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Abstract

We use the MacBERT transformers and
fine-tune them to ROCLING-2021 shared
tasks using the CVAT and CVAS data. We
compare the performance of MacBERT
with the other two transformers BERT and
RoBERTa in the valence and arousal
dimensions, respectively. MAE and
correlation coefficient (r) were used as
evaluation metrics. On ROCLING-2021
test set, our used MacBERT model
achieves 0.611 of MAE and 0.904 of r in
the valence dimensions; and 0.938 of MAE
and 0.549 of r in the arousal dimension.
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and Kim, 2013) °
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BiE®m > Fi - A@ZFIE4L4 5 AR Ekman
(1992) ey < B R ARIF 4 614 ¢ X (anger) ~ &
L (happiness) ~ 2 (fear) ~ %15 (sadness)
Bk 2 (disgust) v % & (surprise) > 2 b JEA &
1 48 3% (Schouten and Frasincar, 2015; Pontiki et
al., 2015) °

WA BRAFER AT REE RO RERS
F PR GER BT A g E R
(dimensional) 15 & %5# > f£ % B4 E L
P 38 4% M B8 & T B R (Russell, 1980) ° B 1 4
% R,89 Valance-Arousal 15 R 4E & 3 A — 4
& &~ 0 Frdh A Valance 3 (B 4% V) R&EH R
BEEm > BEKAA12 95 8A1 &7
RA®  MMAIRTRED M5 AP
AHBE o 4tdkh % Arousal 3 (B4 A) £~
RABHRE > | ARFH 0 ARG 5 A
FRIME o fEAFRE AT F B E K
HART MM VA 4P & EERT O Bl

"R, EEAAE T XEEAFRF S

(CVAW) (Yuetal., 2016a) & VA 185 %] % 6.8 Fu

1 8 7.2 AR VA F @ B E 4 | B2 &
W% — IR A —3 (V:4.0,A: 2.8) Rl

15 R H (affective computing) 8 BEAZ R A E K HBa B L DL UHEE RO E=Z LR - /F
RAEHBEABOER  EmMEAEEY (IHEESTUAARE VA 4 Fa L AEge

380



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

Arousal
29 o Word: 5
LR Valence:6.8
8 : Arousal:7.2
1 | ~
7 High-Arousal | High-Arousal
Negative-Val | Positive-Val
|
6 I
v
5
+
|
4 I
|
|
3 |
|
2 Word: /%5 |
Valence:4.0 chim
1 Arousal:2.8 f
1 ra 3 b 6 7 8 9

1: VA 4% &

BMEERT R otmi) REBTROEE >
B R e FA AR

IALP 2016 3FRMEF; B B AR 45 sbde A 5
7 JE A J£ P X F 3% (Chinese words) (Yu et al;
2016b) ; IICNLP 2017 $FRUERS A& F XA 3&
(Chinese phrases) * i — #F R 315 45 32 {0 15
B3 e RO BB A AL (Yu et al, 2017) -
ROCLING 2021 4~ 8437 AME R B FIE AR B
B 33 (domain adaption) 128 > B A% &2 F 48
B EAZE SN c ERBEER T
AR ZAENFTXETCH BRSO A
B % B % ¥ Valence (V) #2 Arousal (A) w1
W AN BANER S aWd 1
FOMEEME  UATFTAHKK 1 OTHF > &
G E A VIE68 A AES2 °

® Input: |, >R TFH S UATAA S8
R P LA LA IR ARAR AT EE
® Output: 1,6.8,5.2

%A1 B %5 89 NCU-NLP 15 B % #7 4 43k A
MacBERT % & £ &y # A £ 4 (Cui et al,
2020) ° #HAIA CVAT EH4% (Yu et al,, 2016b)
R BATH E &) CVAS BHE > HEATRIIRAT
&) MacBERT #£ %! » £33 & £ 4& Valence #9
MAE ¥ r % %]:£%] 0.611 #2 0.904 ; 4& Arousal
&) MAE #1 r 5% 3£ 2] 0.938 1 0.549

AXHEWFHLTF » HF_FLEERNHER
SAT AR AR R 0 = E AR KR AE R AR
RHE > B3 AT RS R st

R AL -

-

381

2 AHEMAR

AV E R VARRRIBEE - KET 5 &
= K #8 . #F # % (lexicon-based) ~ & § %
(regression-based) ~ BA R A¥ 4& 44 #% ik (neural-
network-based) °
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AR B 3 R4 42 488 (an ensemble of several
boosted one layer neural networks) 7% 5% VA 15
1B a9 FaR] - ££ IICNLP 2017 &3 FRM4ERHF >
Wu et al. 2017) PR B2 &R Fey kiaadieii
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fbe) BR bR A B & - FE TR E R
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2018) °

3 NCU-NLP # % 22 4%

AT P AL A g A% A A MacBERT (MLM as
correction BERT) (Cui et al., 2020) » 3t #4522 i
AT4#%38 - MacBERT & & # BERT 2 R 94 A
LA 2 BERT £ F A8 R 09 89N RAEFS > ¥
¥ B 3BT A (Masked Language Model, MLM)
EFEATIS R A 23 B ER n-gram BE
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3,18 [MASK] * Mtk A ia i ER TR %
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%8 3F—B n-gram RETEE > ALK G55
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15% B9 A F REITRE > 80% Hik A48
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IEREHRR B P AR R EERE (Chinese
Valence-Arousal Text, CVAT) (Yu et al., 2016b) &
B 1772 # &) CVAS (Chinese Valence-Arousal
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HAIEE B AT = A A 8 2L A £ £ © BERT
(Devlin et al., 2019) ~ RoBERTa (Liu et al.,2019)
#1 MacBERT (Cui et al., 2020) ° FBIKALIT
L ERE 28 % (learning rate) 3% & 4 Se-5 0 ik
RRAN By 64 0 LABZINERRE (epoch) & 50 R -
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(Pearson correlation coefficient) R4 & ©
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CVAT

Valence MAE r
BERT 0.475 0.854
RoBERTa 0.469 0.895
MacBERT 0.457 0.897

Arousal MAE r
BERT 0.668 0.62
RoBERTa 0.659 0.695
MacBERT 0.652 0.639

#1~CVAT EHETHRER

CVAT+CVAS

Valence MAE r
BERT 0.531 0.854
RoBERTa 0.51 0.868
MacBERT 0.513 0.865

Arousal MAE r
BERT 0.763 0.582
RoBERTa 0.757 0.596
MacBERT 0.754 0.592

# 2~CVAT+CVAS BRETRE R

4.5 W

# 3 BARRE R - & Valence E » CVAT+CVAS
% oRHE #03A8 69 MacBERT #7%89 MAE %%t >
LERA CVAT BMEHP T 0014 B r &9y
B2 F T 0.004 - £ Arousal £ R A CVAT
%k 89 MAE » % » tb CVAT+CVAS &k &
8530 T 0.051 » 12 CVAT+CVAS BH £ r
S8 LR A CVAT BH &6 5 HE T4F
0.033 °

EPE RN AMMGH r kA EBE
CVAT+CVAS & #+ & 89 » 3 A& Valence #1
Arousal L #FtE R A CVAT 8k 4535 » @1 MAE
££ Valence £ CVAT+CVAS & kHE 8y 3 4F -
Arousal A& R A CVAT B HHE &) » st -

5 &w

FE ARG RUER P o &8 CVAT BHEMA
1% 4 MacBERT > {& Valence #) MAE ¥2 r % %]
% 0.625 #2 0.9 ; ££ Arousal #9 MAE # r 43|
% 0.938 £20.549 - M4 & CVAT+CVAS B# &
A% 69 MacBERT > 4t Valence #J MAE ¥1 r
532 0.611 $2.0.904 5 4£ Arousal & MAE #2 r
5% 25 0.989 #1 0.582 » B fE r 4542 HF4F B 47
8 R4 o
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ROCLING-2021 Test Set
Valence MAE r
MacBERT
_ CVAT 0.625 0.9
MacBERT
_ CVAT +CVAS 0.611 0.904
Arousal MAE r
MacBERT
_ CVAT 0.938 0.549
MacBERT
_ CVAT +CVAS 0.989 0.582

# 3 > ROCLING-2021 Test Set & &4 £

L&
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