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H E REGESNEENETFHAZESNOTHOREH, AAOHAAN FXFAEMTEALEAGHES §ERA4P
% W % (Graph Convolutional Network, GCN) #4744, A8 TH A F4F ML REL, RAm, X THEEHIREGH EEE
b T AR AR R, 3 Bus T 4 R MUAT 2 R AL R M R H R B AR HUAR B A0 K ah 3938 0L, F SRR Rk 4R 3] LA P g iR
EWH R, A A LR, RET —FH L5 LT XAIRA G EAZ LGP XL AE B> HEA (Context and Dependency
Syntactic Information, CDSD) , % B & R ALA] A R &y K 42 #4138 1¢ M 2% (Bidirectional Long Short-Term Memory, BILSTM) 3% B s
AW ETFTLEL . MAINT — AR TRAXZBOBNET T R A4 EEMZBRRBARBE RS EE>EELSGT
BRAE , K G AN GON 4 ab £ F Ak 5 6] 45 B F) B s 4, A Am 38 LR & & P 89 b B4 42, & F SWB, NLPCC2014 #»
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Sentiment Analysis of Chinese Short Text Combining Context and Dependent Syntactic
Information

DU Qiming"*,LI Nan'?,LIU Wenfu'**,YANG Shudan'? and YUE Feng'*
1 School of Cyberspace Security Academy,Information Engineering University, Zhengzhou 450000, China
2 State Key Laboratory of Mathematical Engineering and Advanced Computing,Information Engineering University,Zhengzhou 450000, China

3 State Key Laboratory of Complex Electromagnetic Environment Effect on Electronic and Information System,Luoyang, Henan 471003, China

Abstract Dependency parsing aims to analyze the syntactic structure of sentences from the perspective of linguistics. Existing
studies suggest that combining such graph-like data with graph convolutional network(GCN) can help model better understand
the text semantics. However, when dealing with dependency syntactic information as adjacency matrix, these methods ignore the
types of syntactic dependency tags and the word semantics related to the tags,which makes the model unable to capture the deep
emotional features. To solve the preceding problem, this paper proposes a Chinese short text sentiment analysis model CDSI(con-
text and dependency syntactic information). This model can use BiLSTM/(bidirectional long short-term memory) network to ex-
tract the context semantics of the text. Moreover,a dependency-aware embedding representation method is introduced to mine the
contribution weights of different dependent paths to the sentiment classification task based on the syntactic structure. Then the
GCN is used to model the context and dependent syntactic information at the same time,so as to strengthen the emotional fea-
tures in the text representation. Based on SWB,NLPCC2014 and SMP2020-EWEC datasets,experimental results show that CDSI
can effectively integrate the semantic and structural information in sentences, which achieves good results in both the Chinese
short text sentiment binary classification and multi-classification tasks.

Keywords Syntactic structure,Context information, GCN,Chinese short text
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Fig. 1 Dependence parsing result(taking “I hate the epidemic!”

as an example)
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Fig. 3 Demo of dependency syntax information embedding

(taking “I hate the epidemic!” as an example)
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Table 2 Overview of experimental datasets
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AR U T e AR SN 1S | DI AME N 140, B4, T
SCETUR R IR 8111 1 H B AT B R ) 4

(BB S E ., COSIME N SHREHNLE 3. K
J5 8 A, & T 0 F AR B 5 CDST A 80 o iy 4l ) B9 4 4% A B
B AR SOK 52— it 3 T 0 R 0 25 4T 1 Word2vect!
BRI

# 3 CDSI BRI S5k &

Table 3 Parameters setting of CDSI model

[ 2 %4/ 5 18/ 3 %
Word embedding size(per word) 300
units 150
Bi-LSTM layers 2
dropout 0.5
Graph embedding size(per sentence) 140X 140
GON channels 200
layer 1
loss cross-entropy
L2 regularization 1x10°8
Training optimizer Adam
batch size 32
learning rate 1x107°3

4.2 M IER
A ST Y 0] A 5T b R BRAR A 2 4 KA S5 . B K
A1 T S I S VS B B — R b A T RO N O A
] ], Ji 452 52 06 5l FH ME 06 5% ( Accuracy s Ace) F1 2251 F1{E
(Macro-F1, MFD) RAT A BRI R . 0 T 1 &0 o 7 ik
AEEE AN MFL AR AKX RN T .
TP

Precision= TP+ FP (12)
TP
RecallfT7P+FN (13)

_ 2X Precision; XRecall;
Fl,= Precision; +Recall; (1

X F A REA ,MF1 fl Ace fITFE AR .

D https://github. com/SophonPlus/ChineseNIpCorpus/blob/master/datasets/weibo_senti_100k

2 http://tcci. cef. org. cn/conference/2014/pages/page04_dg. html
® https://smp2020ewect. github. io/
© https://github. com/Embedding/Chinese-Word-Vectors
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SF1
MFl1="1— (15
n
S TP, +TN,
Acc —1 (16)

=TP,+FN, T FP, T TN,
Horp, TP+ TN 279 1E 5 B0 Y #E A8 $0dt , FP 48 HoAth 25 51
Bl TR Ay 4 w2 A RE AR B, FIN 8 2 i 28 50 B T O
b ZE 31 P BE AR B

4.3 5HEXIERE

Sy 8 UE AR SC U7 i L A B A O BE LA TR 5 R R AR
ET R

(1) CNN 3 F 28 01 3 FUMp 25 I 2% 42 B SCAS Jay 33
HEA BBl R A softmax EREFT 02,

(2)BILSTM"™ . ] l§ BiILSTM $2 B 4 S A J&) & 4% 1F 15
B ARG % softmax E AT 025,

(3) CNN-BILSTM™ . #| I CNN Al BiLSTM 4 31| # Bt
SCAR JRy FRARAE LA B BT S04 JR R AT L SR I K T FRRRAE LA S
ki A softmax JZ #EAT T B2,

()BILSTM-GCNM® & 45 fdi ] BILSTM il i S0 A B 40E
R T A A X 410 12 40 IR L A O Sk 4 i 3 A 45 A% 22 1) Y
MRS 56 FR o I S K B T 114 T i R A R AT B A P L TR S A B
GON #1715 By 25 .

(5)BILSTM-ATT-GCN™*!  Z 5 78 fifi ] BILSTM i Bt 3¢
ARRAE , BE G 7R M SRR ST A I HLE S A Y 1 R
FEE, HAKH 5 BILSTM-GCN #i & {f # — 3,

AL HF SWB, NLPCC2014 Fl SMP2020-EWECT % 4%
Xt FaRERL L)L K CDSI SR 47 1 I3, B R 19 592 56 45 S
m=E 4 s,

T4 SRR H G RN L

Table 4 Experimental results comparison of short text sentiment
classification
(AL 90)
. SWB NLPCC2014 SMP2020-EWECT
} Ace MF1 Ace MF1 Ace MF1
CNN 92. 34 92.11 64.72 64.66 61.57 61.83
BIiLSTM 93. 25 93.01 66.02 65.73 62.43 62.31

CNN-BiLSTM 93.72  93.98 67.13  66.52 63.69  63.55
BiLSTM-GCN 94.19  94.23 67.73 67.89  64.61 64.25
BILSTM-ATT-GCN  94.47  94.45 68.63 68.71 64.89 64.86
CDSI 95.22 95.18 71.13 70.88 66.91 66. 66

MR 4 W LUE ) A SO #2 Y 9 CDST BRI AE 3 A1 30
BARE E R RAUIEFRL ., HETLMEA CNN W4, BiL-
STM Refg 5147 2% > B SeAR iy 1R U B . Rl xt T
FLSCA R, H B B R AR SR AR B, B R SOfE B BT e
B A S B AR X o 3 SO DG 2R 55 X SCAS A 8% (8 % 1) B
FOR R, RT3 AT R BN AR R T SOR R 1T SUE B
XA SCARE R M B, KRR B R — A T R
S5 AL AR AT LU D — i 2 36 4R A B S AL R A B
RIET . BAPXTRE 3 MR R, W Uiz
B SCARM R B A EZMF ., MK F BLSTM-
GCN,BILSTM-ATT-GCN # i 5] A B 1 & Jy AL 5 58 T 3¢
ARRRP NS E 3B E L RAM T —EW

i, 5 BILSTM-GCN #I BILSTM-ATT-GCN A Lt , A SR
H Y CDSI BB EF X bR SCRIMK A7 A1) 35 45 8 [ i g A, [ e
2 BT BRLIA] 22 R) B K R TR DL K A R A B R o S, R AT
BISCARAE B A B U I 2 43 A B IR T BT I RCR
4.4 IREZEBERN [ 24 E TR E AR R B I

ALV T — Bh 5 TR C R IR A R T7
s HAR 5 AE F () B 2 R T BRG] 22 ) A 0 2K AU DL KRR R 1
Hia i U AE B L XA AT CDSI B8 B 22 3 56 7 X 17 84
FAE 55 A 5 WO B AR . 0 T i SO SCAS, AR AR IR T o
FBUE R ZESR 1P TR 7 S XK A 15 B R AT ik
A Gt I, N 19 88 2 78 A AE ) 0k K A 2 Y B A ], 4
BEMER—ATT A LS8 A/NTTIRE T N, 19 2 B (XS
MRLPERE A SE M0, W3R 5 T8, mT LA L 76 7R [ 4 4 8 2 Y
HRAYERE TS, CDSI AL R AN R o X T A SCHT Al T Y
3ANESCARUERAE U S By 25 B LRI e B

F5 RIS A 145 2 SO AR () 5 0

Table 5 Impact of different dimensions of dependent type
embedding on model
(LT 00D
4 g SWB NLPCC2014 SMP2020-EWECT
T A MFL Ace MFL Acc  MF1
5 94. 84 94.72 69. 64 69. 39 64.99 64. 86
15 95.01 94. 86 70.72 70.54 65.78 65.65

25 95.22 95.18 71.13 70.88 66.91 66.66
35 95.14  95.11  70.89 70.61 65.86  65.72

4.5 $tIREFEAZEE B RN ATRL S

B SCAS BLAT RRAE A L 223515 BR8N B SRR A B ST
A% H A8 13 22 T8 A TR RO O R D B BRI SU AR B R R £
T B H 3 5 M A . S T 00 b W A A R A AR B AT &
FEM AR AT R AR i CDST AR 8 7 T 0 48 1 1 52 s 00300 5k
K G2 B AN SIS Y B X R 1 4 1E L B S SR OF 3 E O 3R AT
APRRAL . AR 4 B L B Sk AN [ A 06 R Y B AR JEE 4% 7
Hoor, HED F1 WP K 1 2 B 1) o3 £ 5 » % B i ) o 4% 0 1)
VLR 554 5 6 1 B Y ) e B . POB. RAD #
LAD 4§81 24 %0 38 5 5 15 ] vh 14 44 18 AH G, T 44 18] 78 S S0 A T
SR R AR R R AR EUE AR 7E— B R LR CDSI
R AR 5 BRI 5 A F B R AT T ORI R G L A A A X
AN SCA AT BT . R POB Ml 10B il 4 5 8 /A vh iy 52
A B Bl AR 09 A7 (AR G K 6 IR R AR 5 BT L R AT DG IR T
FEA R TERSN. b, — SR H TR KA, n CMP
HTCOO &, 518 A) 15 18R F 1 AH O B B, R Ut A 28 19 ik A

HEEN.
101 go22 10
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Fig. 4 Embedding scores corresponding to different dependency types
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AIE 1) P38 AE 8 2 I 20 98 5 V7 4] A /N 3
15T 05007 HARAE Ak A5 B A S5 SR & 5 it wl LA
F )G R0 R HED 45 861 356 Bl X 7 9 1 A 43 18
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Fig. 5 Case study
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