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Aspect-level Multimodal Sentiment Classification Based on Attention Fusion Network

XIAN Guang-Ming, ZHAO Zhi-Feng, YANG Xian-Ping
(School of Software, South China Normal University, Foshan 528225, China) \

Abstract: One of the key tasks of aspect-level multimodal sentiment classififation is to aceurately extract and fuse
complementary information from two different modals of text and vision, so as to detect the sentiment orientation of the
aspect words mentioned in the text. Most of the existing methods “ovnly use single context information combined with
image information for analysis, revealing the problems such as insensitive to the recognition of the correlation between
aspect-, context- and visual-information, and imprecise in local extraction of aspect-related information in vision. In
addition, when performing feature fusion, insufficient partial modal information will lead to mediocre fusion effect. To
solve the above problems, an attention fusion network AF-Net model is proposed to perform aspect-level multimodal
sentiment classiﬁcatioﬁ in this study. The spatial transformation network (STN) is used to learn the location information
of objects in images to help extract important local features. The Transformer based interaction network is used to model
the relationship between aspects, texts and images, and realize multi-modal interaction. At the same time, the similar
information between different modal features is supplemented and the multi-feature information is fused by multi-
attention mechanism to represent the multi-modal information. Finally, the result of sentiment classification is obtained
through Softmax layer. Experiments and comparisons carried out on the two benchmark datasets show that AF-Net can

achieve better performance and improve the effect of aspect-level multimodal sentiment classification.
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A7 B AR sz 4k, 140, “Former top John McCain

aide says he’d back Hillary Clinton over Donald Trump.”
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Justin bieber makes history as the first artist to win’top male artist’twice.
#BBMAs# BillboardMusicAwards
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AF-Net BRIk E T Yu 25 NP Twitterl5

A Twitter17 P56 #2040 B2 R PR B AL, Twitterl5

Al Twitter17 43 5 H5 2014-2015 £ 51 2016-2017 4E

RATHIHESC. IX LE KA AR BRI T A SR HEARR IR % AN T TH

PAK 3 R tiARss. 2 1 IR T BOREM ST 5.
FK 1 WA Twitter BHREM S B0k

" N Twitter15 Twitter17
ECLRES Train Dev Test Train Dev Test
Positive 928 303 317 1508 515 493
Neutral 1883 670 607 1638 517 573
Negative 368 149 113 416 144 168

Total aspects 3179 1122 1037 3562 1176 1234
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5 ISR, T Macro-F1 7 2B F1 T

FAEET PyTorch HE SR SEHL i i) AF-Net
SR 3f7F NVIDIA A30 GPU 8% 5 k474
TR, i%%iﬁciﬁﬁﬁqﬁ% 2 iR

£2 LRBHEE

ZH B il
Embed_dim 768 SCAARN ) B4R
Hidden_dim 768 et ek 2= 4 P

max_seq_length 64 SCR R
max_entity_length 16 J5 T B KK
Dropout 0.1 Dropout
batch_size 32 FEALHE AN
learning_rate 3E-5 E B
attention_head 12 RIS H
image dim 2048 FriR NG
Optimizer Adam et s
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4.3 Bk

N T IR FRATTRE TR (A A, S R K AT A A
52 W 77 T A 1K 53 S8 T7 IR AR M 1 T T 2 2 15
DG RBA FHT7EEAT LU

Res-Aspect: %AV ATF ResNer $7 U0 50 K
AIE A0 7 TR RN n) B 48T B IR HE 5 B Softmax [
HATIE B K.

Res-Target'™: Yu % N3 H 9 — X LLAR A,
ResNet FEHUH BB RFAE ANy T i R A B HZ A
| BERT I F ik s . &

TD-LSTMA: 4678 (8 I 4 LSTM 45495 51 75
Eiﬂﬁ“‘ﬁ)\ﬂ@?ﬁﬂ:?j‘t%ﬂi’ii?iﬁ%i SR E A IERE.

MemNet™: % 2 {7 i (31 S iz
RS 7E 3] BRI B N (A L, A 2 ki = 7
ML B T A7 142, 19 3158 B 1) SCAR R AR 3
TR,

TANP: Z A RIE LSTM B LAl Bt —Fh g B
SRR ML, T LASRA R T bR S U TR R R DA
N F T 07 Th A 1) bR SRR, RS A RRGEUIRES, 8t
R TRV E B 1505

MGANP: iZ R i 7 —Fh 22 R [ VR /T
28R AAS [FPRLFE R B 07 Thi A B R SR L

RAMP: {ii ] Bi-LSTM #E47 J7 [l 7~ 2 3] H- A 5
R E B R IHESE, *E%@EP%EE‘J?E%UJ%?
HH SR T 338 U1 e 28 R 8 1847 A E 2R 4

Res-JAN§ Res-MGAN. Res-RAM iX 3 M2
A3 A~ AbFE S A (g B (95 %, {5 T ResNet 1E
VR O ) 55 5 B 5 5 4 944 36 40 B 5 5 TAN
MGAN F1 RAM Ab P15 S ) SCACRFAEMIBE & FH - J7 1
REHESNEED R

MIMNP21: G270 51 0L LSTM 43 5 3 B ST
AL J7 TR A E R )RR AE S, IR — R 2 Bkl s
22 DX 248 o) SCAR AT 22 [ 1 A8 EL kAT A

ESAFNPY: iZ 8 A it 7 — P s R BUR B0 E &
b &M 2%, S A LSTM 43 5% 77 1 5618 1 2 A
R S AT AR, R AR T R AL XL
ERER BN AR R R R, JLAh, I m 7 —A
[ THEALH AV BR AR s 8 e 75 I, SR AR XY
LA 710 2SR AT Rl A

TomBERT™: MMy 4 4~ BERT 45, 5 1 4
MIZE 2 A~ BERT Fl THRIBUCARHE, 55 3 4~ BERT H T
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i H AR SN A

iR A EUE 2 (B 58 B, 25 4 A~ BERT Fl T 24
AEBHIRE.

EF-Net®": iZ#6 A 2 3k B VR pLE] . R ZE M
78 D) J% Jo B I 44 B 1 SR b R S AR RN BUG, TR 2 A
N\ [A) () FH ELAE .
44 LWLER

AHE Twitter15 F1 Twitter17 iX A EdE 4 _E ik
T T BRG] LSRG, SRaR 5 RNk 3 R,

# 3 AF-Net A AR % b 25 5 (%)

Twitterl5 Twitter17

Modality Model
ACC  Macro-F1  ACC Macro-F1

Res-Aspect  60.08 33.18 59.89 54.63

Visual
Res-Target 59.88 46.48 58.59 53.98

TD-LSTM  68.30 61.43 60.67 56.97

MemNet  70.11 61.76 64.18 60.90

Text IAN 70.90 63.32 64.61 61.20
RAM 70.68 63.05 64.42 =+ 61.01

MGAN 71.17 64.21 64.75 61.46

Res-JAN,  71.85 © 63.84 66.53 63.35
Res-MGAN® 71.65 63.88 66.37 63.04
Res-RAM  71.55 64.68 65.40 62.23
MIMN 71.84 65.69 65.88 62.99
ESAFN 73.38 67.37 67.83 64.22
TomBERT  74.06 66.69 67.59 65.36
EF-Net 73.65 67.90 67.77 65.32
AF-Net 76.37 71.55 70.91 69.48

Text+Visual

B AR PR B Res-Aspect fil Res-Target 1
REE R AR, 4 K2 60% HIERZR, IX R CARNE
X J7 G &Sy e AE B, ARt Zus 1. ik,
M P T AR T, T LA H TD-LSTM 1k
Aede e, A UK 22 A B R SUIRN SRR, WA

18 LN SO S T HA 2 M AZ EAR T, T IAN BAR

FH A2 H AT B A9 U0 36 T 1R SCH0 5 T A
T 0 T SCRoR AT M i e 3 R,
IR T R B SOy T80 56 56 R 0 7 S
T4 LA MGAN BERL, 012 3k 117 2% 1 B
HC LSTM B 83 40 L R SO AE R 7, LU %
e {17 B 7L 522 TP R AT BUBIATLE, 7T DA 7 2
M3 L SO T ISR, B L AT B SR 5
5 BB A

ek e A T 2 B T, T DA B4 2
P55 L 2 M 7k H U BB LS e R
BERLAS I AR T O, 7 7 T G 4 S 5 o,
DKL A 8, BRI SCAS 5 ST LA, DT B A
YRR S RABE W, 2 UL B T e B 5

T AT Al R Al SR ) B AREAS AL Bl IR 3
A LLE 1, Res-IAN. Res-RAM. Res-MGAN 1 T
AU SCAAE B ITAN. RAM. MGAN, 3 HAt T3
vhf ) S0 A5 LI MemNet #5579 3% 250k 25 55196 B4
S BE A N SO PRI B AME B, thAh, X Ho At ) 2 45
B, WTLLE H MIMN BIRCR B A, iX % W% 5
T 51 5 1) SCAS A1 7 T 515 1000 58 33047 28 B A2 A K.
ESAFN #5 A MR 445 5 1 18] () 37 B % 70 A7 SCARHEAT 41 5%
A, BRI EAR T MIMN SR 784300 B 1 — oA
%ﬁE@%;%EXK%H?‘?EE%DL‘Tﬁ*ﬁa‘%ﬁﬂ@iE%IJ, i
AN [ £ B F S A 4T 2 MR B4 R e A S B,
@aﬁkzém*ﬁ‘ga@z*%zrm (158 B, BT LAE 2R
A M. TomBERT MU HEF BERT H0 7 [ Al
UG AT 5 55 R A4S P 11 30 28 FVBEAS [R) 1) 38 L.
SRTM TomBERT FU# 77 1151 5 BHE, JF %A 5 7 18 5
SO, EF-Net S8 Bk LT R2 L ik, X%
WA 2 Sk i 32 JIMLIRIE 77 TH R 2 ASL A 1 I oy R R A8 HL
A FH 2 B 7).

AR SCHR ) AF-Net 588K 7 22 X 434 9% 5 T 1)
Fe BRSO BTRSC, A BERT T 258284 3 H ik
APLEAE R, t LSTM HAT 547 (A4 38 R SCRFE 1)
87, RN LSTM Jl 5 BAT — 5 2 13z B 9 A gt
1T R AT RSS20 e 12 HUSE i L SR SCOR A £ SO A
LA B T LIRS 2807 2 e STN 90 24 R FE A
B EEGURHE, 27 39 R0 5 80 SIS0 5 40 T 5 B
F JR ML AT e A s, — R AR T
SRR 15 LIS . T Ah, AT I R R T
Transformer 142 B 4%, FI|H 2 Sy & JIL I R @ AR
5 T AN SC A BA R 5 T AR R A8 B, I HLRS N 22 R4k
15 Bk Bt MFF, 2 ARLRE (5 Rt AR Similar
I SC AR AE R R AE 1) A AULE BAE A Fe 3 5, ik
AN 27 BT REE 0 2 £ B AR AEAS RS, 25
FER 2 ik AL X L5 Bl — b a5 8 2
BLASFFIE R

MFE 3 FTLLE H, 5 EF-Net S RUATLL, FRATT0 AF-
Net BA7E Twitter15 #4E4E EHEMZRIET T 2.72%,
Macro-F1 {E32F+ T 3.65%, 7£ Twitter17 HidE ik
RIETHT 3.14%, Macro-F1 {HIRTH T 4.16%. SAKI =,
25 R B IRATHE 1Y AF-Net B & —Fh 4 38 H A 2%
{10 75 T £ %2 B A I 43 57 ¥
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4.5 jHRhSCIG
N T IR AT AF-Net #5878 (1) AN [F] 20 1 X #A A5
RIPERE MRS, ATV T 4 A mASEEE, BT A 1 4L
TEEAIIR R Twitter15 Al Twitter17, PEALTRAR & ACC
F Macro-F1, SEX 45 U3k 4 i,
R4 THEEE (%)

. Twitter15 Twitter17
Ablations
ACC Macro-F1 ACC Macro-F1

w/o STN 75.22 70.13 69.29 66.15

w/o AIAM 74.83 69.42 69.45 66.56

w/o ACAM 75.12 69.43 70.01 67.61

w/o MFF 73.67 66.62 68.48 65.57

AF-Net 76.37 71.55 70.91 69.48

MFE 4T LEE, Y EBETEZ#H L STN i,

H5 R ) R AT BT B, i W 2 ST R A LA R

By ) 0 P 400 o AR O o) A5 R 1 e — o ) D k. Ut
G, EBREE—AET Transforme{ fRIE P25 I, A
TR )k i th 2 T B, H g B 7 T - ML S A
ATAM I VEfE N FRAFSE 22, Ui B 07 11 S BCAW o 11 ARP AR
& BAE R R 4t | B 215 IR AWk . I e, 6
ZRHIER A B MFF, 18 138U RO B, 1090 L%
RS BRI RS 1 RBOR A 1 FH 456 AR UE B
TR WL Al G ROR G, AP LS 7 e T
RS RL & RO

2% LR, AF-Net 5828 o (1) &5 43 25 A 0 0] 155
MRS AT — 5 T2 55 () 5 1 FH DT iR
4.6 1EESHSH

N7 DR R AR A SR ) R 1, FRATTRE P A
AR B VIZRI (AL BN BEAT T8 5, HEALEE R /)

BEE Y 32 W, INZRRCR B, I ol 1248, 2k %% |

R, /N TIZAE 2 B (RS, B AR BLA A
P9 B0 B At A P OK /) B B R 32 BB AR AR 1) |
GRik BT I ROR. g ‘3

AN, BATHBRTT T 2% 2] 2R AL R 52 ), DA
Twitter17 i 52 041, ai&l 3 s, WA &, BEt
)R, ACCEAAEW SN, Macro-F1 {H 2L T
Feash, 245 2] %08 3E-5 BB AL 1 BE S 4, ACC Al
Macro-F1 {HIE |5, 5 21 FH T SE-5 B, AR
B M UG B, Macro-F1 AE AN T . Bkl I
PRI 2 (1) 2 F, AT DL R A X P e AR g 1Pk

5 skt
ASCHRH T —FiE & Rl 2% AF-Net #5784 ]
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T IR S NG I BAT 5. %A ReiEd BERT
PA K BERT Wit GRU 43 A R U A 8 AR
SCAS R SCRFEAS BRI SCAS A ) T A A R,
FH 25 (]84 [ 45 (STN) 2 > G H A 23 114 B A5
TR P R L (W A D KR E, 48 FH 3£ T Transformer [
A2 HL I 28 70 4 SRS AS [R5 T 1) 2 [R] R AH DR 1,
Ak, AN [FASEES AR S B 5 SO AR 5 BHE 2 1]
1 AN R R VLK SIS A 2 MEIEE R, 12
THT 8 H T RO SO, SR AE Twitter] 5 Al Twitter17
P R 4 ) R 5 AT Macro-F1 YIS T 8%
GHISEEE SR )

X

. 2

/ 70.91
71 b
0 o 8577
6o [0 (oo o8 gag 68:88
S 67.59
= 68 6703 67.39 s6.71
Jm .
& oert
B 66 - 65.48 65.61
3K
=65 L
64 |
63 ¢ === ACC Macro-F1
62 I I I I I
> RS > 5 ©
Q Q Q Q Q Q
S & & & & &S
Q- Q- Q Q- Q Q- Q

3 Twitter]7 Hdfi 88 _EANR] % 5] S AR 1L E ) 5

¢mhﬁ@m%ﬁﬁﬂu%§&ﬁmﬂﬁﬁwmz
7% HE R (58 22 77 2 P S5 B ) R 2 £
R, 3 TR ARSI\ A TR 1 e 3 v e i
— A B, AT LA o A 1 8 A ok
R R A ] 08 S22 B 9T FL 5 B R RS B ek
st — B ARk, T T 40 2 B I 43 2K O AR

SE 30k

1 EX, T, B n, & AT REG Z LT A MREN
25 1R E H bR B B S0fE B A AR, 2020, 34(5):
100-110.

2 Dong L, Wei FR, Tan CQ, et al. Adaptive recursive neural
network for target-dependent twitter sentiment classification.
Proceedings of the 52nd Annual Meeting of the Association
for Computational Linguistics. Baltimore: ACL, 2014.
49-54.

3 Tang DY, Qin B, Feng XC, et al. Effective LSTMs for
target-dependent sentiment classification. Proceedings of the

26th International Conference on Computational Linguistics:
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