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Multi-modal Korean Emotion Recognition with Consistency
Regularization

Jounghee Kim - Pilsung Kang
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Recently, the demand for artificial intelligence-based voice services, identifying and appropriately responding to
user needs based on voice, is increasing. In particular, technology for recognizing emotions, which is non-verbal
information of human voice, is receiving significant attention to improve the quality of voice services.
Therefore, speech emotion recognition models based on deep learning is actively studied with rich English data,
and a multi-modal emotion recognition framework with a speech recognition module has been proposed to
utilize both voice and text information. However, the framework with speech recognition module has a
disadvantage in an actual environment where ambient noise exists. The performance of the framework decreases
along with the decrease of the speech recognition rate. In addition, it is challenging to apply deep learning-based
models to Korean emotion recognition because, unlike English, emotion data is not abundant. To address the
drawback of the framework, we propose a consistency regularization learning methodology that can reflect the
difference between the content of speech and the text extracted from the speech recognition module in the
model. We also adapt pre-trained models with self-supervised way such as Wav2vec 2.0 and HanBERT to the
framework, considering limited Korean emotion data. Our experimental results show that the framework with
pre-trained models yields better performance than a model trained with only speech on Korean multi-modal
emotion dataset. The proposed learning methodology can minimize the performance degradation with poor
performing speech recognition modules.
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Figure 1. Multi-modal Emotion Recognition Framework



Consistency Regularizations % -8-3+

7}?5, © & Consistency Regularization &
o}7 '74 of tha A gtct A47%

EL Eav/ i 1= el ol Rl R4
&3 —irff* ﬂ:rl e et

[35]
.
dlo
o,
o
>
f

i
o
)
ofo

SR OREE DEES

N
N,
2

r O
>,

rlo

dlo
oX
rz

}()ll

Ao

[

e

ro

0 2rE
m
rlo

= [ A

5

Cepstral Coefﬁc1ent( FCC)
04 AL Eidhe 7€l
02 3] A ZE dE UM_](Seehapoch et al., 2013),
H 2d(Nwe ef al.,, 2003) 59 #Aleld €agEo
14 27] Aol FEHAT. HZole AdoAld,
Eu A 2o thoFd Ropo M £& £F A% S 7
1 o}7) 8 A (Fayek et al., 2017; Han et al., 2014)% 243}
A ALY Ao MR st A7k o Fof A L 9
HA, AR e R S RHIER ofd 7
J3 o8 FEle AEE A Z8stel AAHe A
2 9 (Paleari et al., 2010)°] A ¢+E o] 7Z-A<Q
1;].. ];q.a]r}\-] _O_/H u} %]-_9_ 7].‘~6]— :?:_]-73

folr 12 oxX
fo |m

Jn = =

dlo ok o Jm

oX
11‘,_\-_‘, ol o rli o oX

KR
=]

e rO('
o

s
{o
o,

=
Ir
oo MU to m 4

1>

X,

off r
o
3l
g
P

=,
ol
o
L

roﬁm

1> fo oo
g ol

oX
i

aﬂ%‘%a()(u et
o) Al Egﬂ o)

214

o &3 o Mt y

R
2
<
N
e
rO
il
L 30 ¢
|
N l‘l

N

td
il
tlo d

o
gk
ofo
ol
ol
£
dlo
ox
|o

Foo
dlo
ox

o
-
e
z
L tu
> Hz

oo (M L o
=
nE do

Yo
My Oz [
N
rr

o
o oo
)

g e
ofo
21'4
£
o
o
>
oX.
off
(o

i)

rlot
oo >
o

S i M
4 =
(&l
=,
> ooy de on
fu

A
=
(¢}
o
=
=
[¢°)
=
=4
=
[¢’)
=
—
=N
=
o
=
o
=
=
Ko
o
a2
oo
o
oyl
1 o o
e o

oxl

rot
&

|
l

1
_E, 0_1_4
dlo
oXx
r O
1>
td
i
o
2
m

0] 4] HL—.& 7] 3}2&;\

o FAAM ZzxE AEE FE517] A8 284 (attention)
HAUZEE 3713 A2 24 QY A (Xu et al., 2019)= 7
A Ase ds FEANAS 21U A8 A5 24
Az dae 24894 ZEY Ao Y&Fo]7] Wil
TH Ago] ZFE AA S NA 54949 A5 ol atetst
H A4 e A5k dtetste B 2ha itk mhebA B
ATe 5494 BEA F2H H2ES A4 tishf &9
o] & W9 & A+ Consistency Regularization <5 ' &
& A gsto] APATo| D& kgt

12 AN EES EEE 84T AU

A7 A LG MR &L dolEo] gl g tolHE &8
st} Rdg AA L1'5(pre training) 31 I HIo|H Z v A 2

25 ghao] 1A 914 551

A (fine-tuning)3t] E2 9] o =45
o AZNA = S I E L Eﬂ
e D EAS g F9o
o Aot} < vheit MZ]
™ A} o] 4 2] (Devlin et al., 2018; Liu et al., 2019), 5+ v A
(Chen et al., 2020; Kolesnikov et al., 2019), =73 21 2] (Baevski et al.,
2019; Baevski et al., 2020) 5 TFFeF Hofol| H R 9] o] 24 5-&
FA71E A2 vdestth £3, ZES 855t7] o vl ol H
o] o] FEHA & AU Bokl M E B2 AFE0] A7
ALdg mEls 244 ol 285t thPepino et al., 2021;
Siriwardhana et al., 2020a; Siriwardhana et al., 2020b). 4 & &
O o] 54402 A 85 H Wav2vee 2.0 22 (Baevski et
al,2020)= &8st SH SR RE HHE &80, F2H ¥
2 & BRshe 2404 29 (Pepino et al., 2021)0] A<t
Hoth =3 S A7 A Z 85 ZE < Wav2vec(Schneider et
al., 2019)3 €| AE 27| A 8k nd9] RoBERTa(Llu etal,
20195 &8t 44 AR H2E EA S FE81,
g rdo gy o g &3l W (Siriwardhana et al., 2020a)
o AtH ol ZAJNY Fee FYANAT WA, B ATFE D
3?01 2R Eﬂ °l B7}F8kA & 45 aefste] o g9

71 A &8k UE—]]%Z:IZ-] o]/\l J_gﬂol 04
3_01] 7541 234t} %/‘g,‘ 2}7] AZ8 G A2 = Wavdvec 2,05 &
St HAE A A B8 Rl 2 dof Hlo]E = A 8
%3 BERT 2@ ¢l HanBERT(Park, 2018)2 &-&-3hc}.

m
_y_
mg_‘ﬂl

‘)\
SRIs

IEEEE g3 op]gA

EEEEEEER LR PR REE EERY

2714 Fee) ool ElTt ALgS

Aste Aotk 744 o1 4] Bofo| 4

l:l
s
rir
o
o,

ﬁmim
rﬁéﬂmﬂ
oo

J Aot AR THEY
AU ANAE AR Y=
g7t AFH A A9 75‘—‘%, Gu et al.(2018)&
EY AN FRI} FEH doE & &85t ofel A 1
S AL AZAH §F o}7) 8 A = R 5+ T Tsai et al.
AT M= AT B EHTE Z3HE o 9l &4, o] F] A
olf oA EA At FFoE YEId SRR
2 EAHNEHE 285t A S st W
obst St T4F2] 739 Majumder ef al.(2018)& Al o] E
Y (gated recurrent unit; GRU)& &-83t] M2 T2 o] d
Bl S A 2o ERHEE SR S AREAZTHOR
& = HE R o784 & A| st Th. Tsai e al.(2019)
N BB BB A & A, ol p A g 2E Ho]HA A
507 7xse A ARE FE357] 98 Cross-modal
Transformer v?} o7)¢l H £ Agkste] 7 “ﬁ AN B %k"“\l

Eoﬁé_urlr
EL

=, HU
< S
2
o
e
R0
>
[

Fr o 2

g oY oftt

ox (o o
Hopg
L @ 9o > O (0
Ny

oo
o) >

r

N

2018

—
~

lg
[~

e
m{y' ul

=

]IEE‘. fitf

H> i
oo < i o
Ho

ofd rlo o

111

2

O
— —



552

E9) AH A1 gl o
HE k] sk v
2 7HAelA =g d9a

B ATl ARbskE HEUA ZH A AE L8t A
S FE3hs AWl FZ2+= <Figure 2> 2o A S F2
st AL ZH YAy & ?_V—]. BE Ao fol wat
speech-to-text(STT) path 2} Golden Path @ VT, A A AFE 3
oA AT &8 T OPUE STT pathE &-8-3t &4
S ZHH EH@HH%Q FEota A& FEST Y, g
Ao A= HE LS ol 2 RE F4% At &ol
E_']AE e 2 XﬂJ—QUE STT path# 7+ ofuf gt SA Q14 B

910l Golden Pathe &3l ZA S FEL At & A+
Oﬂ A STT path9t Golden PathEs 53] 23 F && £ X

SECE
Regularization 8t WHES
w5} thore 949 9E) D

5 g B9 AR,

(:F_’“w**"h

%%&ﬂmﬂ“ﬂ““°§%ﬂECmmmw
AP, B, A
&8 o977 468 Y

-l [
Module 0.
w

Jounghee Kim -

Pilsung Kang

(FS)
W,
ful
]
"%
"
oX,
2
>
1]
£
u
__“2‘
1y

N
=

fo fy > oagt
O e foofob 2 oo W g0 v do g

e ® R

fa
(i
o o
gt
c;l:ﬁ
2
dlo
ox
i 1o
L o
ot
=
ofo
o
T,
[>
(m
b oot

-
blo
oX,
—‘V‘—I'
i)
l >
ﬂll

ol
Y
ﬁ,
e
10k

gk
oo o
o
i)

ofr
o

Jii

E%aAWHE%
E

o ooty fL > > o
oo [

H‘ﬁgl'm o
L)

iz
2
o
re @
2
froox i 2
]
oo
9#
21
[o
01
o
.
to
@,
S }*
o ox

Ho
[ M s
=2

N

M)
Ay
ol
<
2
u
2
>
°
2
(g

X Rl odo B 222
o

fu)
dlo
_V‘_l‘
m
fu)
o
I
i,
©,
B
lo
(o
ox,

fo
Hz
dlo
ox g
=

[l
R
juied
{1
fm rir

QN
o
]
fo
o
ed
dlo
oX,
o
=
L o
=
ofo
©
>
o

32
»
[
Q
&

)
U ot
= i

ol
-

o ox flo rh: oo do X rd X ob myt mfu pok O Ry g MmN ox ol

(tokenlzer)
s SLJJr 2ol &
HAE E.’:‘LO A= 1:].%
AANEE SA A7) A
Hof 49 ‘ﬂEiEm,d,-o(a) h" =,
AN &= 54 AN ESE “%
Tz Y= H%}EP Jde +2d
dolEl2 A SgEgons e
F8407} 2350} et 3, ¢

S 1 S T U (=3
oA O

W @ i
¥0 g
no. M ook
=
o oft mf¥
ft

do U m

ox ML U

rL

p=s)
> r

5 =5,

i,

01

M
3
et ol

J?L'
fy
1“3 i
>{\I
=58
;5 o
LeX
RN
2 b
o
i Hﬂ

q
2,

=

av2vec

i é
=

ol
lo

djo

- |
070,0 Prediction
[ It is rarely good food! 3 j j < / (STT Path)
N i (¥ -~
[‘\Path / j‘jj < |

o — W 0192 it N

Dataset Mode| Prediction
— [ It is really good food! (Golden path)
Figure 2. Emotion Recognition Processes with Multi-modal Framework
pe(elay, ..., ar, sy, ..., s1)
STT Path 1
Audio & Text Fusion Architecture (Frysion)
t t t t t t+ ¢+t

O e Ol 1

EEEEEEREEE EEEREEE

audm)

Audio Self-supervised
Model (E,

Model (Egext)

\/

Text Self-supervised \

NS > & e
\ L

Speech Recognition
Module (G)

Figure 3. Overview of our Framework with Self-supervised Models



Multi-modal Korean Emotion Recognition with Consistency Regularization

AR 59 g o 48 M52 850 dd 4
B, (s)=0"=hi, .., hE2 4SE AL ZYPgae g
2E A7) A £ 8 < 28 £ HanBERTE 2] 3191t} HanBERT
T WY sharo] BAE AR Sepete] £ 3} Thoj o g
AE 1S F U oER hSH g 2Bl e RS 758
TUCH2EY FAHRE XTSI itk A 2 U2
o mpA g dA M= o FE SANEH ped H2EWH b E
THMEA £, O RHOE EESA A ecr &
ERE Fy 0 (0% 1) =pyle | a,Ga)) & T

3.2 Consistency Regularization g5 " HE

AN 2y A A5 ALY A7 = HE R H o H
A AFe A E2EE &8st HE RD B S 53
Tk WHE AfH] 220 83 o & R S A1 RES Z83)
of FZIH2EQ SASHEEE R g o g e
AA A BN A EE oS FHASS XL Yo R
E AU BES B FEH Y 2E- A YU &H O
Fouth oA A A7 W D B2 A H] 2 T of A
AU REEZREH AA QS SR G Y 2ES QYR
Hol A& FESERE W& AU 45 & 715 £
G5 SAUA BES ALS AU 2y d Y e 5 A
A S4UA BE A ES PN T fle F2AU A
S 2t Yt} o] & S5 st & A= e U4 BE
A F29 g 2EQ A tishf] &9 2fo] & Segol WY
1+ Consistency Regularization 3F<5 ¥ & A|¢kete}, A2t 8
FHHES AU RES 5T Fole Ada A4
YA A5S TN el AT At S5
W29 FL2& <Figure 4> 2t}

ARt 3h5 W E2 STT path®} Golden Path® U o] 744

553

v

S
[&l
=,
ks
-_&
A
lo

uHg

T,

=3 Golden
a,8 ~ P, 5 A
o 24 FEEE pyle
¢ SEE X9 Golden pathE 53l
°]& Kullback-Leibler Divergence=

Regularization Loss & 773 ¢},

o Hlo

T

il
e
E )
=
L)
e

= > oo

oﬁoﬁ‘f_‘,

AN e ok

=F

@, ~ Py,

[KL(p, (e | a, G(a))llp, (e | a,s))]

O]

‘consistency (0)

F Rxo Aol $44 BES B9l 328 gres)

AA g &o] T2 7] wfZof WA g}, wekA Consistency
Regularization LossE H 43358 Rd S g0y F

o T
29 92E9 tf3} Y &9 o] 5 HE

5 oy

= =
EgE
SRy

o~

3}

9 do] 1234
do] Foi7l
& 4+ JEE Golden

i ce & F&5to

it

o, |d

o

j=3
H

I E.. »

cross —entropy (0) T Lyse ~ Frain [7 10g Dy (e‘a” s )] (2)

L + Consistency Regularization Loss®} Cross
Entropy Loss& B3l A HF 522 A4tsta HAsigo)
13
=g

[

T = <]
Aa>0E Hotd HF F4d s TR
min LTotal (9) )‘Lwnsistmzcy (9) + L(TOSS —entropy (9) (3)
Total Loss J

I I

[ Consistency Regularization Loss ] [

Cross-Entropy Loss

i

[
pe(emotion|audio, text™)

STT Path |

Audio & Text Fusion
Architecture

/ Audio \ / Text ‘\

/

Model Model \
audio text*
’ Era

pg(emotion|audio, text)
Golden Path

Audio & Text Fusion
Architecture

Audio / Text \
Model / Model \
audio text emotion

I

Figure 4. Training Process with Consistency Regularization



554 A3

-39y

Multimodal Transformer Fusion Transformer Shallow Fusion Model
FC
Concat ‘
' L ]
| Transformer ‘ ‘ Transformer ‘ f Mean Pool
Cross-modal Cross-modal .
Transformer Transformer { Concat ]
query key value query key value iy
$ $ t 1 1 Concat | | [ Mean Pool Mean Pool J
‘ L ) oL ) L
I —— — ' t t
| 1D Conv ‘ 1D Conv ‘ l 1D Conv ‘ l 1D Conv I : ‘ 1D Conv I 1D Conv |
¥ T ) ) i ) T
Audio Text Audio Text Audio / Text
Model Model Model Model Model / Model \
audio text audio text audio text

Figure 5. Multi-modal Fusion Architecture

e R 3} o7|HA]

Ak =AY A2 & oI E A= Wavdvee 2.0014 =
& =W E 9 HanBERTI M FE3 S 2EME ) JHE &
Fotel A4S ERE WE R Bdojth £ AT E O

A7 HE B Bd& HPsto g8 o} e A A

o ro
RCge:)
oo
re
g3
—Ll
=
By

&3 37k §F gAY F2E
<Figure 5>} 2t}

Multimodal Transformer(Tsai et al., 2019) A 2 Zo]7} &
W) £ A RS Wi st 24 Mo A 352 0 & YEhd
AREFET T e FF oI AA T At Zy A A=
Multimodal Transformer W 5-2] Cross-modal Transformer& ¥ 3
3t 7 (key), A & (query), F(value)ol 2+ A7) A Edk<5 mEl 2
BE 2&3 SANE G HAENEE Bt FARE §3
3}‘3]- Fusion Transformer(Khan et al., 2020)= <22 Q1 W42 4
HE F e 4 & Transformer2] Al I of €l M (self-attention) T+
25 183 g olgA ot B AT e AT A =85 B
99| 3w e of g ~EWE| 9] 24 2717} ohE Z1E 18 5t
A F AtE Tal A M EH e g 2 EME Y A S YA AR
Z T (concatenation) 3+ Transformerd] Y 0.2 &
8+t Shallow Fusion Model(Siriwardhana et al., 2020b)< BERT
A FE S oA R A AE A A 8 B A2~
EZd jgets A HA e & 47 23 S A st 48 &
goblgAolth & Ao A &8 S48 A7 A =
%Aé];,].Eﬂ/\E,] 37] [ﬂ-a‘ /\']H]]E-]Q,].E‘]_}_\_Et_ﬂ_]]ﬂ
WA o)7] W HiS E83te] 2717 1A AR

&+ 3 Shallow Fusion Model ]l &gt}

Table 1. Details of Label Configuration

LAY R R

p

4.1 Hlo]e] A9

B A= Alhubol A 244 Q14 7802 37)d BE R
2 9 HolHAS &3t A YHES A3 ¢
cﬂo]a AL F 30089 A7]271 28] 128 o] Fof Theket 4
& A7 FHOE FAHH, Y 3D A 4 O
S &E 7S5 Y 2E AR E 5 vERY S 28t
AT 24 2H & 7] E (happy), = H(surprise), &= (angry), €

E(sad), & (dislike), 3 (fear), 7 Z(contempt), Z A (neutral)
S & Fg7HA o, A G bl £ = <Table 1>3 2T} o
ol Al o] g ehloll = HlolE ¥ ol A HolH &
Y2 2R A 5o A stnz dolE e 717}

=]
A AL 7 (contempt) T 3 E(fear)E A8t F 6714
Ao o
=

4 o] Bl & Z-g-stof Algk

4.2 A8 AA

12,15 9 37}

B AT HEREY 94 HolHE 811 & U] 47 8
& dlole, A5 tlolH, 7l vlolHE &3t Be 2d
< <5 E(learning rate)©] Se-52 28 Adam(Kingma et al.,
2015) Optimizerg &-&3to] SFH 0B Z 3 o F(epoch) &5
Hooh 2 RE 2Y Ui BE §9 oI HA 9 3] HE
(hidden vector) 27]= 7682 1A, T F A4ty &2
old Y% $(sliding window) 271 = 3& H-&3tAth A71A]

Label Configuration (Amount, %)

Happy Surprise Angry Sad Dislike Fear Contempt Neutral Total
15706 11540 7584 7808 19012 5571 2944 9956 80121
(19.6%) (14.4%) (9.4%) (9.7%) (23.7%) (6.9%) (3.6%) (12.4%) (100%)
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St nd g QPG vdo] 448 0 e Fh e §

grol H &3 o b= A8 A 7 (Siriwardhana et al., 2020a)E
133}, Multimodal Transformer®} Fusion Transformer &
g ol7l g A ol & Z(layer)®] A7 19 TransformerS 2 &
}*7 )\1640}@1;]. ;(}7] ]Eg}g U@o] 7(4%& U"E]U‘ﬂ— =R

S8 W, &% oIEA Yol = A7 A stE Rl S

S5tk 85 Al Bl A (batch) 2712 32 B 642 A A
6‘}1 A% vlolE ol A 7}75} 22 45S B 2YE Y3t
of H7F vlolHAA AHE EEetAth AP 1719 RTX
2080ti GPUE 43} Tﬁﬂilﬁioﬂﬂ w2 2715 24371
28k gradlent accumulation 7| & &-&3t5th. T AF =
o8 S Wre 34 & ZF st l s WAsHHEA F 53]
HHEA Y S —’Fﬁﬁﬂ H H 7 £ 71 A A

I

of

& o

S}
o
)
of

“é ’E} oAl <Table 1> 4 &1 5 9l %0]
R 3301 EAZ wEkA F7k ElolH e ghd E Hlo
Elo 45 drgete] 7tSAE 483 7+F F1 Ao (weighted
fl-socre) 9} 7+5 o A & E(weighted accuracy) & H7/FIA X2
&-8-3HAth. <Table 2>E Bdo] o 53 gpl 3 dA bl
71ke 2 A 2kl ¢ o] A © 3 H(confusion matrix)©]| T}, 3
FAHDS vt oz ol cof thF A S(recall), L=

(precision), F1 A 5(f1-score), & &= (accuracy)E o} 9} 20
ALY < Sl
l, = it 4
Recall. = 7p 3 T, @
b 5
ecitsion, = m ( )
B 2% (Becall(3 X Precisione) 6
© Recall,+ Precision, ©)
. TP+ TN, :
“c " TP ¥+ FP.+ TN, + FN, )
B HolE el A el e FAMEE w, 0 <w, <12
J——’QW,Q(6)4()°B}H°§7}FFI det7bs da A
GEg A 4 o9t 2
weighted F1 =Y, F1, X w, ®)
weighted Acc=Y, Acc, X w, )

e

Table 2. Confusion Matrix of Emotion Label e

) Model Prediction
Emotion e — -
Positive Negative
True Positive ZP% F/Ve
Label Negative FP, TN,

% & 744 ElolHRHE
sto] 44& d4she Y 29 (Wu et al, 2021)S T
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2 FastText ¢ (Bojanowski et al., 2017)< 283t 9]7]
) 0% ot S ol 9] fanE 9t
W E 2 ou]dicl B o1 9 Aol Z7)H FastText 9 H H<
283} % Th(https://github.com/ratsgo/embedding).
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424 95 5404 28
B AJLE AN RER FF FHFEY STT APIS} 717

2 Auto Speech Recognition APIE &85} 5t} 54 <14 &
A5 H7F A e FA4 2 FE(CER), B0l L F-&(WER), B4 o
o] S FE(WER)O] JUTH T S FEL SAYA BES S &
ato] &3 el ~E QL A gl ~E o] H 3] 7 F(Levenshtein dis-
tance) & Tl HH 2 SA T FrtA Holt}, T4 LFELS A
GHE HY A E ZAT H7HA oIt vpA| g0 & B o
Q FE(SWER) g70] 9 T AT Ho2r7] & kg she] Bof
71E B T o] @ F&-& S W 7HA E(Bang et al., 2020)
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Table 3. Emotion Recognition Results with Original Text

Model

F1 mean/F1 std

Acc mean/Acc std

Only Text

Single Model - FastText
Single Model - HanBERT

0.4116/0.0085
0.4463/0.0078

0.4247/0.0073
0.4517/0.0089

Only Audio

Single Model - MFCC
Single Model - Wav2vec 2.0

0.3539/0.0058
0.4326/0.0058

0.3637/0.0073
0.4409/0.0043

Multi-Modal
Shallow Fusion - MFCC, FastText 0.4364/0.0069 0.4474/0.0057
Shallow Fusion - Wav2vec 2.0, HanBERT 0.4952/0.0062 0.4989/0.0062
Fusion Transf. - Wav2vec 2.0, HanBERT 0.4906/0.0075 0.4963/0.0067
Multimodal Transf. - Wav2vec 2.0, HanBERT 0.4893/0.0092 0.4958/0.0090
gt A S A EE AP Aol A G RART O 73 3 AA AE 2 S A A 2y 29 A5t
Ao R Ueytth B3 B AP A7 A3t RS 288 ®7]35ith
HEng 2o 4go] A FHE= Ae FAE + Utk A AL 24U BES AL AR FFA = o
Wav2vec 2.03} HanBERT & &-£-3F Shallow Fusion BE| 22 = 1 A3h( ¥ et 3424 0] 715k A3hol 229l
Do) 7S FI A 712049522 /M 22 o2 7150t Tol stgete A QYT T 53 | Az3
&9 fﬂolEﬁ/\h S ATAES G RS S e E s © SAUN RES AU Za Al 83 4F
EoA o g S F oz nud oy ZAUA 4% steto]l FEH LT Shallow Fusion 229 7
O] ofo] A2 7 RANA Lopol A R e EHH 0 FY  AHUA dFEol F4U4 BES &5V AEY 7HE FI
A7E AL FAT 5 Yok A% 712 o 8.3%p 8125}o] HanBERTE 4 8 Hlmdn
o e 452 Byt ok $4UY BENA 358 €
432 94N BES BEE AU A5 a EZFAA B3} 3 thzs] o] o] 22 A g3fe] W)
EARE AT & 7bed AA Muls @A 4 BE B 7P o] R FFS v A 0E 4T
A Zy gAY Ase Hrietr] el F8UA REAA  F 3iTh
FEUH2ES &85t dERY RE$ ot Bk g, AQE Sk B ES A 8oty dERY Rl 72
ok Oheh AQE Shs T 2 2o T G oA 4R g A4 o] YA £E IJBHE AOR YET 7t S
Eo} SANA BEAM FEI H2EES IA S8t 2l A4 BES F 838t 450 512 ¢ Shallow Fusion EE]
< gt 2 JU dAdAE F2 g2ES S 2 Rdd AR S W ES A 85 43%p 24 U4 A
ThE FEate] A WHECE ShgE RES Hbdt & o] S EHE A 9T F Yt ATt 72 24U B
AR FAE A AIe <Table 4>0ll A A = 9k o & A &3 ZH Y ANA A g5 FHECR A
T HA FAHUN RES ALY By AR H2ESE & Y AT I Eo] ¢ Ate As AT F YT o=
S B9 Zfo]E 23T <t HUIste] A4 BE AE IEUHES LW REJA 29 o A A o

Table 4. Emotion Recognition Results with Original Text

Model

F1 mean/F1 std (%p change)

Recovery

STT Text Proposed Method

Kakao API
Shallow Fusion - Wav2vec 2.0, HanBERT 0.4121/0.0440( | 8.3) 0.4550/0.0027( | 4.0) 4.3%p
Fusion Transf. - Wav2vec 2.0, HanBERT 0.4281/0.0061( | 6.2) 0.4521/0.0043( | 3.8) 2.4%p
Multimodal Transf. - Wav2vec 2.0, HanBERT 0.4213/0.0066( | 6.8) 0.4572/0.0047( | 3.2) 3.5%p

Google API
Shallow Fusion - Wav2vec 2.0, HanBERT 0.4220/0.0463( | 7.3) 0.4674/0.0041( | 2.7) 4.6%p
Fusion Transf. - Wav2vec 2.0, HanBERT 0.4313/0.0051( | 5.9) 0.4601/0.0085( | 3.0) 2.9%p
Multimodal Transf. - Wav2vec 2.0, HanBERT 0.4240/0.0332( | 6.5) 0.4670/0.0059( | 2.2) 4.3%p
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Figure 6. Dependency Results of each Self-supervised Model by Grad-CAM
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Results with Consistency

Results with Original Text Results with STT Text Sanins
Regularization
dislike 82 126 191 ms“ke 175 174 174 16 70 dislike 209 146 142 145
happy 121 53 29 happy | 322 WCIEMN 169 201 45 17 happy ur 49 17
2 surprise | 170 149 34 32 39 surprise { 272 124 S840 108 34 22 surprise 99 29 35

Predict c
Predict class

heutral | 252 288 173 215 41 21 neutral | 284 230
ool 1 M 33 FgsEl 10 cad] 369 93
wgy| 291 3 a7 s 7 369 angry] P9 @
mﬁ;“‘e w\a'i"* 9’&"\4_ @";‘a\ & a"“b a\*‘r“z ';\3{;9*

True class

True class

Predict class

154 266 57 5 neutral | 190 340 129 268 s9  10

53 B84 177 5 sad{ 270 136 50 91 225 9

49 26 13 227 angry| 308 60 55 26 10 299
e P et o P

True class

Figure 7. Confusion Matrix Results of Multi-modal Model with Various Settings
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