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Multimodal aspect-based sentiment analysis combining multifaceted

image feature extraction and gated fusion mechanism

ZHAO Xuefeng, DI Hengxi, BAI Changze, ZHONG Zhaoman, ZHONG Xiaomin
(College of Computer Engineering, Jiangsu Ocean University, Lianyungang 222005, China)

Abstract: Existing multimodal aspect-based sentiment analysis models only extract single global image features,
thereby overlooking key detailed information. To address this issue, this study proposes a network model that combines
multifaceted image feature extraction and a gated fusion mechanism. Specifically, a multifaceted image feature extrac-
tion module is constructed in the proposed model. By leveraging cross-modal translation technology, textual descrip-
tions of scenes, human faces, objects, and colors are generated from multiple sentiment-related dimensions of the image.
This process achieves detailed information extraction and cross-modal information alignment. Furthermore, a gated fu-
sion interaction module has been developed, incorporating a gating mechanism and interactive attention to facilitate effi-
cient fusion and interaction between features. In order to address the representation gap across different modalities, se-
quence information is integrated with image prompts to convert image features into the input space of the pre-trained
language model (PLM). This facilitates more accurate sentiment classification. Experiments conducted on the Twitter-
2015 and Twitter-2017 datasets demonstrate that compared with existing models, the proposed model achieves an aver-
age improvement of 0.93% in accuracy and 0.52% in F-score, effectively enhancing the performance of sentiment clas-
sification.

Keywords: global feature; multimodal; aspect-based sentiment analysis; text description; gating mechanism; cross atten-
tion; image-prompt; pre-trained language model
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SEARP I B . BEE A A BARFIE LIRS & 5 SCAR WA BAE BB 4E R 1% B o i B At — > 42 T
BTz AR, P R Bt 1) T H 2 R B S 1Y BT AL A o BB B 58 A\ 5L 2L 48 7F MABSA £
B 3k B CRITE S, anfar i & 0 A2 LN 2 AR T — @& BUR, Xu S50 38 o i 2 D HLH]
RSB M EL TSR, OV ZBES gy il oA 0 {5 52 BB 25 9] 19 58 B 5 Wang

W 7 B 8 2025-03-24. P45 H AR B 8 : 2025-10-10. 414 JLF BERT(bidirectional encoder representation
E2mA: %mmggg%% IﬁI lﬁzl 5(2(072221 ;g;) 79); TLIRA T T from transformers) #/l Rf:sNet( residual network) LSy 3]
BEEE T 1%, E-mail: zhaoxf@jou.edu.cn. P T mE AR S [EE JE 3 28 A5 A H

O (HBERGL 7 ) SR IR A


https://doi.org/10.11992/tis.202503032
mailto:zhaoxf@jou.edu.cn

.« 1462 » O R

S S 55 20 &

Khan %50V 38 3 Transformer ¥4 {55 46 hy fi ik
AR, B 2 B AT 55 e Ak o B S AT 55
Yang 5 xf UG A7 B9 T R RS FITE
(face-sensitive image-to-emotional-text translation) J7
s, TESCARZS th oA SRR 5 H A Dy T IR 2
TFUCECAIRL G o XS AR TH R 58—
AN B3 W 4 G BES B b B vy B A5 R o T AT
FPEREY . EANAFAE KRR IE R IO S0 . A
AIF AN i G 3 B AR AE ) B — 5 T, 40 Xu S8
Wang £ 35|38 17 CNN(convolutional neural net-
work) Fl ResNet $& B R (1 42 )5 F#1E, Yang 5519
108 S T S 1T Al R 1 R R, (H 22 T A
AH DG 2015 17 JBRRAIE, Qi SEa R L MR o3 A | B
OF 75, FEEG D F R ERLR RN
O, BRI T R BT AR S RO PERE SR I . 1R
PRt S AR 2 v, A U MR 285 5 11
AL, A5 AR Y5 IR O 2, Horp
AR 37 S5 R TE A 35 5 B 85 TR A G B
NG 27 R0y A A 3 B R AR, B R 2615, A
DIRGRIER /e I N L E - SR S U ¢ 1 37 )
5 EIES S N PR RMBE SRR TR,
AT PAARAS B O R B o A AR . i, Bt —Fb
46 Z PR IE DS B A S IBHE 2R SR AR W B

FRAE SR IBUS 1Y 22 458 285 B8 T W o — D EE Y
[F) AL : G0y 3 5 BORRAE A RS SC HLBE ) o Xu
SRR T AR i o 22 )2 T R ) S BURRAE Y
BAH., B M 23k 2 R R T 1R A
B SG:5 J7 T3] AH OC B PR, RIS T AN B
RIRSCR o AE BRI 2 B R IR Rl S ad Rt v, 48
T R IR B 2 REVE SRS AR IE I 2E R, B
H #5 AAHCAE B2 H 5§ 8UE B A2 M 22k
7 B8 B AR AR AL AL T ¥ B ) P 4% b AR AE 1Y
B, 5 51 xF Z2 PR A A AT AT AT 3 8 7T RE 25 7E
) b ARG MRS, T R R R ARAT: 55 P RE
DAL G 2 ey B G el Kb R 5 2 LSRR IR A B A
Je R A

BT BRI, RSO T gk 2T
PR AE SR IR T T4 Rl HL A B9 MABSA 68 5
o 1 22 T PR R SR IR, AR 7 R R
Py TN RS SCAS S 3, 52 I B AR (B4 B X 55 5
A0 A5 BB IG BT T RS S A, T
PR S BB I R AT R & 22 HL, PASE
O3 A A B A3 e M e s R
$ 7N G % 1Y PR S0AE B AR AT ZR BB (pre-
trained language model, PLM) H #4717 JE& b P4 it
W A SCHY FEZETTERANT

1) 2 H0 — M5 2 R B IE SR IS T T4 Rl

A HLH B MABSA 7, $ AT Ay 4 1 04 40 0k 17
JEARHIE R IR, SEELE SUARBIS AF B 5%

2) Wt IRl A A B, [ T RIAC |
TR IO, B SO IR B T RG2S H, Ik
DICRMER T3, Ml G R PR 7 55
BB LG SRR B o PLM W 5 A 25 (8], 5R 4R A
AR RN 25 5o

3) AH HL BB BE MABSA B, FiF £ 455 70 75
MR R Twitter-2015 Fl Twitter-2017 245 B 2 A9
PERESET, UEMA T A BE BT A5 B

1 MX Tk

11 AERERSTHT

77 T 1 S 43 M (aspect-based sentiment ana-
lysis, ABSA) /£~ —Fh 4L BEAF I 2L 55, B
YU FN 73 A SCAS e R 5 5 T A I 1, B 7
B KRBT LAy AL SRR 2 7 ik | pl 2 M 45 85
RUFE T ROM AL, S TAL gL as 2%~ Ik &
SO T T T B R AE A A LR 1 SCA gy
TET ) F18 155 SRR M, 32 i e BE RO T T Lk
THUOBARAE, S LA S 2 20 0T J R . BT
2 P2% 7 LIRS T AREE A ROR, Liu S50 4
TR B TR S M 2 ) 4% GANN(gated
alternate neural network), 2% ~J {5 B = & i) J5 10 AH
KIFBERER An G T — DU E 3
AN TR A5 S PR 28 D 24, A 2 I AR AR A S
B 5 B SN A U ) 151 4 BR R 2% 7 2 1 IS )
R RO, U AN B ROCR s He 30 )3T
CABiSTM(multi-channel convolution, multihead self-
attention and bidirectional long short-term memory)
Bk, fE—ERE B4 & 105 g B B AL 55
RN A, TR A U R 2 I 45 g
JZ W T BT SO T R 2Z2 8] A DG M AR
BT GO B 77 1 R A R A TR B BN 25 10 1
AU BERT!, RoBERTa, GPT £ 4145), i
1t Fine-tuning 1 v 5 i€ i) ABSA 125, ST
B FEPERE o Liang 550V AR 4 2 19 5 18 > A1
BT B AR, $2 T —Fh LT SenticNet 1 &
G4 ; Lee S 2 T —Mhid i BB H &
I LoRA 51 AE i 5 BB A R0 7 i, LA &
X BEEE T LAY ABSA BB A4 1R BE I 52 B
>J o BRI, 3K B8 T VE AR T SO B — R3S, IR
A H IR A AR S (nE GRS MEERE
RSB AE 55 0 — %2 A BTk
12 BEREEFERERST

Z A TT S I BT MABSA J& T 4i0hE



%6 4]

AT U, 25 2 554 20 THT PR AGURFE B BBORT T 142 Rl 45 AL TR 1) 22 285 D THT 155 SRR

* 1463 -

A IR BT AT 55, S AU T4 SCAR Y ABSA 1155
ANTE], MABSA Il 5 D\ SCAS FI IS S5 AN [] 7 45
AAF B PR ARG B E, sk T — RS T A
R ARSI LR BRE . Xu P BT
(1) Z RGBT, $ 0 T — BT (0 22 58 B 2%
MIMN (multi-interactive memory network) £ 7, 5
MEMB I SCA P Yu 55 PG AT — D2
A BERT HE4L, 3 it H bR id 2 07 WL 4L 5l B8 A
SCAS R IG TR A B A RCR s Li S Y T 290
AR =L 58X 55 Rl G 2% MTVAF (multi-level textu-
al-visual alignment and fusion), F 225 E & J1 ML
A A B s SR A T S RS R, AR R 4
s AR S PR T 2ok R LR Bh A A
AU, MORH 4R BE TG A A RE, 6 B SO 2E AT 1)
1k G i, LA 38 43 J 42 B0 SRR AE , 2 AT 55 R B
Zhao EHVHEH T —Ff FGSN M 2% (fusion with gen
and se-resnext network) ¥ fill 5 B4k, ARG T 3
A )RR B AR BT, S5 T s R RRAE £
B AR AN SRS 38 i 5 A B bR 5k SR E T R
HEMGP HARX — 40755 8, $& i —F T Hir
eSS WAN NI 2 O |- 17530 [ iy P e 1Y 1

T I 2 2 R T AT T AL A, A —E R
JE EFEw T MABSA AT 55 ROPERER BL . (HELK B
S TATIAESS 3 gk DR 515285 18] AN 38 73 AN — B 7]
B, HOCHRAE T UnAn) 25 B4 b B 48 SO R 2
(] A4 52 B 55 B IR A T o 244 i 25 R A — o R
- REAE Fh 15 SCAS AR AR B2, (HLFE A PR 2%
Gyt AR 2 B il o e, BERYE R T
TG DN R 52 3 PR b B A 17 SRR e, i K £
25 5 0] e T BR AR A0 A SN ) G EEL .
1, AR SCA Y A ASE A 3 5 g A 2 T PR R £ B
B R X — R

2 ERRM

ARSCPIT R AR Y B R 2R NP 1 TR A A
A 3 A 1) Z i EHR AR IR S O, A A
B st L NI AR (O SOAR IR, S B RS
(] 55 5 X 5% 5 4095 5 B PR G 2) T4 5 58 AR
B, @3 TR 5 S B B REEA TR 5E
b, IFEor MU AR AR B IE S 3) i A
B, ty e rl G BG5S P 15 B, 12 AT
SRR PLM AT B B IR M T

CfEgEwER TR A TR :
3 ? i, K% | RcEsEAs A E EHR L A :
‘ E e [ FHIEA ’ 0 K V] rksHLA 1
| e i |
‘ q>) = ! : : |
: R= 4 ! Tommy . - | :
i E« o S p— Jr A X .
| V|| e A A E SeA— T ; % 0|
! | 1 )‘CZIK !
: Last game , last L g ! - !
! tournament of | ] e K v TIEHLH i fili ik N
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[ || ee—— got # MVP ! Text : l |

. B
With a basketball and a trophy in hand and a medal
= around his neck, the boy stood with two men.

7 "y ! Sy

A |

A 34-year-old man with an expression of joy,yellow skin.
A 12-year-old boy had a serious expression on his face...

—>E 9 E—»[ LightFace ]‘[ Eﬁi}éﬁl

""" e
EE—— - | The boys had MEDALS around their necks, trophies and|
[ Clip ] [ AL ] I basketballs in their hands.
I
LIS SN ' N .

" | Ao |

£ % i
‘kj l HRAE GPT-2 —»| The colors are warm, with two grown men in blue and
= G ] X green jackets and a boy in a black T-shirt.

gty T T T T

B1 BERBEEH

Fig.1 Overall model structure
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Fig.2 Generate the scene description structure
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LightFace

TR 1 | A 34-year-old man with an expression of joy,yellow skin. |

T HRAEIA 2 | A 12-year-old boy with a serious expression,brown skin. |

TR A 3 | A 60-year-old man with an amiable smile and yellow skin. |
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Fig.3 Generate face genus description structure
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Fig. 4 Multi-input gated unit structure
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T 1) R A PR AR 25 6, SR 5 i 0k Z M AR 4 Al Sig-
moid PREL, AP RAIEAE BT 145 048 G
G, =oc(W,[E*,E*]1+b)) (17)
Kb w, RoORBEFE, by Ron i &0 ik . Ff
Ja , BT BGHEAT Sh A IMBGR 28, IF A il i &
LB B SCAR 7 TR RRIE R R E:
E.=G,-E*+(1-G,))-E* (18)
234 AXHBBEERE
Ry 38 5 A S SCAR =T T ] MU R AE 22 [R] Y
15 AR AE R, 18 B3 B T B, B )
1 ER R E 5 SCAR —J7 T AR S 1T 22 |,
e 2 1Y R B 5 R AR 26 7, B SO — T T IR) 4R i
TR E, 41 Q, IR FRE Flon S8 K F1V:
E*™T = Attention(E;, F oo, Froal) (19)
e, ek B i AR B BT RV A e 2 B AL
FEAEHR A, IR S ) R B 7R gt i A o
24 ERTARLR
% 183 K SCRAS MAEAE R 25 57, 458
PUAR Y b BEAE T, # Rl A R B OR T S
B, B R IE RS 0 PLM Y% A2 T8) . HARH
B EAR FR AR 5 4G T T ia) F1 SCAS 43 5 i A F
CLS J¥3i:
H* = [CLS]E"[SEP]E*[SEP]E*~! (20)
A e [CLS] H [SEP] 733!l 5 FH 153 2 A0 73 15 1
MRRIR AR, Bl SR F 5 = g A W 250 5 R
AUrp BERT A iE A7 AL B30 i Softmax R & it

LR IR 2 AR
AKEAIAE ] S/ M 28 U 45 2 T TP AR T 4
W O 3 R i T S
Lz—ﬁ > y-logP(yIT.1,A) 1)
(T.I,A,y)eD

e ' Fon BT H 00 1 S AR R O A, p R
B K 9 B AR 2, D Ros T A I ZRkEA
RS

3 SR AT

3.1 KIEE
ARLFE R Yu FEP SRR T 2R A T
T 015 T8 BT B N R 4 Twitter-2015 F1 Twit-
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ter-2017 FEAT L, B A HUR A& — T — K
R R0 3 2 — A T T 3R] DA SO O B T bR 4, B
g G B 1 frs (Hid Pos /R BIML . Neg
TR | Neu Fom k) o

Fz1 Twitter HFEEEKER

Table 1 Twitter datasets specific information

Twitter-2015 Twitter-2017
Y BursE WHkE NI%E BirgE hiKE
B 928 303 317 1508 515 493
M 368 149 113 416 144 168
1883 670 607 1638 517 573
SIF3179 0 1122 1037 3562 1176 1234

=

S g R R F I 25 9 BER Tweet £ ResNet-
101 W) 46 Ak T 42 455 8 rp (1) PLM A1 ELRREAE 44
Wds o FEAC AL FE h R ] AdamW AR 2y 2% )
a X SEGHAT AL . X TR SRR,
Batch-size ¥ & & 16, V1% Epoch % H h 4, 22 >)
RULE N Ixe™, S HIE R I RECN 8, BEPLR TG 3
dropout 1% 4 0.1, e K SCAK Sl 128, BEHI#E
A 10 Yk ST YN 25 10 e FE 45 SR AR Sl B 48 S B0 4
R, A L8 Y3 F PyTorch U & NVIDIA RTX
4090 GPU 52 i o A 1 J7 {85 %F FE AR fpf5— 2,
K FUERR R (accuracy, Acc). F, {H (Macro-F,) fE 4
PN TEPR .
32 XfpbaE

Shy 6 UE AR ) A A5 SR A3 A A 55 TR AT AT
TE 28 B BB R A AR M ) 2 RS RIAL 5
JIT YRR AT X LA o

1)ResNet-Aspect**!. 43 51 {# F] ResNet £l
BERT 4 M EIG F 7 T i B 4 AE, R FH 2tk )2 ik
ITIE R R

2)AE-LSTM(attention-based long short-term
memory)©: 3 2 B T B 7 AL B A 012
25T AN [l ER 4 o

3)RAM(recurrent attention network on memory)=>®';
SR I 22 13 38 I WL B SR b ] B A e 15 R
fiE, fEHREAFOCAR B AT B e

4)MGAN(multi-grained attention network)®": 7|
FH AR R B B 3 8 0 B ke J 2 7 T i) A
FRXZEAEE.,

5)BERT!'®. {ii Ffj Transformer 3 3k B SCAS 541
TZEMZEAER .

6)MIAN(multi-interactive memory network)"!;
KA 28 B30 A2 W 2% ok W B gl & SeA L Ty
T e AR B A o

7)ESAFN(entity-sensitive attention and fusion
network)™; & H — > S A SURGE T8 )RR 1 2%
KA ART7 1) SCAR MR A 32815 B

8)TomBERT: #& I} —F Z B8 BERT 4444 1Y
SRS DT T A T A

9)CapBERTE: 5| A XA R, 45 0L 58 511 e
Ry SOA 3 5 SO Iy TR AT A AR B

10)KEF-TomBERT(knowledge-enhanced frame-
work)*: 7E Bk Z A BERT 4244 A ali 51 A
BRI SR AE 2 KEF .

11)ITM(image-target matching network) " 2}
— BT 0 RLRE B2 B A0k B Y AR - H bR DT D
2

12)FGSN(fusion with gcn and se-resnext net-
work)®!: F:F GCN 5 SE-ResNeXt ¥ 4% 1) fil & 54
VEREAT O AR O TR 55

13)TIGFM(text-image gated gusion mechanism)™*'!;
&t — BB T SO R T 5 RS AL ) 2435
75 T AR o Hri R

14)TISRI(text-image semantic relevance identi-
fication)*?); $i& 1 SCAR FG  SCRH SG MU AR AU o
Ab PRAF ST BT AE 55 o

15)MSPAF(multiscale semantic perception and
attention fusion model)™*): 3 i 22 R 15 SCJBH1 Al
T2 RGN 26

16)REF(relevance-aware visual entity filter net-
work)!*: $i H — i 1] 224525 07 T 2 I M Y
SRR 5 S 3 8 R0 45
33 XBRERSHH

245 T AR SCBE R RIRT LU LAY AE Twitter-
2015 1 Twitter-2017 XddE BRI SLIETR . MK
A DL, AR SO RS AE A8 4 B BUR T B L
PR B B A 45 I, 7E Twitter-2015 208545 LAY Ace
HE 7 0.39%, 7E Twitter-2017 B5 4 LAY Ace Fil F,
43 B2 1.46% FI 1.28%, HTE Twitter-2015 ¥4
B b P WEART XS LB ) e A A5 2R, (H AR LR 5
PEREA R 2,

F2 KIGMREXTEE

Table 2 Comparison of experimental performance %

Twitter-2015 Twitter-2017

R sl
= R Acc F, Acc F,

Ef% ResNet-Aspect 59.49 47.79  57.86  53.98
AE-LSTM 7030 6343 6167 5797

Sk RAM 70.68  63.05 6442  61.01

N
MGAN 71.17  64.21 64.75  61.46
BERT 7425 70.04  68.88  66.12
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- " Twitter-2015  Twitter-2017
BE B Acc F, Acc F,
MIAN 71.84 65.69 6588 62.99
ESAFN 7338 6737 6783 64.22
TomBERT  77.15 7175 7034 68.03
CapBERT 7801 7325 69.77 68.42
KEF-TomBERT 78.68 73.75 72.12 69.96
B G+ IT™M 7827 74.19 72.61 71.97
TIGFM 78.66 73.89 72.12 70.58
TISRI 78.50 74.42 7253 71.40
MSPAF 7830 71.75 7034 69.17
REF 78.69 75.15 71.88 70.95
ARICHAL 79,08 7439 7407 73.25

T« RN ORI R e A5 R, ML RN A SO Y S

4
2!3 o

EL{&kHh, ResNet-Aspect £ 5 P4 GEAL T ir A 45
T2k 53 26 WAL 8 R IE T T A SR i 7 A S 2
F FAE Y A7 SR 5 DA SCAS () ABE-LSTM
RAM SRS T — @ 801, (B85 A BUR R SO
(14 TR S AR AR R B 4, k36 B RIS R B RE A5 5 S
AKH B AN FE, S T 3G R AT 55 B PR RE R I

MIAN F1 ESAFN 1 5 5 — it 4 3 MABSA
55 BB AL, T 0S8 REAE 18 AN 78 43 £ HRURN Ak 33
R T AR A g P RE R B . MR R
TomBERT. KEF-TomBERT 4 %HF 6% i+ £ # 7%
BERT 2244 -5 A I 5 0 4%, 78 24 B B4R 388
RO 25 L CapBERT #5570 1] & 4 MRS A0 0 SR 1E
P Ky SCAFE IR, ST A A — SO B A X
F5, AEATE A7 7 AS [R) A5 25 18] 19 il 5 28 AN 38 43 )
R, AR SO A BT TR Rl A AL R A B
B IHLEI AL A, A SR T 85 RS RRAE 1] AY
FEEH S L6871,

I JLAERFFE Y, ITM ., TIGFM ., TISRI 25 45 U
£ Twitter-2017 04 45 _FR15 TR KR$ET, AN
W E PR BGS B, 2R T — LA E R
MSPAF . REF #5158 o 22 KB B H | Aot S A ik
UEAE T, WU T — ROR, AR et s i A
B T N AN o AR ORI N R ) 22 T RRAE
MR, BEY s N WS B, Ik
R PR SCARHE IR, SEEL T ML S SCAR Z [H] AR
XS5 TEAFBSAE B H T, 455 T 1AL
FNAE H 3 S kAT AL B, DA A5 %50 /il FN 52 L
TR B, S 2 U 1Y S 30 235 SR Al B0 b Ik B9
BRI A 35 o
34 HRLIE

Ry i — 25 W T T PR ARE A AR A B ) A B

K HAE A5, FFRIH Al S 5% . 7F Twitter-2015 Al
Twitter-2017 £ 48 48 L4 BT 8 A AL A7 53, 43 331
BRI R AR h i S s iR L ARG | Y A
W B BUR Z 8 AT LS SCAR Ty T i)
IR AIL RN 58 B 3, DA 56T Bk A 5 35 40 Xt
SR A A RO 15 18 O, BAR SR 25 Rk 3
7~ (wlo 27~ without),
®3 HMIBUAESER

Table 3 Results of ablation experiment %

" Twitter-2015 Twitter-2017

B Acc F, Acc F,

w/o FEedtiR 7537 7070 71.92 70.23
wio N R 77.82 7252 72.02 7045
w/o Piikitiig 76.51 71.94 7212 70.89
wio Bitatif 77.63 7240 7285 7091
wio BURZH AT 1V 78.66 72.81  73.01 71.14
wio SCAR=J7 WA DL 78.54  73.19 7324 7132
w/o 3C R IR 78.84 7385 7336 72.29
PN R 79.08 7439 74.07 73.25

T IR R RS R

g b ATk, 7E OLBE R AE 5 T, RS BRI Al ik
J&i , FERIZE PRS0 5 LAY Ace A F, AR 52 PR IR
TR, T UL sl R X T 4 R AR AT 55 A
G A EEAEM . FAE, LRI R
IF, AR MEBE T I 24 2% AR R, 3 26 IR HRAE
HAETE YA B TE — e B2 B L BRAE Sy T 1)
SCASFRAEAH D A1 IS T 0 YA B A D B (e 4
IRET, AN 38 2 7 55 1 oA F AR G A AT 6 AR AE
1) 22 3R 0 RE I8 BB B8R, (B7E Twitter 2040 45
b, TR AR A AE AT FS R A% FIAH OC B0 6,55 5% 55 41
REEAR S, T 2615 5 RE 18 b 25 £ T U 7 7 Jk
SEHTAE 55 R SR I, A R R B P R 4
TS AT 2R I, X S5 B 2] T OCHEVE

FERAE RG22 B b, T e AR A Y 2
FEVE, B B RO S 7S B R AL 5 g AR
MR A R 22 AT TR BILAR
Bt R AE R AT R0 25 00 05 1R AN U8 [RRE SCAS Ty T
1) [ THE ML A A, BE S E — 25 42 4 SCA ) 7
7 T iR] 22 8] B4 I ) A FH R S B R AIE o A5 U 14 g
PETHL 0.5%; feJa, 2 RFR R AL A, gl
T AL RS T AN B RCR, H L
TSI, BEME7E B R 5 S POl R OGBS B
LM, SCBEE G 1 1 SRR AR A2 i AN AL B
3.5 BHEILE
3.5.1 Batch size B{&

%% 4 45 1 T AF Twitter-2015 F1 Twitter-2017 4
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Pi4E I, A[A] Batch size X BIVERE A S 00, 76 H
RS2, 2351 E T 8. 16 132 3 ANEUE
AT M

% 4 Batch size BUE XF 4% B 4 B8 AU 22 i

Table 4 Impact of Batch size on model performance %

Twitter-2015 Twitter-2017

Batch size lU{E oo F ec 7
8 77.92 73.65 73.34 72.50
16 79.08 74.39 74.07 73.25
32 78.47 73.94 73.82 73.01

TE: IR AR

2 FRriR, 4 Batch size BN 16 B, AL AIFE
PO A 1 B S s Ak R s M HUE A 8 1, AH
B EE A I HE AR B i, Batch size HUE /)N 5)
RO ALY i [R] 4 HE IS, dEm 51 & K AU
B Y IR L, 7E— % 75 Bl N30 Bateh size A 8 T
P e B AW SR R 1, Y U Ry 32 I, A
Yy A Batch size i3t KIMTFA ARt/ ME, 202 1k
PERE T RE . PRI, B 1 Batch size BUE L E 4 16,
3.5.2 Epoch B4

XA SO Y SR i, AR 1Y Epoch FEAR KR
A R R DR C37N o A SIS DN

80
79 -
78
X
9 77 Acc
= - F
S‘j 1
= 76t
®
75
"
74|r - - —'.\\'__ .
-
73 1 1 J
1 2 3 4 5 6 7 8 9 10
LIt/
(a) Twitter-2015
75.0
Acc
745+ ~=F,
= 740
=
H
= 735
L P i
73.0 o= e a
72.5
72.0 - -
1 2 3 4 5 6 7 8 9 10
ik
(b) Twitter-2017

B 5 Epoch Xt 2 20
Fig. 5 Effect of Epoch on the model

MRS 0 0L, AR VRN 1 AS TG ik, A58 50
R AE AT BT, Mk 2056 4 St Phpe de i 25
YRS INES R, BN Ace FI F, (B 5 I BH 211
TREERIZ T TRERS, A RKRKE
b, kB, YA AN, Bl S YR S R
ZRAE B Z Al A & @n7e 4, o AR
Y M R B R B AT Rz, RO T —
BOREE, BRI AR L, TR S
HEA WIS, BB R R, |
I, AR SO IR A S 36 ) R T S B R O 4
353 REEFE N KHIMA

A8 L T T AR X RS P ] S i R ] A
TEAE B b 2 w2 A, LB AR — 2 B Lok
FE T RS Qb AN [R) AR S 00 22 B4R B g T Ak
., W RS p el 2, 4,8, 12, 16 #E1TER
E, A5 20 B0 Sk BB 4 B R rEREER B,
Kl 6 Frs .o

79 ¢ Acc
Lo
77 +
=X
g%
375
=
o
73
71
2 4 12 16

8
Tk 5
(a) Twitter-2015

2 4 8 12 16
RN WIE S
(b) Twitter-2017

6 EENIBIERB I
Fig. 6 Effect of the number of attention heads on the
model

MIEL 6 /AL, 43T 5 Sk B 8 I, B B
UFRMERR RS Fo HEUE/NT 8 I, BRI
J1 KB REAEAR B A L RE T AP AEA 2, 15— 5E
T SR B T R AR R A R R . R
T8 I, AR ] fE 2ok JEE A 4 DI SRR TP AT AR Y
M 75 0 200 FRCRE E, 2 TR 1 R 2R ok . Y
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U, Wi SR B R E Ol 8,
3.6 RIS

T U b FRE R P R AR A Y A AR, AT
e B s AL 3 N B ARRM RG0S5

BERT, CapBERT #8447 %} Hb 4341, 7= 9115 B A
T 45 SR AN 5 PR . ﬁﬁﬁ%i&ﬁ’q’:%ﬂiwf;@ﬂ,
B S BRI 3 A FEA 4y I A ) 3 B A
A | PR A R A

x5 RO
Table 5 Case study
2 2 NE
EEE
RT @ BadgerMBB: [Bo] and .
. RT @ RembranceOfPast: [Lou Reed], RT @ BeschlossDC: [Coretta Scott King]
[Butch Ryan] never missed a . . . .
. . [Mick Jagger] and [David Bowie] with [Robert] amp [Ethel Kennedy] after
A Final Four. Touching gesture . L .
o hanging out together at Caf Royale, husband's assassination, which occurred
from Coach [Williams] @ UNC .
1973 tonight 1968: # Globe http:
Basketball
(Bo, Postive) (Lou Reed, Neutral) (Coretta Scott King, Neutral)
bR (Butch Ryan, Postive) (Mick Jagger, Neutral) (Robert, Neutral)
(Williams, Postive) (David Bowie, Neutral) (Ethel Kennedy, Negative)
R A man stands on the basketball ~Three men drinking wine together, each Two ladies and a man were talking solemnly
- court with a ticket in his hand. ~ with a different expression. at the bedroom bedside.
A 20-year-old boy stares into the A 35-year-old woman with a yellowish
A white-haired 60-year-old man distance with a color expression, an 18- complexion and a serious expression, a 30-
N2 with a happy, friendly, warm year-old boy purses his mouth and looks year-old man with a serious expression, and
smile and white skin down, and a 22-year-old boy looks a 37-year-old woman with a yellowish
surprised expression
Man in red jacket, holding a ) ) . Women sitting on beds, men and blonde
N . Three men, one with a drink, wine and . .
YyAAiid  farmed item, large screen, empty ; ) women sitting on chairs, murals on the
glasses in front of him. .
seats, basketball court. walls, lamps, curtains
The color of the picture is yellow, a warm
The image has a warm, vibrant ~ The image has a black and white color ) piett YETOW, 4 W
- R . . . and warm feeling, the women wore long
BIEHEAR  color tone with reds, oranges, the tone, two men were dressed in white, the
. . black dresses and long blue dresses, the men
old man wore a red coat. other in a black shirt .
wore black suits,
BERT  Neutralx, Neutralx, Positive Positivex, Neutral, Negativex Negativex, Negativex, Negative

CapBERT Neutralx, Neutralx, PositiveV

AR SRR PositiveV, PositiveV, PositiveV

Positivex, Neutral\/, NeutralV

NeutralV, NeutralV, NeutralV

Negativex, Neutralv, Negative\/

NeutralV, NeutralV, Negative\/

ks s, BT SCRBBISH BERT £A4Y
FEA T R A HERR U, H R TE B R = S BUER
1155 M RE I AN HEAR CapBERT 38 3K G B 4
R SCA R AT DA A G RR AR A5 B 5T,
R X T T ) 2 B R e 05 ST 3 A AE AN
A B G A IR 2505 BR TE G, By R g
A — BB R 25 55
AR RE e 25 & R ) sl ik © N4
UL /E TR N TR B A N DS B e S TN
?EEI’JHFHJ/\ FrE5 A T AR B AL AT O
ML uE . Bl 1 iR, AR RS S A
N R AR AR G b B A T N AR AR 1 1 R AIE
A SCARA]F A AE 3 4T3 T A, T 1B R A A

— A W, Al R B R A Ok T —
B Bk % iﬁkﬁ¥tﬁﬁﬁ$ﬁa‘émi%ﬁaﬁlz%%—ﬁb
B AE S, HE R 5 BTk, 54— s

7 38 3= A 5 A0 A R R B H 3 45 R L WEIJE
FNFE T B B B A0 R, 0 T T S A ) 17 U
Wtk . 75 MABSA {155, B rp PR A% JE i) 152 0

B B, s 2 s, 3 AN J7 A AR 4
i’JjﬂEPi TCW ) 3 2 A R B 3 5
W WA S B R R — R R 4 4L, X TG B
8 TR AT SR T BE, FUIE A A TR AR ) R A
DIDRERBGS %b}i%tﬁ@ﬂﬁmlﬂ,m%l]%mwm
il , X — 26 JG I RRAE T AT 0 0 A U, fe S EE
T RBIER O . R AR i 3 s, zlxﬂ%
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F@?TKIEHFWZIEHE’JE%%, LAY TE B B 1
JETI

% RE

ZliiTxEéFHT#ﬁ%%%ﬁ@@%ﬁ%ﬂﬂm‘i
5 A ML 1) Z2 A5 3 r Th 1 TR A BT B R, SR
PSS B AR AR U s B S W s N ff%
PN 1 SCA R R, S BRSO B A BN 5% 5
BT T M A 3 BARE, l o T B E S
HLH 2 BLRFAE 2 (8] B @il 38 B, BB A RLRE IR T
DCRFAEHT O i W 75 T4 5 25 S BIAS [ A5E 25 1a] 1) 5%
TN 2E S, ARG KRR I E G B B PR
E’JzEﬁ*‘%ﬂ%Exﬂs—ﬁﬁﬂ%ﬁmﬁ%bﬁm
[), S0 B o A 1) I ST A N TR AR %
*ﬁﬂﬁf%ﬁﬁﬂ&ﬂxﬁ%ﬁﬁﬂ@%ﬁaﬁ% BET
R A R S Ak

HY T S E R A v R B IKURI B 5 5 Bk 2
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