TTEN R 5 kR DOI:10. 7544/issn1000-1239. 2018. 20160947
Journal of Computer Research and Development 55(5): 933-944, 2018

BT W iE 5y B 1E BB % R # BT 16 4

k2 X OB AXE EnE
(TP RE RN S 6 TR K 300350)
(yingzhang(@nankai. edu. cn)

Multi-Source Emotion Tagging for Online News Comments Using Bi-Directional

Hierarchical Semantic Representation Model

Zhang Ying, Wang Chao, Guo Wenya, and Yuan Xiaojie
(College of Computer and Control Engineering . Nankai University, Tianjin 300350)

Abstract With the rapid growth of news services, users can now actively respond to online news by
expressing subjective emotions. Such emotions can help understand the preferences and perspectives
of individual users, and thus may facilitate online publishers to provide users with more relevant
services. Research on emotion tagging has obtained promising achievement, but there are still some
problems: Firstly, traditional methods regard a document as a flow or bag of words, which cannot
extract the logical relationship features among sentences appropriately. Therefore, these methods
cannot express the semantic of the document properly when there exists logical relationship among the
sentences in the document. Secondly, these methods use only the semantic of the document itself,
while ignoring the accompanying information sources, which can significantly influence the
interpretation of the sentiment contained in documents. In order to solve these problems, this paper
proposes a hierarchical semantic representation model of news comments using multiple information
sources, called bi-directional hierarchical semantic neural network (Bi-HSNN), which not only
captures the sentiment among words in sentences, but also applies a bottom-up way to learn the
logical relationship among sentences in the document. This paper tackles the task of emotion tagging
on comments of online news by exploiting multiple information sources including comments, news
articles, and the user-generated emotion votes. A series of experiments on real-world datasets have

demonstrated the effectiveness of the proposed model.

Key words online news comments; emotion tagging; hierarchical semantic representation; multiple
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Fig. 1 The overview of our bi-directional hierarchical semantic representation model using multiple information sources
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Fig. 4 The overview of our bi-directional hierarchical semantic neural network using multiple information sources
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IMESE, P Ce| o) Fom BLLAE 450 A PFie ¢ J8 T 1%
e WIMER 0. T B R B  AE B N 46 o0 A
o A TFIR S TR0 46 200 MR 2 1, R
EHE N 0.
ZJE P A8 SR 1R 251 S B AR Ok R R R )
PR REFIE IS o B BEALES FE T Rk BB AL 1 240
AR CAE ] dropout ™ Jy 2 3 AT 2 H0 Y 1E )
Ak DL TH B A A 3o 015 (9 52 . dropout 7 35 1Y %
O AR LE Y 25 B B (training) B B MBS 15 0 25 1)
2% v B BB 4371 A5 T E IR B BE Ctesting) 8 4235
T 4. dropout Gl A— S EL p. Fom 4 W 2%
BT R - AR AR DL 1 — p MRS
bR 8 LL p MR R A AR BR . PR A Ak kAR,
25 W 2 HUAG IR B B A8 431 A T A R 4
P2 At RA XL B b i S s gl
B AR S S BUR AR IR B BRI 2R, X
FEARACRE I I 25 2 A 5 1 L 68 R K i e ik UL 1)
R A R 1 5
ELR SR U % TR o iy CNIN B, £ 6T i A
Wi L, A4 AT B R EZ T, e S —4
dropout [in] 15 AH e 15 28 (9 g A1) £ 1
I,=I1,Om, (23)
m (1) ~Bernoulli(p) , 24)
Hdr,m 2y dropout [nl & . 5 I, HA MR B 4E B . m ()
Fm m R L ADICE. m R TR T, #6E E E

P(€k|(f,):P(€k‘rep,‘): ’ (21)

D http://news. sina. com. cn/society/

@ http://ent. qq. com/

T DLORIE B — RS BR 48 AR AT 2 58 4 57 9.
XA g Bi-LSTM BB (9 3 55 2 ) il
ZHEATHALIE dropout 4b B, 53X HUR FEBEA.

3 ZBWEHMH

A S 4R G Y 9L 9 B AL A S BT AT
FH 0 EcH 58 VRN FE AR LA ST T LU B B ME S . 2
Jr 8 SRR A5 R IF AT 2 B FshE
3.1 HE&E

B IR ET [ (Sina news) Fl % H BT ] (QQ news)
S TP ] A 22 1 R D I 3ty 22— DR VR R I Y AL
£: i3 (society channel)® 71 % TH 57 18] 6 45 4R 4 18
(entertainment channeD@ 8 T 2011 4E 1 A |
6 A Sl B Z PGSO LB AT BRI
FIHL P A 25 B 55 B T 52 36 7 B 4 vh BE PR
Ao T 207 T LA R B AT T HE A4 T 20 B 3R RPFIE (R
WIS HCE R R 20, 0 e £ 4 M T8 LR 1 44
B EEAE g N R AR F Ak - i 44 0 7 IR 8 4E (Sina
dataset) FE THEHE 48 (QQ dataset). Hr iR Hds 4
LA 5185 ZIFIE 369 A0HTIH .83 634 N HLEL. IR
Bl b A 5414 F0F8 372 A8 993 089 4
PR B ARVFIR AR5 B BT R L 8T AR X L AH DG
GIHEEWE 1 PR

Table 1 The Statistics of Labeled Comments of Datasets
1 BEEFLHIRITER

Statistical Items Sina Dataset QQ Dataset

Number of Comments 5185 5414
Number of News Articles 369 372
Number of Emotion Votes 83634 993089

R T PEAG T AR 6 2 A B A A Sk
A7 N AR AR IR BT 1 RS SRR [ v B4R P )
PUE A M Al 8O R R A4 R RER
GMPFE RGREMALA BERA GRS e —— XTI,
LA B I B A D I8 B AR R 2 1 b i
o] . BT DL SCEURE 0 2 TR T e RS THOBT I 4 52
RGP EE 0 OF N X — 2R R 1 45 2E AT AR
. m T TARR AR Bl M B 1 3 s
TEN B1. B TR R0 4 0 I TRECH 2R 1 8 281 4% 1 b
ESRNZE 2 MK 3 s .
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Table 2 The Statistics of Labeled Comments of Sina Dataset
2 MREBEESXBERITFLHEITER

Emotion Number of Comments Rate/ %
Touched 905 17. 45
Sympathetic 614 11. 84
Bored 336 6.48
Angry 1752 33.79
Amused 408 7.87
Sad 654 12.61
Surprised 196 3.78
Fervent 320 6.17

Table 3 The Statistics of Labeled Comments of QQ Dataset
x3 BAYEESEBERTTRAITER

Emotion Number of Comments Rate/ %
Touched 1619 29.90
Sympathetic 139 2.57
Bored 641 11. 84
Angry 1639 30. 27
Amused 563 10. 40
Sad 355 6.56
Surprised 85 1.57
Fervent 373 6. 89

N T B UERRE M BT E . A 2 DB R T A& H B
HLIHEC T 100 518, 1l 1 4 W B AN OR 2 4R
FORPER AT AR T BT IR A AR b, W BN 0 K
EhrESRA 91 KA B IREE £ b A 94 5
[F] o PR A SN A A 3 1Y) JB i A S K

ASCRAE T i sc B g L R BT ERCR $R )
AL AT P I 2 B B B ST 2 1 I 55
{EAS S H B AT 3 ] AT 85 5 008 T A 55
3.2 EMIERR

ASCAE ] 2 Frdgbn T IR B i ROR

1) 5150 HE 4 (mean reciprocal rank, MRR)

24 B BCHE 44 3R DT 18 B S E 26 b 2 AE IO Y
283 HE e 0 T A 25 O A e AL 48 — DR
c € C LA BE % B B L SE B e AR T el B T Y
Wit c P IR L .4 rank,, (e)) FR e 1E
L. F AL E ) MRR AT 82 LR

o 1

MRR = | C| < rank, (el (25)
2) TR accu@m
Y — DV c € C VL BB XTI A B ST 45

TE el AT EPEIE ¢ S HEF SR L.@m, %
HFR B4 Lo 1Y top-m T, accu, @m AT 4 5E LN
1. e, €L .@m,
accu,@m= (26)
0, e ¢L.@m,
W F A FARE N accu@m W E LN
Z(qccuL@m
accu tDmZLG'T. 27
3.3 xttbAE
ARSCR A 10 Hr 28 S5 Uk iy o7 X 4 i Y Bi-
HSNN B35 MF 8 07 78 2 A $udl % B kA 1 5%
5, IR A R EAT T RO 3
1) SVM + n-grams. ¥ ¥F & XA 69 Y 70 1% n-
grams, Jf $ HAE b P8 SCA 19 R AE, AR IS
LIBLINEARY™ |45 SVM 42 88, 528 v n-grams
oo IBUE ST 1,23,
2) WE (word-emotion)™*!. WE J2& — Fh %L T 1%
o 1) B ) AR R R S A TR ) NI A R )
14175 2 1) L, R I i O T DO 1) 1 4 42
3) RPWM ( reader perspective
modeD) . 7E RPWM v, U530 55 25 38 1 15 4%
TG 5 1 R PRI 43 AN [R] B A . A EE A A PE i
Xof 1 & 00N 235 SR 1) 52 e AN [
4) FrifE CNNUE Bi-LSTM ™,k Ky H R 4%
I SC3 M 480800 i i B9 375 . CNN # Bi-LSTM
A SO LA S 6 v 502 AT ROR LA 3t
FEXF HeS2 e v, bR vfE CNN Fil BEHSNN ) CNN
Be—HE AE R 78 1 RN 3.4,5 TR
5) CM (content-based model) 5§ MCM (meta
classification modeD ™", X 2 Ff 5 %1 78 <7 A W5 B A
5 4G 4 AL, I A% G AL 4% 2 > 7 1k X 3
WY1 25 BEAT bR T
6) Bi-HSNN Sy SCH i i 5707
3.4 RIEBRILE
ARTHEAT T 3 XS, R T AR
MR EEERFERREMZERESERL TS
SVM+ n-grams, WE, RPWM %5 5L v & v 114 7 g
SRR IFRTE T 215 BRI bR R R REA
R 3 17 2R T I ROCR
3.4.1  FF B IAEMOCR R I
AT S50 T A R P e — A R
I Bi-HSNN RO, SLge 45 R ik 4 f3k 5 k.
Wt A5 R AT DLE L BT SVM 1y Ty ik B L
A AT A 1 SCIE B AR A IR i iy R B L
PR T Bi-HSNN Z AMSCR B 4f 19 5 v B RS n

weighted
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A3 R s m-grams oA 748 1 B8R HBORR B X T 1 O
T I 35 3 A Y SO B A T AR
M. X & trigrams $E4E B SVM 5 28 48 15
34> SVM 73 26485 tPaSCR fie 22 1IN AR S22
JEE 43R 1 7 3Ok X R AR AT B 2 L (L85 R OF A
WER .
Table 4 Performance on Sina Dataset
F4 FRBBEELZFENTRIBEERTIERE

Methods MRR

accu@l  accu@2  accu@3

SVM -+ unigrams 0.6298 0.4455 0.6308 0.7615

SVM-+bigrams 0.5901 0.4057 0.5734 0.6990
SVM-+ trigrams 0.5497 0.3528 0.5237 0.6627

WE 0. 5687 0.3650 0.5587 0.7052
RPWM 0.5347 0. 3356 0.4973 0.6512
Standard CNN 0.6166 0.4225 0.6668 0.7642
Standard Bi-LSTM 0. 6439 0.4587 0.6923 0.8012
CM 0.6231 0.4367 0.6329 0.7514

Bi-HSNN 0.6895 0.5506 0.7691 0.8322

Table 5 Performance on QQ Dataset
x5 BRAHEEL&EFENTELEEREERE

Methods MRR

accu@1 accu@?2  accu@3

SVM-+unigrams 0.6153 0.4256 0.6130 0.7549
SVM-+ bigrams 0.6028 0.4081 0.6094  0.7330
SVM -+ trigrams 0.5477 0.3084 0.5913 0.7118
WE 0.5340 0.3365 0.5077 0.6395
RPWM 0.5438 0.3638 0.5156 0.6206
Standard CNN 0.6326 0. 4400 0.6172 0.7797
Standard Bi-LSTM  0.6697 0.4487 0.6362 0.8105
CM 0.6225 0.4472 0.6202 0.7306

Bi-HSNN 0.7369 0.5190 0.7418 0.8719

WE 3 52 57175 4 ) St i) 07 30O0 D8 1 1 25 2E
A7 BN B T — s AR (Rl RO R S
SCHEF AR ) A B8 Y O I A o — 20 2 R UfE B
RPWM J& WE ) —Ff i gt . —J7 i i@ i LDA 4527
K1 4 RS RIS 5 Rk 55— J7 TN B — 2R Ig T
BN AR TR A S B T AL AT IR AR 8 AL
F A [7) %5 000 45 28 59 5 R A TR L 3 b O OR ek
AN PEAE X T TN A4 B L R T S I G R R
RPWM BRI A AR W] A48 T LR A T 7R 3C
JI A B 8t B b L e S IS Z DR A AR R
PE5E.

CM 1 P& SCA H i 16 45 1) A D e A O 18
FI L2 3% B8 30 % 0] U9 R85 80 9 A7 4 2 R . TR CM

BEARY H 2% 7 SCA v B T e 3R B A 4 e
PR E b 3R Sk 0 A S 4 ) 35CR . it Ah i i CM
M WE,RPWM {5 L 0] LUF 7616 45 A5 i v, )
AR By S5 b AR U RS S 4 I OR

FriE CNN Hi1 Bi-LSTM (¢ 1 fE 2 K KL T 1
WRER A U BT H I8 T SCARRY TR L. 528 45
T 18 SO R DR U A S 6 T 3 SO 25 G PR
i B BB R . AR MIIX 2 Fh Iy ¥ 78 % 4] 5 ]
G 2R RSy T A AR DR 0 0 5 ).

A Y BT B9 Bi- HSNN g 2l 338 SCAS 1
LT B RRAS . SE 0 25 3 WK Bi-HSNN g8 T 1
R G F B RO B AN AGE S 6 ) N R Y
SCHEAT EARE T HL X A7) - ) 9 322 4 06 R AT 1 AR
XA AR Bi-HSNN $1  # ff SC 4 b &2 2% 18 LI Ak
J1. A ot Bi-HSNN 5 CNN/Bi-LSTM %) %} [t
AT LLE A [R] B 32 48 OC 2 1 S5 AR 8 T I 0 A
SRS (918 SCFIR 27 1647 2R fige.

PR 56 25 B Bi-HSNN 16 5 (5 % 9 N
0. 95 AP B0 T MR L T H At B A B v 5800k
3.4.2  ZAF BIRARBURN I

AT S K LU B A 3 s R A 1
T ,Bi-HSNN 5 SVM +n-grams, WE,RPWM &5 %t
HEFIE XS BB SLgR a5 R angk 6 FI3R 7 i .

Table 6 Performance on Sina Dataset
o6 HRHBEELRFENTRBEERTERE

Methods MRR

accu@l  accu@2  accu@3

SVM+unigrams 0.6847 0.5067 0. 6866 0.8171
SVM+ bigrams 0.646 2 0.4678 0.6334 0.7583
SVMtrigrams 0.6092 0.4154 0.5917 0.7326
Standard CNN 0.6544 0.4909 0.6717 0.7752

Standard Bi-LSTM 0. 6984 0.5378 0.7289 0.8215

MCM 0.6493 0.4814 0.6456 0.7585

Bi-HSNN 0.7523 0.6018 0.8251 0.9234

Table 7 Performance on QQ Dataset
F7T BHRHEELIEFENTRBEERTIELE

Methods MRR

accu@l  accu@?2  accu@3

SVM -+ unigrams 0.6715 0.4862 0.6749 0.8177
SVM+ bigrams 0.6774  0.4748  0.6737  0.8186
SVM+trigrams 0.5967 0.3634 0.6478 0.7659
Standard CNN 0.6719  0.4984  0.7101  0.8119
Standard Bi-LSTM  0.7296  0.5412  0.7288  0.8501
MCM 0.6777 0.5104 0.6939

Bi-HSNN 0.7708 0.5741 0.7484 0.939
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SVM, CNN, Bi-LSTM # #f# Bi-HSNN [y & 8
BCh 205 BLIEAC AL, BINKE 3 R 5 5L 09 4 AF 5 3K
A E o2 gn . MCM A 5 gl 2 CM 1 215 B R
A E AT 2 i B R o B A S H 0B
7 TAR/NY k). WE FI RPWM Sk A= g #5780, A it
PO B 0 A =D SR NN S B v N

Bi-HSNN i 4 %8 3 i {5 5L I I A9 RAR .

S S5 R R W] AR AR 3 Rl BRI B
T Bi-HSNN 5 i A7 J i B v5 A8 L A R 0 B fE
5. X R ERAIE T Bi-HSNN 9 22 )2 Uk 45 #4) TIt
T B AT N SCRIR] (]38 SC 2 A BE XS SCAR 3R AT
B EE ). 5 H A 77 v A L, Bi-HSNN Jié 9t i 3
e s 1 LR 51K 41248 6e

25 MK 5% 5% B Bi-HSNN 78 & {5 425
0. 95 MTEBL T - MERE UL T H A P A B v R vk
3.4.3 25 BIEBCRA W

AT T D kW] 2 S R — R E B R T
FH P VR 1 1 26 b 80 A 36 B s 2) PR 48 A TRl A5
BEUR ) B-HSNN iy 8500 22 7, Sl 45 L 3k 8 A
9 iR

Table 8 Performance on Sina Dataset

£8 WMRHEELARGERENITIREERTSERE

Methods MRR accu@l  accu@2  accu@3
CC 0.6895 0.5506 0.7691 0.8322
CN 0.6377 0.4087 0.4955 0.6997

UEV 0.6338 0.4032 0.5553 0.7166
CC+CN 0.7149 0.5249 0.7540 0.8637
CC+UEV 0.7666 0.596 4 0.8080 0.9079
CN+UEV 0.7091 0.5328 0.7492 0.8711

CC+CN+UEV 0.7523 0.6018 0.8251 0.9234

Table 9 Performance on QQ Dataset
9 BRHEEEAERFERBENITFREERTEE

Methods MRR accu@1 accu@?2  accu@3
CC 0.7369 0.519 0.7418 0.8719
CN 0.6128 0.3649 0.4573 0.696 6

UEV 0.6134 0.3737 0.5286 0.7125
CC+CN 0.7301 0.5036 0.7378 0.8931
CC+UEV 0.7638 0.5436 0.7471 0.9026
CN+UEV 0.6881 0.5003 0.696 5 0.8494

CC+CN+UEV 0.7708 0.5741 0.7484  0.9390

CC,CN,UEV 5% Bi-HSNN 43531 H f# FiE 6
SCAS [ SCAS RN P A 2 1 SR R BRI AT
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3 FfE A
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0 B 2R SR 26 B PEAE SCAR X T 198 1% 45 19 70 2 B
A SE B A B AF B 3R R IR R AR S i
HEAT I 45 b5 78 1) B AK. UEV BSR4 . 3F
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SRRk 22 550 H e F I B o R 25 1 B A
— .

)5 CCHCN+UEV $i47 e b 18508« X ik B
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90,95 BYIEOLT o PR T H At T A 5k
3.4.4 dropout R

AL ] dropout 7 vE #E 4T 2 800 IE W4k .
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dropout F 38 K /INKHE 26 A 1 RACR 1Y 52 .

M T 7E B SEAd H H dropout 38 H HUE N p=
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Fig. 5 Effect of dropout rate on single information source
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Fig. 6 Effect of dropout rate on multiple information

sources
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