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Abstract Neural network-based architectures have been pervasively applied to sentiment analysis and
achieved great success in recent years. However, most previous approaches usually classified with
word feature only, which ignoring some characteristic features on the task of sentiment classification.
One of the remaining challenges is to leverage the sentiment resources effectively because of the lack of
length of Chinese micro-blog texts. To address this problem, we propose a novel sentiment
classification method for Chinese micro-blog sentiment analysis based on multi-channels convolutional
neural networks (MCCNN) to capture the characteristic information in micro-blog texts. With the
help of the part of speech vector, the model could promote the full use of sentiment features through
different part of speech tagging. Meanwhile, the position vector helps the model indicate the degree of
importance of every word in the sentence, which impels the model to focus on the important words in
the training process. Afterwards, a multi-channels architecture based on convolutional neural
networks will be used to learn more feature information of micro-blog texts, and extract more hidden
information through combining different vectors and original word embedding. Finally, the
experiments on COAE2014 dataset and micro-blog dataset reveal better performance than the current

main stream convolutional neural networks and traditional classifier.

Key words  sentiment analysis; deep learning; convolutional neural networks (CNN); multi-

channels; natural language processing
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Fig. 3 Model architecture of MCCNN
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T BAEAR SCHE T IR S B AR A O 2R A
RO ASCN COAE2014 R o e 5040 4 45 il B
5000 Z% B I B IR 5 B 4 ok 5 O I8 . PR 4n
R G anEk 2 o
Table 2  Statistic of Datasets
F2 ZHWERAHESIT

Dataset Corpus Positive  Negative
COAE-train COAE2014 2248 2427
COAE-test COAE2014 616 709
MBD-train MBD 2000 2000

MBD-test MBD 500 500
COAEMBD-train COAE2014+ MBD 4000 4000
COAEMBD-test COAE2014+ MBD 1000 1000

3.1 HiEmALE

ARSCAEH ICTCLAS 43048 T HY X 3% 2 FiR i
BNV € R G VR i o s S i N = R i S
1 F € R SR R 7 A2 R T Google 1)
word2vec T HO 1 skip-gram # &I 75 5 4F 1] 52 Al 31|
SR 92 36 ok ) [a] 8 3] PR R AE ) B R AT IR OR B
S A1 2045 UC—0. 01,0, 01) RBEHLYI 1A 1k.
SE R VAR 1 = S N G ) B R I o )
U(—0.01.0. 01) X o7 B 4L 1] & £ A7 B AL 0] 4R 1L,
S rh L R ) BEAE RS 100 ZE L IR MERRE D 50 4k
ERHE 10 4 AR SCHIBR T H BB T 5 W in)
% HRSHEH word2vee 1 BRINS 4L
3.2 BBH

AR SCAESL G h i T 2 R0 60 1 4 B X i A [n]
W AT & R AR & U K BN rectified linear
units. YL 72 % ZeilerP™ 32 H 1 Adadelta 3 3t
FRI. AT SRR AR 3 TR

Table 3 Hyper Parameters of Experiment

x3 KBSHGE

Parameter Parameters Description Value
h Window Size 3,4,5
m No. of Features Map 100
b Mini-batch Size 50
s L2 Constrain 3
p Dropout Rate 0.5
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3.3 LBAA

A SCHE Y 2 RS R A SCER[11-13 42 iy
JEAERR 2 s Bl 5 b AT X L SE 5 30 iE AR SC
P T EARAE A LA AT

1) Rich-features. SCHA[ 1342 i 09 Z HE 4k 7 2%
FRAETDT i S8 h Al SVM 732K 4%

2) WFCNN-rand. SCHRL11 142 H 19 45 & 15 ¥
B (18 A5 Rl 28 0 28 A5 1, {HL 85 4 3] i) S BE AL W) B Ak

3) WEFCNN. 3CHk[ 11742 iy WEFCNN f 1,
I word2vec Il %5 i) 7] &

4) CNN-rand. SCHER[ 12 J8& 0 46 FRURE 28 ) 4%
FERY, S v i) [] & B AL BT 45 1.

5) CNN. JCHR [ 12 ] 42 i 59 85 84, JF ) 1
word2vec Yl Zxid] [v] 7.

6) SWCNN-rand. A< 34 H (4 45 ) 4 HC{ ke S5
R 22 M 1) i N IR B 5 vk L ABLTE S 56 iR
FRAIE R FH BEDLWI 1R 1k

7) SWCNN. 78 3 H 19 44 1) 4 U0 e B o 2
2 1o A A B O kL S 56 v i) v R AE A
word2vec #4711 k.

8) MCCNN-rand. A< 3CH2 HY ) 22 38 18 45 B 28
o 25 455 AL, H 7 S 56 v B AL Bh A0 AR AR ) S

9) MCCNN. A SCHE H 1 22 38 18 45 FRLp 28 1 2%
R, I word2vec Yl ZR4FAE 1] 4.
3.4 XRERSHH

ARICEAETR 2 R 3 AR EHE 4 58 i 9
LR Ll 52 50 > 96 IR AR SCHR L O A ROk & B
R SL R 25 R AR 4 R .

Table 4 Accuracy on Sentiment Classification of

Different Models
x4 FRERNBERTEMEREILL

Accuracy
Model
COAE MBD COAEMBD

Rich-features 0.8204 0.8290 0.8185
WEFCNN-rand 0.7887 0.8120 0.7840
WEFCNN 0.8279 0.8400 0.8240
CNN-rand 0.7841 0.8040 0.7835
CNN 0.8242 0.8330 0.8220
SWCNN-rand 0.7970 0.8100 0.7905
SWCNN 0.8392 0.8460 0.8290
MCCNN:-rand 0.8377 0.8520 0.8385
MCCNN 0.8491 0.8580 0.8520

MFE 4 G5 RTT LIE B AR SCHE ) MCCNN £
BITE 3 BHE 5 L EREAS T f I i 1 IRk 0 2Rk SR
Hod 7e Bl i MBD %4 48 L BUS T 85. 80 %0 43

JEIEf R, A L WECNN £ %1 {1y 84. 00 % Fl CNN
BEAIY 83. 30 %0 3 & TH T 1. 80 %0 Hl 2. 50 % , B3 HiF
TARSCHR 5 TR AT B AT AT 55 T A RhE. R
4R LA B LA word2vec YI A ] & 4
TR B2 2 ) BEAUAE 3 B 4R BRI T Lb Al 4%
4271 Rich-features #5 8 B 47 (1) 43 2R 0O L 156 B
TR B O 24 5 R0 A A TR 43 BT 4 55 Hh A L A% e D7 i T
UF BRI X HESCHROTT T4 Hh i) WFCNIN A2 54 i1 S
BRL12 4 i) CNN BB AT DU S AT 15 B
) WECNN #EAI7E 3 > ¥4 4 b 19 43 28 1E o 55 41
FEAS A 1 IR AE £ BB CNIN A5 AU AR AT A [R) 2
(R 5 T o 16 BH AE AR IR 43 AT AT 55 oh i A IR AE L R
305 v R R0 BT 1) LE B SR R HE AR SR S A8 R AE
& B LA o 1) = OB m A G B 2 4
SWOCNN 58 AU A SCER L1142 4 5 0% 85 8 1 7 —
EICAE B9 WECNN #2 # a] DL . A SCH2
SWCNN #E 8 FE A ] word2vec Il 2k FEAE ] 12t A 1]
ALY IR Ak 256 th ER A Tt WECNN AR 7Y 57
UF B A3 2. o R 4R TH IR B AR S 1 COAE %%
PRAE b AR SCEE 9 SWCNN A H WECNN #5575 iy
Y IER RN BRI T 113 %1 0. 83 % . B HA 7K 3¢
P2 BB B B DA 8 20 A B b 2 I 45 1
5 ¥ e A ) A A% IBRR AR AR B I 2% A5 A v 75 1) T
F 43 09 R o AT HCAS: B 1) 1 I8 o ORI Ab
IR 4 g S mT LA Y, 4 P IR B D) 2% 45 AU 7E )
FH word2vec Y ZRFFAE n] & (9 52 55 b ER IO T L 1)
T BEHLA) 4R A0 T 4 1 3 2R R8O U] T AR AIE k) 1Y
W46 8 23 52 W 15 T 43 BT 00 23 R8T it — 2 4y
HTARFAIE 0] £ B 90 48 (X 43 25 P BB A9 52 M, AR SC A
COAE %48 48 h B AL HL 5 000 5 AE A #E4T 10 %
28 IS E X b 525, X b g5 R e 5 s .
Table 5 Experimental Results of Cross Validation

£S5 ZTXRIEIBER

Model Accuracy
WFCNN-rand 0.9306
WFCNN 0.946 2
CNN-rand 0.9302
CNN 0.9448
SWCNN-rand 0.9424
SWCNN 0.9572
MCCNN-rand 0.9583
MCCNN 0.9643

LR A ORI S L EE R4 X I e A B
ML UG A4 4F ] 4 AR word2vece Y| 2k 457 4F 1] 1
() S0 XT L 45 AN & 4 frs
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Fig. 4 Comparison results of random and word2vecinitialization embedding in different datasets
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IE 1o o B 1) 43 2R RO U R word2vec Il Zi 4R
fIE 1) 2t BB A RO 1 B A 28 0 IE B R 4 B 45 AT
TS AH EL B AL 3R AR 4R AE i R word2vec I 2k
i) i) ek 205 1) 5 DT 0 AT A 28 7 I ot AR o
TG Ml 2 2] I R SR SR AR 4 2 M.
BEA s L 4 25 S mT DLE Y AR SO HE A9 MCCNN
TR A B ATLAT) f PR AT 1) k1) 52 56 v R BBOAS AN
(43 28 R L. TR B B AL W0 46 1k R AE 1) A H
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AIF. 1] 2 A7) s (L 0 AR 0 T 92 560 285 SR W L R 22 58
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JE s BRI T ASE AU 1) ) G A A R A

A, N 4 g5 0T LUE H . WFCNN, CNN,
SWCNN ix 3 AR IR & $dls 8 COAEMBD |-
(R 53 2 45 A AR FAR, 3 SRR 7 COAEMBD % ¥

£ B2 RA L COAE F1 MBD % £ 584
JUT R B U T > R R 1 FH R S 40 ) Bl R AR
- 30 A FHUBl 2 I 4% 0 LA 285 45 AN [) 60038 88000 v v i A
) TR 2 2] AU B )RR AR AR B TR AR SO
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FEIEHR A 85. 20 %0 . BLSR HL e MBD %4 4 1 19 4
FIEH R (85. 80X FFEAL T 0. 60% , {H &tk COAE
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i MCCNN #5278 4 /> 3 18 R [8] RRAE 1 45 & 7T DA
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Fig. 5 Comparison result of different models on

different datasets
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Fig. 6 Comparison of tag embedding in different

dimensions
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Fig. 7 Comparison of word embedding in different

dimensions
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Table 6 Analysis of Typical Sentences

FRo6 ZBFBGIFHM
Sentences Content WFCNN CNN MCCNN Label
1 €0 By B i 5 X Positive Positive Positive Positive
2 = REFHE R K Negative Negative Negative Negative
3 R ERBLE 24X A T PO LR T A X A R A . Negative Positive Negative Negative
4 I = B TFHL BEEA T — 2. Positive Positive Negative Negative
5 TN RARATIE LA A WG A AW, B REAHAE — > S2 PR 2 Positive Negative Negative Negative
6 A AFAER? RASEE Positive Positive Negative Negative
7 VARG B W B N L T AR R SRE . AR Positive Positive Positive Negative
8 BETTED AT 6 REREM A7 BEBZ RN Positive Positive Negative Negative
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