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Abstract

With the popularity of the current Internet
age, online social platforms have provided
a bridge for communication between
private companies, public organizations,
and the public. The purpose of this research
is to understand the user's experience of the
product by analyzing product review data
in different fields. We propose a BILSTM-
based neural network which infused rich
emotional information. In addition to
consider Valence and Arousal which is the
smallest ~morpheme of  emotional
information, the dependence relationship
between texts is also integrated into the
deep learning model to analyze the
sentiment. The experimental results show
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that this research can achieve good
performance in predicting the vocabulary
Valence and Arousal. In addition, the
integration of VA and dependency
information into the BILSTM model can
have excellent performance for social text
sentiment analysis, which verifies that this
model is effective in emotion recognition
of social medial short text.
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(Valence-Arousal) 2R 4% B H AL B4 88 b oy 135
BR o BT o478 Feasa BRIt aFF
LR REMGL T AR FHERS
FRFE - Ay FEARMOMBETRSZ
WM AT B AR AE S ARAR B E S
T B AR A BN AR AR Ty TR AT
TR AETS

2 ABRARIE:

e % & F B L RO AL B 3E T & 8 AT >
W EBRCERATFRENEESR - A
1P93% 3% 3% 4o Facebook -~ Instagram %4 -F &
BEABANE R R HE AT 00N TR o T
HREWFmE s NI ET AR RE > £
A BMFZGRFIARERL - LFR > F
B R 7 #7 (sentiment analysis) 4347 4 A BF 44
BMXATRAFRRERZL (o B
Fo SR ) BB FZARFABRMER S RZ
(Liu, B.,2012) » £ H 42 #/4 (Shakeel and Karim,
2020) ~ & &b (Zhang et al., 2012) $1 & % (Yenter
and Verma, 2017) 5483k L3 A 4 H e R 3. -
Tkt BAEEM L > Turney (2002) 32 i 24

XAEBFNHER T EES T R BEA A
MR H RN BT AR 0 B
S35 & AT BA 8] F 4 5] (Hu et al., 2004) ~ 4235
% %) (Agarwal et al., 2009) $133] & 4 % (Sayeed,
Asad, et al., 2012) #AT 0 $84EF5 © AFF A
A& ER W FE RER EATHE R AR T &
3453 R R AEAM BB R B T R
ARG > M LASLART A BIPRH R E & -

WXARE A AR T L HIBERFRE
ROERFEBARIHAL > LHEABHRE
Rz AFE @

5 B 50 A7 849 B 50 AR R AR TR R SRR R
& ko BB (Flhe - 2@~ & @)
1242 LA R FB 5] R 0 SR 0k 2 LA AR R
8 B A2 o T4 AE @ (Valence-Arousal, VA)
(Yu, Liang-Chih, et al., 2015) 21 F 4 4 B ok &
THROBENREZE  RBBERFA XY
Valence & Arousal 2R # 99383% 39 & 69 5 R R
AR ZHRERGERFRE - £ F > Valence &
RTRERBENE > A1 290 EHAERE

1 https://github.com/monpa-team/monpa
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Hésd & mE| L& - Arousal A1 & UEEE
Bl EIMEEHARE > EBMEdZHIKY
AR F N 4 b B 2|5 o Valence-Arousal A&
H R E R RE S BT R SRS
B2 #7 8934 #E (Chang et al.,2019; Cheng, Yu-Ya,
etal.,2021) » B AR TEIE S @akE 248
) 48 B ST IR AR LA B AT TAE R 3
FERAEY XGFRYE T Lo GERE A8 -

eI o 4K AF 8) 7% ¥ (Dependency Parsing)
FAF ) FRRAT R — ARARAT 6 kAR > M6 F
4 33 & 9139 g M e AR AF Bl AR o APF IR A 95
MABTEKRZE LTP 8 REZT RIEEM Pylp
AT XARAF 6 R R 4R3 - BB BT
B4 A R 4 R B9 AR AT B AR ARG T B &) TR A
ST 6] 7k B By 3R 139 S B 64 15 B B AR
vy 1 39 S Rl 3R B — AR AT B A3 0 AR AE B 44
B4 5 A - flho © EF M4 (SBV) ~ B
B M1% (VOB) ¥ - L FRAF 5 48 AT AL
F 2] LTP 694RAF 6 7k o 47 5 1643 RAF e s
(Zhai, Pengjun, et al., 2020; Qidi, Jiao., 2021)
WHHANG FHBBEHMTHEETEANEX
ERE o MY BIRAMAZEARES -

3 BMEFE

BAMCHMEBEEE AR ZTIFEHILE
WX FEMETARE > EmMBARAFRNEZE
GiEme g 0 AN BILSTM £ A 41 R &
B AR REREXF2RIEEL A
| B9 R A ¢ Valence #1 Arousal * H 52
A EREZEHRA T 0 Fla kb o4 AL
XA HRER -

R EAR TN 4 VA BB E AR VA &
Ve R FAR %18 & SAR B 15 R 2 JRAEH -

31 HaEamER

T EA T ok AR M TRBIE R

BARME >3 0 3w A B BRI A I
R o LT ARG 1E A Bl 89451 ¢

1. POS: A B8 XEEHRIIRE Ry

MONPA' (Hsieh, Yu-Lun, et al., 2017)
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PR FMARE > Bt



The 33rd Conference on Computational Linguistics and Speech Processing (ROCLING 2021)
Taoyuan, Taiwan, October 15-16, 2021. The Association for Computational Linguistics and Chinese Language Processing

fb& B 50 ey Fomm 2 0 AEAKRS
FARIE AT R B ERAFHL

NTUSD: 4% & K ¥ X & AR 3
3 (NTUSD)? #¥ X A 3] 5 AT 15 &
EFEa@my»HE > Blée ! Ed@ P XHE
as TS~ RKF ~»F, % 8
mPXFEELELS TRRER > THE - %
¥, %o FavgRAEeLEEDF R
1k A EKTA 1 BE[MNE
@E L > BFRER AT A -1 o EH
& KA NTUSD @2 daék > BI4E A
Er 5% 4840 L (cosine similarity) ¥ H
BATHE S > LB R AT B £
NTUSD A Wiék AL ey@E % > i
WA % ok 3E AT B 8 %) (Chang,
Yung-Chun, et al., 2019) > b3 &
SRR EBAT IR B -

E-HowNet: E-HowNet & 4 »
HowNet 15 & H 64 fo 3k A 8% - K45 3
RHE RN AL B AWM S (Chen,
Wei-Te, et al., 2010) * ke @ T —%
FE e L THK, ~ T
—& AL "Wy, o £ E-
HowNet #§ 48 I 4% & 89 VA I35
TR F RN BRI - o R AER
AR S e E & 0 WA A £R a8
AL (cosine similarity) 4% #| & 48 3T
B > BERE VA 34 - £i8
A EFETT TR M FE RIER
R o

2 http://academiasinicanlplab.github.io/
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1 B R AR S 3% 2 V & A FRRIE R

ARA 4R A & Devlin et al. (2018) # i &9
BERT (Bidirectional Encoder Representations
from Transformers) # XA Bk & 32 HGE 5 4512
mERTEAHBAGE AT HHEE g
B POS ~ NTUSD ¥ E-HowNet % 7 /A HR4F 2
EEYCSOR 2o 8 PRI AT SR SOR
4u 8 1 &) Embedding A~ > £ 821 4 -

A R4a #7018 (BILSTM) R T MR8 k3B
BEay BN 0 F @b AT @ Fuik |\ 8y LSTM
TR AT S 1% 0 2w Attention
Layer ey A BB 5K F RAEM# £
(Vaswani, Ashish, et al., 2017) ° 3L F & > & 5%,
28 ik AR R Z A I % #a 58 (Moreno,
Jose G., 2020; Gomes, Heitor Murilo, et al., 2017;
Dong, Xibin, et al., 2020) > B st ARt 54518 A
ERPHHF LR BAS TR BRI A R
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N(PS)—N(WAPS)

BiLSTM layers

pWNWAPS) (1—p(w))
p(W|PS)" """ (1-(w|PS)
p(W)N(wA—‘PS)(1_p(w))N(—|PS)—N(wA—\PS)
p(W| _|PS)N(wA-|PS) (1-(W| =P S))N(-PS$)-NwA-PS)

Embedding —2log

—
BERT D%
dim=768

)N(ps)—zv(w/\ps)l X

] (M

VA

Sentence | an's | B
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2. W@ @ PR LLR B4t
W EH R X VA > RERM FR
S Al = & > & HE Valence fv
Arousal fE A4 &k T« R =4
A 32 3% R ST P AR R 5 89 Valence Fv
Arousal 74 2 3| =41 - Kb TH#4F
£ 6 #uysriikor o & BERT X F
) E &onok# Eifiey LLR $2 VA 4F
mmEE MRS 1,174 e g
#% A\ BILSTM + Attention Layer 49
WA .

KW_POS
dim=200

2. B G T HRFRRIFA (BLV-depCNN)

3. RGHAGEH B 2 FTFH0 A
NG FRERGH - LR LTP 24+
& K 17 8 % % # (Dependency
Parsing) 4 4% 4) F ¥ & 3 & 89 1R 17
Bl fs > do B 3 AToT © AT SRR BT
RETCARGEMG e TR
TR HRGFAAER > FwE R
Fley Rl thidie BB K - wE 3
FEMA AR T, &ow 0 BERSE
BRI T0, &5 - FEH G
FRXBETHEAME > BrAAER
REHBBHREDTFORE -

32 #HAHYTHRER

2BHAN G EZ ARG TR A
RARE K LT 3R 69 TR R B d A R
Bnfas R - B2 E¥Iy o BEHBFEE T
MONPA £ 14 733 3£ #% F# Stop Words > 2L 3.1
B P JLHRAF AT A 39 %2 849 Valence ¥ Arousal > 4
SO TFERBHUBEZERESLEHRA > 53
ZYG T HH AR o RN BATE R ey
1. F&HMEA M A RE B
A2 Xt (Log Likelihood Ratio, LLR)

HECH Edfe & @eg isEE g o N
K (1) THEBRBEGTHRE  BA
AN EEME RSB T L - &
PS &R ANRARAR(E) F)F A F
4% 4 5 N(PS) #2 N(-PS) &7~ IE

N N = . # A RAH BE

HAF A AW B E ; N(WAPS) ooty r o
M ROOT %

RN AE@E w ayEm ) Fey - lHED x#[0 1 1 0 0 0

¥ BRAMAAE T RETMEF sk AT BB BE AR K REIL 1 1 ® 0D

p(w) > p(w|PS) 2 p(w|-PS) ° S wele e e

B A #& LLR 93 404 4 2 elo o o 1 1 4

REFBSGBE - BHEEBE
200 1B Bl 235 AT 4 R o™ 0 4
HE R4S 6 Fey Rl R HIE R E & & B
R AT o A ED ME R
UM EFEHFERNR O HAl "o, &
o Bk M miEdm 200 48 & &
200 4 > 3 400 HEay A & o
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o LERERKGTFRAER 145
WAF P A AR RN B R, [145x145]
1B AN B A 2 4% (Convolutional
Neural Network, CNN) #£ & o

3 ARTF AT B &) F Bl 4B IR 2 $5 451

Bt

44 BERT X F@ & &%~ VA B
A LLR #) BiLSTM /v _E Attention Layer Z 3%
AR 0 iy R R 3E) g R AR AT B AR 6h 4B R 4F
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BN CNN A » 4& A concat layer 347 &4 -
concat layer &)%) #E %% {8 @ & (Channel) i
iTHE BAAN AR ERA T LR RS H
MR B pBEMERE > LBRELDERERE
(Dense Layer) BAF — A ARG R - 0 4 5
BLV-depCNN #£A! > B R 54 XA RAIE® ©

4 EHRERAEFS

BBy mmIy o H—3ER VA FRREA
BUAF LA % 4 FE R 4R BOE O X R AR R GEE R
#EE VA © B3R RERF—3oeh s
RERBBETER>BES - BERERY
BRI ik HERAB A A B -

4.1 FEEEBRAZARETRE

HHER B 72017 FUCNLP &9 £ 427 F
X K235 0 4 B B B 47 (Dimensional Sentiment
Analysis for Chinese Phrases, DSA P) - #% 4
CVAW 3.0 2R EH# A 2,802 % » ARREAR A
750 % > #3552 £ B K VA 858y F x4k
EAGRFE TR+ XHFEEE/HATRE
Valence #v Arousal &) 818 © 45 F7 A 4E 18 KN
s, [145x145] B AZNA L H 3% & batch_size
# 64 ~ optimizer % Adam ~ dropoutrate %4 0.2 °

AERZIFHIEAZ LR DSA P AMEHZ
F-34 & #13% £ (Mean Absolute Error, MAE) & &
i A48 B 14 3L (Pearson Correlation Coefficient,
PCC) #4734 » oA F AR ¢

MAE: MAE = -1, |A; - PB| )

pCC: r=-Lyn, (Ah) (BT 3)

oA op

HEFonRERXBAEH > A R TFALE
Feuy) VAEA A P R-TRBIE V A A
B A FPHR A AP HEMTEH oy
Fu op Al A AFo P eYARE £ o

AHF AL Z AR AT & 0 % BERT
X F 6 E &R TEE Word2Vee Fu B 718 B A
(Character Embedding, CE) 48t » 43 hu NJR
FE AP 42 4888 (Deep Neural Network, DNN) 4 &
# R4k 1 Aiow ° BERT 48 Valence ¥ Arousal
834 @ ¥ % £ (MAE) 2 & @ %48 B 14 3
(PCC) 48 &7 H bt N T 7% BA BA 16 43 S 47 B 3K
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fit o B & Word2Vec #8183 & &~ —EE =
8@ € > CE Al A8 MEER LT —EE TH R
FoOmFLEAERNHRANLETXEN @™
BERT 4 S thm M & T AR ¥ E LT X
Blta RAL BBt 0 BUbA A Rty R T8
BEABEH - PSR 6 8AE o

1. AT EZ AL #

Embedding Valence Arousal
MAE PCC MAE PCC
CE 0.824 0.710 0.936 0.535
‘Word2Vec 0.947 0.662 1.194 0.138
BERT 0.687 0.831 0.878 0.634

& 2 B AR % (Our method A#4L) #1 VA
T8 RMEFS AT = % (Wu, Chuhan, et al., 2017; Zhou,
Xin, et al., 2017; Li, Peng-Hsuan, 2017) 32 & & /o
REV B A RE b8 © RAF R ik AR
BERT £ /v % {8 4% #4 & & (BERT+POS #2
BERT+POS+NTUSD) =T MA % 3% & 44 % o) 4%
BITABRRSGERBRESN  LBELEE
NTUSD #9458 ¥ #5385 o0 s B & mEE T A 2L
% B AL R F BT Valence AT HE BB » M E-
HowNet &9 43 8UR 32 & 4 A8 Ut & 04 38) 2 45
—FR e F B ERGT > T A2 H RN
S VT3 R A S KON R R AR BT A R A
A A o

R 2MAT EZ RS LB

G Valence Arousal
roup MAE PCC  MAE PCC
THU NGN 0.509 0.908 0.864 0.686
Our method 0.543 0.887 0.855 0.689
AL I NLP 0.545 0.892 0.857 0.678
CKIP 0.602 0.858 0.949 0.576
BERT + POS
+ NTUSD 0.605 0.869 0.875 0.617
BERT + POS 0.646 0.837 0.883 0.615

WXAARE X A ETRR T X ER e
REEFTBRAEFR  BREHLZS®
THU_NGN © 3 A RFF 5750 I8 33 & Pl 6 45
M B = 4E R B AR e A I 4R 0 B
EREREEFARELEE LT XM E M4
#) BERT > A4 A AL A 20 AE o #Y Valence
e FAR 4 R ¥ MAE 4 0.543 » PCC 3% £ 88.7% °
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BERAABAUERAEIHEGEZHEAIETD
g9 48 M 5 H Arousal B9 FER 4 F F MAE
AMEEARE 0.855° PCC 3 E 68.9% » HHA
LI S

4.2 HBEXRFRBARZKERSE

B ERAAEAA VA BRI 8L o ER
FRA G R EAP MBI R > A AL
WEERE T - AHER AN 2014
# NLPCC # & #9) # Z /£ 7% ' Sentiment
Classification with Deep Learning | * AT ff#%
% SCDL ° 3Z B M & b F XA X8 & SH3Fom
Wk P EFE o BB R A S 1B A A
aZ#  DVD mEFAELF SEAR - B
HEEerA LB amREEY > &4
6250 % - L& 4 5,000 £E @ E KRR
5000 a@mEH - BAREMNEA 12502 E®
TR AR 1,250 £a@mEH - B TEHMAR S
Az AERE ) > BRFIER T FRHERET
WHIESE (ECSR) RASNEF S A P 3R
% (URDP) #4725 - ECSR #i5 & 045
PeT T A EASLE N ERE S0 B ITIRTS
83w 0 ERBEE T BEF ST A — 8
BRAZE E@RE @ BIFLLELE 4212
3P o 18831 AE®E » 232964 8 &
URDP 45 & A XN E-TF SR G 2335
BRARERETA AR  EBXEAB®
VARG AL O S 6000 EHNIPERE - Mk
BRATFSEAAMMTH EOREMER
% % 3000 £ 0 AARE - FHTE AN -

B B 2 $BAE 54542 A precision ~ recall v Fi-
score EATFAE ° K82 SCDL #45 % 14
R H A 4% (NNLM) (Wang, Yuan, et al., 2014) A
B RAE A ABF) B4 & 89 CNN-SVM (Cao,
Yuhui, 2015) # 7% # 47t » 42 ECSR #» URDP
¥ 4% % E1# A Naive Bayes Classifier ~ XGBoost
M 5% 2R A 2 & BILSTM 4E 2 Baseline
AT RS ) Rk 3T o

Bi-LSTM A5 A #x 4% 55 2 8 7k 7T 43 £ 4F
BsRe > R ARBESRIEIAREYBX
Fodf Rey LT XAE & o sbsh o BIEATA BN
HXAER > BB AR EED
#%] (Attention Mechanism) #E$94R 45 B 39 3248

-

LSTM+ALtt) tbi% A 7 & /1 #4149 Bi-LSTM(Bi-
LSTM) % ft 2% » T AR A X & A # 4
(Attention Mechanism) =T MA#E R % 12 & + 4%
EHETAES B EHENER > MR
BAZENESN  HERF L AT @R P
AFE R 2 F % (BLV-depCNN) & 3L &84 A&
SCDL ~ ECSR #v URDP # # % L > BLV-
depCNN # A1 =] LA 5 5] i 8] 80% ~ 94% #v
86% &Y Fi-score ° 1& FA iE & /1 #% ] 45 15 B 89
Valence ¥ Arousal JE A %] Bi-LSTM ° 4% &

TEAEBFR GG > TAA CNN AT

o

HEHGTLRVERH R HCMEiTHRE

TR AN EE A8 Bi-LSTM(BI-
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oy 88 UK 6 B33 0 R BB E 0 38 9%
THREEFEBERELGRERN  KMA
23 5% AL R T SR IE S RIRE S
1 AT R R LR
Data Method Posi.tilve Negative
Precision, Recall, Fi-score
Naive Bayes 0.723/0.741/0.732  0.732/0.713/0.722
XGBoost 0.754/0.754/0.754  0.754/0.754/0.754
Bi-LSTM 0.748/0.729/0.738  0.736/0.754/0.745
N;ﬁ(‘;c Bi-LSTM+ALtt 0.741/0.772/0.756  0.762/0.729/0.745
NNLM 0.758/0.789/0.773  0.780/0.748/0.764
CNN-SVM 0.766/0.806/0.785  0.795/0.754/0.774
BLV-depCNN 0.814/0.796/0.804  0.786/0.813/0.799
Naive Bayes 0.772/0.788/0.780  0.826/0.811/0.818
XGBoost 0.861/0.857/0.858  0.873/0.792/0.831
ECSR Bi-LSTM 0.858/0.824/0.841  0.862/0.890/0.876
Bi-LSTM+ALtt 0.852/0.842/0.847  0.873/0.881/0.877
BLV-depCNN 0.946/0.925/0.935  0.937/0.954/0.945
Naive Bayes 0.861/0.783/0.827  0.797/0.867/0.822
XGBoost 0.864/0.753/0.804  0.775/0.879/0.823
URDP Bi-LSTM 0.864/0.779/0.819  0.802/0.874/0.836
Bi-LSTM+Att 0.847/0.841/0.843  0.841/0.849/0.844
BLV-depCNN 0.881/0.833/0.856  0.840/0.891/0.864

*E&’f)ill,h%.%\%% ) 415}‘;%22—/2%%_6].
Ui HRMEP S mby R e RS E R
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SHB IR M AR EAR G E RS
FBFEE T ERRE EathaE -

5 HBEARRY

M A RAE S ALEG LMY > BREAMSAE
ﬁ&zﬁaﬁ é’Jxmv@ﬁiiﬁ% 2020 ﬁ:‘é‘/kg 4 2%
FF o (TWNIC)10® 4938 3R 45 43t & £ B
59.6% &4 Rﬂ’ﬁ*@ﬁ%é’]éﬁ» cHEYTaew
AR EREHEAEERE LM E DTS
K E E u3F3 E’Jﬁk%«*ﬁi%}f’éﬁ%ﬁ%hui\
R BmERAEEBREBERETHE N REE
PRRERD E ST RO TR - AL > K
A R ALBEAE R L egsa AR R —ER
bR R AR B IR AP S BB A > )
B 8 F R R AL 4 F S AR
LTP £ 69477 8] ik o H7 48 SUR & 38 e R e AR
M %A BERT XF@ERTERR
VA TR R4k th B A 15 18 6915 R 3 7] A A
AT ERNEFREREFE ~ ShETFE
Z4# -DVD o EFE S FABEEITRITFN
A c B RBAMTAXT ALY
ST AR RZERK

Yol % HRFE R E B M LA B0 A 403K
mm*é%%@é B enitim oA e B e A

EIRHEBEHHNELNTE > AEGFE

%éﬁ B REHNBENEH ¥ #
iﬁﬁ%%ﬁ%%%m%ﬁ%ﬁ%*moﬁ

SuIP AT P A R SRR AT R R
8,4 =74 #2 (Binary Classification) ~ % T4
#8 (Multi-Class Classification) BA B F 7 #5725 89
¥ B % # (Aspect Based Sentiment Analysis
ABSA) ° &R 0 TR — M8 S Mo
%%%A$@k%fﬁﬁﬁﬁéw%@%’
#;%1’ FPHBFRAMEE AR B MR T o B M

PR R 0 Bk B e A IR

%%%@%ﬁ%ﬁﬁm%ﬁ#%u&4 &%
FBEOEN  4HEBFELYETNYE T
EATUH YR EALSY ~ RIEKE

Sk A RAE ~ RBATH R A RALE H
o ER PAFeES -

3 https://report.twnic.tw/2020/index.html
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