrams 13 4F i 43 2K 45 R Eb g0

Test 1 Test 2
Method
Unigrams Bigrams Unigrams Bigrams
Baseline 85.0 88.3 82.2 84.6
SVM 81.1 87.2 84.4 85.8

Mullen fil Collier™ ¥ 5 A B 7% T /EF AL I,
W L R AE A & IR A A SR 1 = LA 2
AT BRI A 2K X T T R R IE A A A
TR AE: R E B B B R IE (pointwise mutual
information, PMD ! Osgood 3& ¥ X 43 & (Osgood
semantic differentiation with WordNet) | 5= 55 4 {11
FERFAIE (topic proximity) fil ] 3% 5 & B 1E (syntactic-
relation features)™3 . H dr, 3810 B Osgood & Y X 43
JEALHE 3 AR bR o CGRECES) L B CRRUAR 507N
Mo AR CAFEEIR) 53X 3 ANF8 Aol VR T #L T -
oy 05 X 49 B # ip (Charles Osgood’s theory
of semantic differentiation)™, 2k T #& B ia] ¥ )
Osgood 1 SCIX 43 BE FRAE . 7 & F] ] WordNet > 1%
FEIX 3 G AR HEUAR S SO 4 ] o 2R 01 R iR B Y
JEAEAEAL: F) A WordNet Hr /b & 2 &HENC AT Osgood
T SC DK 43 2 38 B ok HE W B 223V Y Osgood 18 SCIX
SrEEFRRR. B TAESS & bk 2R R AE X PR IR 3R AT IR
RO SE B RCHE R TR 23 T rh iU 4R . SR 45
R 6 Fin. NEIER A IZCT R T

Table 6 Performance Comparison of Different Features™*

(SVM with Linear Kernel)
k6 FERAREBMEASHSEEHELD
(SVM fE A% %)

Model 3-folds  10-folds
Pang et al. 2012 0. 829

Turney Values only 0. 684 0. 683
Osgood only 0.562 0. 564
Turney Values and Osgood 0.690 0. 687
Unigrams 0.828 0. 835
Unigrams and Osgood 0. 828 0. 835
Unigrams and Turney 0.832 0. 851
Unigrams, Turney and Osgood 0. 828 0.851
Lemmas 0. 841 0. 857
Lemmas and Osgood 0. 831 0. 847
Lemmas and Turney 0.842 0. 849
Lemmas Turney Osgood 0. 838 0. 845
Hybrid SVM(Turney and Lemmas) 0. 844 0. 860

Hybrid SVM(Turney/Osgood and Lemmma) 0. 846 0. 860

Notes: The bold values mean the best accuracy value among
the different methods.



B e E R R R

1157

YRS ERE 4325 7 Hybrid SVM(Turney/Osgood
and Lemmas) 7£53- 28 #6232 T B 8 A0 (F A oAb R
LA & 8923 207

Saleh 28 AFUHE 3 AR A 48 5 B #EAT T 27
ZHSL I A3 T A T R AL S 8 O vk R R 2R
R B R S8 1 1 S35 1) B ML O o A B L
WA 3 4. 1) Pang Ml Lee 7 3CHK[ 38 ] A9 £ 3
4£;2) Taboada F1 Grieve TE 3CHR [ 39 ] H B0 405 45
3) SINAT £z £ v A B AH L5~ L S 38R A 10 47
I (10-FCV) J5 ik o it 73 2R 2w g P BE. 3 4
TR A RN R 7~9 Fis .

Table 7 Performance Comparison of Different Features on

Pang Dataset™®”]

F7 PagHIEEFFEATEBEASHD LERITL

. TF-IDF+ TF-IDF+ TF-IDF+
Metrics . . .
Unigram Bigram Trigram
Precision 0.8254 0.8372 0.8401
Recall 0.8430 0.8570 0.8480
F1 0.8336 0.8461 0.8479
Accuracy 0.8320 0.8445 0.8465
Kappa 0.6640 0.6890 0.6930

Table 8 Performance Comparison of Different Features on
Taboada Dataset™™

%8 Taboada ¥{IE S H{E AR FEASEA A MD LRI

. TF-IDF+ TF-IDF+ TF-IDF+
Metrics . . .
Unigram Bigram Trigram
Precision 0.7179 0.7293 0.7235
Recall 0.7000 0.7350 0.7500
F1 0.7058 0.7295 0.7337
Accuracy 0.7100 0.7300 0.7325
Kappa 0.4200 0.4600 0.4650

Table 9 Performance Comparison of Different Features on
SINAI Dataset?”]

&9 SINAIHIEE FEARRBEAENS LR LD

. TF-IDF+ TF-IDF+ TF-IDF+
Metrics . . .
Unigram Bigram Trigram
Precision 0.9206 0.9217 0.9202
Recall 0.9895 0.9871 0.9877
F1 0.9520 0.9532 0.9527
Accuracy 0.9130 0.9151 0.9141
Kappa 0.4880 0.5000 0.4890

SCEGSE LR L ] TEF-IDF FI Trigrams B4
HELH & 7F Pang B4 RSB T B 84. 6520 Ay 43
FHEHf % ff F TE-IDF f1 Trigrams 45 fiF 41 & 7

Taboada $(#E 4 FS2BL T B w73, 25 %0 1Y 432 1l
%, f# F§ TF-IDF il Bigrams J#1iE 41 4 7F SINAT %%
WA FSEPE T e 91. 51 %6 42 A R

Zhang % AN R AN 3R DU (ONB)D #1321
FHLSVMD 4 B8 X0 5 W38 AT 18 k4 25 1R &
XTI 20 3 $2 B Unigrams, Bigrams 1 Trigrams
FRAE . 38 10 FI5R 11 fron. B ERAER A 2 PRIk
772 ZAH (binary) I (frequency). “{H R K H]
0 B¢ 1 RN —MNERE 2 A& BRAE VI8 SR v 5 %
FEIR M2 G0 T HERAE 7R VP 18 SCRY v i ) SR A SE 5
W7 A ] B n-gram FrAE R AT 5 25028 1
e A R NER 12 R Hob RS 1 S AR A
RAVERAE , n-gram 1 n-gram_freq 3 JERET
{HERIA Y n-gram FAE Fl K T M0 2 R IA B9 n-gram
FAE NB I SVM X R 2 Bhgr e, RAg b 7328 45
SRS N R e S R e R R
BN AR E . SR AT LUE WL NB Al

Table 10 n-gram Feature Selected from Binary-Based

Documentst"-

#£10 EFZERAAKXE n-gram 5

Top-k Unigrams Bigrams Trigrams
1 w LI37S LER g
2 S i LI AVS
3 %= 47 DISH [F] DISH
4 & T WG S
5 ® DISH 4 HI4T
6 i a7 DISH ¥
7 e & DISH %47
8 il B4 0BT
9 ff& b2y N H BT

Table 11  n-gram Feature Selected from Frequency-Based

Documentst*®]

F 11 BFREREATXE n-gram $F4EH

Top-k Unigrams Bigrams Trigrams
1 b:40 073 TE 0 B
2 7S & DISH &4
4 e e gE ZAEZ
5 & DISH % EfA R
6 b3 oy B 22
7 iE & ! BRAE
8 M RERE 8%
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Table 12 The Best Performance on Different Number

of Features™*’’

F12 ARAHEHENENRSHEES L EHEN

NB(Number of

n-gram Features)

SVM(Number of

Features
n-gram Features)

Unigram 0.9317(400) 0. 5076 (600D

Unigram_{freq 0.8883(150) 0.8633(1550)

Bigram 0.9567(900—1100) 0. 9067(1900—2100)
Bigram_freq 0. 9483 (1300) 0. 9483 (1950)
Trigram 0.9533(1700,1800) 0. 8250(2250)

Trigram_freq 0.9417(1200) 0.9017(2550)

Notes: The bold values mean best accuracy, and the values in the

parentheses means the number of n-gram features.

BT AR Bigram FFAEFEFFAE AL B % A 900 F
1100 [X 1A . BE 535 B e 5 95. 6720 19 43 2R 4 ¢
(accuracy). ffif§ SVM F1 & T4 2 () Bigram F1F
FEFFIEACE R 1950 B, BB 35 3 A i 40 2 o o 22
94. 83%.

fR] B A Rk T HLAR % S HOR A 1K i8R o 2 0
FIAE:

1) RRAE T8 (feature engineering) 42 25 W1 5%
TAEMZG. B RES T E A NRIEA n
gram %7 fiF Cunigrams, bigrams, trigrams) . Part-of-
Speech(POS) R . ) 2 47 (EH | TF-IDF R ik 45
SR, X2 T B AT IH AR T A Tkt . i s B v 4
S Z BN EE M. WA A TR R EZE A
[F) S IR HE T BB ) B 22 AR S — TR AL 09 A
FIE A8 AR — i 7 H Al 450 358t [R) AR £ 754

2) BETHARFINHE RS LT EZEHE N
G ISR RN SR 1] &AL AN FR DL 3 | A R A A
G Horh, 200 BRI A M BE MO T AR 1 AR AR 1
Jo BT T AR B R U A N W R B B R &
BN T AR
2.3 HASNRXEIRENFE

B 2318 IR SIS R BT A 2 T 0 B g T R
BT T R RS, X RIR G T R
Ty 2 B 1)K IR B R R B 43 28
ARG RS 2RO E] A AR AT IR B A 25 2 6 3R]
HLAF AR — RERAE 5 LA FRAE (AN A B RRAE L POS
FRES) HATH G 85 B m L R E A S AT 1%
B LATE AT X 3 2 Oy vk g AR M AR AT
fR] A48,

Prabowo & AU # H T — Bl 3% T #1000 Y 43 2%
#% (rule-based classifier, RBC) Ml ¥ 1 & HL R

#5 (SVMD W R A 1 T vk o A e SRS 2003 1o s 8 o 2
). Hort , RBC & 1 3 Rhopi I .

1) F T B ] Y ) s R0 L Jgkam) J—>[+/ — 1.
o, SRR T TR R R T R 2 U AR
It LAETE I8 v % 175 JRR ) A A 2 ok A B A 2 18
R AR | 17 R R] A M S 5 A i) G JA] 07 4R A5
B sz i excellent ] >[4+ ], absurd ] —>[ — ].

2) BT F R Ry A E FE, W[ # more expen-
sive than? J—[ — . H,“ 8 " F IR FHH, “77FR R
B HC BB XS G 2L W 3 BT X A 2 R A Y XS
He Ay W I B 2 25 A, B U “ A is more expensive
than B”, 25 £ @0 AL WZ P 075 B AR M8 1
B[ # more expensive than?]—>[— ;7 B A £
) 0P O 1 A R R M Ry TE, B L2 more expensive
than # |—>[+ 1.

3) BT HAE B WF BN [PMI of review | >
[4+/— 1 MM A F Turney #9855 TP E
BATFIETh A R A B AR B 2 E R IE, R IE A
74 T B51 58 ] DT TP 1) 1 AR

R 3 A ) R TR R A A A )
FIEE T EL45 B0 U S T 3 1 0 e g R A2
Jiik. SVM R R SCHk sh [ 23 ]y 07 ik, 207 kg T AL
e Tk RSUEE R Bk 2 Ry ARG AT
TR e 5 RBC #4720 28, 545 3] 70 28 45
Wi (812 45 2R 5 2 e AR 3] 4 2R 45 21, I T SVML 43
RAS AT RO 2E. LU HUE B ok B SCHR[38 ], %4k
AL B L R A R AR S I 3 SR [ 43 Y T
WHUR. ZIRA T IRTEL B A LR F T 90.45%
) 7 A .

Fang Ji 8 AN 82 oK 58] B045 B Al A 31 32 R i)
LA ISR T MR B ) GO R R A 2R TR T
Berp  PEE R 1 ) P 0y 44 3R | SR JE 2 TR AT R
VR R1ZEA P Unigrams FRAE 3. Fla0, — 5078
15 H]“The case is rigid so it gives the camera extra
nice protection. ” il & F| Wr i8] #% 7] LA #h B A 9
Unigram £ fiF 7] J3 3 : { case, rigid, give, camera,
extra,nice, protection). & Unigrams $54F ja] JF 3 o
HE T A T MPQAP b iy 17 B TA] , Ky 2 1 sk
T B AR 3 Cpositive B negative) ffi A B F# AL 37 7
e, ) n, B3R F 0 “nice” B RO M A
“positive” ., ¥ “postive” I A F1E 1) 1Y 17 )37 51 1 15
#]{case, rigid, give, camera, extra, nice, protection,
positive). # i) J¥ 41 ot B 2 A5 %Rl 754 Bk 7
BAE Unigrams R AiE 8] 73 51 o 38 ACME B2 A AR PE 3.
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SR )5 FIH Bag-of-Words B BLK FRAE 7] 17 41) 2% 46 1
Xif o7 (A RFAIE Ii] £ REAE ) 2 v i T R AR )T 51 o ie]
T PR UAL. 1, w7 2 Hr i BT 2 A “positive”
2 A~“negative”, W XF [ 1) FrAE 7] & P “ positive”
Fl“negative” i BEHR Ay 2. 18 1 3 b T P 6 1] HLAE B
A 3 5 R B RRAE ] 5 b, T T SR ) AL A 2R
AIHATIE B AR T BB Fang Ji % AR TAE,
Abbasi 8¢ AR 5% SR RRAE TR B R T
— BT B RRAE PEEE R R, FR O FRRAE G R B 2% (feature
relation network, FRND. iZ 4 R Gl & 7 # W 4R 1E
n-grams FRAE AJVERRAE 55 22 FORRAE , 35 3 T8RS
R RE.

i BT RER A T G T AR T R R
THLaR = Jr ek Wk B, (H AR it B IR B I RRAE 1R
TR 3R] LA 72 rh A Ok
2.4 ETHRESBRNAE

HT T CbR 1 1 SR8 2 i 5% 5, O AR R 15 Uk
53 U BIF 58 3 T 4655 T8 A P AR AR TR AR
A B T U G & 2B R 5 B R I o
(ratings) I vh YR AE A5 55, T 28R A - 19
“BRIEVAT A G — bR e B BORBE R B R
bR T 5 B A TE MR 7S Cln 8 V43 1 B0 T PE ) . R Ut
AT XA ARG AR H I ARG R, IR fE A
RES FE — @ R b RO I8 i 18 JBOE L, R IR £
B 5E 8 S A 15 R BB 58 TAE R 5l ABS iR fE B

Qu &5 AN A 1 415 B R IE I B
VR Sy 5 A T RO I AR A5 2R R it e ) 1 1 U
e im) . Tackstrom 25 AN $2 0 F) 5% 14 B BL 5
(conditional random fields, CRF) & &I 4% & S0 R4 b7
2 CHIVEIE P 3 Tl T /) A 48 R figf R 155 g 28 () .
{2, Bk 2 Ry BBk MO T AN T3 i Y RRAE.

Maas 55 A3 7E B R BEAY vh 5] APE I8 1 4
{5 8ok 2 > K R 1 8% i 1k Y 3R] 1) i, AR R — R 3¢
R4 o i A 3R] F 3] [ S B S R AE AR T R R A 2R
#&. Tang %5 AU 82 0 ) A 4 C iy 3818 4 5 Cln
“OVRRIFUONE 1 B B G —Fh CE&W
TN 7 ol AT 2 37 o 2 B 55 R 1 A ] i
X 45 B — s HE S % HCR) A 3] i e R AT R K B
ANFIE- 2 4L Cpooling) B AR, BT R4 129 SCHY %y
ERIA &, FJa B IR RAE R A m &= 31T 5
XK. bR 2 BhOFEEER A 5 A R 55 AR 1A R
TRy R R SR A R X 2 RO R R 8 B B A
T8RS W RRE 3838 o (H R (& S i b fL R 4
FEAREAR & b 47 42 SC A 3] 155 2 18 SOy B 2% B A bR

AR T A X R A A S R AR R TR R B A 4R
TR TR A 40 3 T B2 S 09 1 i o 2
2.5 ETREZINAZE

H 2006 4F T8 % )2 27 3 #H K (greedy layer-
wise training)tH B4R H VR BE 2 2 B W R R DLAR 2
> GIREA TR ST T 1] TR B A 8 I 2 A4 N i 7Y
SRR AR TR EITE RN RE
AT HUE T RS B 4T Hb A PR B A B B R RS
SR Wi St iR A B AT R B A S BB AE AN [
o) b A R AR 8] T — g I IER L B R R
SRt S NS (G Ay 1T M e A
FANFEENE RES R E HAE S H R
1% PRI T4 AR RRCR, s fe 24 R 40 |
FUARTE & B VIR I A prteo o7 45 Hodp 1 Uk
SMERABRESHBENEZNHAZ — W2 T
A M 2 E BT T

EMEE 2 5 1 B A B I B O AE T
ff DA B S ) . (R L AR 2 B 5T AR 2t T IR
JE 2 3 B A P A5 R 3 S ) . LA B R AR v
PR BB RES ) kA 2 A~ E D
R DN = PR th kv 42 o] th 1 SO ) & (word
embedding) ; 2) i iF A [ 1Y 1/ X 4 A (semantic
composition) Jy ¥ HI 1A] 1] & 15 2 B X W A 5~ 2R
YRR AR ZR R0 A A O B R TR A
JE I (principle of compositionality YF*, 1% J5 ¥ 48
K SeAR i — AT RSO IR X ER T
A3 CHNIRIE R 38D WY TR S A (R R 00 40 45 T . A
BT bk 18 SCE B 2 R IR 4n 1) 1] & S U 2
U SCASFRAE [ &

Bespalov 2 A[S 2 18 5@ o 7R 18 X A
(latent semantic analysis) ¥ #fi 4k 18] 7] & » B F 47 AL
Y n-gram FRAEFEAT A A G AT A5 5] 48 5 S0 Ry
B 1% BB AE 1] 2. Glorot 25 ALV R B e i &
H 4 i5 %% (stacked denoising autoencoder, SDA) 3
ff P 8 P B 1 % 43 28 v i 4 S 0 )
(domain adaptation)t™. B 4542 28 2 — Fh i o & 7
H B AT BRI R RRIE 2% ) 2%, BRI HES A 44
4% & Bengio 5 A48 1 B HES H 4% B 4% (stacked
autoencoder) "B —Fh P B B EE AL B 5
B Rz G B BB 2 A [ 40 S A3 2 (] Ay
FIR L TE 22 DA E S AR SR s B AT R A
BYHESTRE M L. LB S R BN, 5 RIZE AR I,
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SDA J7 5k 2 T HBAK Y 7 B 4% fi 4T 152 22 (averaged
transfer generalization errors)10. 9%. % 3CHR B,
BT BRI ME S H g s 10T BE 2 2] R GE AT DLl o
W B T W B MRS ] 40 B P 8 SCAS 1) VS FE R R AR
AT A 2550 fp e s 5 B8 155 JR% 43 2 0] . Socher 45 A AE
2011—2013 4RI M BFFE TAE AR R T — R 51 3%
TF-3 T f 28 W 2% (recursive neural network, RecNN)
FR) 3 A5 A Ok figp e 1 TR 70 2 [P) . RecNIN A5 A 5 it
3 T R A 30 A5 K T R A R AT i . K™ DU i
£ FA A 25 M 2% (convolutional neural network, CNN)
R TR 43 26 I L SR 25 SR R B L B AR 48 I 4%
P 3 2 B BH S AR T 338 U5 P 28 2% L X T S B R 42
W) 45 45 80 f) B 5T, Kalchbrenner 48 AT 2 H 7 —F
BRI A P 28 W 28 A A R R RTE TR T
& k-max Wk (dynamic k-max pooling) #:VEF1£2
JEABTRM &M 4% RS &M EH. AR T EiR TAE,
5T 4R 0 A 50 R A a0 A B R 8 N 4%
(recurrent neural network, RNN) e fif pe I8 & 432
() B8, {51 40 SCHRL77 T, VR 25 4 Hh 8 AT A e AZ )
#% (long short term memory, LSTM) , ¥} 318 h)
ABE R I P A7) R i i R R 2R )L 5 CNIN AR I
LSTM A] LA 2 21 PF 18 35 47 i 19 4 AR i ¢ & (long-
term dependencies) , A] P NEEAR | “BRE 7 PF 8 B9 1H
JREIE L.

FHLE TAE G ML 2 S 7 i IR B P & P 45 1 3R
KRB A TR CER B TR AR TR Y R R
FHE SCE R D S 5 A ) 8 3 R AR 0 A1 )23 3] 1] =
B R JE SCAS IR BT SRR ] 5, AT A5 31 SCAS 1Y
1o 2 U BGE R IA A RGR T T RBEAL T e
B s bR B X SCA A IR 43 2 ) 8 1 T BE A ) T vk
PYRTEBR B EE B AR T A s 1 U 2 BicHiE - R AR
T VB 2 7 BRI GR TR 2 M 48 R 4500775k
FRASE B DI SRR =2 TR T 2% T U Y S B SR B4R
P bR U 2R B0 B FE 2 K& ) LA 3l i
N A J7 AR AT R A br T DI 2R 808 i A+
g3 e B S A B Y T W B T R B R BE 9 R A B
i T8 BCHE DI 2R 28 X 2%, (H 3% 07 1 RO 7 5008 o
ATT 55 B ) T S22 8] B 5 A S i A REAR 47
R AEAE AR, ORI LB R S
ST LTI P TR ST A AR R AR e pETL D
R Z R AR ) I SR ECHE © R R TR B 2 ST FE IR IR 2R
[T 5

3 ETHREEREFINERSE

1 450 (A J8 43 28 T 1 o o B T 0] L 11 T R AR R
i) T BT ALAR A 2T Y O 1 U AR B AR AR O, R
HERA RN BB B 1 SRR AT SR & 0
HOr ik e fe B 22, A7 R R B 2 o 61 IR 4
IR R F . AHR, B2 A5 i B I SRl = R
JE 27 T WA ) . T IR P P AR S b AR R
AR T RBOR B H . mTEREFEES
PRI B TE SCRA — & 1 AH S, IRt aT BLA )l
G R AR A R gt A R 2 )

s FRATTHRE T — e R R 2 P I 4% 55
B R AR B PRI J2% S 26 M) A8 1 5 S B« R D T B Y
AR T R 8 AR T PP IR EE AR S I SR AR I R IR T
B AT IR A3 AT 55 B {55 A 1 25080 1) Bk
A3 A T T i S 9 e AU MR P X AR A I e R Y
FEMR. BEXPIZHRER, AT T —Fh s R R
HE L (weakly-supervised deep learning, WDE) 3 fi#
ROSCARE B 28 (m) R H AR AE 2R N 7 B IXHE
ZRUIVEIRTEA] s AF o A 4l OIS 2 I KRR 1R
mERAIJFEREEIAT LR UG %Ik
SR 155 Mo WO 5 A BBt o > B g S ke
SRURJZ W 45 A HE SR R A0 2 55 W B TN R ik
%5 15 R FH 585 bR 19 ECE WO Z5 H — > BE AB 4 SC AR
T A) g BGE A0 Bk A %S 0] (embedding layer) ,
WP 7 B AT B R [ A7 b P Y ) A
T T B S [ AF B B ) BRI B 5 B AT
M A =S B Z J5, 5 31 4 28 2 Cclassification

Classification Layer \! Q\’
Embedding Layer CCIIITITITIT]
HiddenLayer [TTTTTJITITT] [TTIT]

Aspect Context

B lengith Lot | T T T T
Level Features

<Shipping >

Input Sentence s: “It arrived on time and in great condition!”

I:> Vector Transfer in Weakly-Supervised Pre-Training Step

77" Vector Transfer in Supervised Fine-Tuning Step

—> Searching the Word Embedding in the Lookup Table
Fig. 7 Network architecture in general for sentence
sentiment classification

B 7 R R 2 O E ) 2 A5 A
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layer) , NI&L 7 B 7s » I A BEA AR T 8008 DI 2R dm 4 00
KA.

FATHRE 2% HE 2 BL I A R by P18 1 R 6 )
b SE S AT R B R A I B AT R — &R
A VIS I e — E TR B ERE S S MK 25 PR Y 1
SRR PR B AT A — 2R A PR B AR
PR BT A TR ) 1 R b 48 ok I % A .
(B2 7 PRIE AT R — RS AR TEAR 48 L PRI P Al
REAT 72 S P If I LS PR A — BB O, I — 2%
5 RGPS P 5 SR A7 T T T IR T A B S
nfEl 8 fron . B 8 HRAE N A D ST PR AR A

Yrirvrvrvr Why buy Galaxy's or iphone's when there is iIRULU V3
By Lucas on January 16, 2016
Color: 16GB Black  Verified Purchase

An excellent phone. The product is well thought and well designed. Speed is il ive, and

The feature | love most is the 2 GB RAM, | can run multiple demanding apps simultaneously.

Fig. 8 A negative sentence in a 5-stars review

8 —4k 5 B Bl iEAY

FATTHE X A% JRRGE S PR ASARAT I8 b 1 R
PR g W rs . g T MR R R AT AR TE T —
SETEA) (N TARTE AL L TR0 A TR UL L R 48
TR R 8 N AR v 0 A0 P o Ee A 0L B LT
PSR LT BT 4.5 BIFR A EA T AN AR E
o SR B TE A B T o b DA OR T 1.2 B
WA TE A TN TR T O IE TP O Y 38 A B T a0
Lo, Geita5 R aniE 9 FroR. 7N AR e . Bk
24 EAHEE T 1000, UK BAE RS S SER
13. 406, 3 2 B 585 b TERCHE T A 72— B MR 75 . LR AR
A BRI B R WAL B ZRACR , NI TR B
TR AR A A B I .

0.35

0.30

Percentage

1 & 2-stars 4 & 5-stars

Sentences with Different Ratings

Fig. 9 Percentages of wrong-labeled sentences by

ratings in our labeled review dataset
B9 bR B o DA 445 bR i ) 1 E )
oy S R iz B, FRATT R T T — B BT R S ) B
SRk BIVAT SCRT R 1 55 W B WO 47 5 k. i Tk

F) A 2 38 3 T 2R A 2 — A BB A8 e B2 15 ) 1% O
SCA3 AR R A S ) D55 A T ROHE TR BCR AR B
4D 7] B 3k A T e 26 43 B (1 252 . DL
25 AT F A P AL DA 4 2 Fhsg 3
WDE HE S8 (1) TR B AY 40 45 56T CNN Y I 2 A Al
AT LSTM IR BERIAY ; 2) AR 45 H 55 158 i i
SRR IT R AR W O 2D B 5 3) FRATT 38 A 5
B gl 7 2 AR A AL TE R A PRI A B 2 1)
S
3.1 EFCNNHREZERNE

P 2 B b 45 DO 45 A 1R G0 1) 155 U 43 2% i) A
B FET D T 1k R A AU 2 AR R
WDE ) —Fh A 8 sz Bl % AR R FR 8 WDE-CNN, &
SCHRLST, 71 ] CNN 558 1) — Fh A8 (R 25 4 , L2544
W 10 R, B 10 B8 — 2R PFRTE A s B A 2R
AU oy ywy 00w, R 0] W IR E WA IR
)R] ] B XA X R AT [ B Xy s Xz st s XL
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Fig. 10 The CNN network architecture for sentence
sentiment classification WDE-CNN
10 #F CNN MIRE R WDE-CNN
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Fig. 11 The LSTM network architecture for sentence
sentiment classification (WDE-LSTM)
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Fig. 12 Comparison between pair-based training and
triplet-based training
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B TR e 5 T b iy 5 4R BT 107 AR &
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Table 13  Statistics of the Labeled Dataset
F13 AIRIHESE

Label Positive Negative Total
Subject 3750 2024 5774
Object 1860 4120 5980

Total 5610 6144 11754

3.5.1 WDE-CNN 1 WDE-LSTM 5 H fth 732507
XTS5y

SRR F B X B 5 iR IR T

1) Lexicon. J&Fja] #7530

2) SVM. “3Z 7 ] & Ml +n-gram Rk ” 2 15 8k
Gy b B DL — B O BT S R AT
trigrams $RAF , 748 Liblinear 432 28051

3) NBSVM. SCHER[ 86 |96 NB 430228 f1 SVM
GRS AN TS B 2 R U T BT R RCR.

4) SSWE. SSWE il it 75 55 #r 1% {5 8 il Zr i
2 W 2% LAAS 3 18] 1] &L 45 8 — SRR AT WS ) o A
B 1) A R] 1] B SR A K B /N IRAE DA T A 3055 A
FFAE ] 5 % 1K IE AT 7 gy 280

5) SentiWV. % J5 i FI ¥F 4315 & I 45 3] 1]
B, P e o 28 AT A B A 2R A 1)
HE LB AVRFE R IR Ry B 5 SSWE AH A

6) CNN-rand. 7& A 5 T804 &£ Bl T
CNN 4 P28 A2 5 Chn & 10 T ) , BE L) 46 4k W 2%
SR

7) LSTM-rand. 76 A7 #5846 4 Bl 5 3 T
LSTM fiy W 28 B 8 Can (& 11 firzs) , BE AL 9 46 4k
HKH.

8) CNN-weak. B ¥ 55 b5 VEBUR Y 1E A b5 1
BB IZREE T CNN /iy M 8 BRI (fff Fj & F LSTM
4y T 2% A TR0 25 S A 0L, B Ot L J R B CNIN g )
AR EE .

R4 BARTERER. S e UEW,
WDE-CNN #1 WDE-LSTM (1 #E #f 2 fl Macro-F1

Table 14 Performance Comparison

F 14 MEEEEEE

Accuracy Macro-F1
Method
All Subj Obj All Subj Obj
Lexicon 0.722 0.827 0.621 0.721 0.812 0.613
SVM 0.818 0.838 0.800 0.818 0.821 0.765

NBSVM 0.826 0.844 0.808 0.825 0.831 0.773
SSWE 0.835 0.857 0.815 0.834 0.826 0.804
SentiWV 0.808 0.806 0.809 0.807 0.78 0.771
CNN-rand 0.847 0.861 0.835 0.847 0.848 0.802
CNN-weak 0.771  0.773 0.770 0.771 0.755 0.741
LSTM-rand  0.845 0.863 0.829 0.845 0.852 0.794
WDE-CNN  0.877 0.886 0.868 0.876 0.875 0.843

WDE-LSTM  0.879 0.889 0.870 0.879 0.878 0.844

Notes: The bold values mean the best accuracy and Marco-F1

values among the different methods.
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Fig. 13 Impact of labeled training data size on each

method’s performance

B 13 R[] JRSE I 4  l AE 70 43 5 il 1 5 W
3.5.2 WDE-CNN 5 WDE-LSTM 5t I,

5 WDE-CNN #f It., WDE-LSTM # # rf ffy
LSTM 20l DL P38 18 4 P (9 K B B RO e &
Kt WDE-LSTM B 38 7 MEAR b3 " 1) 1 1Y) o
SCLFRATRE 2 AR AL R A o g R AT
TR, BB 1) WDE-CNN ¥ 2% T X /) o= 45
F4) 15T BRL 1Y) 18 ) 14T 43 2%, B A0 “ Sound is not that
good”; 2) Xt T4 ik 45 44 &2 24 1 15 1), WDE-LSTM

S NS . 3 15 BoR /2 WDE-LSTM 7328 1E
i WDE-CNN 70 B3R il 4], AR 55 2 520
VA FLSL I bR A 7T LA 21 F PR AR AT
A AT IR R 5 A A R PR A A T e i T
WDE-CNN $& JUH) 2 Jr 78 4 AiE 5 A 1% 35 S 5 19 Jmg
TR RIB A T B BRI 2K WA 1 AT “not
the greatest” fl1“is ok”. £ J5 1 AJi% A, 75 £ 18] “ None”
A TR P L A5G PR 22 ] ) B T W B v
Wk 75 i I WDE-CNN AR #E 4 32 21 79 % 22 ()
P C 2. %F T WDE-LSTM i & . & 7] L M B fA
A T R P A R AR G AR, AT B 8 I 9 23
RAJEE A A W TER].

Table 15 Example Sentences on Which WDE-LSTM Makes

Correct Prediction While WDE-CNN Fails
% 15 WDE-LSIM 43 ER T WDE-CNN 435812 #3155

Sentence Label

Battery capacity is not the greatest, but it is ok. Positive

The internet drops randomly while the yoga in the .
. . Negative
same room is absolutely fine.

None of these cameras has an articulating front view .
Negative
screen.

3.5.3 WYk S50 A X R AL 43 2 B 1) 5% i
TN ZR H AR 585X (L) g Tal B S50 4 A F
R AT A 55 bR A T RN 55 bR v £ 2 4 T R
FE. 5 A SRR E o /N 23 5 3000 R ORI B
AT A SR E K2 5 O 75 52 M g R E 52
Brrp, FATIR TR A BUE S 2 R . B
e B E A B Ll T R AR RRAE 2 300
A iy o) & HoAR 2T i R EE R L — 1, 1], X e
BT — AN ST R ST T RN AT TR 2 A5 IR] Y R R BE
B R 350 Ik, FRATRE A Y I 4V R O 1~30

0.89
—&— WDE-CNN
0.88 —o— WDE-LSTM
—&— CNN-rand
> 0.871
3
5
3
< 0.86}
0.85
—8—8—8—& 1= \& = $
0' 84 1 1 1 1 1
0 5 10 15 20 25 30
A
Fig. 14 Impact of A on classification performance

L0 R 2 SRR A8 2 i 3
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