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Abstract

With the rapid development of social media, multimodal data has shown explosive
growth. How to mine and understand emotional information from multimodal data has
become a popular research direction. However, existing multimodal sentiment analysis
methods based on text, video, and audio often fuse high-level and low-level features of
different modalities, ignoring the differences between different levels of modal features.
Therefore, this article proposes a self supervised dynamic fusion model for multitasking
and multimodal interactive learning, centered around text modality and supplemented
by audio and video modalities. Through a multi-layer structure, a hierarchical fu-
sion representation of single modal feature representation and pairwise modal features
was constructed, enabling the model to fuse features from different levels. A fusion
strategy was designed to gradually transition from low-level features to high-level fea-
tures. In order to further strengthen multimodal feature fusion, distributed similarity
Loss function and heterogeneous Loss function are used to learn common and specific
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representations of modes. On this basis, multi task learning is utilized to obtain the
consistency and difference features of modalities. Through separate experiments on
the CMU-MOSI and CMU-MOSEI datasets, the experimental results show that the
sentiment classification performance of our model is superior to the baseline model.

Keywords: Multimodal fusion , Multi-task learning , Sentiment analysis
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BEE MR R A, UKL & = L E SR RCK R REF LA &, 15 AN EUE
(T~ EASE) BRI K. SRR ZHOR . s (W) FE2¥ GE
H) HM e FEXE RGO R EL 5L S5 N AU AT B s A S BALAR TR E & M UL
N, EBHEZEEGER, FOVRFERENHIZTEN KR . ZEEHED T (multimodal
sentiment analysis, MSA) & 7E MBI - L 5 A1E 5 F-E A TS B H915 9> (Soleymani et al.,
2017) - B0, @ REEENRRG S, FTLURE R A B E R, s iR
PR EIE BT R AT, AT LATT VR AL 508 R SO R I« 56 T ] — e ] B AN R R SR
BRI ET EHEA TR, Wi, NEZEEBIERNFRMN, AIE OIS RGH B 4t
BORZFF - MSARSK G AR N 2 SRR TRl G, B T E R AR SEE, o
RPFIESENNEE, ATERAEBEIENER. Bo, FE2MRECERH TRHZE
BAF BT BT /T 1% (Zellinger et al., 2017; Liu et al., 2017; Ruder and Plank, 2018) -
He, BESERDILHRZ ERRE N2 EESEE 51E, ©nl DUl B A RS Z (6§ 5
A, N EARE T R, B85 TOERD RIER RS 0 E R AE S (F]
e WAL (a)PoR, C©ELEEEZF— MESKEIFFIES 75— MES R RIS AL T
Aive, AELTESEN S T RE PR . B X MO SRS S, TG A RS Z 1]
AUBREERRGT, PR T RBLAERTIERE . ik, ASGRY T2 EFSERELTE AW A IEE
BASE A7 (Self-supervised dynamic fusion model for multi-task and multi-modal interactive
learning, MMILN), E1(b)FroR, R AT AR A RRFIL 7] R R FFE R (LR, WZ A Z
IRFEorRE , [FIR A OO S oDy, EapBSon B e s =, fsadnr 2 MRS R R R
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(3) AR AIRAEIAECMU-MOSIFICMU-MOSEIZ R & _F 4> B 3E 475058, SRS 4h R R
T FIE R R REIL TR A

2 FXRIE

T ERESEREITE, FEIBETOEDBEERRZEINERER, #1545
RS Z R ZE R ATREAE/N - (Zadeh et al., 2017)F KR A M 4@ T = 8 R /R R
S ERKE, REITEXLKENIIMRERNMEL R . (Liu et al., 2018)F AR EZHEE
A& RS B R Bk & 0 BEROT 2 IR, NEETXEREFHTEES - (Tsai et al.,
2018) R — M HEFE [ & F0— A B i (B E R € R R A UM B FE ok, DU R & R &
FEAIAFIE - Yu (2021)5F AFH BB #1560, 8T 7 — 0% BehERESR, IRHE
REZESHAESINGES £, DOARIENMEESERER - Han (2021)% AR E5EHY
MEEIAZESERS T, BT —MEREFEBASIER, BET5ES5MEREENE
% - Hazarika (2020b)% NRHRES M B W S ARBZ A G, FHENCAEATREERES
FHIEFR A S FE R R 2] -

TEZ B SIE R T AU, HE AR ZRSREE T E R - AR R B A RS
FIEE AT B R A, IR G B — PR R . BT Transformer FMIBERTHE 58 K 1
FHIESEEURE ST, 1 Z W58 % Transformer F7 8 HER NIRRT HEGE, HEARIBSR M &
RIS, NMAEIESHRAREE - B> E B (Tsai et al., 2019) - Rahman (2020)%
AN T ZEETEAN:, FEBERT SR ANBUZ 45/ i &AM EReas o) S 2SS
B o (Sun et al., 2022)5| N T —FETILEI M TERZL I HFNBABEISER, RERFEA
THEERIZ SRS - (Sun et al., 2023)fgH—MEHP - Si—HEZREMT-DLFRAE LI E
FEMSA -

Z U ETAEMBEA, AR BER VLS RIS (B8 50 FEE T
B, ALK B MR 28 B S 2 O RHE R & 560, RN Z ISR 1TRL S, HFESK
DSFFER GRS, SIANE RS, HTZIES RSB ROTEE, #F—8, FIHAMHECUES
K5 B R 2 S R RIS ] ) 2 SRAE 5 R R AL -

3 ZHEFEZEIXAZEINHREHTRE T
3.1 HRAHLA

N THEAREESHBRFFIETR RS, R T2 RS ZESTHSH E B S
ATTEMMILN), 2R « %7 1E RO EASE Il i 6 0 A B RS RRAE ()
HZUGHEATIHE, HRAFEBIRFES AN FE B IR SCRR SRR ETR S, R CREREESS
FENRBEES (FARAA) L EES), B8R 2 S EFE - BRI H = M ERE
B, Al RAFERSEIR R KB AR - = MBS R AR SRR & 552 TR -

ELEEBRESES T, BATKX, € R4, X, € Rlaxda, X, € RWv*dvirRI{EREE
I, HH 1~ R AR UK  BESRAAR K, € RIEATBRRATIINEE S -
NGRS, RANDSES (FMIM) s, MBI ZEESRERRES], XRA B
DERWE S NN §o, 9o, ENIXEBRETER, FHTHDEHZEESRE 0% 2
%?)m"

FMTEIRS (X,) FIAES (X,) , ARICEHCOVAREPLS Openface/Facet ¥ BUE Hil
SRR, A4S FALSTM (Long Short. Term Memory) HFCEA M FASE, M
ARG AL 7] & M, AN DM, -

M, = LSTM(X,;0,) € R% (1)
M, = LSTM(X,;6,) € R% (2)

KT ICARE, A 1T BERTHEAR I A) FRR M, -
M; = BERT(Xy;6;) € R% (3)
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MAAI(1)-(3), G TRE=ZAEESRFERR:M, ~ MJFIM,, BEF, 6, FrEE NS
B ZRENERERES— = MESHERE RS -

X,, = Conv(M,,) € R% (4)

HA me {ta,v}, BEREATURTA: X0 = (X0, X0, ..., X0 ) E R BRI
N, KETFIHE -

3.2 ARSI R KRS BIR

HATHEAFRBKRSHFIEATER@MEG, RMNTHZIMIESEAEZE, I ABE
T GateTransformert® A MISAG-Transformert® ! . H e FiE H T HESFHER R, &0
JZ LB G5 S S FFIE AT MR B S R R IE R R e T R SRR 2 IR Al & 5%
i:oﬁéﬁﬁﬁi%ﬁfﬂ?ﬁﬁﬁ\%ﬁﬁfH@ﬁ%ﬁ§%?ﬁE%§i%E§ﬁﬁﬁﬁﬁ%%&*@ﬁEE@EﬁZKE?%?%?%§o BSELA
E3Ff o

3.2.1 HEAFIEFER

ASCRE LSO B 0, B IS RIS i AR = - AR R, Befl 74
THAES A B TRERR ., A TR SCRBESAINE . S8 (X)) A (X0
A5 B8 A B4 B f9GateTransformert T 1ML 42—, (URAWBISEGRTR ,
s R BEAIERR (X)) SERERNE (X, ) . nc (oo} LF, BEEHE
(X3) (ERT—AHSHaENMA, ZRERAME (XL, ) (ER32 25 HRRSHERR
BA ORI - FEBEI SR A R ARXL - (XL X X 2R, B

PR SANIAIR S 73 5% A El| Gate Transformer FFAF 2 AL SAFIEAMZ L TER N4 R, HAFW

Bt E RS EA RIS, 3151553270, MUREE, PH, 202348 3H%5H.
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—F. o
Xt Xt = GateTransformer(X:i™1 Xi=1 Xi=1) (5)
X!, X! = GateTransformer( X, X071 X171 (6)

T ERRER, ZREERERIERIH IRULEERE - o9 1 DAk B R0 AT 2 50 7 208k
#He, FAMFEHGateTransformer, 813N A 15 BimiE] . He,
RE g R E T RELEH T EEE BRG], L‘)&’Eé‘l‘?g"ﬁ%ﬁ%T B B AR HI [ 15 7% LA -
HAsuh -

hi = avgpool(hi)) = avgpool(BiGRU (X1, 0%)) (7)
gp = o(W;h) (8)
g = o(Wihy,) (9)

Hrp, 0P EBIGRUESRIZMSEL, W € R4, x e {r,c}-
query Q' = WéXi_l, key K = Wi X1, value Vi = VVVXZ THT ZLFEE VLS,
BERT T WL PR AR SFHE B E R 5 5 B -

L =MH— ATT(Q!, K*, V") (10)
= LN(g.©® X} 0+ 9r© X)) (11)

Sk MICATTRRSSEER) . ORFHTR IR LN L. 2 FHIER IR
SR IS, Hok AR A L B BB & R R 25

m

X! = LN(X! + FFN(X})) (12)

AR IS R BN X, - X, ?Eﬂ‘ﬁ%‘oua (FH) ~ v (W) EESEE Z5HZ R
M, Xt . X LR (B v () EBBENE 7&(5,%\7'7/ Fo

mh_v
3.2.2 MMEERERZE KRS RN
N T RS FHE MR ERL & 8 2 B S U IERL &, TR BRI L5, K

ASFIENZ R RS SORBGS TR G - AT, AR EI3.2.1 MBS HE A9 S B )
gt% (Xt ) 5EBEERHE (X’ 1) % ANBISAG-Transformer, HH, f € {ta,tv} . E/FF|

B T SO, 531

15 20234E8 H3H 25 H
() 2023 s R

T-5E327 00, W
YN

IRIE, PHE,
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i — MRS RR AR = (o a2, BRAEXITUEX, SR
ASAG-Transformer® o EAZBIAA TR -
va = SAG — Transformer(X;]_l, anhiv, anhm) (13)
X}, = SAG — Transformer(X}; 1, Xt s Xin ) (14)
EEFENEX) = X0, X)) =X

SAG-Transformers& 7 GateTransformer ) FE it 2 F 8 I0 T 22 XA FEE JTHLE], SAG-
Transformer A TR /R T -

H} = Self — Attention(X]ifl,X}fl,Xj;l) (15)
Aéc = avgpool(h}) = avgpool(BiGRU(Xjfl; 0})) (16)
gi = o(WiXh.0) (1)
K = 90 X (9

H, 0L RBIGRUEFIZIIZH -
el ¥ query QF = WHHY, key K' = WiXi, . value Vi=WiX!, HTELEEIN
#l, EEA TRRAUEASRN S SBRESRMERR, &S TELH R
g = o (Wik}) (19)
gi = o(WihY) (20)
r'=MH — ATT(Q, K*, V%) (21)
X;=LN(g.or +g.o X/ (22)
Xi=LN(X} + FFN(X})) (23)

Heft, W€ R, we {re}, (f,n) € {(ta, ), (t,v)} HRRBWEXE € (X7, X}, }- 8,
RGBSR BRSO ES 7 A 5 S~ PSSR G B H s -
3.3 SREARTERAER

FE83. 2 1 R AT A SR R T A BB O SER L, 10 S 5 B 0 4 2R RIS 5
B AR — PG, (R S BIE AT EAS TAME B . N T AR, FHRETER
AFRAE, ASCNANT FIMIRSRREL, AR AR 2% -
3.3.1 AHMERIR

LR T2 RSN RE, T, TR MURRIERE . LU G
AEIE T EAE 2 25 - AR AOHZ R (OMD) (A% - CMD (Zellinger et
al., 2017) 2 —MIEHRIEEER, BiEd LR > FRIMEFEESE BN DR R0 A6 Z B H)
ER, AR, CMDIER 2

CMDg(X,Y) = ﬁ | E(X)—E(Y) |2
K 1 (24)
+)° Tl | Cr(X) = C(Y) |l2
K=2

Hf B(X) = g pex o2 FAXNERHEME - Cu(X) = B((z — B(X))*)=2H
HEPRFEARR ORI £ - A
CEAH, WREIATESEHIEF I RERE R (h,) 53X SRIER & £
(hi,) HICMDIRKLIT:
Ei

stm

= CMDK(iLiav Biv) (25)

BT E TS S PRSI, H315U-H327 I, IR,
F

%, hE, 20234E8H3HAE5H.
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3.3.2 Rk

SRR AT 2 RIE S B PR ERIE . TAEAKIELAREEFRE, KB
[EEL SRR RAE - FIEACAPR (Bousmalis et al., 2016; Liu et al., 2017; Ruder and Plank,
2018), EEXWH:

gziiiff = Z | ﬁgﬁiw ||2F (26)
(m1,m2)e{(ta,a),(tv,v)}
3.4 ZHSESIER
FAE2 )R 2R 2SR — BB E B PR - AR R A N A & — B
ZFEWF L . HTO—MEBEERE, WA TN EERRERWE BN ZRIRE - IR,
BUOMRME RS E FEFRETR KRERNN EFAT « EARTH, FNEAT —1METHRE*S)
SRHE FIFR A R HOR KBS P B BSHIRS - NG, W RSB SAESHITIK AR,
a3 ) SRS B — B R 2= AR -
M 322 PP SR R XKE A RR, BE T ZHREEMERRX,, [ €
{ta,tv}, FHFHEEREFFN, G2 ZESRIERRF AN R g, -
F* =FFN(Concat(X},, X!,))
gm = FFN(F;“L)
ST T E53.2.170 B B ASFHE R R XL R RER 2214 EFFNTS 2 B SR R oR F fn 7 £
R, EF, ne{av), IFRESHAEENRE—Z -
F* =FFN(X!)
Un =FFN(F})
SHFEEN, ARXFHYw (2021)% A&t BSR4 S (ULGM, Unimodal Label
Generation Module)# 17T B MRS AR . —MORUL, BESIES ZESIAE R EME X
I, ULGMARIE MBS R R BN LA OMEN B R T B R R -
SMTESER, FAFRL2T— R EF FR A0 Z [AIEE S -

m:EZ;ﬁﬁ

(27)

(28)

; NG (29)
n Fz* — Czn 5

Her, ie{m,a,v}, GRFREZMILHIRT, CPAMCTHHIFRIEFRFOMTRAL -
ORIE, RTAENTERRENETRE X, IREG T RS FIR B IE AR G R AL B R BE A

g (31)
@i= D + ¢
He ie{m,a,v}. e2—MRNEL N THEBRTERE .
HTEERERMPMEZ B REER, BRERLTHMER.
ﬁoclysocaséyszas*ym (32)
ym ym am am
ys_ymocgs_ymocas_am:ys:ym‘i‘as_am (33)
Hep, s e {a,v} FATA] LB ERCRAIS 2 SR -
_ Ym* Qs Ym + Qs — Qup
Y am 2
:ym+as_am*ym+am (34)
2 m
=Ym + 6sm

B TR RS F AR ROUE, H3I5T-H32T, MURIE, I, 202348 A3H #5H.
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HA, s € {a,0}e Ggm = L5 5 Yt FORBBESIRE N ZRSIRE MW E - 97 Bk H
A (34) T EARIMIREABIRE R A, BT 7 2T ORI, R & S ES
P sE(EARSE &, d 2 UCEUE A SRR (ERS E -

FFAW A BESRFHERORE, - ZREME 5 R ILRRF, M EBSIREy,,, EFH
AEIULGM R85, LT WA ya,yo, TR RESAESSYIGRTRE - 0 T RES
THS, AXEALRKL, N TFTE2EETES, EHYFREMEMMILN REFHTL H
PREREL - X TR BARETAES, R Ey, 5 EPRIR Y, 12 5 1E 0 35K R B A,
BIW,: = tanh(|y}, — ym|) - X ERERBFHER S EINEFEETHEERERAROEAR L. B
PRI BREUE AT -

N

1 i 2 i i
frask = 7 D (0 = v+ e{z}wn*\yn—ynn (35)

B, R, T, TR RES S Rl AT A, VR BB R (R 045K bR 2802 S

0= by, + llyy, + Bl s (36)
HA, o~ BAWNESE, REBNIENL S &R SR K08 5T R E -
4 5
ARTTEFELLT =AER4 S50 EE - SRR E -« LIRS R AT -

4.1 SEREGE

7R 3R R B L B B R Zadeh A& A7 FICMU-MOSIER & (Zadeh et al., 2016)HICMU-
MOSEIZ(#E £ (Zadeh et al., 2018b) - & ITHF 2 H FH # 58 BE AR B0 15 21 19 2 8815 o A
BIESE - CMU-MOSIZ M 931> Youtube I HA H 3K BUAI2199 1 H R A s A8 A Bt - CMU-
MOSEI®E$E 3£ H 5000 tLA 23453 M5 A B - R BIVRER AN T, NBEEES, 5
BEM-32+3E1%%, Hf, AERRHERER, EEREFRER, o RELHRE.
B@EGHERWRITIR - ZEXBLEF, WRIEGEROA P, RICRHATCHE TIE (Yu et

al., 2021)X%f CMU-MOSIFICMU-MOSEL7 7 1% f86:1:35 7: 1: 20 L 61 &) 9311 ZR 28~ B uEEE ARt
£

£,
Dataset #Train #Valid #Test #All
MOSI 1284 229 686 2199
MOSEI 16326 1871 4659 22856
Table 1: CMU-MOSIS CMU-MOSEIZUEE ST E B,
4.2 LHERE

AR HIMMILNAE A ZZE Y (2021)% A fSel-MMAE R A ELAtl_F 2GH TR - BREIR

Al RRES SN, HRZHG Sl MMRRSE 2 —2 . FATTAECMU-MOSIAICMU-MOSEI£L

PREE XA ST R HY B S & B AR T AT TR R A S8 - 4031 5% FH 93 R R0 [|] U 9 F 7 1%

HATIE RS AHIR] - X T4 KFGWR, A5 H2K Fpositive/negativeflnon-negative /negativelt

HF1-Score I 53 RAEE (Acc2) - W TEFFENS, RAFHERRE (MAE) F1RR A K
(Corr) - BRMAESl, (R miXIFE R RE T -

4.3 SRR KA
FEIX T, SR AR SRR 5 B R O RE AT LRI AT, 2T T TE A SRS .
AEE R A E R SR AR SEES , DAISIE AR S TR AR T A T

B TR RS F AR ROUE, H3I5T-H32T, MURIE, I, 202348 A3H #5H.
g A
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4.3.

1 SESERX E5Er
FT FAWIEAERIMMILNEIYERE, iS5 S HA SR

S ITESS I Z MERLE TSR

PR HEBETEAN R

e TFN(Zadeh et al., 2017): THHEZ4EKE (BETI/MA) | RECEREE QB =55
HIEM
e LMF(Liu et al., 2018): XfTFNMZu#H, KHAMKEESIKERM & HARRRZmEHEE

MFN(Zadeh et al., 2018a): FFELEREIREE A XAREISS B, FHamat Z 00 T A AR

Ht T 55
AMAETER TR

RAVEN(Wang et al., , WRIBHBHES B 5 ER AR R

/N
MFM(Tsai et al., 2018):

2019):

SV RRAE, IRBUERAT RE 0042 SRR DA 70 2R O X AR AR
Hy, S

MulT(Tsai et al., 2019): ¥ & T BH & [ B W L X RFE R Z S TransformerZg

5 [ A I 2C L

MISA (Hazarika et al., 2020b): ZE&#iLH A
ESTMIAL, IR AT SRR

KTRAVENTEXS 57 8 /7 0, AEBert £ FHIAFZ

B AAELE - IEACHK « BB

MAG-BERT (Rahman et al., 2020):
R T ZREER ]

SELF-MM(Yu et al., 2021):
L ER R VR BE R 5 S i 1% R

MMIM (Han et al., 2021):
SJHEFOR

NEMES B — A BB AR R BRI ES,

fEH— 0 EREE B R AMEZR AT TN RS A 2

AMML(Sun et al., 2022): FIAT —METILE I WTERE I HIFBBREERR, RE

R H A ThE 2 RSR S

EMT(Sun et al., 2023): FIAZ—KIELREMT-DLFRFE I EHEMSA, H B8 HIF AR

CMU-MOSI CMU-MOSEI

eit) ACC-2 F1-Score Corr MAE ACC-2 F1-Score Corr MAE
TFN -/80.8 -/80.7 0.698  0.901 -/82.5 -/82.1 0.700  0.593
LMF -/82.5 -/82.4 0.695 0.917 -/82.0 -/82.1 0.677  0.623

MFN 77.4/- 77.3/- 0.632  0.965 76.0/- 76.0/- - -
RAVEN 78.0/- 76.6/- 0.691  0.915 79.1/- 79.5/- 0.662 0.614
MFM -/81.7 -/81.6 0.706  0.877 -/84.4 -/84.3 0.717  0.568
MulT 81.5/84.1 80.6/83.9 0.711  0.861 -/82.5 -/82.3 0.703  0.58
MISA 81.8/83.4 81.7/83.6 0.761  0.783 83.6/85.5 83.8/85.3 0.756  0.555

MAG-BERT 84.2/86.1 84.1/86.0 0.796  0.712 84.7/- 84.5/- - -
Self-MM 84.00/85.98 84.42/85.95 0.798 0.713 82.81/85.17 82.53/85.30 0.765  0.530
MMIM 84.14/86.06 84.00/85.98 0.800  0.700 82.24/85.97 82.66/85.94 0.772  0.526
AMML -/84.9 -/84.8 0.792  0.723 -/85.3 -/85.2 0.776  0.614
EMT 83.3/85.0 83.2/85.0 0.798  0.705 83.4/86.0 83.7/86.0 0.774  0.527
MAG-BERT* 82.54/84.36 82.48/84.37 0.796  0.717 82.10/85.09 82.42/84.95 0.754  0.543
MMIM* 83.67/85.52 83.56/85.47  0.800 0.694 77.81/82.55 78.66/82.7 0.700 0.615
EMT* 82.75/84.45 82.67/84.43 0.795  0.709 77.38/83.41 78.31/83.58 0.768  0.532
MMILN (Ours) 84.55/86.43 84.49/86.42 0.801 0.709 84.67/85.86 84.70/85.62 0.774 0.529
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EFE2L, RIER T & A ZECMU-MOSI FICMU-MOSEIZ #F 4 b 1% 8 43 A7 1 1
e, *ROAEAGEMEFZETEINPGE R, “/7&£ 0 K Rnon-negativeEinegative, 7511 #
7RpositiveBinegative . FHFE2A] LIEE]:

(1) ALHMMILN BER M HIBEE LS RXERIETYWEAEER, B
AEMOSELL K [E 3P Gt F AT, (EMOSIAUE S L EAE AN H ik fE. EEFE
R EMOSEIHEE & BMOSI, #HENNEIREINEE, Wtk nEREAEMOSEL ERMERE
AIRERE B RS -

(2) A X HMMILN #2345 38 T B 2 158 ASelt MM BE ¥ 3 28 - ZECMU-
MOSIFICMU-MOSEIZL & £ fACC-243 71 # I 170.55/0.45%11.86/0.69, F1-ScoretH £ T Self-
MM73 A4 AN 7 0.07/0.47F12.17/0.32, CorrFH % TSelt-MM 43 5/ 3 il 1 0.0037F10.009, MAEHH
BT Self- MM 47 FFE T 0.004F10.001 - iXFREH, T THTHE H B9 ARG ALE 157 28 2] o 2 4R (1E ) il
& RIS B TR T AR RE

4.3.2 HREIEER
T B UE A SO HR AR R AR AR RE . BT FHCMU-MOSEIEHE 415 1T 40 N A7 il o
35, HAEE < FoRTEIX A SIS AR MR AR R S5 4

o -MFM: B B SASAE R IR 1 TS AL ] 5 0 AR A IE 12 IR A T 13 0L (B PR A s
Z[FIHH BRMRM)

o -MRM: flFR =M R FHRl S 1R

e -GateFusion: MHFRZBATER G, DU RS RAEE TSRS

o>

RZ2 [ 25Tk - -Score orr

TR /251 ACC-2 F1-S C MAE
-MRM 85.13/85.00 84.84/84.52  0.762  0.586
-MFM 84.01/85.75  84.20/85.62 0.771  0.574

-GateFusion 84.98/85.09 84.78/84.68 0.764 0.576
MMILN (Ours)  84.67/85.86 84.70/85.62 0.774 0.529

Table 3: JHENSZES

MNRSFTUEH, RXFREEMNEANERLET —ENIMEHR--
MRM# &+ FEMMILN, CMU-MOSEI#{ #5 £ fEpositive/negative (right)/i H , ACC-2'}
% 70.86, F1-Score N B T1.1, Corr F B 70.012, MAE il 70.057- #H K B, Enon-
negative/negative(left) /i, ACC-2F1HF1-Score A3 1 1 0.46F10.14 - i BAMRMA] LLfETS:
BRI T 2SR AR IERTE — IR, HiHE— PG ZES e IERR, R
I FEMEHPESEAMER -

-MFMAE ® A FEMMILN, CMU-MOSEIEU#E 8 FJACC-2F B 70.66/0.11, F1-Score I [
70.50/0.00, Corr NP# T70.003, MAELF T70.045- #iBAMFM 5 MRMGHE 2 £ A 171341 1 77
DUNHE BT Al JF BB A0 K R AT DU S SRRt — PR A -

-GateFusionf® Z! #8 HLMMILN, 7ECMU-MOSEIEL ¥ £positive/negative  (right)/7
M, ACC-2F B T0.77, Fl-Score N % 70.94, Corr I % 70.010, MAEXS il 70.047- #H &
[, FEnon-negative/negative (left), ACC-2 T 0.31F1F1-Score N T 0.08 - Wi FH L f# FH #
RSFHEFATRCS B A A TRA SR E I 2 mESE R, Tl LG SRS E R
BT BY TR AR B BE AR RE

4.3.3  SEHIHT

N7 BRCMU-MOSIEHE SR IR G, WNFRAFTR - FARFE LGRS TIREGH R (-3) FlaR
IR (+3) 2 8] « X FEMIF, ¥EIRT Ground TruthMFAMIE H - HA, MMILNER A
X Self-MMAEAY | A5 BTN BPE BE B 0 vEER -

Bt E RS EA RIS, 3151553270, MUREE, PH, 202348 3H%5H.
(c) 2023 HEPLFERFLHHIBEFTFTUWER
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# Spoken words + acoustic Ground MMILN Self-MM
+ visual behaviors Truth
1 “I think you will really love this movie if you are 8.” 2.0 2.0 2.3
+ SRIATE S +H Dk A0t ARG E
2 “It seems like the writers and creators took the easy -1.6 -0.1 0.3
way out.”+ IRWHIEE+ WE - IRA L
3 “I though that adults would appreciate” 0.4 0.7 1.2
+ AP+ 7k RIEEGE
4 “and I think its predictable up an to a point” -1.0 0.3 -0.4

+ BT+ BIE IR

Table 4: SE] 5317

FEGIVFIFI3H, MMILNE AR XS R T T B3R - AEBI27 , SCARE) SR AR X A
P, EREARESTMSE - RIRIIRER B T MMILNER I A5 RGE AR YE - TiSelf-
MMABERS T )17 AR M R R B, BREE T IETE R, 1 I Selt-MMAR T I 150H 1R 4 10 FH 21
BE ML o E—PUEM T MMILNRERGE S 2 2 25, SR RBAAEHT 2 2 = R
EAIR S RIS E RN - EFl4F, MMILNERLRE R RAREFM 5%, (HE, 23 3iTa%R
WEEREE A, FRIAEERISURBCE RELHRRE, FAE RS s AR R, #F
BOE IR, B — XL BB H AMMILNAR (P RE LR -

4.3.4 BESELE ZRBE N RRIEOR KR L5

FEARTT A, BATR I SRR T AR SR & B R E N R RUR 0 - Bl 1A SRS
FECMU-MOSIE R 5 Lt 1T - HH, ACC-25F1-ScoreHlpositive/negativelH, /A 2 K
FEHEGEI-6Z - El4(a)BRIEARFZE NACC-25F1-ScoreIERE, El4(b)BRIIZEAFE
B FMAES Corr FPERE -

86.5 0.820

86 0.800

85 0.760
84.5 0.740
84 0.720

83.5 0.700
83 0.680

825 0.660

 A\CC-2 m—— F1-ScOFE s VA s CoOrr

(a) NFZEUF ACC-25F1-Score I M REE IR (b)NEEETMAES CorrPIMEREER

Figure 4: A ZECF MMILNEZI AR HLER

ME4(a)F T AE ], MERSHEGZIZEEEIN, ACC-25F1-Score 2T LTH/E N
WEs, EZRBOVBMERSRAR] T & - NE4b)F T LIEES], FEEBSE S EZE0Y
M, CorrfEhrZIEN, FERHCNSFISHS, BAMCREA - MIMABFEREIH S8 N/ LI A
B, BERE, PEEAEREO SRR T R - XM, BA1HTER H BMMILNAL
RO TSR & 2 2RO BUE, RE SNSRI RE— R L AT LUIN 3 SR )
&, BEEMEEMESRIL, HFHRSEATERE -

5 458

AT T 2 EFZEELEE N B RS E A, R EE A, R
PR FFAL A 2 2 = A AL AORl & SR, IR T RS IRl B —BUEAFIE, A A 1 B

Bt E RS EA RIS, 3151553270, MUREE, PH, 202348 3H%5H.
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EMICTAESS, RAGHRAS B 5 BOMAFRFIE, T SRR & FAAE2E 1T 1A S AT N5E,
B SSRGS A EAER - S MEFM A GateFusion, EAIRERSENAH - HIE N T AR
JRIRHIE SRR &3 e, > SESTE RSB TRILE B SR T T it—w
R APERE, BT TERSEORER AR, s 7RSS - &F, SR, A
SRR RITEMA B Z RS2 R 25, ANRE LR T ERELHE, =7 THR
RAEEAAERE -
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