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Abstract Most existing research of sentiment analysis are based on either textual or visual data and
can not achieve satisfied results. As multi-modal data can provide richer information, multi-modal
sentiment analysis is attracting more and more attentions and has become a hot research topic. Due to
the strong semantic correlation between visual data and the co-occurrence textual data in social media,
mixed data of texts and images provides a new view to learn better classifier for social media sentiment
classification. A hierarchical deep correlative fusion network framework is proposed to jointly learn
textual and visual sentiment representations from training samples for sentiment classification. In
order to alleviate the problem of fine-grained semantic matching between image and text, both the
middle level semantic features of images and the deep multi-modal discriminative correlation analysis
are applied to learn the most relevant visual feature representation and semantic feature
representation, meanwhile, keeping both the visual and semantic feature representations to be linear
discriminable. Motivated by the successful use of attention mechanisms, we further propose a multi-
modal attention fusion network by incorporating visual and semantic feature representations to train
sentiment classifier. Experiments on the real-world datasets which come from social networks show
that, the proposed method gets more accurate prediction on multi-media sentiment analysis by

capturing the internal relations between text and image hierarchically.

Key words social media; sentiment analysis; deep correlation; discriminant correlation analysis;

multi-modal attention fusion
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A P 2 22 ] 25 5 B/, an =X (20) s 3 — o B2 B
G T SRR R 2 ) B 3, B A AR
B L5 109 A 5 g
24 ZESTFENHREMNENBRESL

ZNEMVETE R I KT IRt T —
Fofr b1 1 Sk 4 W7 Jm) 35 4 E Xt 4 I AR AIE 114 A 6 B B
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Fig. 3 Schematic sketch of multi-modal attention fusion network for sentiment classification

Kl 3 2R T TRl R4 0 s IR 2 TR i

SR TR 08 80 5] P R B R AE R OR vy R IE R
BT e v L.

H TR S R ME B RN BR T SCAS Ry
fEK 51 T UG 56 R AE 13 50, B i — D R AR
THGE 0 T SO T R S A e AR S A L5
e BE TR e Y 1 ST R ) 5 R T SR T
IS AL Ry T RAR 18 LR TR T A e
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A2, 2 (24) ~ (26) T Iy S BB E 5 5 TR X
A 1 5 0 1 A iR A (.

S BT SO A T R RN T Y R
SCHE TR T — 38 5% W 1 2ok B L G 0 22 HOR B
TG0 A )T B RO SCAR #1708 )2 Rl G B RRAE 2
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A 1 &1 SC 2 08 A I IR S A0 4 H 2 AR SR o Y
R AR IS T B A b SO R 19 2 B2 1 B
B IR PR Ry A SCARE H 4 R Y o B SG E Y J
Ve 1 RN SCAR R S22 0] (TR 2 DR BR 38 L, 5 SUAR i
T RBE X O R A KB T I 2B A9 52 ik
FE 4 I iE— 25 1 TAE h 56 HIE.

FH U 58 R R AN TR) 6 155 JR S i 1) A 9 A0 i
ESNEAENELE T kP R 5 &/ S = R NI S DA R
BE NG AR E (VSO) 3 244 A~ ANPH A o 17 &
A AL BE T 0 ) Getty & X TEEL 38 363
ZEMER - SCAR X, R H S VCGT s %5 s 4h. M
3244 A~ ANPY R BfAILEE H 300 4~ ANP E i &
AR SO AR [ A R0 3t 1 € HR 37 158 4% K% —3C
AN, BRHE VCGIT $dl 4.

AL, 221 5 O I AR A MVSO 2 H 2k H
T 12 Al 7 (a0 A 30 B SCEE) A 15600 S HEAS AL
I 5 3 S R A R P A5 v 3 3k ) I TR R IS 2 %% D) A Ok
ZF VSO FifE  ax se &t L ANP T8 8
M5 VCG s sk iy Jy XA L AL H MVSO
PEAE Y9 SCIEF ANP, B8O A5 18k 3 85 4 X K
T 119 ANP 1E R G ia) A AE 28 B3k Flickr | @R
75516 S G5 TR X R A A5 R bR A A, BR O
3 MVSO-EN %8 4.

SCHRCA TR ATE THA 3 A br il (B vk T
WO Flickr B4 1D, 32 19 /2 Flickr 4241t 7 API,
FHLRE A o $E A E— 1D R4S 1 5k EER A T B (1
W AL H ) FREE Ctags) Z5) IR R) FH N T 09 T A
ID M\ Flickr B3k FRHL T 6 J3 4% 5K 5 A S AH %
I BB AR A IR BRI Flickr 048 4R

TR HET Getty FMER 2 MEHEE. BT
TER /D g v SCHE R B 850808 4R L DUL I I IR 2 44 3 2 v
SCER G- SCAS R S [ Sy 1 A% B = 5 1 SCA TR X
A DU B IR 4 e SOl R D T 20 A4 Y BIR -
SCARX s X F MVSO-EN B4 45 F1 Flickr B8 4
VPR LE AR 25 R A 2 DA 1 ASFEAE 1 B o 0
e I BB AR AR TE (AR A A IR PR R ZH G S
AAE B GX I AT MR = H#H A HE
DA LA T SO AR — SRR RN 1Y N 2
1M LABE 2 155 55 0 S 3518 UM B A T8 8
JER R wordnet M B SC A7 B ASTE wordnet
FP IR RN DA AR K B 28 1 SCAR.

VCG 348 4 Al MVSO-EN %4 45 b 8 1% 09 1
AR MEAR 2R BT ANP A5 B B0(E . i Flickr

B 4 b BB 1 bR 280k A T N AR 6 = D
2 S N S B 1 P AR ) A P s 2 A g 2 BB
F D 2 A NARTE N P 1 T 5 A A P A 28 A 8 2
P D 2 A NARTE 8 T B i R B 0 AR 28 A
JETE M. ILAN A BRS Y Flickr B4 44 3 T2k
R AE A T8 IS v T T AR A R P P i B T
N T i — A 501 1 19 0 B I BRUR 19 P 4% o i
BB — L8 5 9 A s v P DR O A 45 0 X dls . T
PEAR B T A SCAE 5256 vp Al Y 5 A Hdls 4L 20 i o
VCGI, VCGIT, MVSO-EN, Flickr-2, Flickr-3, H H
RfEEGTHmE 1 PR

Table 1 Statistic of The Datasets

®1 IXRERBEEST

Dataset Positive Neutral Negative Total
VCGI 18847 0 15837 34684
VCGII 18134 0 16184 34318
MVSO-EN 35295 0 24363 59658
Flickr-2 12773 0 10070 22843
Flickr-3 12773 13518 10070 36361

3.2 XWEE

VCG dli sk B T 58 b B Ml (1) Getty & X,
LS 0 SCA 8 38 AR e 1 =R 7 3. i T SOAR K
A 5 e LA R — U BROIT I  4E b B K
(8 SCAS B Ry Je KK B L R A e KK BE I SR &
] 4t JH 58 MVSO-EN 046 % F Flickr £l 42 345k
4t 22 W3 Flickr , AN [a] ) 02 3K BUECHE 19 0 =X LA &
B HR2E (labeD 1 17 35 R TRt F A2 B A 1) B4R
L SCAAE B ER & A bR 2 (rags) A 38 FAR
W) S AR K B K S R — L 28 9310 A K O IR R S AR
KBE R 300, AN A H5 KA JEE 1 SCAR DA ) it 3L 7

B —~ ] [ i A0 4 BN 300, 76 I ZRad A
r G ] o) e ke S N A SO A P R RO B SO AR
PSR IE AR B 2% 1 B R TE L Pl T 3 SR
R ERZE R ST 0508 3.4,5, HE X 8H— 16
BRSERAT 20 4S8 0% 245, e Ah , &1 X BT A 1 &
HE e =R AR R /N 224 X 224 FF SE I v A dh g
2 A it ) 0 04 I A R L 1) 22 RS TR B £ ) )
FOCO AT B LA, B T 7 B Ja G BK 2 bR 4R 1
(linear) ¥4 15 pR %, oAb 9 45 J2 00 S 2 3% 35 31
RelLU 76 sREL; 2) 2281 7 1l & 46 1 43 28
& S AL B — A~ 4 i 4 2 (BRI R — A4 1Y i
HER S ReLU SOG BREL. I 5 — N2 EHZ W
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i th R so ftmazx FEAT SRR AHIE X 2 ALY i
Y fd /N B 59 RMSprop 7 2:09 36 8 4k ) 4.
R T Bk it A, L g R R R A 3 R
Dropout %I, BL{& % 52 Dropout HY{E K 0.5.

AR SC AL 2 EATAL B A IR A 2R CRR AR
O HARF =432 R CIE AR R B bR B a2
IR B X TR0 2 o 1 DT A A ) AR 7 8 T Ak
) BTGS2 56 RS 20 38 DA X I ER 40 £ B
BLEEHER 80 Y6 FHF N2, 20 Y6 I T MK,

33 EW1:EESREHEITMH
3.3.1 XUy

Sy TR WY R B A O B S R 5 Y
FH EG AT SCAS AT 16 B 53 B 09 5 1, R ) i —
A be A L Al AR DG 09 T SO 1 IR 03 8 O R
RE X L L VWA 4 Filr

D) S-Visual. FHSCHERL30 ] h 48 9 2 T %
2 20 WAL 18 I3 A T ks AN ) I 2 A S S 8 R
VGG-16net 45 A& A

2) S-Text. F| HIA SCHE Hi Y SCAHR S 7 AE 4
W 2& , If 81t so frmax JZXF XA FFTIE B4 2E.

3) CNN-Multi. # 3 4~ CNN 4. Fill 24 (14 3C
A< CNN F1EME CNN 43 5] i B SCAS Fi B  F#AE
o RIE PF4E 2 D RRE ) B A B 5 — DA
4 NAEFEREE N multi-CNN 4585, 3CA CNN H iy
FUZ B R e85, 5 — A SUARFEA 1) 4k B2 R
i R —RE B JH 2 R 50 <50 By R/,

4) DNN-Multi. J5# [f] CNN-Multi, A [6] #Y &
I AR SCARE H %) A0 B A 285 R A i BB D) 4% R SCAS A 2
A 2 B 28 43 591 il JBCPEAGRD SCAS 19 R AIE 3R 5 2R
JEPHE 2 MR IE M AR D — A 4 AR
FOESE LR
3.3.2 HiR51E

R 2R T ARSI AR I B AE 2 4 VCG
B LRy g R 3k 2 R A SCHE S Y 2 IR
AT B DG HE il & I 2% 1) 7 7 DDC + co-attention Al
DANDCco-attention B3 2S84 5 01 WAL T B 25
K% S-Visual FIHEIE SCA S-Text 14 AR,
Ui W 2% 2 [ S0 22 R PN 25 B R AT R B 4 b 3L A FH
1 B e A1, SR CNIN-Multi 78 22 858 25 1 18 Bt
AT 55 FHAS T — a2 B8R, SR T HERR AIE 42 B Y
LRSI L A AT B, 0B B0 CNIN-Multi ] 4% 45 14 19
DNN-Multi 75 2 B T AR5 B ROR X — 7
BT A IS Y R S5 A A R T 2D AF I RRIE R
7 DA EE A b e 55 4% 8% 4325

Table 2 Accuracy of Different Methods on VCGI and
VCGII Dataset
®2 FE VCGIHM VCGU BIBE LRRFENAEHRE %

Methods VCGI VCGII
S-Visual 65.82 75.71
S-Text 67.58 76.92
CNN-Multi 71.56 77.86
DNN-Multi 71.86 79.63
DDC+co-attention 73.24 83.86
DANDC co-attention 74.42 85.52

Notes: The bold values are the accuracy obtained by our method.

SR CNN-Multi 1 DNN-Multi #8425 5& 43 %
FEHCEMG AN SCAR W RRAE SR 5 B R AT Rl AN 2 [A)
b 27 > O B R SCAS B At A2 iR 1 2 Ay
BRSO B AT = AE AR 1 SRR A A DG Y L 45 43 il
PRI EMGRFAE AN SCAS FRAE 5 75 2E AT FRAE fil A X 23
F AR SCA Z 8] 6 I Y 1 SCOG IR AR SCHR Hh Yy
T3 2 [R) o e [ b 2 o PRS- SOAS I 3k BRI, HL &K
AT CNN-Multi Al DNN-Multi, 3 # B 78 £ 5
NGB HTAT 55 L [ i Ak B 00T () IR -S04 iy S
PG JE R AR 2 TR 4R T 5 I 7E VCGI
1 VCGIT #4545 b AH X6 b J7 3 ¥ e o th 4 iy
TR RE o 150 BH 42 H 1% O 2k 78 A [F] 40058l AS [m] 55 55 0 £ 9l
RN HA GUGE N fE

3 0 R T AR U7 vE RN e U s TR
MVSO-EN ¥4 45 Fl Flickr 3745 4 b 19 92 46 45 5.
JRAE MVSO-EN $0#s % fit Flickr 2048 48 2k A
T Flickr 452 Wt (H 2 B A1 808 48 19 4 3 7 2w
A ANE L, Hd MVSO-EN 04 4 fit VCG $dis 5 1)
¥ 3 7 AR U EF % MVSO-EN %8s 48 1 52 56 3
i RICT 53 2 o VCG B8 48 W A iy X b 77 =L
HARSCH  : DDC + co-attention Fl DANDC - co-
attention AR JER T 0 MU PERE.

Table 3 Accuracy of Different Methods on MVSO-EN and
Flickr Dataset
% 3 7 MVSO-EN # Flickr B & F REHEWERE %

Methods MVSO-EN Flickr-2 Flickr-3
S-Visual 66.06 79.36 59.17
S-Text 63.24 73.24 56.53
CNN-Multi 70.68 81.22 61.69
DNN-Multi 72.23 82.18 62.13
DDCco-attention 84.55 85.92 63.97

DANDC+ co-attention 83.46

Notes: The bold values are the accuracy obtained by our method.
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Fig. 4 Evaluate the performance of deep and

discriminative correlation analysis on five datasets
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