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CM-ERNIE £5 B4 4 iy A 6 45 P 38 73« 5 e 4 it
( word-piece tokens ) i SUAS J5 471 -2 ( word-level ) X
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AR X, X, Z 0, b T SO R E S B R
A8 Ho, B E AT i A 3] Masked multi-modal attention
AT DU S A5 A BRI FE S RSS2 Bk 4% 1R
RAE , A R FE X, R X, D AR 25
RARFFEAR B RS . SRS Itk Z FA—10)2
B R E R Y, = [ L[ CLS],L,,L,,
o Lo PUNEE—A> token L[ CLS | 27N 1 2 4R 5 HiAh
token FY{F B.57 > 1, BT LA HAE Ry G o I A3
—EAEZE A DL AR R AR U 45 R . Masked multi-
modal attention {5 CM-ERNIE HJ#Z%.0» , & 7648 F 35
BSAF B 5 SUR 122 B AR B 3h A A B R E TR A A
PR ERNIE AR, HARAIDBRANE .

58, VPG AR FE A RIS T BIALE . Query
Q, Al Key K, SUARIA N Q,=K, =X, , Hrh X, h4iiUs
CAFHIE, Query Q, FIE AR Key K, 7 Q, =K,
=X, Ho X, JE40UG 0RO 5F AR AR, SRS,
AT o, IS IHE B, & A

a,=Relu( Q,K])
B, =Relu( 0,K)

SRy I SCAR R A Z [l 15 B AC R B AR A
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Ho w, R SCARREERE  w, R RS ALE b A
2. BRIGTIA Mask FiFE M, 38 /0 padding J¥ 51 1 3%
Wi, SR K RS TR A W, E SN
W,, =Softmax( W +M)
MR ZBSTEE G K W, 5hEik 2 S
TRV, WEA, 2R X, W, by,
J& ERNIE f2J5 —~ Encoder JZ W4, & XV, =X, ,
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FEAAT RIEAS T BEREAS ERNIE 76 A ML 2R
L5y HT U S CMU-MOSI Fil CMU-MOSEIL iy ¥ 6,
FIAE S LK 5 4E ( ChnSentCorp ) 1 ( Nlpec2014-Se) |
AOHERPE

3.1 HEEEIRIRE

SZI A CMU 22455 285 W 05 2 1 4% 58 )% ( CMU-
MOSI) Al CMU 2 85 25 7 UL 45 A1 1% 2 58 B ( CMU-
MOSED) Fdla £ #4714k, 1 543 FH 53 S A~ B 7 AT BA
P AL 18 SCA BT S 2\ F B4 A ( ChnSentCorp ) 1
( Nlpcc2014-Sc ) 45 UEASEAY (1) HER 1 .

(1) CMU-MOSI 2 H & T YouTube HE 5 PFi8 M A5
PRATE R, AT 1 93 AN, H6 3 2199 450 i,
B ETEIAR S (E AN TR HARSHAE (-3 ~3),
Horpr -3 Fon fimi e KMH, 3 Fm b mifc KM, 7 4h
2 B BTS2 15 75 N 0[] B R B D 2 4R A A AR
rh, DURCTE SAKRCH 08 P A7 I 2 30 T AR e 1R A
BOEHRSr R 52 .10 31, HLXF N (435 15 50 40 6T
1284 229 F1686,

(2) CMU-MOSEI #1%& H YouTube [ 23454 4~ Hi,
SIS 5 S 2

(3) ChnSentCorp A 16 18 43 B 41 55 1) vh 3L ) - F
WHRIH I B

(4) Nlpec2014-Se SR A SCATE BRI HT 8 4

A B 1 TI 2% ERNIE *ﬁaﬂﬂw\%, encoder JZ 1
) RBLE 0. 01, HARJZM 2= S RN 265, M
FHZBPERE, FREE i A JZ 28, A UII%k CM-ERNIE
Y R T /Nl e R A B 4 i) i 2R 24 i
50, epoch B0 & A 3, AN, fH FH Adam (AL A )7
R REL,

3.2 4FELARAEBIRG S5

5 AR S —F AR TR GO 5 R E 22 i R
Hn—AZ i ARG 43 B SO 535 A T AR AR SR
Horp AR G A T R S T R R Y SCAR X 5
3.3 EMIERR

SIS AR R A4 P4 18 A R 1Ak 3 £ R4 1 A
RIIVERE . TGV AT 55 R 7 0GB (Accl)
T IAT S R 2 FEKEE (Acch) FIF1 34
(F'y, FRAMESGE R B RE sy, S 1 i se s
2 U ELER I, R B S G 45 R O BE LR 5 Ris
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EF-LSTM : early fusion LSTM ( EF-LSTM) J2& &l & F
W AR, WARAT RS ARAE SR 12 LSTM A5 7Y
K2 2R BT O EAMRAE R

LMF AR Z S Al A (LME) J2& —Ff F) FH AR B AL
Fk i FEAE LI RGO T i 2880 &
RS T

MFEN - iCAZ il A W 45 ( MEN ) B 5 58T i 240 4
WY LSTM IS i iC A2 38 ) M 4 /9 AH B.AE HT, OF Bl
& I E] P HERS AW A T A

MARN ; multi-attention recurrent network ( MARN)
fi T 22 K38 B ORI A R 5 1A I 26 R4 4 AN ]
A Z B2 EAF R

RMFN . 76 FF 2 90 il 5 ) £ ( RMFN ) 8 22 9% il 75 3ok
PE S IRIAAZE R ZE ARG 45, LUK I ] A 25 000 4 ik
M HEAT S B,

MEM : Z2 1257 AR 10 ( MEM) 5 Bl 245025 410 1]
TR E AR 5 A B R4 I, L T T
5 2SR FIbR 28 HOI B15 B2 ) RN RIS
B RHIE

MCTN ; S AE P F P R 2% (MCTN) AN AR S 2
) AT et 1B 5 o KA AIE

MulT ; multimodal transformer ( MulT) i FH 2 ] )%
X A8 SRS 3 T s AN [ s ) 254 1 248527 371 22 )
FSEE JF TR A B T AT B U 46, B 2 MOSI
ol b A ET R eI Ik

T-BERT: J& 2t i Transformers ( Bert) 9 X [n] En-
coder 7R, AU FH SCASKSEZSAE B HEAT 30

4 HRTITR

ARNER TSR, THE T8I )7 % 5 A
BORIIZESE . A R PR B Tl AL, DA
TERARSEAR AR ERYSERXS L, IR e T 51 A i
I EFSYERE = WAp L CH LYt

4.1 XTEEELIRZER

F1 WoR THE CMU-MOSI ¥4 4 FiFAf CM-
ERNIE #R1 5280 25 5 4% 1 1, CM-ERNIE £ %#!
£ MOSI 44 A T — N I B i 25 21, O
w VTR AR PERE . TE T R AT S5
CM-ERNIE #BiRIZE Ace; ik T783.9% , 7E 1% BT

S RAT 55, CM-ERNIE B () $12 TR0 50 B
CM-ERNIE (I RIFE Aceh Fik®] T42.9% , 74k, bk
T-BERT Z & 114 L fthy 55 2 A5 AU & fift FH — B S 80 15
S AR SO Y AR ARl P RURE B s ( SCA R
) IS T BT ) S R

#1 CM-ERNIE ##I7E CMU-MOSI | RYSCIe45 58 Bfi. %

ik Bk Acc Acc P
EF-LSTM T+A+V 33.7 75.3 75.2
LMF T+A+V 32.8 76.4 75.7
MFN T+A+V 34.1 77.4 77.3
MARN T+A+V 34.7 77.1 77.0
RMFN T+A+V 38.3 78.4 78.0
MFM T+A+V 36.2 78.1 78.1
MCTN T+A+V 35.6 79.3 79.1
MulT T+A+V 40.0 83.0 82.8
T-BERT T 41.5 83.2 83.2
CM-ERNIE T+A 42.9 83.9 84.0

Hl My, E CMU-MOSEI 4 % k47 T 52586
R TR R Ak Z BB R S i TAEZ S Rk 1
G 3 AMEAEIE Aceh M FT AT T RS, B4, MulT
76 Aceh FiRF| 782.5% ,F! 582.3% ., T-BERT £ M
WA PERE, B AE Aceh FiAF] T83.0%, F' K
82.7% , {HJ&, CM-ERNIE 7E Accy 5 T-BERT b,
7E Acey iK% 783.6% . Bk, 7 CMU-MOSEL %4
B 1 RS2 A5 SRR I AS SO 3 ) 5 A A 2 S
Bt LA ARz,

g UE PR A TE 2 S AR AR iR TR
BOSEHRAE LA TX L SES , SRR i fERfR I, JF 5
TextCnn FastText . ERNIE | Bert # B %} v, 45 R 03k 2
B

#2 CM-ERNIE BBUFE SRS BRI IR i %

ChnSentCorp Nlpcc2014-Se
Jrik
Pr Re F1 Pr Re F1
TextCnn 90 90 90 82.2 81.5 82.1

FastText 88.3 88.2 88.2 80.1 79.9 82.3

ERNIE 94.7 94.7 94.7 82.8 82.8 82.8

CM-ERNIE 95.1 95.1 95.1 83.2 83.6 83.3

BERT 94.9 94.9 94.9 82.9 82.9 82.9

M 2 AI LA, CM-ERNIE #5784 7 1 25 1)
ERNIE B BT R B Z RS 5T T H A
BIEE BSOS A SO IR B R AR, T
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CM-ERNIE #5788 R] DL 4 1 il Sz e 150 3% & 19 1% 26 IR
A, I EH AT LA 33 SCAS 8 A 2 2 1] 1) 28 Bk di 4
2R, R B TE A VR4S FE b L 3R BLER
(EX T E 5

4.2 SBESREEEENTRL

SR UE 5 i 22 B2 1 TR T Y2805 o3l R AR )

n
F
Z
=
=
&
=

SOME

FUNNY

MOMENTS

(BBESHIEEE N EIER
0.825-

0.820- A

0.815

o o
o] o
=) =
Tt =

F1lscore

0.800+

0.7954

0.790+

0 2 4 6 8 10
Epoch
(¢)BertFICM-ERNIEFE ChnSentCorp3iE £ F i F1{E

Fo T SRS SOR B TR 3 I e, BN 2B HE T
B W, ialiEACE 1Y 22 5 OF A S 1R MATE S|
AR EWEPEE B G , Masked multimodal attention
AT LA B R AL, A AN CMU-MOST %4l 45 v
ePE— 0] R B S SO 1 I B A 22
RS EE T 2 I AE R AT AL, & 2 B B AR
e R Y E A

<l P
2 g £
= o =)
= sl

MOMENTS
S EEHBEFENERR
504
0.950 . n
0.945- « Sk a.oe
o Vs - A "
0.9401 TN Ng=c &
Ml n
£ 0.985 /
g —=—BERT
209304 ° —e  CM-ERNIE
Ry
0.925 /
0.9204
0.9154 "
0 2 4 6 8 10

Epoch
(d)BertFlICM-ERNIEZENIpec2014-Sciiig £ + iy FIE

K2 SEEs R

& 2 4]~ “ THERE ARE SOME FUNNY MO-
MENTS” , &l 2 (a) 1 (b) & %F W 09 vE = 46k, R
8 2(a) F(b) ZEFETEIRZ 22 5, BN, 8l 2(a)
H“FUNNY " 3% N 7E < ARE” X AN i i1 2 1454y
B, 2RI, AER XA A S AETE G R, 5IA
TAE R 5B 2(b) ,Masked multi-modal attention [
X7 “ARE” 73 %, ML Z T, © % £ ¢
“SOME” 1 “ MOMENTS” X #§ 4~ irl . & T 78 43 156 B
CM-ERNIE BRI PERE, 430 G it o3 T Bert F1 CM-
ERNIE #2 BY7E P AN [R B0 48 10 5845 SR AL F1
(B, HAEREQNIE 2 (e) RN (d) Fros, i Se e A 3, 45
BB TR SRR AR S, R 5 SO 22 HOR] 42 4 T
P& I BT DX T B M Ui 48 SR o A

5 HERiE

Pt — BT 00 1) 2 A BB A8 By B AR AR
CM-ERNIE,, Tl 21 ERNIE A5 5 M BAAR S SCAR B
Py 2 Z BRSO NG & 5, 91 A B AL S B
(anTE o, R ) ke fal By SCAS A5 25 1A TN 2 A AR
ERNIE , i i B it 2 83 B J1°8 CM-ERNIE (4% .0
BT, B AR R SCAS I s RS 28 A R
SLEEEIRF W], CM-ERNIE 78 £ #5525 5040 55 1 i Pk fE
Fb AT YRR A W 45 i, O HLAE SRS B 4R B
PEREEE ERNIE Bert FastText 45, IMAM, B3 2 77
FEBE T ALAL , AT LA A b R A AE 5 | A S S ) | fig
FROBARTHAER . F92 L, CM-ERNIE 1% A T3
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Multi-modal Sentiment Analysis based on Cross-modal Fusion ERNIE

TAO Quanhui, AN Junxiu, CHEN Hongsong
(College of Software Engineering,Chengdu University of Information Technology ,Chengdu 610225, China)

Abstract ; Aiming at the fact that sentiment analysis mainly focuses on single-modal text data and ignores the problem of
multi-modal data fusion, a cross-modal fusion ERNIE sentiment analysis model ( CM-ERNIE) is proposed by combining
the masked multi-modal attention method. First, use CNN and BiGRU to extract audio data features and word vectors to
extract text sequence features; second, dynamically adjust text and audio data weights by masking multimodal attention
as the core unit of CM-ERNIE | and finally, text and audio modalities The interaction of fine-tuning the pretrained ERN-
IE model. The model is evaluated on the multimodal movie review opinion datasets CMU-MOSEI and CMU-MOSI. Com-
prehensive experiments show that the model is more accurate than the single-modal sentiment analysis model on the
multi-modal datasets CMU-MOSEI and CMU-MOSI, and the research of multi-modal sentiment analysis contains great
value, which can be used for multi-modal sentiment analysis. It provides decision support for practical application prob-
lems such as sentiment analysis, public opinion analysis, and intent recognition in modal scenarios.

Keywords : multimodal fusion ; pre-training model ; attention mechanism ; ERNIE ;text classification



