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Abstract Sentiment Analysis is defined

as a task that analyzes subjective opinion or propensity

and, Emotion Detection is the task that finds emotions such as ‘happy or ‘sad from text data.

Multimodal data refers to the appearance of image and voice data in addition to text data. In prior

research, RNN or cross-transformer models were used, however, RNN models have long-term
dependency problems. Also, since cross-transformer models could not capture the attribute of moda—

lities, they got worse results. To solve those

problems, we propose SMERT based on a single-stream

transformer ran on a single network. SMERT can get joint representation for Sentiment Analysis and
Emotion Detection. Besides, we use BERT tasks which are improved to utilize for multimodal data.
To present the proposed model, we verify the superiority of SMERT through a comparative experiment
on the combination of modalities using the CMU-MOSEI dataset and various evaluation metrics.

Keywords: Natural Language Processing, multimodal, Sentiment Analysis, Emotion Detection,
Single-stream Transformer, BERT
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SAgo] AdEAY Ze A 9 AHEE xdske
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[7]& 73 T &, ZF 22 e AR OE AEY
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712 EFHch

4. 29 Px

B A AR SMERT @9 AAAJ =
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Joint Embedding R I
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! 1
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Xr : a SMERT Zy Prediction
T E
L |
FG , Classifier
Xs N I 7 Text Embedding
Token Embedding
\ / — Positional Embedding
a9 1 AYskE 28 SMERTS AAAI 585
Fig. 1 A Flow Chart of the proposed method, SMERT
4.1 Z& 2AH= (Joint Embedding) Xor X
- S \4
Fig. 1914 Aol sigshe H8e A% Yude 1 t

HE QWIP(Text Embedding)® 8% AolER T = — 1| o - — 1

BEY H2E Xy @olEe] FPolne EF YWl

(Token Embedding)® €1 e (Positional Embed-

ding)o]l e H2E JugdS 533 ol EE ¢ 1

WEe Eo) UolE A% grom MIelw, A& = [ Concat J [ Concat ]
3 3]

e 7ML e 2B YA ARE Fo5tr]

= ¥ ¥
otk EE Awdy A Auid& BERTOIA AM8-g
e A3 Xy, X9 22 A9ole AL AA
AEE 7HAAL A 7] dEel 1A g FHst t t
. . 5 Xr  Xs Xr Xy
A gtk "92E dude Bl de g2 §F Aol
Eo| Qeoz AgHw, §3 AclEE o 2ok 28 2 FH A=
411 &3 AolE Fig. 2 The Fusion Gate

SMERTl= T, V', S'8} o] Al 71A] A5 wEo]
A JEeg Ageitt o] F V', S’ &% AlelEdA
Bo] o]FolA = AYE sk §F A°IEE Fig. 2
9} o] FAEY ok F /e REYEE Z¥sta,
olE FE3] 9% B Iuid(Segment Embedding)
e Yt nprgtez " AEVE obd Y Ele] &
doz FEANFY S8l slF @S F F LayerNorm

Hath a2la - & 53 B’ #e mgeEEe 7
F3| "2EV} old mEEEe] B4z FEAZ
CopEte g dpo) A st Ahe T I e LN
LayerNorm< 918l Xy 3} Xg & Xy, Xo € R
s ge RUs} QolF sharh
4.2 SMERT

RSN

SMERT< Fig. 3% #o] &3t 2% ddoe=z

< TR PAS De A de gES F EZER %893, SMERTE 53 1
A®B =B ([4;B'] + Segment) D o AREe H ESEE EQUL H EZS Fof

B’ = Linear(B) (2) Heas> EZS theZ=E-(Downstream) Ej2=Zo] At

¥

Xy = LN(Xr®Xy), Xg = LNX;@Xs)  (3) €% 7 S Poolerel siddth mebA) of Poolere]
ABBE= ‘A9 B2 §I3TY 21 Aolshy A= 2 4d A4 AZA%HFully Connected Layer)d} 3Fo] gk
2 po urEs 499 g vouHg omag  AS(tanh)E AR T, Vv, S A Al die) 242t
mebd BE AYekn Foh AAE Adl Lincar® § 1 oor T (B A RS Fie 191 Zn 2 Zs
3 H2E A &2 FIDT [4; B'I0A ASH B
g Azl dolg VEon AR, £ Y 3 Zry,s) = tanh(Linear (Heeis>)) @
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H<CLS> H<because> H<|ha(> H<MASK> ‘ H<SEP> H<SPE> H< SPE > H< SPE > ‘ ‘H <SEP>
SMERT(Text + Speech Pair)
Ecciss | [Ecvecanses| | Ecthat> | | E<masks ‘ E.sep> | |E<spe>| |E<spe>| |E<spe> ‘ Ecseps
LY A A A
I I [ I | I I I I
segmentEmbedding | A || A || A |[ - |[ A |l A |[B|[B | B -] B8]
( Concat )
Positional Embedding ‘ ‘ ‘ 1 ‘ ‘ 2 | ‘ 3 H H N-1 ‘ | —v\l\n—l | —v\l\n-l ‘ —v\l\l\—l <SEP>
+ + + + + +
Token Embedding  <cLS> Because that <MASK> <SEP>

g 3 "HxE,

2449 o), SBERT W* +x

Fig. 3 Internal Structure of SBERT when it gets text and speech

4.2.1 MMLM (Multimodal Masked Language Modeling)

o] El22=+= BERTS MLM El239} fASIG T,
V'S A BoA BFE EAEd tisiAe nfaA S S
gt 4 FH H2E AF dEiA EZ $AY
15%E o= Mdugct gk [ HA EFo] MeEd,
(A EEE 80%9 FEZ [MASKIEL, 10%<] &
EE W3 EFZCE WA UHA 10%9] gE=

FHA ¥ adE =

4.2.2 AP(Alignment Prediction)

o] Bj2=%= BERT®| NSP Bl2=¢} fAkst) V7, S
T Ao AMRE W3k, F 2 E ko] AALS Tt
3t7] f1EiA gt & W, VA, 4 AFE
ANA Xr¢k XpE o 2ol Adeigith Xive 80%9
BEZ A X9 S o]lF= EFo|tHIsPair). Xy=
20%°] SEE Xrot ARl g2 MeEd ERolnt
(UnPair). & o|F= 459 IsPaire} UnPaire v,
€ (0,1)2 BAZ

4.3 277|

2T, V', S" e Heas:ZHH QL Zp, Zv, Zs 7659
ARE Agstal, ol& 74 4 2 1 g &8317)
98 GRU(Gated Recurrent Unit) 217442 AR-&-3kc}

I = GRU(Z1, 2y, Zs) 5)

HEHoZ BFE Fd P.E 91 AF 2AY T
gt} o] uf, 7&"3 XM Slo|HBAES AL
3, 72 FRoAE AZEW (softmax)S AFHE-FHCH

Ys = tanh (Linear(Py)) ®)

Ve = softmax(Linear(P,)) e

44 24 g2
24 BAT 2 9 AR 08 &8 95E A
90, 74 B4e) A9l SMERTOIN washs

MMLM3¥# AP¢] &4 Fot E7F710A B8t 1t
/H H/v] 01]_2_ &2 zﬂ-/\i _—TL/HQQ_ MMLMJ+ APE=
Z}Z} CrossEntropy <4 &5 ARSI, Lingw 3
Lap 8} 2ol 3718tk T, V', S' Al Aol oisf 22
g3t st e A &4 F<(Joint loss)E A3}
w, L; ¢ o] #7]gh
Ly = Lymim + Lap, J €{T,V',S"} (8
Le T, V', S04 47 o|ARAER Ly, Ly, Lo <}
2ol Al /M7F EATTE 8 B EH T Lsentiment
& MSE <4 se) Ly, Ly, Lo ol Hd &2 g3l
T F4Le o 2
L.S‘entiment = LMSE + —(LT+L‘§,+LS,) 9)
78 "R A= sYstA A% &4 T L ¢
78 &R dF &4 s S A 21 &4
82 CrossEntropy <4 9} Ly, Ly, Ly & BT
wes il 7k oS v 2
Lemotion = Lee + —(LTH‘;’HS’) (10)

5. A& MFArE

5.1 HIO|E{Al

g7 wy wg g BA 9 2w 82 o
4 Q&= CMU-MOSEI(CMU Multimodal Opinion Senti—
ment and Emotion Intensity) El°]EIA[15]& AL&3)
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23S F33. CMU-MOSEI HolEAle & 65412
o] FAo] e fFFH I3 fF FHelA 1000789
AR OE At 250719 FAR 23453709 RS
FZ 8 6719 7AS 2hE™H (abeling) Atk 7H
2 CMU-MOSI(CMU-Multimodal Opinion-level Sen—
timent Intensity) [17]¢} 28l = 7+ Eg]¥=(Stanford
Sentiment Treebank)[18]9] F4& the W2lo] uwhe}
[-3,3] ¥ HFE 2AYH(Scaling) = At 7 24
A7t gulste AL o3 2ok [-30 e 73
(HN), -2: ®A(Negative), -1: <F3+ EH(WN), 0: 5
H(Neutral), +1: &g FH(WP), +2: F(Positive),
+30 7% SBMHP)]. M F5ES] EEE Fig. 49 9
Jejzel 2ok AL 3% 2H4(Ekman Emotions)
[19]e] wet (A&, &F& 3, 3%, 9AR, 5902
TAEY on [03]9 FoeE 2AYHY =Ho ok
zt A Aot onlske A a3 2tk [00 Aol
UE}A &-3-(Non-Emotion), 1: <3 ZH(WE), 2:
Z(Emotion), 3: 23 ZAHHE)]. #AAHEY BxE=
Fig. 49] ofzf 1ef=e} Atk AL 3 44 A
of oj2] ZHAo] vEbg & e HEH A epE(Multi-
emotion label)elt}, && dlo]E|Ale] A7)+ 16,3157,
A% delgAlel Zr)E 187171, HZE HolEAle =
71E 4654712 B-E AT "HolHAC R AMSEE= CMU-
Multimodal SDK[20]¢ll4] A&z A& AR&-3ich

Distribution of Sentiment Labels

7000

6000

5000

Count
g

3000

2000 1
1000 ‘
L I BN

HN NE WN N wp PO HP

Distribution of Emotion Labels

Count

happy sad anger
29 4 @4 Bhe) B2 o9 74 e B

Fig. 4 Distribution of Sentiment Labels and Distribution

surprise  disgust fear

of Emotion Labels
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e

5.2 ®I} X|&E
B ATl A BHe ATHSE, A2HEE, MAE
(Mean Absolute Error), F1 scoreZ, 74 ©x= A2
A=, Fl scored o] &3ttt
ATREEE dFd &9, 258 WEE ste =AY
= u

l

o A2REEE A B4 0 4
4, Yo<0od ¥4 Zdez FEske o £7FF
T =0 9]

MAE ==3|y - 7| (11)

F1 score®] 7ol Precision®} Recall®] =3} 3
o)tk Precisione Folgta &g vl F %
9] Hlgolal, Recall> AA # dlolg F Folgtal o
53 vlgolth e 22 FAoE ALk

recisionxrecall
F = omerecal 12

5.3 EH MNRAE

7 meelgle] §4 FF& CMU-Multimodal SDK
g ARgdth H2E B4 FEFL2 BERTTokenziers
AHglR e, 76823 (d)S 7HAA Uk owA] B
FEL v SHoA FAY dF F40 g
< FEFsoF 3] wWEe, ¥ X 4 &34
FACET[21]& AH83led, 3H3U(d,)S 7R UTh
24 E4 F%7]2 COVAREP[22]& AM&3t9ien, 74
2HA(dy) & 7HA I Yok o] Al REEEle Al A
AW PE AR T 768xQ 082 EYHATE AJ@E2 Qo)

& 10002 A3 A F3HRegularization)S 1%t
=& oF2(Dropout) HlE&S 05F, 715X 744 (Weight
Decay) #< 0012 Rdstgon, sh5e 0.0001, B
%] Abo]Z(batch size)= 82 AA3IATE

DO
)

gO

6. &

oo

Zda 3 E9

6.1 MEioiaoto| H|m

3 Aol g A4¥ Aye Table 13 Zth
SMERT+= & 23E3 vlustd A2 HSE, A7 A
g%, MAE, Fl score EE ¥7} A& FEEAA 713
2 A5E 71EATE ole AljbehE Edo] Mg
TR d%5o] 58 RAET

A= #H HIIAEANA LF-LSTM} 22 Fusion
AGET A2 A=+ 3780 A7 AEEE 18%] &
on, MCTN# 22 &3 AAY Age 2dE 1}
A2 A=+ 45%0] A7 Ag=+ 16830 & <%



1128

AR AT =EA A4RE A0 (2021 10)

E1AY AFoke] 28 B4 4% v

Table 1 The performance comparison with previously studied models about Sentiment Analysis

Metric A2 (1) A7(T) MAE( ) F1(1)
EF-LSTMI7] 78.2 474 0.642 779
LF-LSTMI[7] 80.6 48.8 0.619 80.6

Graph-MFN[15] 76.9 45.0 0.710 77.0
RAVENIS] 79.1 50.0 0.614 79.5
MCTNI5] 79.8 49.6 0.609 80.6
MulT[7] 825 51.8 0.580 82.3
Self-MM][23] 82.8 - 0.530 825
Multilogue—net[4] 82.1 0.590 80.0
SMERT 84.3 66.8 0.344 84.0

273w 718k 2ol EF-LSTM¥ LF-LSTMETH E#
22w 7]ekel Agksls 29 SMERTZF 2E H71A|
Hol7] wid, A7) oEH &
g maEE 1y A

gl LF-LSTM

o
&
=S
#

)
oX,

=)

flo

fl
&t
QL
e«
eo)

&

o

w

;_]

=

f

o 2
o
o
o

lo
fz
o
(d
Bl
o
o2
re
4
fz

tt SMERT7} © # s
wggE ke A ABAe F uEse AxE

d=3t= A & & Uvh w3 EdRxAIn zdl]

MulTel vlsjA A2 A== 1.8, A7 A ]

o] Eo} v U&Y S

o = ]A77%§4'4_J+M EE 7 =
A4 s BAE, Adsts mwdo] A

o
<= m§ %AP }7%] °41~6}.L e ioﬁ-ﬁr
?l_

2 2y Ags 4 S AEse HHeE Ay
< APt G-MFN(Graph-MFN)olA A2 A==
7}59 (weighted) %8S, TBJE[24]2} SMERTOIA &=

‘Sad’, ‘Surprise’ & A5k, YR Y 7 AN A
A2 BEE 5] FFE BYer 53] Happy'o 7
T 253NE Adweol moldth  IEla ‘Sady
A8 A7 2 HsS Btk Fl
score2 ‘Fear'®} ‘Surprise’ & A3t Ao 4
Bk 7 A U3k A%S RS w|, ‘Happy §hol

‘Surprise’ =

o A5 /M3 A Wtk o)E Fig. 49 2 o
Bo) BEE BELe W Haop'E NS TR 4%
o] 7] —*r% A 6,000/ A=R =A8ta, & dlo]g
ML 23453709 wlsl HA dehbs AL & £ 9
o &, wlolE7l B dsAl TaH S, i 2
=< A7 24 dehdoh

6.2 REZ|E| =50 M2 H|w

flf I]E.l'

Al Jle] REEEE BT %%SP Zo] dd= A&
ste ARTH $itths AS AFeE] fete 2eE
ElE i Alste] vim Ade gt A9 7
A BXog R3PS g e Table 3 Al /el vg
YEE AMES A] T+V' +S, FAJD T+V, T+
S, VS, U ARG T, VY, S'E A2 AEE

MAE, F1 score & A%< ®|u3l
@ maEEe] AFfES BY
o

I A},
ASol TH V', S

wE e AT Mwe FEAS 98 G-MEN  mth A2} 4% ol O ke AL ¥ ik o B
A= A2 BEEE HlwEA] &skth TBJES] A% 3 2B olu|x] 54 Al JHe] mEEE FolA "
TBJE-29F TBJE-30] Yt 29} 3& A8 mgelel  E/b g4 R4S Adsked, M 2 9% /M
£ ouishel, TBIE-27} 4%l B EAW, 489 34 22 ¢ & Atk sht olge el A48T AT
A& 934 TBJE-3& Zo] A&ttt & RY H2E ‘3}491 45 AHES ART SRR
%2 49 A7l 24 BF 4% v
Table 2 The performance comparison with previously studied models about Emotion Detection
Emotion Happy Sad Anger Fear Disgust Surprise
Metric Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1
G-MFN[15] 66.3 - 66.9 - 72.8 - 89.9 - 76.6 - 855
TBJE-2[24] 66.0 65.5 73.9 67.9 81.9 76.0 89.2 87.2 86.5 845 90.6 86.1
TBJE-3[24] 65.0 64.0 72.0 67.9 81.6 74.7 89.1 34.0 85.9 83.6 90.5 86.1
SMERT 67.5 67.5 73.8 69.6 82.2 VN 90.6 86.1 86.5 85.3 89.2 84.5
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Table 3 The performance comparison between modalities

combinations
Modality A2(1) MAE(|) F1 (1)
T+V'+S' 84.3 0.344 84.0
T+V 83.4 0.363 834
T+S' 84.1 0.359 83.9
V' +S 78.4 0.389 77.8
T 83.1 0.336 82.9
% 78.8 0.374 785
S’ 79.1 0.366 79.1
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Table 4 Examples of the prediction from three modalities and text modality
Sentence Ground Truth | 7+V'+S’ T
However fortunately this disastrous prom does have its heartfelt moments Positive Positive Negative
The movie I cannot even stop laughing Positive Positive Negative
It was supposed to be a comedy an animation and perhaps a kid's movie and it . . ..
. s Negative Negative Positive
was that it was a kid's
It is a long movie it's like two and a half hours maybe almost two to forty-five . . -,
. Negative Negative Positive
minutes
It's actually kind of a short movie it’'s only like Negative Positive Negative
I am the only candidate for president who is both a lawyer and a psychologist Positive Negative Positive
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