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[ Abstract] In order to classify the emotion for users expressions and comments on social networks , this paper presents a
sentiment classification method which combines Convolutional Neural Network ( CNN ) and multi-feature fusion. It
designs corpus features and lexicon features according to the characteristics of Twitter texts and semantic lexicons, uses
the convolution neural network for the word vector of Twitter text to get the depth word vector features, combines the
above three features to construct the feature fusion and uses One-Versus-One SVM to obtain the sentiment polarity
classification and discrimination. Experimental results on SemEval corpus show this method performs a good result and
the multi-feature fusion can efficiently improve the accuracy of sentiment classification.
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GRAZHWAERN MR BEEERBERHMIBL.
Bt , A 335 BRI 5 &R B ARAIE T 3 3 B i Ui 2k
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%3 SemEval iS4l sk & # 5

18 R3] EREE )
1) 007 in Detroit wed august 17th I’ 11 be dancing
live!!1!1! D town stand up!!! Get ready its going
down!
R 2)Keen for the eagles game today. #goeagles

3) Qur new dance instructor for # ClubFitness has
toured w/ Beyonce!!! You know our Beyonce themed
night is going to be CRAZY ! 1!

1) Im not watching them because the Red Sox vs

Yankees game is on tonight for who’ s in first.

2) 1 stay up til 6: 30 every morning just to watch
2ot Between the Lions.

3) I Cundiff would’ ve made the Field Goal Sunday,I

could’ ve been eatin’ a free 6in sub at Subway for

lunch!

1) And whilst listening to Dashboard with a hangover, I
may as well slit my wrists.
2)1 never had a good time, I sat by my bedside. With
HH papers and poetry about Estella.

3) OKC Thunder center Kendrick Perkins may miss the

preseason due to a wrist injury.

mE 4 s, LR P REAL0 BRI AR
A% 800 &%, Lt 2 400 Z&E BRI 4R 5 1 3
AR 6 996 FKIERMER MK ER . HAPHE 2 AR
£ K 1 2R 6 996 K18 4R A MK
£, Wi 2 HFE 6 996 &M £ iER F K. F
P TH AR A & IR [ 19 544 &

F4 CBRUERENSE

BARRE LIE 3 mitsE 1 48 2
PR KE 800 2774 544
AR 800 544 544
MR AR 800 3 678 544

BEE 2 400 6 996 1632

3.2 MR

AT P.HEIRR UK F EENE
Wrigtr. WRAE P ERBERIRE, LB THEA
KA XA BEGERSLHAERE THERANLEH M
FHBHHME:P=a/(a+c)HF,a.b.c M dHE
XS fim.

RS MBOXBEEE

LHEERTFRS  EREFRTEAD
)
FI R WRKHN R BRI
R T 5
#5110 3% ‘ )
TR R F 54 , d
19 8 51 0 30

AEERRRNEBRIEE, BRI LFWRET
FARHNE AR E 5 LPRR T HEA R H SR
B LA

R=a/(a+b)

NTEEH BN EMG E R, HME NN
BUR AR5 F R B RKBOR

_2xPxR

P+R

By F A SCIR A 1 R B A EE T AR B A R
P3G, RERA T FBERE o P VFHERE
Kav R Y av_ FEENBKERFERI LT E
B P RE B IR 15 bR, BD e X AR 25 B B PR
MFE, FRERFELYE,
3.3 XRBERSHIGE

HERMEME P SEMEBHRENER 6 IR,
8 A ReLu /E 0 BUIE %, SR F Adadelta J7 34 6
EEHMN, MBE T NRABETEERE
BB BRSH. THRAER 4 FUISGEMNRAE
2 FRREAS i AR SO R AE R R g B 25 4K T ANiA)
MR d T av_F 1A,

6 ITBBHIEE
B SB/ERAR SR/ BT E

— E R ReLu( Rectified Linear Units)
- Rt B Adadelta ¥

m B AR E 1 RN 345

x Wa A ERKEK 50 &

K K-max K AL{E 2

T BB T 0t 5K 8 (50,80,100,120)
d Tl 1) B 45 Xt L% (25,50,100,200)

WRT R BEE R BLEE 4 15 R
AROBRAARRA MHRERORE TS
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B ERK FEAFES HY TXE 100 15,
STERFEWRIERE D, U, EERHEN
VNG R4y K3 Y SR BT B A B & W0
AR T, B4 28 # 100 1 I8 47 B & 200 434 [
B R BN 3 x2 x100 Bt 600 4, 7
BEAR AT, A SO B 17 18R 40 38 07 9 v A A R 3k B
0.704,

RT TERERBTHIAREEI THOEBRSRER

d{& T=50 T=80 T=100 T=120
20 0.528 0.559 0.629 0.640
50 0.550 0.551 0.640 0.634
100 0.559 0.627 0.684 0.689
200 0.638 0.667 0.704 0.702

REHBTAXCH LA XMIAE 2 1632 &
Twitter iE R B LR, /T AR B A X NG
KBRS EREFEBEARRERN T RARLT,
F{H2-514 0.743 1 0. 726, %t % g ¥ Twitter 155} i

F{%0.643,
R8 FNFEMTAERE
BB H WHE P BEFER MRV F
1% Negative 0.761 0.726 0.743
1 ¢ Neutral 0.612 0.676 0.643
F1iR Positive 0.741 0.711 0.726
3.4 xfEkE

R EE A SCHR BB T A2 M 48 AR IE R
B Twitter BT R TR ARE  BAX LS
N-gram JA) 45 Y | UNITN B8 7 X L3286, Hk
LT

1) 77 1.5k A uni-gram $#4E , £ f§ SVM 432§

2) A iE 2. uni-gram ] bi-gram £ 4E , {# FH
SVM 432§

3) A& 3: % F uni-gram  bi-gram ) tri-gram #¥
1k, SVM 412

4) UNITN-CNN ; ¥ A word2vec il 5 1y i) ) &,
F AN GR, &5 B CNN # Softmax #47432;

5) Corpus-Lexicons-SVM : 3% F A< SC42 i 46 4E19
& ¥} 45 A #1118 B8 4% 4E, {8 F§ One-Versus-One SVM
433,

6) GloVe-CNN-SVM : 5k Fi 7 342 M ) 3% & 1A) 1)
B 451, {#  One-Versus-One SVM 433 ;

T) AT B R A SCIR A 15 R RRAE LA By
HEFOTE BE 18] o) B BB 05 R AE, {8 One-Versus-
One SVM 432,

ER T FAREREITEER A P 2 B
KT HLBERMEI FR,

R9 TEAEHSEEBEIS L

R 5 1 P4 2
ViR
av_P av_R av . F av_ P av_R av F
FE1l 0.563 0.512 0.536 0.517 0.526 0.522
FE2 0.551 0.542 0.546 0.550 0.545 0.547
FE3 0.598 0.581 0.590 0.600 0.591 0.596
UNITN-CNN 0.686 0.689 0.688 0.686 0.695 0.690

Corpus-Lexicons-SVM 0.581 0.589 0.585 0.598 0.604 0.601
GloVe-CNN-SVM  0.676 0.689 0.683 0.686 0.691 0.688
EXHE 0.703 0.708 0.706 0.706 0.702 0.704

WX E 1 FE2 M5k 3 R 5 A bi-
gram f tri-gram $F{ERE B FE R AF RS L EH
#,EREE N-gram A N HE K, & FHER
ZMEEI K,

i3 Xt b N-gram 3] 4345 2 #1 UNITN-CNN %
B EBERHENBEAARRTHENERBERE
S AEMERE,FEBEIHMAERBEE2EE
2B P2 T8, RS T % R AR B 2B, o e 4R 5K
KYER B, I Bt —EREHREA TR ER R,

it %) H UNITN-CNN H12 3005 3 & Bl : A 3C
J7 ¥ 1E R A GloVe i8] ] B 1 Jy [ 35 5 1E 3£ A One-
Versus-One SVM 432 23 B {8 CNN ¢ softmax 3 47
BRI GRS R B BB IR S R TR E

A LW FRE Bk & 77 8 (5 B Corpus-Lexicons-
SVM GloVe-CNN-SVM 5K Ui fEg & T ) : X
P AE Rl 7E O UIE R B 3R] 1) B R AE ROBR SO AR R 3
BARARMEFTESHWERGEEREIVEMZ |,
RS BRI R 4y B IA) L SRR R SRR B 9R
TXERAMEWNIEREERE, TR RIEH, K
TERHRAE (iR S8 RR1E 5 38 B 18] 1) B R 4E 31T R AE @l
BREE AR RE B R R T,

HAh, A SemEval 3t E ik T 6 % Twitter
EAL,ME 10 TR, Al AH T EMNRAFTE 3.
UNITN-CNN LA RA X ERE RS RE R, K+
AIpiE” -1"HRREFIBABIRIEHHER 0"
R T REHK

YRR 1 RS T “great” “awesome” Z5 8
{0 IE WA 497, B 61 3 R I B T “hate” “bad” “no”
B A A E AR MR, BB S R AW R A B BR R
AYL, BT LA 3 Fp oy SR ER A T M 1 R B

2) R 2 AR IE R IE B M R R A, TR E A
BRI RIELZEEBEXR, CNN L KB,
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HFHB T “not” “didn’ t” &K B ¥ 7 HIA, AT 8
R R AR B R o AR SO R R R R
] B AR AL S Bk T 1R A B S K R, “may not” B
R, “but” RARFE YT R R MG #HF “ amazing” £ IE
T AR PR 3R, B T 4 ) RE O AR B I IR T o R A
6] B AHE 5 B BRI IR SR E MR S A IE T LR
5 B H 5 2 BOH 2 IR, 72 RS B 1 B R
P B[R] B A 3R B T RV R S R 2 BB B, AT A
EBETK,

3) BRG] 4 PAAR) i B AR A SR U best” S IE 1] R 1
WLRB R R R BEE WARF BRI
HERUE K RIE, R RB KR — M MR G EH
4, BT LA 3 FP 7 SR ERES FLIR /0 2 O BUR B 5 BBt 1)

4) KB 6 BRiR T EIE R R IE B B R KE I
BB -0 FBAEME RS T R
A B¢ great” “ beautiful” B B #9 IE [4) 4% ¥ 1A
(SEBr 2 B ), B o AR 4 oK E R 0 O AR 9 1 R
GHCS

F10 ALELWHREH

FE SemEval 42 1% 4 FHE3 UNITN-CNN A J5 ik ATARiE

1 Today’ s a great day to splurge on an awesome bottle of Hollywood Tans . . . )
lotion with our Treat Your Tuesday daily speciall Call 866-970-8267---

2 I may not be a fan of the Spurs,but they play some amazing basketball. 1 -1 1 1

3 1 hate watching movies like Friday after next on VH1 ,BET ,MTV & etc. . . , )
because they take out the bad language — __ - .It’s no fun ! h -

4 I could have had the BEST DAY EVERI!.. if I had went to tha Nicki ] 1 ) .
Minaj concert in AC tonight--- -

5 I’ m going to the ravens game in philly this Thursday #getnthefucoutofhere 0 0 0 0

6 They spontaneously sang “There’ s a Great Big Beautiful Tomorrow” out ) . ) 0
loud in the grocery store today.

LR, N TFEEELIER IEUR -8 [3] #&prpr.2 E,% 8 XEFERMNI] REER,

EELBRRAMTEBERE S X AER R
HTE & XX — 28R A B IR R B ST B R R S BT
FHIE R H o

4 HRIF

ASCERE T —METHHM S MG ML FFER
4 W Twitter T4 273 , RIE Twitter AR
M T &R T Twitter SCAHE B4 K Wi BHF1E
FIR SLARIE . FE LI RE b 8 0T 5 B M 4 ) 4% IR B
Twitter SCAS B 18] 6] B AHRAE , 364 35 BHFAE |7 B4
iE 1 B R] [ B AR AE BB R A R AR R ARAE, B AR
F One-Versus-One SVM #4743, LW 4 R B R A
X BB A B e X Twitter 3C A 3 17 1 B 4 25,
T—H Kt — B RBREMWE XA HTH
3%, AT i — 5 R B Twitter 3C A F B 40 38 B9 H#E
Wt
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