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Emotion Analysis Model Using Compositional Semantics

Odball2 WANG Zeng-Fu'»2

Abstract Emotion analysis is one of the challenging tasks in the fine-grained sentiment analysis field. Conventional
supervised learning approaches reply on features based on surface word forms and neglect linguistic structure of text.
Hence, they usually suffer from sparse features and are unable to exploit implicit information such as collocation and
semantic prosody, leading to unsatisfactory performance, especially for identifying implicit emotion expression. This
paper first explores dependency parsing features and compositional semantics information in emotion. Then it proposes
a phrase level emotion detection model based on semi-CRF's (semi-Markov conditional random fields) and finally creates
several corpora and carries out corresponding experiment. The experimental results indicate that the model and features
are remarkably effective to classify sentence or short text by fine-grained emotion tags and play an important role in
implicit emotion detection.

Key words Emotion analysis, implicit emotion recognition, compositional semantics, semi-CRF's (semi-Markov condi-
tional random fields)

Citation Odbal, Wang Zeng-Fu. Emotion analysis model using compositional semantics. Acta Automatica Sinica, 2015,
41(12): 2125-2137

W g xt — AR5 LA mAR. IR ATIORTSL A R BLES A Rk L, RAIL) iz

FLas PGS IO ANTE. R, B TSI ) 2%
BRI R, gl At H s 2. &
IR A TR DR R A 45 I W AR AT LA
Pt 465081 (Emotion analysis), @ Xt & fE 5
R MG 2E DL “H . WU, 507 AE L R IR
W AT A RIS T IR RS A5 R T U
FEHETSUAR, ORTRR A ARG 26 3 A1, U 2645

ks H i 2015-02-13 sk H I 2015-09-23

Manuscript received February 13, 2015; accepted September
23, 2015

H 5% B RRI 34 (61472393) %)

Supported by National Natural Science Foundation of China
(61472393)

ARUTHUERE BT

Recommended by Associate Editor ZHAO Tie-Jun

1. PEBEABES AT A8 230031 2. PEEEERA
RFHBR AL 230027

1. Institute of Intelligent Machines, Chinese Academy of Sci-
ences, Hefei 230031 2. Department of Automation, University
of Science and Technology of China, Hefei 230027

WFFEAN N 1.

T4 RIS BRI 7. Wk &k
JEEMR, EEEIAEE SRR E, 0] LIE
4R 2 B DL SRR 5 2 12475 24 BRI B il e B
BCHER H Ar Y SCACH G 28 . 28 SCim) L 2 SCiA] L 1A
i SR AR AR A WA PR S B TR T
B, i e 17 ek W IR, EARAE TR S RIR
IR S50 SO, A7 INEE A iR AN <5 AN
R T LS 4, AEANTR] TR S A
i SCER A F. B, i 87 IXAMRAE R
PRV B AR T SO . AEE, AE )1 IR/ NMEUE L T
AT I B, iR I S B RR  h CEE —
B S T B R SCRFAIE. T B s G5 1) 28
2R, FRAT o A Bl o 1A ] o S AN SR
(Semantic prosody) JHiEHe. & P LA TEERD



2126 H ]|

¥ {1

41 %

PIREAP AT R, 7 T i FARRAE i 2 B0 5 =X
FTfesam. 5 B RATRE R, D R 2
FEIE )53 v i LNV 2 T A T AL BE.

FE IR TAEB-SL b WF 57 B A 130 8 SO
YT BT S SR T AR B o, BTN A
VE 7 SR 1 28 b v RE; AR 5 R bR 4 18 k)
I3 PN ZR AR TR A P AN 70, U ZRAR 2 %
BRI WL 55 SRR, AR O N IR SO 46 57
FKNZrE, FER A AN 2 DI (Naive Bayes, NB).
SR EAML (Support vector machine, SVM). i K
i (Maximum entropy, ME) S48 15 21 73 A 45 45
A f A 3 A LRI S b A T T, 25
RN RER I TS 255801, SR, O ik 2AE
LECLN AN 7 TR R) 0 1) A5 N3] 3 5 (R AR
Fb 403 75 1) unigram bigram PL AR PEAE B4, K
2 S RIE 2 T REE, PE A7 A0S B, IR S
TERS SCAATE 28 3 A A7 B LR F, R 0l A2 R B Pk A
Y550 M5 2) DO s 2 1 ] T R URFAE, A7 (2 RF IR M
B )R eAh, CEIZ IR S s S E S (RFE
R AITE B, ARG rae A R, JUHX,
SCARTBEVERS 28 3 A SR L B R R B, T
H 38 I A1) >k 150 W R 3 T8 ] T AR A0 1) ] 5 2 SCAR
5 28 53 W T IEAFAE ) 1) L.

e 1. e 5 shE VRS _LIBUmEE
KR, 4R A2, [Anger]

Gl 2. RGN —& LB, —S)LE

Bl 3. AN LI T, s E Y
B, seREIER D R [Joy]

HY - VR 25 R IA AT AR W AU 4 0, AT AT
AR 1) J2 T LA B 1 22 (1 0y A P D 68 1) 156
] ¥l T DA L Ao 0 AT SCAS R 28 200 41
n, BR) 1 AEAE R R 2 i) ORny” R A
CEARY. X AR AR BT I . B
1Mo W, 7)1 G402 [ (Anger)]. M,
TRENS 28 RIEAAAE B UG 2517, BATHBER S
— LR TR RS AR AR SR R LA T 2R
tedn, flf) 2 o “Aeve” BATTEIE SGE), B2 1
{5 IX AN ]2 R R IE N OB A R, AN B3
I, A3k — P RIS . T “AR R HRIR R TE X
Rl £y, Rk — R B, T30 KA TS
RES . EAEX I ARV T AR GRS
T —Ff [FA (Fear)] 1525, fan, #17) 3 Hia ik
CURRRY 1R T ARIE LN U H I AIAS R 7 5K
Jilk, (BAEIXHLY eIl M4, Rk RS
I, W T [E0 (Joy)] HITEEE. ABH) 2 Ff 6
3 ATLUE Y, e v S P R TR SCAE SO 45 20

R FEM, B B AT 1 T JON R T AN B A AR

SR, T 22 11901 T2 1) ] 08 25 TC AR i 5k 2> o) ]
B & 2 s SCRI A A, JF BAT AT g S 80—
o3 SUIE B Rk B, ) 2 v el i AR
M Ae B B2 5 TARAREE I, XA AR iR A
ORI RN AER G 25 50015 B 4518 X (Com-
positional semantics) 775 # 5 Ak FId ) @ () fig
AR T A HE AT B A8 SCRAM AR S
(7 R R IR ] B R I R B, JF A B I B S
A BN SRR G R AR RS S5 R ()i
)R] R R ). ot i) 2wy “ Rk A5 7 —n], 3L
TRoR B SCAUHE [ [ A58 SOesr, L SO
AREAT “BHH? “AREE Ll S X AEE
S5 A8 RIS T 155 v 2 >0 30 5 PR P TR0 MR 2 1 A
AIHE, XA B 1 25 20 B 1) [ il PR BEE T RAF I
Sl

PEAN, R V5 5 BCAE ) — PR AR 5 N S A A
ol BB IS A7 A — 26 ) @ A% 8 i 4 ) OB Y (L
41 Conditional random fields, CRFs) il & % {1
IRBERMSIAEAR ¥, fEIXFERIE LT, BEARAENE 5
ANFE BVRPAE, H AR A B 1)l P o 2 S A 1]
% (Token) Fefitiz b A4S 4% 1 b5 Id 5 H At im]
ZT0 R B B PR A 18 T T A LAy (BL
L) (AT RETE. DAL, Y] O AL A R R %%
Fe A, b ad By 2RRE R A (B B A A5A% G 1 30 1) =R
BRI KR RAE. AHE T &, 2 SR RER S
BEALY (Semi-Markov condition random fields,
Semi-CRFs) £&f£4t CRFs My ke, HLor A1
L IR BFRAE SV A B ATV GO (R AR, AT I8 i
bR 41 B A TR G 1) SR 22 BT DU OGS
FE TRl E RO 1) 6 2 R R R

BRI, AR SCERZR TR i T R R AR A
A v SCRFE N H] T SO 46 3 A Rl REVE; TR,
T RANEILT B RN ] 8 15 T A% JoL T Py
AR s b, St T — R DLRLE O R
o Ly IRBER AT BERLI SCAE 25 0 A .t e,
T B R AR ST A H R AR RO T R AT M S B i
TAHR I SEg TR, I X SST5 RL T R T AH Y. 1Y)
SIS, SR S5 RR W], A SCTPVEA T BL 4%
1o SCAR 23 S8 R AE R 2, T HLOH il ke B3 1k 1 & 2
Frinl BB SR T — R AR G R e ke S B

ASCUAR AR 55 1 A ST FTiE
ATTRI SN2 58 2 49 T AR A ST R A 5 03
RAFAL; 25 3 PR HI B T RE I SCACE 25 7 A A Y,
TG T A B2 Bl v PO AL ) 8L 26 4 e 4
S0 TR R AL R S 56 T 8, IR SR &5 REAT 43 AT
B a R T DI TTAE.



12 81

Bk EArAE: R T ALE TR SR SO 4 2 i

2127

1 HAXIE
1.1 XAKIEES %

HRT, SCAE 265 50 Aot o0 5 SR F I BRI 2% )
Jiid. Alm %8 fE SNoW 24 S HEZE FHF5T T 3k
T B2 ) ) SO 265 53 ). 1 S0 A dE i
A RME WU - PO AT SRS L5 N IS
HAERLEAT T N TR, SR K AN 25 Dl 74328
PSRN AT 8. KA MRS SO
P — A1)+« WordNet 1Bl FFIRPR 575
TR AN AR A H s AR B 5 )R]V A A AT Tk
H LB 5 WA R (185 AN ) M 1 AH R
PR, SVM 43 2 1) B = e % (Accuracy) ik E
T 69.37 %. SR, %071k K B TR 00 1)y
fE. Aman %4 FT Ekman & XA NFIEAE 2%
REEEME 040 RV B, RO Wmaras, JFRE T X
HIF 1) B B 25 5 RS AT TR TR R
(1) Unigram ¢ fiE AU K IACRFAE, 5K AN 2 DL
R0 SCHE 1) AL R SCREAT I 46 0 8. A 1 Jek
1 UL T Roget [ A1 T WordNet #4% (¥)
. SR T PMI-IR B3 SCARABLEE V1 57 FITARE 2615
JEVT A3 10 7 YRR vA] . AT ) 7 VR EUAR R RS 1 2R
(Precision) 735lh: mi2%, 81.3 %; 44, 60.5 %; 15
&, 65 %; R, 67.2%; i, 72.3 %; FH1, 86.8 %.
Das 250 DU A0 70 S0F 90 T 36T A0 710
PrSCIE A RO AT SEPUE R 2 A
3 SentiWordNet 1] 45 5 321 8 1] 1 30 5
A lnhr 3T, K indr SCI) SentiWordNet i) Hi, Jf:
5 Ekman /8 FhIEAN 3T h5vE. AR5 KM
S A B AL I A5 10 S TR 26 93 AT 45 A AR £
Fh: WMEAE R RIS AN RS TS
€ 1 RS9 (Emoticons) 5. ¥4k CRFs
PR 52 3] — SRS AT ) bk, @k 5| N R)EAE B
Bl I T SCAAR JAGT ) P 3 A, L an SCHR [6 — 7) 4.
Neviarouskaya 2891 FiJ Fi] 18 75 40038 0 18 RHF 9T T
FET RN SCANE 4 b Jr . A S R AR 1)
T N A A 3T R4, ARG HIREEAT 17 5 1
$27K% (Symbolic cue) 73#r. ANVES K 73 #r . kT
() SCANE 2 43 RN T HE I U 455028, ®a
ST AP SOARN 55025, AR, Al AT B4 Hh 1)
IR I TR v, SR B TR S AR,
T AR S BRI 4 AL B, Chaffar 2519 R
FHI B )52 21 51, R 2 AR 2% 8 B (R
FE T A W AR DL R RS ) SR AR Nl A
Theh. AT L0 g5 BRI, e E A A) -+ (1250
%) L SVM 32\ HER % (Accuracy) =& 39.6 %,
7 Alm (BRI A3 21045 R 61.88 %, RATE
B A9 30 1) = HER 2 71.69 %. IR CUESK

SVM 1 CRFs 70 K MR EAL T NB 421, &
1M, IR AT FUAT 5 B A ik T 4 1T 1) T 1R AN [) 3] 1 %
SREAE . Mohammad %50 5% 7 ] ¥ 2 155 18 Al
#it (Word level affect lexicons) )2 A 44
STRIIVER. AbATIFESE T WordNet 117 1 21 1
i #t (WordNet affect lexicon) F1 NRC-10 115
gyt i L SRR ) AT Logistic Regression Fl
SVM 43 2R E8 001 I SCAS 45 04T 7 000, Her 77
ANEE RS, AT T 5T W] T SCOG RN 4 36
FRI 5.

B TRV AH G IR R 2 A, AT — S E U
T B R WA AT 2 0 A SRR AR, BB, R
5775 (Emoticons). %@ Fr% (Hashtags) 5. #H
KIS R Volkova 251121 F| ] Crowd sourc-
ing HJEE T — AN — 152 — BRI L, IFR) H %]
BIF R T SCAS 25 45 2507 TH W E ST, Purver 25018
WFGT T T ) T 1R N P B A & 1) 70 2K 1) J. AdeAT]
A SR SE T 55 R iE (W01 Emoticons #1 Related
conventional markers) HIfE%. Qadir 214 K
Bootstrapping %% 2] 5354 e EGE B FR 2 (Hash-
tags), R ZRAE R Gl 8 w] 5 2 L 1R 17 28 30 AT
T, FHEE N-gram 73 88 043 7 BLLF 1R Fi00 45 2R
SR, 13 T7 1 DR 53 o A 2 T ) T 1R Al b AT
FRESR L, AR R EREAE A BT v 8, G iR 4 17 J%
KIETREMESTINS.

B SESCG & o AT SUAR G, ST 25 23 M
WFE R B R T SO 2 R I . Quan S50
ey gt 7 I ) PR R TR SO g R, N TTARVE Tk
TN, WA S0 & U, IS 5.
PSPV, BRI Z AMEFR L T 1E 2 I mEE 1
LRI ) 2 i AR SR R R
1A R BT (Rhetoric) . Ax AT 55, I
R P 12 T8 AL SCHEAT 1 2 7. Xu 25061 5T
BT I SO g kg @ U7, 07 A] LR
ot — Lo~ A7 2 1A Y RN REAT HE . HE S R
FH ] 55 10) 22 18] PRy AR ARAAE 0 22 FofoRE BRI 3K 6 0 o
AT DL I G M RS REE DL A S e R SR
Wang 207 W1 58 T 5+ 275 (Idiom) 1145 45 7
R R . Yang 08 $2HH T —FldE T 4
P LDA (Emotion-aware LDA) #78 Jf-4f it
SE T AR AU A L e P BRI
POy RYE L PR AR TR SR, B AU R e
TR /N RS IR G 5% 1) B 4 Ay S 38 DR B
AU SE IR

1.2 HEIEX

i # Montague (1974) I &, 4 & & X
(Compositional semantics) W& X/ T — MR A



2128 H

)

e

{1 41 %

2
%

AL A A B RS 100 SR X e Bl o3 21
E— AR P iR, WRZESORE, dAb
T SR )7 LR TE RS I o0 AR AR B, Aok, AHOG
E’J’ﬁﬁnfﬁyktm HACBRAEZ B T O, A
il XEEK?@ (W 7R I EA 5 R os J7 Ay A
ATk R RoR Tk E R B AT T,
jJDL)\IuLJrEI’J%JLLUIﬁﬁ%XQEA (Choi %191,
1M 73 A1 257 20 07 3 42 R R R ASE 1 38 ) 2 2R AT R0
U”J%j TSGR G R s O A, AR TR )
I Stk ARG P UE S AR U VA SE LA A R
)‘( (Mitchell 2201 Baroni Z52Y; Socher %5(22-231),
ﬁ%ﬁnﬁ%ﬁfﬁ?ﬂ%h B S v SR AT A
jig[24-27]
FVH AL, 1E A SRS TR RN TS

ARG M BT TR AR D, JEH SR B SCAE 2438
S IR 43 2 1) R R k. Choi 25091 4 T —Fip

FE T A A v S 7 A A% BT n) P 0 B 7 vk AT
TSGR B X A, %Fi%)ﬂf_ﬁﬂ*
B 0T 7 BRI R A ER RN (R 21 A % e
SCHTHEEIN, 21 A Ak 2Q) S SCAS IR i ) % BEAT 53 A7
Socher 251221 7 —Fh 3L T2 W B U7 1 sh g il
(Autoencoders) ik 1)) 7~ ZE A 1] 14 7341 i
I B HLA 2% ST HEZE.  Autoencoders & —Fififi £
WA 2 SRk AT AT A P A AR A7 S ] L A R 1 K
%@ﬂﬁﬂﬁ’]ﬁﬂ%?Lﬁﬁﬁﬁ&U\}:/ﬁ SR AR IR ey
VB SCEE A BE AT AT I IR, I e 2445 B 0] 1 IR A TRkl 12k

Moﬂanen SR JL T A TE SO, @S T T%E’EW?

 AE AR I RIS LY Yessenalina
i[%] R A A 18 SCTTEERE ST T 5 1 s S8 1)
AL ABATIR LA B A (R B R (Composi-
tional matrix-space model) K MfF P iE LA & K &R
FIE ), KA @ 8 AR (Ordered logistic
regression) SR T KRk 1) 2 04 2. @0
MPQA JE3CGEPHERIEE T 528, UESE T i+
Bag-of-Words fi74.

IR TT VRS AR A A T SO T SR S )
PE AT I, — A IR CIERR” <A F R
AN RIS A 2 A W e =R g R “IE
WS AR R Crp R SR, SCATE 5 3 A L SC

ccomp

lﬂml

][] [

uﬁ.

dep

assmo

dep, nsubj
i ﬁ [ren] ﬁ xm )

AT Pk AT S AR EL, W VRS AR, L

CEDL TR B0 RAR B RO A, AT
DAY JE 3 “ailah PR AL A5, DRI, SCACTE 26

73 21 R BESCAS BT 1) 5 M BE D AR U %
2 FFEHA

ARICGINT T2 T2 1) BE AR AE AL T-41
BV SR BEARFAE. B AR A 40, 5 D)) R 5 i) S 3L 17]
PEAR R G 25 )V LS T MAT 50 AR I 1] 1 4 T A%
REAE. T T3 0 o DA ik
2.1 ETRMEIAMAERSHE

1) Dyfie S ia] e HoAa A B BT o B S v
BHE 738, KIRIE TG KA A AT B2 . BRIt
A, Bl A4 AT SRR . (O HR] L R
P SE AR T I IO AR, PRt A3 B B4
i Bl 44 ] A5 Dh e S ] DA R 3L 1 A Ol AL
Hh S 3 ) R PR B A Stanford (53 1 A 14
FriF T H AL (http://nlp.stanford.edu/index.shtml)
SEHL.

2) e Y R AR A L 8 R0 T
— ) B B S 4 R R AR
R, 5 SR AR O A PR A A R A L. 3K
ATTRT RAASORE 95 155 26 1] 91 A £ 5t AT LA B e aff 1 U051
BT AT RSSO B, ) 1 b AR
HIX G I, BRI s, fE e intk 125
T RER A B g in B MR ] URZE 5
W H i 0) 7 11 2525500 & [ R (Fear)]. A1) ¥ 2
“COxt SR Z AL BEBUL TATTRT LIRSS
P JR] “SETNY RIBEEINTE < Sk Wiz A T IR 2
Folad [E (Joy)]. WELEWTEE I EESIAESE 4.1 7Y
AT A

3) FETARAE R AR MG R CRFAE. 1B A2
— MR E G, IR ILILIE B g R R
WE R TR A G, AR ST RAE G & (1)
B ECAE R, FRATIA N RIS 48 AR A 1A 1 22
[ AETE BRI A DGR, TR SARAE K R X T 528
G B bRE R EZAER, JUIH R Bt 252K
D PR 7| I A R el B NI e = RN il S

advmod

K1 — BRI AF AR B 4 %ZIT

Fig.1 The dependency parsing result of an example in our experimental corpora
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Table 1 All dependency relationship and skeleton

dependency relationship of the example in Fig. 1
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ccomp (-7, fi-15)
advmod (5)-18, #ELL-17)
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bere € R™, bec € R™. K2 BT — AR
UEYIER

- . -
VY AYAYED )
N QOO) )

Y

O]

AN
7

x3

PR IUASEDICTEY )

SN ™

y=gWE|x)+h) @00 ®)

o®o®® (©®000 (0000
'xl xz 'x3

K 2 it Recursive autoencoders R4 &8 X i1H
AR R

Fig.2 Implementation of compositional semantics

process using recursive autoencoders!?”!

3 ETHEENXARBESLER

ASCHE —FIE T R00E (Segment) [ISCANE 4%
SRR, ZBR LU 3 AN A Hk
XN SCAR AT WAF A0 530 A1, FFAR 8 1% 45 50K S
A (FSCAR BN 1) U)oy A A T SR a0 i
17 2 R S REAT AR VE s d5 i A I K AT ARG 2
FHE B AT G oK B 20 e AN SO (R ¥ B
SCAR) ISR, B 3 WoR T SUANE 25 7 il

—
NS

ARTTE SN AW IR E VI3, #2 R ok4e
F TR TR I SCAS S 28 0 R I BOA B . S8
SRR .

3 UK RBARE

Fig.3 Illustration of emotion detection model

3.1 EEVISKE

ENVEE B AR a1 R S CT I A N
V193 R JUAS R . R A2 H P A By > BB i 1] i
A M. BT S, MU R —
SEFPNRES KRR, tean “Oi 01 R BMiR
A, AL A B L i 4% 0], T L
AN BAEA R R WGES I EAL, a1 657
P, HELL.

RN SR 9T 2 i B B — 8 AJiE R
AW A ETE. A SRR AT VLR S N SCA )
Iy N R, Z I LA FEHAE A3, D IR A A
)PS5 M RENS B R B R 1 v ] i 22 R] R A i
MG A G R AR B, K1 4l 7 A SO iR
SR BN R ST IS T8 N A TR P o V= i
YED I LE A R A1, HME LA Bl AR B A 7 B 1.
WHRAF DE T & R BOR. By L, il “Riai”
CARY S RELLY L USRI R XA A AT R
s nl LA Wiz 4 1) Bir 0, 5 i R e 20045 B S
“Wan” FLHUNAEAE AR I A A5 R
BURAE” RBLRIRR (0 SCRFAL, BB <2007 1)
Teh, EE HELL ILHLURDR e HA ot 1)

B N G N VTN NI G N T = ) I
R AR F S8 M A Stanford A1) VA
#r #%  (http://nlp.stanford.edu/software/ lex-
parse.shtml) XJ %47 AN SCA BEAT A7 1015 0 #T,
X A BB A 2 R 6 ey i BBUCRE A B3] 8] B LR
JRBERE AR, A M R AR AR B S5 s SRS AR AR
Root 7 i I 1E a1 4 YA B 234 4 45 4 29 Jnll )
RO AR AT W G A AT AL, AR RURLE DD 0. B
wn, B R, JATIAG B R RIE D) ot B B
KA IR, 2, FRr eI B Rt K, BA
Jo G2 - HELL SR RS AR P B 45
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3.2 ETFEIBERNXAIFESLEE

ARG SCANE 26 53 W7 In) LG A S DURE g =
RRMTHIRRE R L. IXFE, SCARTE 0 R RGN
AATS e — NN SCAR (Bl g 73 SCA) 1
AT “Bis . PO, s, 2R A8 B SRtk
SR AR

st © = {xy, 20, ,x,} RARFAILA, H
n MHEAR; v Kon o BN wE R, H
ye >, Hi ST={fR, BRE, Eo. .
i WV} SN EEE s = {s1,- - sk} K
N x BREIEDISY, REH K ANREED 4L 4
Yo = {Ysyr > Ysre } IR 51 B s ANHIED) S
st fm il Hy, €>,1<i< K. 4, X
A5G £ 53 BT A 1) S AR AT 25t A LA o AE B 2 S0 AR
o AR TR s 28 bR 25 0y 105 56 A%
b8

pylz) = Z p(s|z) - p(ys|s, ) - p(ylys, s, x) =

S 11 P 5412) - (ulye)

s,ys k=1
(5)

W g W, X (5) Ry 2 AR
P(Ys, slz) Flp(ylys). FdilE KAEEAS B 206 B —A>f
B, BB p(ys, s|a) & O RLE 2572
BB MR BB VI3 (e.g, AAERUR AL TH
AR RS B A TR p(ylys) RN
VBV TR A7 28 2 0] B HEAS SCAR TR A7 28 28 501 1) 2 4 ik
T BT R IRATTRG A8 G ey e 3 P A 1A R AT 1
Rt

AR B IR B &AL (Semi-CRFs)
VE R RLVE I 45 03 R FEACHE SR, X 58 — A TR ik
ATERRE. R Semi-CRF's F5E ke Wi i v 1) 15 46 2
M BAE AR T AT L@ T 9 I AR I T i) 1 44
W RLTEREAE, HAS 5 2575 X SRRk 2 [H]) 2 75
M.

Semi-CRFs &1 /KRB EE (Semi-Markov
chain) JEEAL FoE I, 2 DR B2 B /R-RR
5RO RBE IS FEAH 45 G (1) FRe ik 1) B A B L
B AR ¢ ZIRPIRES N a;, AR AE— BN A]
di ZWRFFAE, REHT —ARER o/, RS
SEA DRSS TOE. AE ¢ 3 i+ d; BTN R
GEAT R 2 AR SR BRI

MG Sarawagi SB[ X, o T R BER
FUEN M. BE X=z, V=y
(t=1,---,T) 733l Rl Ehrid KOS Mg
AR AR C R I o AT BENL AR B ot — R IY)
s = {s1,80, -, sp} MIEL, © WIE—DY)5) s,

(1<i<p) #BEXN D=JtH s; = (t;,u;, yi):
t; WERIEALE, v, RERAE, v & s MR
Bildn, K1 B rA S s asE s = (2, 7, &
i), (7,15, 45), (17, 22, 3E4)) . HA, Semi-
CRFs(z,y) #ad —MLUMEFH « h 4R TEm
BB, fEh e a7 o AT, x BIP153 751
s MFRICIA y IR A N

p(y, slz) = [] ve(z, y.) =
ceS (6)

7 exp(~E(a, 5,y))

KB EL e, ye) MEER K E(x, s,y) BT

¢C(x,yc) = €xp {Z Akfk(xcvyc)} (7)

k=1

E(x,s,y) = —ZZ)\kfk(%,yc) (8)

ceS k=1

3, Z(2) = 00 Tey el /) R EH
I, f AERHEREL, N\ S fr XY HIRCE.

5 AT pylys) AL T8 0 R T Y
175 28 M D EAT 1 6 ok B & 8 BEAN SO (R)
BRI SCA) TG0, ik, ASCRCE T LA K
A 33t R ) SR A RV I 285 2R A ), U e AT 6
HENW IS EATHRE, Bl ( FH0)+( =hi
)= (CE )y W RPN R TR 2 ] AN RE )
T 55 B ok, Rle A AT s 2, WAk
VB2 A 220 R 5 — AN F TR B 26 200, 9t (
)+ BB ) — (B ) WR B R EEIE R
(LA, Bt (B0, =0, 60 ) RIS, ASCR
KR N-gram 5 75 B oF 507 AR

3.3 SHHIT SRR

{2 E N S D =
{20,y Oy WAAET, SRR 0 = {\),
{05 plyl, 6) K. ASCRIDA AR 757

- 1
L(0) = Zlogp(yilaziﬁ) - T‘ZIIHH2 9)
=1

FH L-BFGS (Limited memory BFGS) %%
CIPSE = §/lE/ UK St iy 7=k /i S8

7 BT — R AR T2 A SRR i S0
V193 Ja M A R BT I e o, BRI Ay 2255 g A4
—FE(x,5¢,yc) 155 JE B 2000 B —ANRFAE B 2
fe(@e, Yo, w), EFFAE RO N AR 0. AXE R
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Fig.4 The graphs show the segment-based and the compositional semantics based emotion analysis model respectively

anr:

p(yasfﬂﬁ) X H eXp(_Ec(wacayc)) =
cesS (10)
[ exp({6, fe(ze, Yo, w)))

ceS

fifttd (Decoding) 2, BPASHE O %0 I 2R L)
Sof SN B R R n R AR A, B 2 401
SRR SRECCA HIE 28259 AR Viterbi 5
L AN R, IS4, 4 AN AR B
BRI A

Y= argn;gX{p(ylys) pys,slz)y (11)

4 FIZITRER ST
4.1 HIGERLES

H A 1 AR R B2 T 1) v SO 96 bR e TR
Wb, FATT T o T B I A0 R 2 A T
BHEE. ASCHCR T VYR TE R, A6 2 1n] 7 16
iy B T A g bR v E R E . LI AR
BHEE UL S RFRIERERNE. W3 20 A SO FHIRE R
JE.

R2 ARSI HTERLE

Table 2  Emotion corpus used in this paper
Hh SO £ ] i JLTE AR

IEE JACIE S 1810 1223
B U R RARVE TR}

IEEJACE S 1135 115 M

1) Wi e, ASCRIH WordNet Affect
Lexicon (http://wndomain.fbk.eu/wnaffect.html)
HOSCER (R 9 S 2T, S xR SC ) i H (3] Y
AT KNG Fe e, WA 516 (Tokenization) . % H

SEERAE; SRS R R X R ML A TR, IR Bk
(e S iR 25, BT <o SRR R AT AT
FATHH IR PR 1% 285 0 1m0 PRI A, R e BCFR) Ak e v 52
A7 28 ) VB AT T SORARLRE 15305 g J X fige e ff v 3¢
T4 BHAT IS 4 bryd:. WordNet 5835 JE ] Az
FET CEL. B, DU AR RVE L B SN
TR, [FIRE, FATWEART T IX NP 25

2) B I AU, ZE AR R R 1M AR R Y
M2 BT SOk (3] RSCHR (6] 1) CAE. HobR R
TR : T8 56 P9 A4 AR T3 20 Sl BCF) SCAS kAT 4
SERRTE. BEMARE A RSN AR CHE L 15
R AR B BE OB SENAMIE I — R EL
il BARS ) T B 2 T LRSI IR IG 25, AR5l
it Kappa {E K UH5 B AR B — 2% (The inter-
annotator agreement). A [F]1E 25 28 71 (121 35 o0y
— &% (The average pair-wise agreement) [¥]7u[H]
045 0.51 ~ 0.8 Z[A]. fESCoiforhiit+% b, &A1k
BT —BERTET 0.7 A7, IR ERERE, A&
SCHHEE T 1135 407, PRy 27.09 1.

3) JL = g F A Z G g R R
Fgogdt 3T Alm () 9 SCHE &5 bx vE B R B
(http://people.rc.rit.edu/~coagla/). Alm H{h 24
PR RERYE T )L E MR, I 22 4 B i
HUkS AR UG Wi A FRATT R 1% R R R TR A
TGN Alm [ 48 b i v Rk Hh g HUR 2 m — Bk
(Affective high agreement) (5] SR 58554
B 55 98 3 - v SR 2 SRR AR S
A HREAT XS 55, 108 HURE 4% 9 S 1) 10) B 1) v S
T BAT AT R SRR S S SR IR R 2
Alm FE 2 bRy B R O “H i, BUR e pOE ., 38
v BRI SIS IHT T AR, AT 52
T Sk ) AR & ] S DL BRI s T R v iR e B A
RORFF— 3, ASCR “l” R PRI HEAT 4 bR
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W A ERER A LK. RS E Alm 1)
FRyEgE . HArdLses 17 1223 4&40) 7, ‘P TK
FE 2k 34.76 .

4) AprE kL ZE R B T SO A
K AVE SO, Al BB B L2 115 M, 57 J7
VTR, SRR LM, R
4.2 BRI RS

h T A SCHR R A R R (K A R, AR
4.1 AP AR ) LB SO AR AT [ A0k v )
AT S bR TR R B SR EG . SRH PRI e b ok 1
ifi% ACC (Accuracy).
4.2.1 AR HFFEFER AIFMN

E R AT N 7 T R (T S G 3
N N T & S (TS B O A ER T~ R 4
BB T 4 B4 BB AR SVM

(http://www.csie.ntu.edu.tw/~cjlin/libsvin/) . ME

(http://mallet.cs.umass.edu/). CRFs (http://
crf.sourceforge.net/) LA S A SCHEH (1) — Fh gk T
Semi-CRFs [ (Yet another semi-CRFs, &
10 YAsemiCRFs). SVM J& H i SCA T 2 53 28
K H 0 BBy 258510100 Lk (Baseline) R4t
117 S50 vh R AT A F At = A>3 U8 (ME, CRFs,
Semi-CRFs) #E% % 5 &1l A LK SCH R AR
R i TR IO T 56 AR AN [ A AR G v A R A
SO, AE S BT A ST BT B LR AE: HE A 1]
L (BOW). ZhRgiAL (ContentBOW) . 4 & 1] I
(Emotion). #PEFRERE (POS) LA LAKAF ] 75 #%
BLRFAE (Dependency) &5 43 HIAE T AR (PSS, A
G0} E S5 R Y 10-fold A8 XS E ¥ 77 ik 47, R
BB -, R vk e 9 AR N ITZREE 1
BrAE IR, 10 g R B EIEAE A0 SRR Al v

XFEEs g 45 Rk 3 Fios.

MELR = g xR 3 B sEi g5 Rt T o dr 1)
ANTRIRFAE R0 EE . NSRS 25 2R AT LU Y, Content-
BOW FRE M 25 %\ F BOW HFfE. LL Content-
BOW FFAEM 5] AE N HEUE (Baseline) R4¢, 777l
IIAGEPERAE (POS) . 15 257 E (Emotion) . %&
TAKAFE K R WEFABURFE (Dependency). M45FR
AT LU IR JLZREAE I AN ) A FE 3T T &40
AMOR. e JLE HF 4R ) Emotion FRAEMI A
{15 SVM 7 K28 HERf ZAH L Baseline R4t =
T 5.88%, ME [M#fEffi%4em T 1.67%, CRFs #&
w11 3.57%, YAsemi-CRFs MR R T 4.38 %,
MTTBEUE T AT A3, R 28 il 30 % 1 ) b — 4%
AT BRI SRR E .
BN Dependency FFAERS, 702848 HHER K AH Eb
RGPS A D, SVM #5T 8.25 %, ME &
1 4.46 %, CRFs 2 1 9.81 %, YAsemiCRFs
PRRAE S T 8.7 %. W HHEE T A7 Ok R B a5
TC AR5 A0 6T ) BT ST A (1) 1 2 2 s B AR A Ak H
#&, POS FHAEMIIIN =248 T — SN [R FRCR. b,
SVM. CRFs Fll YAsemiCRFs ) #Eff 5 A Lt 5 11k
RV /NIE R A, (H2 ME [HERRH F T
1.77%. [FFE, ¢ ContentBOW + Emotion {41 &
FRAE_ LN POS $FAERT, ME 2» 8 R0 T %
T 1.28%. POS FRAE/f= XIS R, X — ]
ReAE AN ME A7/ FR i f B 1) . 55 4h—J7 1
Al fig s K ContentBOW FRIEA G CEHIE T IE
il Bhinl, A DRe s, {15 POS RHAERT N
N T A HERf 248 = B 28R

G U R BERFAE, LS Br B A T 61
R TERFAE IR E R, A8 R I P HU2
7E 100 4EfTE XS R B N AT, B TARAE )Tk

R 3 FETIEAEFAL MR A RGN SR 45 R (%)

Table 3 ~ Comparison of experimental results of various classification based on surface word form features (%)
JLE AR B I TR R
SVM ME CRFs YAsemiCRFs SVM ME CRFs  YAsemiCRF's
BOW 39.59 40.30 35.79 40.09 46.84 46.1 53.29 53.33
ContentBOW 39.98 40.59 35.87 42.11 48.59 47.8 55 56.74
ContentBOW 4 POS 40.19 38.82 36.05 43.95 48.64 47.67 56.78 57.69
ContentBOW + Emotion 45.86 42.26 39.44 46.49 51.46 50.7 57.41 59.55
ContentBOW + Emotion+
POS 46.15 40.98 41.89 48.95 50.2 47.1 58.53 61.53
ContentBOW + Emotion +
POS + Dependency 48.23 45.05 45.68 50.81 54.45 54.32 59.06 65.12
Compositional semantics 48.56 - - 52.19 55.37 - - 65.3
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¥ {1

41 %

(BB B D) o e, A 1] T 1) R AR et 45
AL A8 ARIE, F-1E N SVM AT YAsemi-
CRFs Hy%mA. AL 15T 3R 00 8 1 4 & R ik
Content BOW + Emotion + POS + Dependency,
A0 SCHUR BERFIEAS B T B VR . (H, 42
IR R . b, 72 )Lk EE b, BT
A T SCH) 45 RAH U BE THA7 R R 2 S R AR 32 v
T 1.31 %, iAEE AU R 2 b BT A X
1 &5 SR B I T AR A7 T 1 45 R AXNAT 0.14 % 14
. 3 XA G5 A JRUEEL, AT A b A TR ARk ) A
FRIEA O BN, 2R T332 I BE2%5 18, B W)
USRI R LR v, IS RIS B E . &
v A IR, A ORI )BT I8 SR 8 ) 11~ 24 ) K
0 27.09 1. HEAb, EARKITE 48 RIE TE R A A
. Bk, HaE R TR X TE R EARBLA

2) ANA T RARFRIT L. R85 LL SVM fE
HFEMER G, LG WAL SER TR R RCR, AR SCER
(1) YAsemiCRF's #5875 P Foft XU 22 350K 1) 25040
5 A REEUS AR I e RE L B, YERA 230 T Ak v
R AR than ME giA- RIS 25T
SVM. ifi CRFs A 7E LB F4E LG RIMA
W SVM (R GT, AH & AT [ A ik E s ) X
bt SVM R LF. BiH CRFs B T SCAR T
A BRAFAE— 5 AN N 3R, Dy A it B 2 R Y
A 2B R E RN AR R . AEASRRFAE S I B
FrRI A EE A A FEL tan SVM 2R H Con-
tentBOW + Emotion + POS #1414 4R5F1E i HL vk
1% 2w ME 1 CRFs, {02 ] ContentBOW
+ Emotion + POS + Dependency 4G FFE I
HAHR KT ME f1 CRFs. ] fig (i K /& SVM
PR E PR R A BE ) — € M RIBRTE. 3ok, FRAIT
B T gevk W S B AR RN IE R A, 3R
ARV K B 1R —Ehi 42 B A2 SBR[ 10 4158
ISEHEA T T-test, X YAsemiCRFs A8 5 HiAth =
PRI (SVM, ME, CRFs) 7 Al H#4T T % bk, REpp
XPLCHEAT T 7 IRSESE. A2 R 2L, FAT143 201
P {H{UH7E 8.24E—4~0.0345 2 (1. HH i kA
Pscs g R AA G B, 5T YAsemiCRFs #
TR BAL T AR, 28 |, YAsemiCRFs i
AR T REMAER R, 7£—EEE LRt T
B B 4 ) A R 56 1) 1 8 L S5 RV AR I Y T
B, LOASOE A STAE 265 43 BT T 9.

3) ANFEITERHRTLE. L MR R S AR R R R
b P AR TR R BOR 7 AR XA R 1 Ji DR T
REAE T LI SRR 2 2 JE 3OA (Short text), AHEL
P SuiE R, A TR 2 HA) AL

BRI R, TR AN

BRI UE A SCER A5 SURFIE IR AT 3L
P ik, FRAVKIESE 2.2 W 4l &8 SRS FE
TER A R B, A 100 4E (100D) (1 X
(AR, JFR L T & Mk A Gk o AL TR
ANk B G TR RERICH HA TE SCRFE, AR5 R
HIMAF| YAsemiCRFs #7841, Bl ContentBOW
FRAE (T1) M5IAERIAE R SE, DLyl NH S RHIE
ContentBOW + Emotion + POS + Dependency
(T2) ARG A RGEBAT XS L0, St &7
ERH f(z,y) =2 +y (T3) A f(z,y) = 2y (T4);
LA EIHHE XA f(z,y) = gW(x|ly) + b).
i, o+ y BRI &N, zy R
A E A g(W (z||ly) + b) R TR AT
)Y U 23 1 AR 3 B 1 VL ) B TA) R IR Sk o
SEBER ARV S v S, FRATT R R T P AL
g(W(x[|y)+b)—1 (T5) M g(W (z||ly)+b)—11 (T6).
Hrp g(W (z||ly) +b) — I 5623862 2.2 5P R4
BB SRR AR R P IR, T g(W (2||ly) +b) — 11
W R A —E RN LTI S i
DL mERA R B ), 203 H S R A L
A% L S 56475 R T 10-fold A8 XA UE 1) J5 24T
SR A LK 5 PR

%
70
SN JLEMEE
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50 = ©
40 \
S
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2
ENEEE

K5 AL SRR LS

Fig.5 Comparison of experimental results of various

=T I OE )

& (I

different features based on compositional semantics

BB [ sEae 25 Bonl DLW SR 2, 51 N AT 1]
TEHRACAREAE (T2) M RG AL T U146 15 SR FERAE
(T3~T6) MRS ENFIHERG 23 T 5EE (T1)
RGN R, LT LA EGRAE (T3~ T4) MR
GIAER TR THRIE T2 [ RGUER FA EAK, 1M
FET AR AL A5 SURHIE (T5 ~T6) 11 RSV
RANE T HIAGE T2 KRG R, e 15



12 81

Bk EArAE: R T ALE TR SR SO 4 2 i

2135

NFETF MM GHRE (T3~ T4) MARSGHEF R, A
IS, FEASCH T YAsemiCRFs A8 i 5| Ak
FARLAME S (g(W (||y) + b) — IT) 58k
A W SCRFAEAE B (5 A 1S T S 4 1) 5t
66.89 %, FHELIEE RGeHm T 10.15 %. ALK
FEEBICRE R R T 7.7 %. 16 LE 4R
BT B 1 R4 53.38 %, #1EL Baseline R 4¢
P T 17.51 %. MG I NRAFTTEFERCRAIE I R 4
PR T 177 %, RS o Rl BB TR AR R RN
T T A AR E R 2 1 SCRFAE X SCARE 26 70 KR 40
R R I m i — e R, T IR al &
W RN ST et AL & o7 SUE AR M
AEHERIINZE (g(W (2||y) + b) — IT) BEEUE S 4
R, H, FET AR M4l &8 SO S FE Ll 2k
PEL A TS 2%, EREIY 2 00 St 25048 FH Ao 8 Y
%% (Neural network) #E47, ARG, XH 2
BATF =2 TAERHIE M T . LR 5 45
[i] ISt 56 B A S ) YAsemiCRFs A% m] LA
SRR FH AL A5 v SURFAE.

422 XFERMECAIELE S HREM

FATN N LR A EATA G 45 1 IE A 1R T
“Batkr Mg RIRW AT B, WURAE A b
B TR AL, BRI 2N AR 2
FRN KL T AL, AR KA T WIET Btk 154
RIBMA) . AT I X AR S (1 g 4L S 36 v R A T
givk, KHUAEL S AT AR 17 2 1) st rh S B R] 1Y) ) 5 B
R SCA LY A7 35 Yo; 4051 2 ] b SCBan], (BRI
T 28200 5 FA IR IR 5 28 28 A — 2 (B AR 2R
(R )7 BB SCAR LY 1 40.9 %o, X U6 B AR SO £ 11 15
EARIETE R B E” A7 BT EE AN B,
MK LE “Ra bk A1) 7 1 7 RUERR R0 A R

A .

T B A SCHR A TR FIRE IR T B 1 1 2 R
RSV QS [ DN M a5 P NS G K B ey A eb v
T 105 4% B2 1 4 10 0] 5 B0 SCAR AR S iR 4R,
HRAE NI GREERAT WK, X LEAR A SVM Al
YAsemiCRFs, 1 ¥ AR IE 100 4E(1). SL50 45
Rk 4 fow.

M 4 58 45 5n] DUG th, FRATIAS 21 1) e
REARAGE, FR G A 45 RAE AR 2 FRAE
A3 T BRI ROR, Ui G L Ran 54
& T B A 26 o0 BT AR 55, T DA 28 m B Pk 1 46
SPRIUERZE, WIUE T FA 17 Z R AT HE. [
¥ 5 B I TR A A3 B TR FE EC AR AIE 140 N A1 5
13 T ANER B et B0 S T R0 1R 1] v 8 B ARy
FEXE RS 17 28 o0 B o2 A AR K. 57 SURF
AEAN I A AL I il T PO E 2 P A RE A A
IR RS, D BRI RT RE & B A e AT TR 4 2 TRV A7 A
BRI R, U IR TR 1 44 1 43 A e AT
5, T ATE U R E R I B A A LR A
AJREIEAE T H DA 2 i SO 1 A S R 2 2 1A
FEAE [R5 ICIAE

5 25t

BT DAAE SCAG 26 73 RWT 5T 22 A5 IR T2 1 i) B
R IE PR T 8L, AR SO 1) ¥ 4 TE B SCH A R AR AE S
ARG EERIE P A AT TR, $_IT R
(RI3E T- 25 o SCIRUR LR AL, JFAE SR IE AL Bt 1
R EE T L IR R IR A RN L (1 SCAR 26 03 B A
M AR T RS RIERE. T RIE VAR
R, R TR g YR O P AR 2 b
ORHZE L) LB S R ARV VR IR LASOH T A 3] v
R R RUOR PRI VORHZE S DU MR R, T e T4

K4 RIS RIESOARNNRIN LS5 (%)

Table 4 Comparison of experimental results of implicit emotion detection (%)
JLE AR B I s R
SVM YAsemiCRFs SVM YAsemiCRFs

BOW 32.38 38.33 33.33 40.09

ContentBOW 32.69 38.69 34.33 42.43

ContentBOW + POS 34.88 39.33 36.14 41.51

ContentBOW + Emotion 36.89 41.19 37.14 46.48
ContentBOW + Emotion +

POS 36.98 42.14 38.01 45.11
ContentBOW + Emotion—+

POS + Dependency 37.09 43.12 40.56 47.77

r+y 37.69 43.20 41.63 47.43

Ty 37.02 43.86 41.66 47.86

g(W(z|ly) +b) — I 37.55 44.98 42.27 48.04

(W (zl|ly) +b) — IT - 47.33 - 50.95
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RIFSLIEHETE. SR A R, AR A 715 X
RFAE AN L JRBE R S AT R AL I SCAS I 25 3 B A 2R X
T OB AN 2 ) AL 55 BAT IR AT & A

B~ DR T, —J5ih, JA TP

WEFCAL A i SOTVER TR L 45 20 R 51—
JrTn, BATR IR 2 5 A BARKS F 5 SO
LhoIRVERERIME L. BEAh, I e it A 2 o)
b TR EL () TAE.

10

References

Lutz C, White G M. The anthropology of emotions. Annual
Review of Anthropology, 1986, 15: 405—436

Wei Nai-Xing. Fundamentals of Lexis. Shanghai: Shanghai
Foreign Language Education Press, 2011.
(D756, wiEFES il FSMERE HiRL, 2011.)

Alm C O, Roth D, Sproat R. Emotions from text: machine
learning for text-based emotion prediction. In: Proceedings
of the 2005 Conference on Human Language Technology
and Empirical Methods in Natural Language Processing.
Stroudsburg, PA, USA: Association for Computational Lin-
guistics, 2005. 579—586

Aman S, Szpakowicz S. Using roget’s thesaurus for fine-
grained emotion recognition. In: Proceedings of the 3rd In-
ternational Joint Conference on Natural Language Process-
ing. Hyderabad, India: Researchgate, 2008. 312—318

Das D, Bandyopadhyay S. Word to sentence level emotion
tagging for Bengali blogs. In: Proceedings of the 47th An-
nual Meeting of the Association for Computational Linguis-
tics and the 4th International Joint Conference on Natural
Language Processing of the AFNLP. Stroudsburg, PA, USA:
Association for Computational Linguistics, 2009. 149—152

Nakagawa T, Inui K, Kurohashi S. Dependency tree-based
sentiment classification using CRFs with hidden variables.
In: Proceedings of Human Language Technologies: the
2010 Annual Conference of the North American Chapter
of the Association for Computational Linguistics. Strouds-
burg, PA, USA: Association for Computational Linguistics,
2010. 786—794

Xu Bing, Zhao Tie-Jun, Wang Shan-Yu, Zheng De-Quan.
Extraction of opinion targets based on shallow parsing fea-
tures. Acta Automatica Sinica, 2011, 37(10): 1241—1247
(fRUK, BABRZE, L, AL, BE T2 AR AL AR VAR X S Al
W5, EEhEEAR, 2011, 37(10): 1241—1247)

Neviarouskaya A, Prendinger H, Ishizuka M. Composition-
ality principle in recognition of fine-grained emotions from
text. In: Proceedings of International Conference on We-
blogs and Social Media. San Jose, California: The AAAI
Press, 2009. 6—24

Neviarouskaya A, Prendinger H, Ishizuka M. Recognition
of affect, judgment, and appreciation in text. In: Proceed-
ings of the 23rd International Conference on Computational
Linguistics. Stroudsburg, PA, USA: Association for Compu-
tational Linguistics, 2010. 806—814

Chaffar S, Inkpen D. Using a heterogeneous dataset for emo-
tion analysis in text. In: Proceedings of the Canadian AI'11
Proceedings of the 24th Canadian conference on Advances in

11

12

13

14

15

16

17

18

19

20

21

Artificial Intelligence. St. John’s, Canada: Springer, 2011.
62—67

Mohammad S, Turney P D. Emotions evoked by common
words and phrases: using mechanical Turk to create an
emotion lexicon. In: Proceedings of the NAACL HLT 2010
Workshop on Computational Approaches to Analysis and
Generation of Emotion in Text. Stroudsburg, PA, USA: As-
sociation for Computational Linguistics, 2010. 26—34

Volkova S, Dolan W B, Wilson T. CLex: a lexicon for explor-
ing color, concept and emotion associations in language. In:
Proceedings of the 13th Conference of the European Chapter
of the Association for Computational Linguistics. Strouds-
burg, PA, USA: Association for Computational Linguistics,
2012. 306—314

Purver M, Battersby S. Experimenting with distant super-
vision for emotion classification. In: Proceedings of the 13th
Conference of the European Chapter of the Association for
Computational Linguistics. Stroudsburg, PA, USA: Associ-
ation for Computational Linguistics, 2012. 482—491

Qadir A, Riloff E. Bootstrapped learning of emotion hash-
tags #hashtagsdyou. In: Proceeding of the 4th Workshop on
Computational Approaches to Subjectivity, Sentiment and
Social Media Analysis. Stroudsburg, PA, USA: Association
for Computational Linguistics, 2013. 2—11

Quan C Q, Ren F J. Construction of a blog emotion corpus
for Chinese emotional expression analysis. In: Proceedings
of the 2009 Conference on Empirical Methods in Natural
Language Processing. Stroudsburg, PA, USA: Association
for Computational Linguistics, 2009. 1446—1454

Xu G, Meng X F, Wang H F. Build Chinese emotion lexicons
using a graph-based algorithm and multiple resources. In:
Proceedings of the 23rd International Conference on Com-
putational Linguistics. Stroudsburg, PA, USA: Association
for Computational Linguistics, 2010. 1209—1217

Wang L, Yu S W. Construction of a Chinese idiom knowl-
edge base and its applications. In: Proceedings of the Mul-
tiword Expressions: From Theory to Applications (MWE
2010). Beijing, China: Association for Computational Lin-
guistics, 2010. 11—-18

Yang M, Peng B L, Chen Z, Zhu D J, Chow K P. A
topic model for building fine-grained domain-specific emo-
tion lexicon. In: Proceedings of the 52nd Annual Meeting
of the Association for Computational Linguistics. Strouds-
burg, PA, USA: Association for Computational Linguistics,
2014. 421—-426

Choi Y, Cardie C. Learning with compositional semantics
as structural inference for subsentential sentiment analysis.
In: Proceedings of the 2008 Conference on Empirical Meth-
ods in Natural Language Processing. Stroudsburg, PA, USA:
Association for Computational Linguistics, 2008. 793—801

Mitchell J, Lapata M. Vector-based models of semantic com-
position. In: Proceedings of the 46th Annual Meeting of
the Association for Computational Linguistics. Stroudsburg,
PA, USA: Association for Computational Linguistics, 2008.
236—244

Baroni M, Zamparelli R. Nouns are vectors, adjectives
are matrices: representing adjective-noun constructions in
semantic space. In: Proceedings of the 2010 Conference



12 81

Bk EArAE: R T ALE TR SR SO 4 2 i

2137

22

23

24

25

26

27

28

on Empirical Methods in Natural Language Processing.
Stroudsburg, PA, USA: Association for Computational Lin-
guistics, 2010. 1183—-1193

Socher R, Pennington J, Huang E H, Ng A Y, Manning
C D. Semi-supervised recursive autoencoders for predict-
ing sentiment distributions. In: Proceedings of the Confer-
ence on Empirical Methods in Natural Language Processing.
Stroudsburg, PA, USA: Association for Computational Lin-
guistics, 2011. 151—-161

Socher R, Huval B, Manning C D, Ng A Y. Semantic compo-
sitionality through recursive matrix-vector spaces. In: Pro-
ceedings of the 2012 Joint Conference on Empirical Methods
in Natural Language Processing and Computational Natu-
ral Language Learning. Stroudsburg, PA, USA: Association
for Computational Linguistics, 2012. 1201—-1211

Moilanen K, Pulman S. Sentiment composition. In: Pro-
ceedings of Recent Advances in Natural Language Pro-
cessing. Borovets, Bulgaria: University of Oxford, 2007.
378—-382

Yessenalina A, Cardie C. Compositional matrix-space mod-
els for sentiment analysis. In: Proceedings of the 2011 Con-
ference on Empirical Methods in Natural Language Process-
ing. Stroudsburg, PA, USA: Association for Computational
Linguistics, 2011. 172—182

Mohammad S. Portable features for classifying emotional
text. In: Proceedings of the 2012 Conference of the North
American Chapter of the Association for Computational
Linguistics: Human Language Technologies. Stroudsburg,
PA, USA: Association for Computational Linguistics, 2012.
587—591

Hermann K M, Blunsom P. The role of syntax in vector
space models of compositional semantics. In: Proceedings
of the 51st Annual Meeting of the Association for Compu-
tational Linguistics. Stroudsburg, PA, USA: Association for
Computational Linguistics, 2013. 894—904

Sui Zhi-Fang, Yu Shi-Wen. The research on recognizing the
predicate head of a Chinese simple sentence in EBMT. Jour-
nal of Chinese Information Processing, 1998, 12(4): 39—46
(B, GrLuc m EBMT (#3005 5 A0 1538 ool U 7T
L BAER, 1998, 12(4): 39—46)

29

30

Turian J, Ratinov L, Bengio Y. Word representations: a
simple and general method for semi-supervised learning. In:
Proceedings of the 48th Annual Meeting of the Association
for Computational Linguistics. Stroudsburg, PA, USA: As-
sociation for Computational Linguistics, 2010. 384—394

Sarawagi S, Cohen W W. Semi-Markov conditional ran-
dom fields for information extraction. In: Proceedings of
the Eighteenth Annual Conference on Neural Information
Processing Systems. Montreal, Quebec, Canada, 2004.

5B PEEFAEARE AR
LA, v R B T2 RE LA
W5 AT BB 9% 01, EEWER 5 ok B
RAE T AR SRS AT e S A
PO, ASCEAG R

E-mail: hwdbl@126.com

(Odbal  Ph.D. candidate at the De-
partment of Automation, University of

Science and Technology of China and assistant researcher

at the Institute of Intelligent Machines, Chinese Academy

of Sciences. Her research interest covers natural language

processing, affective computing, artificial intelligence and

pattern recognition. Corresponding author of this paper.)

TSR P IR A R R BL BT
BEOFICR. ot R HOR K2 5 i o

o AL B [ 5 TR S S . LT
J3 W) R SEARRLSE AR AR IR A I
CAVYSE LRI

E-mail: zfwang@ustc.edu.cn

(WANG Zeng-Fu  Professor at the
Institute of Intelligent Machines, Chi-

nese Academy of Sciences and the National Engineering

Laboratory for Speech and Language Information Process-

ing, University of Science and Technology of China. His

research interest covers stereo vision, biometrics, affective

computing and intelligent robot.)



