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Abstract In recent years, multimodal sentiment analysis has been a hot research area in natural language processing.
Mining the emotion or sentiment information inside multimodal contents has a great impact on real-life applications.
As two subtasks in sentiment analysis, multimodal emotion and sentiment classification have been studied separately.
However, there’s no existing work on exploring sentiment information to help detect the emotion expressed by the
speaker in multimodal area. Different from the previous studies with only text, this paper focuses on multimodal data
(text and audio) to perform emotion recognition. To simultaneously address the characteristics of multimodal data, we
propose a novel joint learning framework, which allows auxiliary task (multimodal sentiment classification) to help the
main task (multimodal emotion classification).Specifically, private neural layers are designed for text and audio
modalities from the main task to learn the uni-modal independent dynamics. Secondly, with the shared neural layers
from auxiliary task, we obtain the uni-modal representations of the auxiliary task and the auxiliary representations of
the main task. We combine the uni-modal independent dynamics with the auxiliary representations for each modality
to acquire the uni-modal representations of the main task. Finally, in order to capture multi-modal interactive
dynamics, we fuse the text and audio modalities’ representations for the main and auxiliary tasks separately to obtain

the final multimodal emotion and sentiment representations with the self attention mechanism. Empirical results
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demonstrate the effectiveness of our approach to multimodal emotion classification task as well as the sentiment
classification task.

Key words Multi-modal; Emotion recognition; Joint learning; Natural language processing
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Fig.1 Overall architecture of joint multimodal emotion and sentiment learning network
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h " = LSTM,, (W"™™) (2)

aux
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#F 1 MELD F&IFEXFNHELRBEN T

Table 1 Distributions of emotion categories in MELD

e 1A R R A Hbk A TiF
g 1109 271 268 1743 4710 683 1205
BAr4E 153 22 40 163 470 11 150
R4 345 68 50 402 1256 208 281

2 MELD F&IFREEH LB EN T

Table 2 Distributions of sentiment categories in MELD

K 1E 1] ik

YIZRLE 2334 2945 4710
IOIESE 233 406 470
M EE 521 833 1256

2.4 TN EE
St FARSRHIITESS, 45 BRI & B SRS 52 B R s A1 SR IR & om0 2 A S B 4T
o5 AR TR T -
DA BEAAEE026 (BAES) M, @it 2.3 FRAVEE T 2 HEREEER R, RAT#T softmax

SRR G AEAT I, BARRIRWR:
¥& = softmax(W - R® +b) (10)

Hrp,  §F RICRANE SSRGS 2 SRS 4 0 R4, W b 52 softmax JZ AL E S W E . SR
M, AT CAAS B IR 55 ) AR SR 4 00 2R EE AL §° , DL AT 55 B0 BRSSO RIS B 1) 70 SRR 97 L 97

ATS ;H] Xy AS

2.5 iLREg
FER LR SRt Ferh, K AT 55 A BT 55 20K F A8 SURS IR ZE /R AR ok s, BRI RINT

Loss(¥,Y) :—ZZyE-Iogyﬁ (1D

k=1 c=1
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Table 3 Results on sentiment classification in MELD

S

FALSS ERRCR

SCARKER EEA EZUEN
15 & 1ETH] 1 1) Pk w-avg 1E[H] 1] i w-avg 1E[A] iR ik w-avg
TFN 5050 5277 7571  63.36 24.28 29.27 6417 4507 54.96 57.18 73.34 64.51
MFN 5252 5367 7179 62.16 2062 4374 57.38 4569 55.07 54.76 75.84 64.97
BC-LSTM | 5628 5791 7423 6544 1886  45.74 60.09  47.28 57.49 61.02 73.84 66.49
CMN 5210  57.86 7473  64.83 1734 4091 6308  46.88 5514 5812 75.27 65.78
ICON 5415 5693 7525  65.19 1676 4520 6164  47.44 56.60 59.37 76.46 67.04
ours 5641 5807 7604  66.38 2649  49.00 58.04  48.86 5814 6146 7752 68.53
&4 MELD BESEIRER (F1%)
Table 4 Results on emotion classification in MELD
PN N

e i PR TR = e A5 i w-avg

TFN 39.79 7.79 0.00 50.72 70.8 2519 4920 54.65

MFN 32.40 9.90 3.33 50.00 73.75 1847 4798 54.43

BC-LSTM  37.76 9.76 2.27 50.67 74.39 2432 40.00 55.14

CMN 38.88 4,60 3.88 46.36 7421 2617 47.92 55.43

ICON 3225 1584 2.70 50.35 73.96 2423 4471 54.82

ours 2869 2000 1194 5357 7713 14.11 50.18 56.43

B

TFN 33.95 0.00 0.00 5.69 61.23 2.78 25.89 37.84

MFN 33.23 0.00 0.00 4.15 63.88 0.96 23.26 38.35

BC-LSTM  15.00 0.00 0.00 12.92 65.30 3.67 2752 38.65

CMN 3345 0.00 0.00 8.99 66.32 0.96 1404 3931

ICON 18.74 0.00 0.00 21.96 66.38 1.90 1928  40.03

ours 31.06 484 0.00 2257 64.13 448 2222 4132

EZUES

TFN 4233 8.06 2.63 47.84 74.65 2051 4684 5582

MFN 36.99 7.41 3.23 51.00 74.90 1782 46.48 55.47

BC-LSTM 4058 2.78 213 46.12 74.35 27.47 50.46 55.98

CMN 42.29 2.82 36 49.46 7515 25.00 50.00 56.89

ICON 4172 6.74 5.56 50.72 74.90 2493 49.90 57.01

ours 4517  26.36 9.52 53.99 78.09 2271 48.89 59.81
BBV A CS2e i A 2 AT R BT 8R4 MELD (Multimodal Emotion Lines Dataset) [18],

H iy 7]

MELD %i#a4E it 1432 MR R, v 8D 70 Bk 13708 A B, &
REE 2610 4. MELD H 15 7 FORFEI 1S,

Pt (Joy). H#E (Neutral).

AR (Anger).
Eh (Sadness) AIEVF (Surprise), i 25 £ 50 45 i E =
Firgle 534k, MELD A8 3 ARG, 737l 1k (Positive).

DIz

AN

N

(Disgust)-

Hor il 254k 9989 4, BaiE4E 1109 A
RLUE (Fear). ®
AR 1
fili] (Negative) F1H%: (Neutral),
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/Ny 128, — 3T 30 YRIEAR. FESZ , FoA TARYE Poria I8 HIF 7¢ TAE G BUINAL 34114 F1 {f (Weighted
Average F1, 1t w-avg) 1EANZEEVENPRIE, (HB SR M BE kLT .

3.2 H&FGE

TESIOH, FRATKEA ST 715 5 — S fof ) A 3 25 RS R S A0 T IR R 2R T VR AT X L, BT SRR
B LA ZEEME 3 N SEIERE T I . DL T B X e L 2 5 vk

TFEN: AJ7ikH Zadeh Z5EHEH, RHAKEMA M7, Bl alE 24k E R 2 HEN
LR I N S

MFN: AJ7ikH Zadeh Z5UAREH, RACAZALE M7 2, @k A 2 B 1042 kA7
B B [ PRI RS PN 45 B DA RS 2 T A AR R

BC-LSTM: AJ7i%H Poria R H, RH EFUHKKIZ RSN B ST %775/ MELD %
P4 4t 2R 5 kA A A Al v RE

CMN: AJ57%H Hazarika 250 H, SRAWZET MR RIT (GRUD K4 B4k Ui 1E N5 B DL Y
AT ZHSNAEN LN UEE, @ fd SUZE GRU KM H R M Uil 2 SN B ITE S HIBEE R

ICON: A J5ikH Hazarika Z5M84EH, 76 CMN fOZEal E k47 ook, hn— N4/ IS0 R
(GlobalGRU) {7 Ui Z AN AN ARG R, i 2SN ERATIESL T
3.3 Lo

AN IPEALEE By IG5 53 FAT 55 I S0 45 sk 3 FIE& 4 Fnil.

TESCABEAS LI F, TR E FAR SR I TS b, e 1R s B 7% BC-LSTM. CMN #l
ICON I T TEN A MFN, L BRI ESCR A T 3 AT55 BUl BT 25 I SCARRHIE . AT AR SRS
PN FEbR w-avg LRILERAT, TEIEZE 0 TS5 LIRS AE R LE 7% BC-LSTM 1 0.94%, {EIH 2K
1155 FHCRIAAER CMN & 1.00%, B SCAREZS (1 3452 52 1) 4l B 2R 7= mT DATR] I 4 e AT 28 A4 AT 55
FRITE BE -

EIESHERE T, TIRRETATSIE RS b, AR SCE B ik bl I 28 7 v
RIMAREL, PAERIHESCRA T AR5 B BT 55 G S RHIE . BT SRR (R AERE 0855, 1
B BRI BRI A H AR D, S EERA TR R TE T s BB 2000, EAN B2 R I
ToiEERI . Ak, BATKITIRAELE AV TERR w-avg _E RIS LG B4 710y, HEB%ES Bk
PRI J77% ICON /& 1.42%, (RIS AT 45 F LR BT ICON 1 1.29%, FRHIESHAKILEZ
()48 Bh R 7R mT CATR] I 42 i AT 45 Rk B AT 45 i M e

TESCAFE S RG2S SLI0H, AT INEER % R T5% b, BB AR 2 77l
“Hrig ik Rk, R HAM AN L w-avg _ERILEAE,  EL T B DT VA il 3.99%. 4.34%.
3.83%. 2.92%71 2.80% (w-avg). TETEEDIRATLSS LA RN TR T, 7 w-avg th AN FELR 772
g3l 4.02%. 3.56%. 2.04%. 2.75%FH1 1.49%. SLERghREM, FATRITTER M FHAE S ILZZ SR
FE 4 Bh 2R 7 v] DA TR] I $ 1 48 A o R 14 B
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JiiEr, BATRAIFAA MR 2] FAR S RIS A EE2AE R, 8IS 252 5] TAES A G IG5 R U
LA BT 55 1) 5 BB IR, M BE R LIRS SCARE SR E B L2 I BES Z AL BAR B . 2
W R, RATHITE AT A 2 A2 B0 M B 4 Ll el 15 R B A5 B KR BE SR T 28 70 AT 55 O 1k
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