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Abstract  Word embedding based on neural language model can automatically learn effective
word representation from massive unlabeled text dataset, and has made essential progress in many
natural language processing tasks. Emoticons in microblog are important emotion signals for
microblog sentiment analysis. There have been a lot of research works exploiting emoticons to
improve sentiment classification performance for microblog effectively. Commonly used emoticons
are adopted to construct an emotion space as feature representation matrix R* from their word
embedding. On the basis of vector based semantic composition, the projection to emotion space is
performed as matrix-vector multiplication between R* and other embedding. Then, the results are
forward to MCNN to learn a sentiment classifier for microblog. This new model is named as

EMCNN, short for Emotion-semantic enhanced MCNN, which seamlessly integrates emotion
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space projection based on emoticon into deep learning model MCNN to enhance its ability of

capturing emotion semantic. On the datasets of NLPCC microblog sentiment analysis task, EMCNN

achieves the best performance in several sentiment classification experiments and surpass the

state-of-the-art results on all the performance metrics. Comparing to MCNN, EMCNN not only

improve the classification performance, but also reduce the training time, i. e. 36.15% for subject

classification and 33. 82 % for 7-class sentiment classification.
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L > X <«
RE R.’VI
Sy g
L o
A

Kl 6 EMCNN Bl H (kB2
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2K HE R AL T RE Y R [R] L AR SO EMCNN A5 70 4
O3 R A AR B ) AR ki) i A2 1 R
B B2 A BURKE 2 A AT 4 i 2

3.3.1 dlm g AR

e IR B 1] 1] £ i) B EMCNN £ %) By A
JZ 5 A B B v R AN R AT S (CGERR by i)
TG E) AR, B — 1 kg — AN 3 1) R R B % )
TCERNEH N, A ) 4R J, N W e
RN g A i) ) e 1) S ) R S B X T — N H
L IC E A B SCARFH S=(crvcrsre) s 5 )
AN T] 5T R A3 ) e 38 0N T ERE IR AR

r=Wo,, 1< <k (2)
Horr, v, € RY i — AN M 5T 2 o X Y 4 B HUE R
LB 40 0 B9 N 4E 3518 1) &, FE 7 S0 B b
R — A R R AT 2 s B AT kA~ ad e T
DA O A 7 8 (Lookup) » i) [ 7 36 7% 4 [ W 2 4
R — AN SH RN LR TR o A B g2 .

i 3o SCA P B el 7 A3 B ) ST 2R A 3 )
MRRPF 2 K, ST B0 A SCAR 7 51 1 1) ) it R
BB -

Ro=r®rn®-DPr, (3
Hoh - @FRRAT I 7 0 B PR A &1 6 h iy R”
1 RM 43 5 2 3 28 1) 245 A5 57 51 A0 I SCA T 4
I AR AR Y. X B R R AN B S ] Y
LM R ol S RS (A Bl ) R B A5 n] DL s
LG I 1 4 5 RM DD Ay A R % ) 1) R B 2RO L 2
X T S e 3 11 7 A — b e 08 2L O 8 i T
FH A B 38 SR AT 45 Bl LA A
3.3.2 IEEGE U R

R T A5 B A S IR A A IR A ) )RR AIE R R
E 3% F i) i B35 SCA R RS AT A 4R
WA AR iz B

E = (R"))" X R" (4)
He, (ROTFER R E. IR T d. 4 F W
45 2w RE € R i TR S i i &
JEE 45 AN TR) 5 36 B ogh 1 B0 i K K B o 5 B 4k
A RYE R X FRENT d, BITE 75 H A i
w4z o mF e R R E B 4, KR, BRI
AL 1 B2 R AR AE R E€ R

SCHERCT2] P48 g ESM R[] B {36 15 45
5 11 T i ) A1 R () R S o e OO SR Y ] )
] /# cosine {2k 78 B, TR A AF -

cos(p,.q) = —b (5
I+ la |
o p AR 1 ) o i) L e () T A 3] [ s g, DR 3

VEM I RAE AT S B R SE § AR A5 0 DAY 1)
i X EE (40 & B P A 22 X (5) i J3 B R
g3 BIPRASR) ) i 0) L2 Y54 S 17 5 ocmkl12 ] iy
5 R WSS o R PR A — B, I B A EMCNN R )
TR A SCHR 1o B Y BOOR 55 0 L B R AR S
AERE FE AT B RN R B b i) o] i Y L2 8
IR AR T A,

07 DR B i S G S S RN

B SB[ E e; , XN 1 BE BT I A

iy S < ST S AR ) & e
el=e —A;
CA=e—el X e /]el]
e =e.—A|
G HRRFEZ

Bl S o 6 O R AE R OR E AT 6 R R AE 1]
PATEAG & B N 58 BB SCAS 10 7 A L. e 1
HF R W e R o dy, RAREBE DK
INTR 2 B R R AR AR h

(rh =W/ @z +0]
IZJ =E .y, 0@ DE,

Hopor % MERET W OURERLIES) TE
%7 NIAEL R BIREE R 2, RRTEE 1 4 U EN
FRIERR E W5y B PR 0] R 55 i M BRETM
it S AH s QO s 40 [ 1 N AR B A B, ROR E 15
AF T 55 DFRIRAT 0] 8 5 ] 1 P HEEHRAE. AR 40 Xy
TEZRTR E oAy Wi 45 AR AR O XA TR) L 5 AR a1
A WAl Sh AL B 28 Y (narrow, 8] 7(Z42)) I 8 Al
(wide, B 7CH)D ) X B FRES R A 4EBE 7350 o d, —
dyin 1 F d, - d o 1, SO A AR AL 1Y 4 B A
HRME#H. B TACRM T 2881 M %451,
R A 2 H B TRRAERN S8 AL S W0/
M d i

[JCREI I \CRy =

3. 3.

(6)

M7 PRSI

P X B YRR AR AR B/ SRAT B ORAE TR R
FERRAE BRI ZE B b 00 d5 KA B AR IBCEEAS 45 17
L X SR R A S Y B R U (5 5. B R AE R
mr .

1‘i:max[r;./j][,,», 0<j<ktdu—1, 0<i<<H (7)
Hp H - BRE T EL 2 CNN EHEEBS
Bz — H =N IR
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AL
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i 2017 4F

WE 6 ook XUE T8 A 28 2548 o d i 53900 0 2 N
3VEMTM G RS RPN — A1 i x
ABIF— 2. AT R M T =l p B2 254 . B
RHBCE W 4. 3.3 5.

3.3.4  EIEAG 2

RIG K ET— 2R3 & x AR -1 22
A (MLP) 15 21 55 5 J2 19 R AE . AR S0 A
U35 B A S AT A B2 5 2 19 MILP, %o gy b [ gk 47
et sk gk g BT A5 B0 IE bR 28 4543 ) 5

Score(8) = g(W'x +b") (8)
Horpr:Score () € R™ i I bR 4 1 15 43 1) it s L 3R
NI AR S AW e RY TR b € RY 435I N
MLP 1) 25508 B A B A, A SCSE 5 R ] Rectifier
BRI A3 5 B A 2 AR 4

KT EIERIE S B 0= (W, W/ . W", b/, b" )
AT — 55T S 1 20 R4 A ME 22 L 75 R Ik
7543 0] P47 Softmax B 5 .

pUIS.0) =

e Sco

re
2 : o Seore (),

Yie L

TEVNGRAE Cpr s 3 1 i 75 28 (O B XF U ARL 2K ok R

() i AE B /MR S BT DL 2 20 15 B S A AL A HR S 80 6.
2 —logp(y | S,

(S.yec

Forfr (S, ) FRIR YNGR Hf 19— 45 ol 1l S 5% 1 114 v
AR A [ SCHRL 14 ] —FF BB A I 25 B SGD
fEH A, R AdaDelta 8 30 81 48 W #4585
(25 2] 3 % MLP [ 250 W B AT dropout #/E
Bj AR S 4005 I M 4R 25 S VI 2 4R 0 R AR i £ 5
& Y mini-batch K /)N.
3.4 EMCNN #RIf 8 &

BT EMCNN A B A £ 2 Jif ) ff 28 ) 25 45
3 02 3l P LA 4 B 22 R ) 3 ok 3R AT B () 52 4%
18 43 BT 5 T4 2 ) 246 A5 780 A At 178 S B3 &% R FH
Wiz B4 o DRI T SR FH A I R AR 3 T 1 e U] &2 % BE A R
LA, X AE, EMCNN £ 81 5 MCNN A B f) i [ 1
SRR P R ) 52 2% B AT LA SRR
Teves =T + T, + T + T,
Taew = Ti+ Ti+ T,
T, = O(d XN X (d,+d,))
T'=0(d X NXd,)
T, = O(d, Xdxd,)
T, = Od, X dyn X (d,, +du) X H)
T,= O(d X d, X (d, +dy.) X H
T, =OCHX |LD

&),

9

1
00— = (10)
C|

(1)

Hodp T f T7 4 ) B A R & 7 LR 4R T, 2
EMCNN #5550 4 A5 1 15 S0l I s 45/ s T, fn T J2
HIE A I A FUR R A T J2 15 18 A% 43 M Softmax
B X F T T, ik B4 B R (2) Al (3) k31
BT S BB R AT LUK X (2O T4k Sk O 11 B
EEs ¢ (7N 5
T, = O X d,)
T= 0 X (d, +d,))

W, % &3 d.d. .d, M H @ ET 100 X4
B g M d . W S 10 RLpy ., Bl EMCNN 1
MOCNN )i [R) 52 24 B g A 22 76 T, . T f T b i
T A0 T 22 5 32 22 oy i) 1) 5 28 B of 135k L1741 JRK
P58 H d A TR T 51 R 0. 1 40 00 52 56 FE i b4
S0 4.4.6 5. AT LUE Ll TR AT AR R
SR A R X (4D gl AT LA S8 BT U s ) A B Y
A BB R G W5 F 3o #E R d +d, 4
] o L2 5450 T 42 = T EMCNN A5 8 i ] 3
AHE.

Xt A A AL ) 23 [A) A 2% B L A A AR AR
ZH0 WA R KON I8 4
Mpyess = M, + M, + M,
MM(‘NI\' = M1 +M£ +M3
M, = O(d X N)
M, = O(d, X d, X H)
M, = O(d X d., X H)
M, = OCH X | L]
o M, il i) s R B W R /N s M, R M Sy L
EBE TR/ M, S MLP i K/, 7T L
A5 R 1) 235 1) 52 % B kA 25 48 M, ML 2 | T
2 T 3 1) 4 R R R R S 8 H
d AR 51 .

12)

(13)

4 LBWEZH
4.1 HIEEK

A 30 R NLPCC 78 2013 4E F1 2014 4F 15§ BT
I 55 16 W 1> 20 O 250 48 B 20 21 52 6 > B8l 2
AL — U R AR R — A AR N R R B
BRI o 28 RS A — 1 R 48 36 8 AR
[5) B4 175 JE% bR 25, B none, happiness, like, sadness.
disgust.anger.fear fil surprise. P % 48 4E 19 & 31
RN 2 PR, b, 2014 4E 991 5 4 (14train)
TR T A5 O 0 SOAS N a8 AR SO R RS R
I ZATF] 13998 ZL 1.
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x2 AREHES (@R AT )
13train 13test 14train 14test
none 1828 4873 6591 3603
happiness 370 1116 1459 441
like 595 1558 2204 1042
sadness 385 744 1173 189
disgust 425 935 1392 389
anger 235 436 669 128
fear 49 102 148 46
surprise 113 236 362 162
J=%an 4000 10000 13998 6000

Hi3& 2 W] LU L 8 i bn 2 1 Le 19 AR A 12 4
O T AL A% 27 2 SRk e — Pk K. O T 5 g
EMCNN #E A8 iy #EGE . BR T NLPCC 1E 20 Y 15 2 3F
AL 55 A SR EL T 2R 5P 0 =W 38 L IE T
8BS JE TN DY 43 283X 3 AN 523, Horh 32 % W 4y
Fot none R B WARS e 7 B Ay AR
2 IR I 3 JERE happiness A like F 4 1E [7] A5
% ,sadness.anger.disgust fl fear {E 571 [MFR 2 s 1
JPU /2R BB T like, happiness, sadness il disgust
(4 bR RO B 3 S bR 4 1 B LA D
B3 NI R RR SR A s DL an e 3 Ak 4 PO,

®3 BARIFEEHOS—  BAH)

E-9UN FM i 1] 1]
2013 6701 7299 3639 3660
2014 10194 9804 5146 4658

x4 BRIF\ENNSZ GEAH

like happiness sadness disgust
2013 2153 1486 1129 1360
2014 3246 1900 1362 1781

R T AdH word2vec T 2 1) 1] & , A SCHE 3 B
TR APT #: OB HLAR IR 1 2012 4 3] 2015 4§
Z IR L 3 T 7 Z5 i SCARAE S R W 2% S 1
P vE AR AR . 20 T A SRR AL H 2 S B LY
BAREFRA full-set, H o5 G 1 AT 5 19 Tl i 42
IRCHE S T B R B4 B FR R emo-set, B H v 2012 FI
2013 4F J A (1) S 1 4 B S ok B B Y Bl 4 A FR R
part-set, S iHF B WK 5 Pron . H E ARG BAT
S R BB S ERE T R AR AT ER

RS5 EREBHEEMAETR.BAHD

Dataset1 full-set emo-set part-set

TP A 20M 31.2M 1. 09M 26.8M

& E s 5M 1. 09M 1. 09M 0.26M

E B8 — 2.23M 2.23M 0.45M
E M4 1154 1154 808
JES GRS — 1. 08B 34.2M 925M
S K E — 34.6 31.4 34.5

i) L /N 347886 68662 310046

O E AR R0 B0 AR RN Y A
AP R Y 2 B 2R O TR A R 3R
B BN A/ 557, Datasetl g SCHRC12 ] i TC bR T
Btk R AR | 2012 47 3 7 #2012 4F 12 A.
BR T 4. 404 55 AR SCHCE BT A S2 56 v A B0 2y
ir) [ o AR T AL full-set B 22 I 2545 2 1.

4.2 xfibskme

(1) MNB. SCHRL21 Ay S2 56 2 B L 76 K B A Y
SCAIR Ay B 5 MNB (Multinomial Naive Bayes)
HH AL T SVM 9 70 ZER0CR s SCRR[ 24 148 & 3
MNB 75 35 S ) 17 J8% 23 28 op A7 78 O 3. 28 BRI
TSCA iR TR Y 1-gram, 2-gram 1 3-gram — 2 fE
Ny RRHAE I HL 220 SCRRA /N T 2 BARAE. BT A
BRSNS W 4. 3.3 5.

(2) SVM. SVM(Support Vector Machine) {£ 4
LG AT AT 55 Th IS B A 1 5 SR R 2
SCHRLT2 T eb i 75 s 4 BRI Tl SCAC R ALE L I 5 IR — 0T
I 1t (98 kAT R s

(3) EMB. it F A A i B4 46 vh 2 ~J 3 11 3]
] 20 ToRMEZ S B A SVM Jp 2K 88 . A
S B R e R e /N R 25 B SR AR SR o A R
e E-EMB. 07 2 45 78 22 A58 (i i SCiik[ 14 ], 3C
BRL30 ]\ SCHRE32 ] SCilik (34 10 SCHk[35 155 ) 6 Sy %o
FUREAY , 23] 1] $E R 546 58 73 26 2% SVM 19 %
ghia 3.

(4) ESM. SCHRL12 48 i i 215 745 5 23 ) A 2
TEWN F EMB Jy ¥ 0 Al E o 1 5 o b el
fR 3R] ) 55 2% 16 A 45 1A ) & A9 cosine fH, 58 R
T i 2] 1 g A5 R) 19 2 . SR SRR SR I 174 A5 AR 50
i B-ESM, 3R J i K di /0N 1SR RS i 1) 55 28 50 R
E-ESM. A8 BU7E 1§ O Bt 4 EHUR T HATE
R B G R JH I R s ) B 46 7 1 J A SO L )
S R A TR DR T R SR Sy X L AR,

(5) MCNN. 7% 3¢ EMCNN A58 78 1 3 fith 452 80
FLHEX T 2] 1 3] 1] i PROAT £ AR AR AR DL S 22 Y
B I RY SN E /E U R AE R OR . ik
FHICABE AL EAT X0 G o T DL S G b 1A B s 68 10 175 2 1%
S AT U] ) R R S SR X T R 2R R T

fEH.
4.3 SLWRE
4.3.1 SUARTHAL

BRI 9 SCAS P33 AR A 1 SUhR R
PE5 B0 RS A AT 7 B SR KO LR
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Hl

R T o 455405 R RAF AT 5 1 S SUAR. A
fd H] NLPIR T B0 ol 18 SCAS 3547 43 0] 3 2o 4 51X
S AR ) RAF AT S AE S e g AR e AT
3R 45 R R S B A 13 oG, Ak i R 3 R R
TS (urloxom,nr b, WPRKE XS N Y 2 45 245 48R A
S HOT R Ho, daE url B9 X R AT R G —
AL A TR F B0 (URL) 5 L@ JF 3k Hid P24 nr /Y
TR G NE T 0 (UNAME) 5 3614 5 m
AT i BT G — A D 3RoR ;1 1
S x W FER L IR LL www. 3k % 46 R CURLD) ,
5 WU PR A B A
4.3.2  iu) ] o Y AE )

fifi i word2vec T.H V) Skip-gram 5 5 47
1] ) £ A T A ) ok TR B 2 800 8. 480 SUA il
A IR Z 5 A BRI S 4 b B AR O A e Ak A S A
3 B ) iR T P s — 2R RO — AT A word2vec %
>J 1] [ 4
4.3.3 MAEISHRE

K] Tdtrain B8 48 19 5 A% 58 S50 TE R 4 795 &%
A3 ZE AT v 1) 6 2 5 ok R B (R T A i A
S8y, Ho , EMCNN % ] Top-100 918 & 455 (i
PB4, 4.5 99 e BS80S MCNN i+ —
o, BARN2R 6 iR (dun F1 H 230 516 3 A EUE X B
3ANEIE). X 3 NSESET Top-n AT Y, Hp
d BYBUEYEFE A 100,200,300 F1 400, dw BRI A4LE N
(3,4,5),(4,5,6)F1(5,6,7), H {£ 3 i@ IE I {145
— 3, WU 5 B 50,100,150 F1 200, M TG 7] LA #4Y
B 48 AN [6] B Z B A, R T M A% 48 R (grid
search) J5 iE e B A5 S MERA R A L —41. MNB
B S50 alpha CEW R FHO R E R 1.0, I A fill
FH SVM BRI 55— 44 1 2 %0 CQE AR 8 80 3 &
1. 0.

% 6 EMCNNEZS#igE

24 1. B A
d 1] J 2t 2 200
d vin BT 3:4,5
H BB T A% 100,100,100
4.4 ZEREHH
LA 1 RPN 55

FE IR 2013 4E NLPCC 5 BEMAT 55 69 3 M A
HED AR % 2013 4F 2014 4F il B9 4 R 47 1Y
SIS L AR PRI 25 SR an e 7 gk 8 s,

=2 i 2017 4
% 7 NLPCCI3 B 45 R
NLPCC13 Subj F1 Micro F1 Macro F1
BEST 0. 7290 0. 3520 0. 3130
B-ESM* 0. 7820 0. 4160 0. 3290
E-ESM* 0. 7880 0. 4390 0. 3500
MNB 0.7652 0. 3208 0. 3105
SVM 0.7732 0. 3624 0. 3052
E-EMB 0.7827 0. 4209 0. 3395
E-ESM 0. 7854 0.4348 0. 3490
MCNN 0. 7890 0. 4365 0. 3462
EMCNN 0.7931 0.4422 0. 3517
% 8 NLPCCl4 BT &5 R
NLPCC14 Subj F1 Micro F1 Macro F1
MNB 0. 6534 0. 3595 0.2783
SVM 0. 6607 0. 4053 0. 3051
E-EMB 0. 6878 0. 4324 0.3703
E-ESM 0. 6860 0. 4425 0. 3786
MCNN 0. 6946 0. 4534 0. 3829
EMCNN 0. 7083 0.4723 0. 3940

Hrp,B-ESM* fil E-ESM™ i 54 %5 @ Scilk [12].
AL E-ESM SE 80 25 R AE 3 S48 b5 L Ef B /N T
E-ESM", %2 il T3k B B 4R i AN w5 | e 11
A4 A TR R HE IR UL e 28, EMCNN #5578 7
JT A FE A L ER A T R 4F 19 45 s MCNN 7£ Subj
F1 FBUAS T4 2 4 HJ2AE Micro F1 _E§§FE-ESM*
HETESS 3 4, #F Macro F1 |5 F E-ESM* fil E-ESM
HETESS 4 47

[FIFE L 7E 2014 4E A9 £ 48 48 I EMCNN #5817
FiA e bn AT T B i g R o A B & T
2 i) MCNN 7Y, A6 b E-ESM B RR R $2 5 T
2.23%.2.98% Al 1.54%. B 4h, MCNN 5 R 1§ fir
bR EASEUS T8 2 i 45 1 AR T7E 2013 4F
BAREN LR, Sl — L Z I GEN 4. 4.2
) MCNN 75 Z 8 K Il 254, i EMCNN 7 2
(I 25 B8 RIS AE X 22/ — 2.y F 2013 AE I Il 2R 4k
HA 4000 £ i, 5 3% MCNN ¥4 15 28] 784 1Y
Y.

HTREMFSEMENERERINEEGFSZ
— 3% HUK 2014 AR AR AR 43 S B R A S (2069
FO A FAE45 5 (3931 £ P48 s K Z & A
R M RE A B AN 8 & 9 A&l 10 TR 45 .
BAK FE .S RIEFF S MR r & & TA
TR ST R KRGS NE RS RN A
FF RO 18 A 25 FR 2 B 8 4 R RLAE
FNEAFS 1Y Subj F1 A5 AR LA — B SR 15

@ https://code. google. com/p/word2vec/
@  http://teci. cef. org. en/conference/2013/dldoc/ev02. pdf
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FF5 B AR /R BE I 0 TAE R Z 0 R0 E B B AN
0 RS2 R A A Ok R B 2 11
i IR 2 R R 7 A N A 273 IO B I R A
S NE 9 A 10 AT LLFE L 15 B2 o 2 g
(R A T ok B TR AS T 43 0 25 1k BB 1 ] i 48 T [
R0 E 0 2, E-ESM 73X W A 45 bR B4R I
T4 T AT RAGAE 5 3 3 2 WY FOAH a2 ) e 4
XF T 33X HB 4 I T A 8. SR, MCNN A X
E-ESM By PE g #2 T+, Micro F1 F %3k [ KR & 2154
S#B 4 s Macro F1 W 2ok A & R EMF 50, K
PRI 2 2 o 3 A L 4K 3 28 1 e 1 2 T T S U
TR IUAS [ 28 591 43 2 1k e 1 °F 3 4 T R SR B
X 43 A R 26 ) 66 71 A9 4R T, XA B4 L B, MCNIN

0.80
[SHfflE oo &tsn
0.75F :
0.70 ]
_ 0651 §
= 060/ ZBN
[% 0.60 / % %
0.55 % % §
"L
0.50t é é %
0.45 . é §
i
0.40 : - . .
SVM MB E-ES
Bl 8 2014 4ERAE Y Subj F1
0.55
0.50L [Pl e S XkBEHE B LD
0.45}
—~ 0.40 |
o
£ 0.35¢
Z 030t
0.25F
0.20F
015 ;NB “SVM E-EMB E-ESM MCNN EMCNN
9 2014 MR K Micro F1
0.50
s [l o & #%ts o Akl
0.40}
_ 0.35)
s o0 %
% 0.30 g
= 0.25F g
0.20} g
0.15 g
i
0.10%%

10 2014 4EP % B9 Macro F1

AHEE E-ESM ] DL G- b 38 550 AS [7) 2 590 1) ) 175 J s
X AE NP E A A A EMCNN B, AR 4 4%
G TR LG TERR T Subj FL A5 £ G
FFS o Z 50 RIS T SR A PERE. T 80X A R
R RV AE 4. AT 5 FEAT PR 20 BT
4402 TR 4R 1 SR IR

T 7643 W 28 590 - A 5040 4 v 25 A 1Y)
PERE A SCIR ALY T K W4 25 IE 7 A SR
DY 3210 3 A S g B A A BRI 3 WL 4.1 .
X B 32 B 41 2 4R /N B AR R T A S B Y
W, BN 48 BR AR 2 B 4 28 ME B R (Accuracy). R X
FEWR S B AR s W 2R AR /N X U A v 2% B L
BEFE X/ n(n IR EO N INGFEAFR L, — X/
(Lo R 5300 5070 B 25 T RE AR HIO AN T RE AR

(D EFEMHK

WSEI S A 2 (n=2), Hith 2013 4E 1
L.in=06701,2014 4F R L, = 9804, 25 5 435 an 1] 11
FE 12 iR, MPERE T £ i #a # ok B . EMCNN 45
ZAf T MCNN; 9 2 76 U 25 4 18 3 — 2 Fe
(& 11 4350 2000 F1 4000, B 12 H143 51k 6000
1 8000) ZJ5 G FF 2L L T E-EMB fil E-ESM., H.
EMCNNT 22 57 /0 i I 25 8080 5 3 4 4> 452 7 8 iy ¢

0.80
0.79}F -
0.78} R i
0.77F p
0.76F
%0.75 -
E0.74F
Hogg
0.7k~ —— MNB
0711 —=—SVM
L - p— s E-EMB
0.70F —a—E-ESM
0.69 —-x-—-MCNN
0.6 L L L L T EMCNN
0850500 1000 2000 4000 6000 8000 10000

R SN
Bl11 2013 4F R M2

0.80
0.79
0.78
0.77
¥0.76 ==
& =
@0.75¢ -
0.74
x:

SVM

0.8y e | = E-EMB
—=—E-ESM
0.72 =~ MCNN

071 ‘ ‘ ‘ ——EMCNN
2000 4000 6000 8000 12000 14000 16000
E¥ SN

K12 2014 AE EHE W E
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£ F MNB Fl SVM. [ 3¢k [12 1/ Fig. 3 X b &
B A SCELIL ) E-ESM A DL & MNB 1 SVM Y
SRS IRAE S A — B EHAEE N B’ 9
MNB 5 SVM 2 [a] () 22 Bz K, H T4 43 2548 19 1
TR ER A TR . 22 W] 2014 4F (9504 45 76 32 & 4%
25 1 in R HE.

(2) IEfIE o2

I SE G AR Sy — 43 2 R (n=2) , Horf 2013 4F
) Ly, = 3639, 2014 A L, = 4658, 45 2 43 Jll 4n
B 13 FE 14 frs. 5 5 O, S 56 245 5 1 M B
L5 EE M I A ML . R Z 8
G REAAR > i), EMCNN 1 MCNN #f %} F E-ESM
1 E-EMB 19 % fig 22 B 35 K E-ESM fil E-EMB 11y
PEREZE B S i B 2 s EMCNN i1l MCNN i i E-ESM
Fl E-EMB B , 75 20 D I ZRFE AR (& 13 ma3 i R
1000 F1 3000, & 14 #1435 % 2000 F1 3000). A] L &
R T RG-S 2 [ E-ESM il EMCNN, A
XFF E-EMB Fl MCNN, 7£ 1E it 1§ J&& 43 25 i) 7] DL HR
P = R BB M 2. W B R RO, R SCmk (1211
Fig. 2 Xt & B, A SCL I E-ESM A Il 2R ke AR /N
T 2000 W, 43 28 0 o 1 252 W] 2/ T ) SCHR L X 2 B
TR A A A9 e W B U0 2R 4 51k 0 GBE 4 i ie W
4.4, 4 7).

0.86
0.84} — ]
..:»—-X ---------------- B >
0.82F e |
0.80%
0,78 P
B py
0.76F x S
—s=—SVM
ok 2| L
—=—E-ESM
0.72} e EE
0.7 L L \ ‘—e— EMCNN
7955 500 1000 2000 3000 4000 5000

UE¥ P NIN
B 13 2013 4% IE 1 15 By 2

—<—— MNB
—ss— SVM
ey E-EMB
—=— E-ESM
—-x-—- MCNN
—e— EMCNN

4000 5000 6000 7000
R PN

14 2014 4FIE U 2K

74
1000

2000

3000 8000

(3) 155 1Y 43 2%

IS0 2 Y 43 K 1A 8 (n=14), 2013 4E Y Lo, =
1129,7M 2014 4ERY Lo, = 1362, 25 8050 15 F
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Background

Microblog sentiment analysis has been hot topic for research
ever since social media such as Twitter became popular.
Many machine learning methods were adopted to treat senti-
ment analysis as a learning task. Feature engineering is
essential to these methods, so researchers have explored a lot
of characteristics in microblog as emotion features, such as
hashtag, emoticon etc. Deep learning is a new paradigm of
machine learning and has developed rapidly recent years. Its
main idea is learning feature representation automatically
from raw signals. Word embedding is a deep learning technique
which widely used in NLP recently, and has been proved to be
a better feature representation than n-gram. Word embedding
can be used as traditional feature for classifier like SVM, or

combined with other deep learning models for NLP. These

models usually have computational layers for sematic compo-
sition which is essential in nature language understanding.
This paper proposed a new deep learning model EMCNN
for Chinese microblog sentiment analysis. EMCNN is an
enhanced version of MCNN by using emoticon embedding as
emotion space projection operator, EMCNN is more capable
of capturing emotion semantic than MCNN, so it can improve
the sentiment classification performance. EMCNN achieved the
state-of-the-art results on the NLPCC datasets.
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