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Abstract

The existing image-text sentiment analysis methods focus more on feature extraction of image and
text information with less attention to feature alignment between different modalities. Therefore,
this paper proposes an image-text sentiment analysis method in the social media domain based on
Vision-and-Language Transformer (ViLT). Combining the features of short length and irregular
syntax of social media texts, BERTweet is chosen as the text encoder and image features are ex-
tracted by slicing and projecting images using ViLT model. The text features and image features
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are stitched together and sent to the same Transformer module to get the sentiment results based
on the multimodal analysis of the graphical text. And the features of text and image themselves are
fully exploited to derive two unimodal-based sentiment analysis results. Finally, the final senti-
ment polarity is determined using a weighted fusion strategy for the three sentiment analysis re-
sults. The method is experimented on a public dataset to verify the effectiveness of the sentiment
classification method in this dissertation.
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1. 518

1AL T R 2R, AT DA 2 M 3L F R S B, DRt AT s REE. b
FHR LA FIAW SR 5G JEEMRIE, AIFRAERM B EMZ oth. APEMREZT
HREATFERANE, HERERE s, B, 55, AEEBNm. £5655. ices, Uz
FESHA R T NEEWA, FEBRER. ZESEBSARIEMAE . SR e 2R
RAWAEZME BRIE, FlanseA. BE. BURSE, HEBGEAT Tk, SR —URMEIS(E BT
A, R 2 PR Y R R 8 B 4F R IA I IBR, LA IR 34 B I A A0 7).

P 2015 LEETGHHERE A 7 (10— TRGEHH A [1], B8 =40 2 IR 2 5 Ron S R AR HE SO R A
DI B 1 BRIk . X — DU T 2RSS B AL s N AL S . DU [ BSOS A b ik %
KHXREER[2], S SCARFE Fy o AR BURFE &, A7 s N 209 A 5] (R IE AL BB B, 78504248
PSS TP S B AT R AL S, 208 T ISR . FEAL BRI P BT R AT A A R, B 2k
P B R B — Pk 78 5O S SOAR T AR 1B BRI B4R, HEEEHASIBE S AR, RIN. BXXEREUR
FHUGTZ BB, F—HESCh N RIS TR 1 A A A — 8.

ASCEP R IR, Wit T — R T VILT B4EAE SR 403 1 S 1R 184 #r 77 725 (Image-text sentiment
analysis in social media domain based on ViLT, SoD-ViLT). ¥ CASFE 5 BUGAFME AT HERE, AR —
A~ Transformer #ide, 19215 T KIS ZHE S AIE RS R, HRFASCAS EEG B 5 1RHES H & T 5
B BTG R, X = P15 B o A 5 S A8 PR AL il & 552 s 1 5 3 28 I I A P o 6 0 PR S IR
W AT 25 F0 & SC 75 TV I T AT 55 20 Sl R AT T 5256, 7E A TR BB HIGIE T A SUIE B K A 2
P

2. XTI
2.1. BESEXIBERS

BB A SR I P A R, RS E B BRI K. AFRERITIE R, (5B IAF R AT L
FPRBRAE — RS . MR AN BRI BRSSO MR, S M. B85 . ARBESKR
HREEAEEME, AL ARBER AR NZREZRNFERGEE, SARBESERRTREEL
ST PTIIG G . ZRSRE 2 NS MORIEEC En had v SRHOMZA & P R IR R . % L
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My IR G, R A A R

TR G MAOVRR LR &, K 2 NS I A B RHE A A 1 — R UK S RHE I, SOk, &
BRECALSE B T AT R AL A BN AE &, AR R AN B 70 R EE . Xu SEA[B[R T — A7 %5 &
PR AN SOA Z 18] A ELAE T B3 AZ I 4%, {3 P LA R 28 R AR R Y RIS S O et A B A2
HLIEL, A I SCAAE BRI B A, A RS BOREAL SO R 7, i e AR B S
5 R TR RN ERGER BT K &0 28 . Zadeh S A[A13R H — R ZIER 1AL MARN, XHH5E T
MBI Zh A DU S ML S A S i . A A SCBE LA 2 B IIR 1012 LSTHM M2 ik ik
MAB, FPXIEEREES, (M LSTHM XPRrE TALIE MEh & REAT @28, e a2, 4 MAB i}
AR BN, FEREATE LSTHMSs BBRGBORA (5 B X i H 48 FE AT IR .

FEJE IR A, B e R RS KR E REAT S ST AL BR AN 732, SR G Rl 0 2R 45 SRV Bt 24 i) TR S 17
B, AP E, BRI REWRHCO SR Z RS . Cai S A[SIRM T —fZ MG A M &
FIHESE, Multi-CNN  DASCA B 2 A R G B 2 W 2% 1A BN, 20 i SR IO AP, i
PR SCARBEGRIAEE L, LHL T X2 BRI A Rk . Huang S8 6108 1 H 3 RIE S 1
B AR R XA B A, A AL SE T L B 30 SR A B R 1 R X, M T SGE R ML 5 SCA
B BRI, R 2 R R R AZ IR AN B S R I AR PR AR OGS fa B2t 1AL, 3 SN
ZRAE SRR E G 7%, DEREN O RN & R

IR G MAKR G RG, RRHLR A A SR B A PRSI IS 5. You S8 N[714RH T — ST
S 2137 30K G WLE SCAS T IR MTHE SR, DAES R AL K 7 RER IOSCAS R e A5 2. AERPIRESHI Y LSTM ARSI
TEEB PR, LSS R IX 85 Fd P B 2 8] (R0 5 O 2R 2R o AR AR o b SRAG IR & AL
It HAR fitan 2 R G Fl TN R R 2Kds o IR I T — MBS AL SOARTE SCiRON, AT Bl
EERRE] . WS N[BIME 1 PRI, YRR AR RIS P BRSO A I B AT $E 7 1 T Y
Bl B, AL H P 0 SR IE R S P AL, SR R A A A B RHE . TP R AR R s O )
ARSI B 2 FRIE R SO S O SRR R SCHLSCR R IR 26, S A ik Tl ST E R 1y
FMRL, Fr R SO 5 I R R AT AL S . BT 905 N[OR AR5 B A, BIERNAF1E
R EBRIURIE R, AR 2 R R IEE £ 5 1 S B I RHIE .

BF RIS, RS ESCE B M 3 w4 BERF AL AL 5 07 TR R RE e R R AT DR (K 3R
SEMZEER, EERT REEKAERE. AR5 CETAE, ASCERSCRSRHER SR, R
AR B TS, R AR RO R TTIREE, RN SRS N S BRI B

22. ZESHTERIERIH

BEXISCAR N 5 2 AN 07 ] B 1843 84 25 R4y Z2 A28 77 T2 1% 12643t (Multimodal - Aspect-Based
Sentiment Analysis, MABSA) 4K BEAF55, SUFRIHI [A) B AR 2 S 1E B A, B0 2 T SR 1) 2 1 1 Tk
T ZASASTT TG A 25 B AE X 1R J7 A AT B &0 25 Xu S A[10]42 8 T 238 HAd iz M
25, o3 55 R THARDA SCARFI UG I 52, A8 2 B S8 3R A3 55 T 05 T A 5| 3 IR SCARRHAE AR AR AIE , A
T IS AR M, K A 1Y B T R VR S S RS VR B R A AN, R GRU
(Gated Recurrent) Byt 24 Fi BB (R RFAIE 1) 55 738 J BRSAE (Rl B4 A ek, 13 38T IR A5 B SRR AIE 1) 22
Wt J5— )2 GRU fi t A SCAFAE ML S8R A4, 15 0 softmax B4 A BEAT 1 AR PR ) 70 26 . Yu 45 A [11]
$EH T TomBERT #LAY, #it 1 Hir - BHGURAELEL, & HAria BREIE ) & 5 B RHERT 2 kS AS
HEII, AT HAREGUR I BURARE, 5 SCORRHEER:, HES ML E RS B SCRE. A
PRt T A H AR B 2R BE AR Twitter-15 1 Twitter-17, FRvE 7454 H bxial 15 Bkl i . Khan 2%
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AN[L2)5IN T — Rl &g i T 2 S s, F A B R AN SCRE ., I Transformer &
R T BB B SCAS, BRI B 2 iSO BT BN SR, IF5 B R 2L e i e — i B
B B JE R R AN E B e R SCAR S 5B A T IE N BERT [13]FU MR AT I 2K W ISE
ASCHR MR A AE, BRSNS TES BT . 5 R TAREMLL, ARSI # AL
FUbR1A 5 P P QIR At b, R R R 4 R AR AR IE N B8 (00 2K R

3. RBNR
ARATVEANANAHE I IET VILT (P-4 A 4 B S o i 77 7%, SoD-VILT e AHEZE an <] 1 By
INo

BRI RBU N =2 RHEIRIUZ, FRAEAL I EAME K> 282 . SoD-VILT BLAYFERFIE SR IUE 47
S SCAF UG AT TR B SR HURRAE « 7ERFIEACHEZ, SoD-VILT X SCARFIE . EMGRFAE RN B SCRFAE 45
FERA T MR R 753 T A0 38, A% OB LT Transformer (1) Encoder Bk, & J5 K = &8 7 1 1% 8%
Iy REE RIS, 15 B 5 2 15 B 1 o

- Softmax
FEE—= t
‘ > 7JD7FR < ‘
FC FC —T FC
t t t
Pooler Pooler Pooler
TS T p—
ramsformer
Encoder
FREFRIUZE —
Wild dolphins swimming
free in the Bahamas

-

Figure 1. Architecture of SoD-VIiLT
[ 1. SoD-ViLT #E42[E

3.1. FFEREE

3.1.1. STAFFHEHREN

AR SCSER NS A A AR G I 2 SRR, HARIEFIEE A B RIE TR, BRAERS.
g, MEHIBMESFSE0E, BEES - SIEAH IR 5H IR, FEH PG RRE T Al E
B, BRGTER IR R, B2 e —aiE s —ANMEIE .

2 8 BN AS SRS A DA X EeRE T, ANIE AR BERT S5 A AL A5 T KRR G SCAE R PE VI 25
HRITE F AL A0 K H BERTweet [14]1EASCASIYE:, BERTweet & 55— T SLiBEHE LK
LA LT 08 58, BRLZ5H) 5 BERT AHIR. BERTweet FIFIAFF X = (X, X, -, X, ) A, FHedi X
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A [CLSIREFRIE, Hi%E A FIINT = (t),t, -ty ) » N RN B SOAKE . H i
=005 I P IEA R NS

3.1.2. ERFFHEREN

FERTGANFEAR TR RANA—EME, B R g— %00 384 x 384 5%, KH 5 VILT M
I (¥ SRR AE S B 725, o BRI B #8682 B D04 I A 32 x 32 R/INEMG R, FREERE il — 47911,
FUTRFE T 2R 1 =iy, iy ) o N BLH T3 R M[CLSIFR S ALYy, v T EGEHES I T 5
JE P P () A5 B AR R — B0 FER T RRAE | B3G i B SR A7 B G fid 1P, 133 EERFIE S U H ) 4 Hh
ST, AR

T =[ig ks, byy- g ]+ 17 )
3.2. $ERIER

3.2.1. MAFFEATE
283 SCARFAE S BB B BERTweet Tl 24 71 45 21 RS AE 7 571, Far N 21 #5 #E Transformer-Encoder 2,
PSR AE AL R SE R A 2 FToR o

T

FC
4

Pooler

T

Tramsformer
Encoder

Wild dolphins swimming
free in the Bahamas

Figure 2. Structure of text feature processing

2. B AHHEAIRLGHY

Horp, 23R B0 12, BRIJZK/NA 768, fEL T Transformer s #5 P (12 ki & Sy HLi 2%
S1JG s FI[CLSIAR EALIRFAE ) o BEAT B T SCAR M I 4 28, M N R Z A B A R4 R p/ -

3.2.2. ERFHELE
FEURFAE T LE200E ViT-Transformer 4% 141 % STk REAIHLISE 215, FHICLSTHR &6 i R GE o it
TR T BRI 28, MONADER AR B K4 pl B ERRHE AL R 5 M =] 3 TR
ViT-Transformer % fih#% 1 e 2 A e, H s — A2 3k B & 712 (Multi-head  self-attention,
MSA)Fl—/>Z 2 AIHL(Multilayer perceptron, MLP). ViT-Transformer [{14mft 2% 5 krifE Transformer %ifid
FME— 1) [X 712 2 H—fk.(Layer Normalization, LN)f# 47 & , Transformer Zmt5 2% 1 LN 2 B IILE MSA Fil
MLP 2 J&, 1fi ViT-Transformer 4ifid#5 ) LN /£ MSA Al MLP 2 fi .
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Figure 3. Structure of image feature processing

B 3. BEGHHEA RS

B RAE R TR A AKX QR)Z A (5)-

2o =T =[igyiy iy gy ]+ 17 @)

7/ =MSA(LN(z,,))+7, 1=1-L ©)
7, =MLP(LN(z/))+z 1=1--,L (4)
P =LN(2') (5)

Hop, 7 AIDREMRIN, 7 BRZEBRIIHIOE L, o BRZEBAPLEY, 20 2B LE
IR 0 4, BP[CLSIrFbnENi, L Ngmtdasit =40,
3.2.3. ETHFEAE

B SCRAIE AL ER 22 )2 Transformer gt # X4 2 BEASRFAESEAT LA, 793 2128 T B SCRMIE I 17 B8 70 2R &5
Fpl' s A 4 poR.

Wild dolphins swimming
free in the Bahamas

Figure 4. Structure of image and text features processing

4. ESCHHEANTREEH
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N X SCARRHIE 5 B RHIE, 7 TR SCARHE R R T _EAINSCARR RN [ %, &R RFIE
i T RN AR v, ARG A RT) TR,

T=[tyty, oty ]+t (6)
=T+ (7

B SCARHE T AERRHE V BEAT &8, BRI ZBERE m, , E V2B RHES A Z] ViT-Transformer
gidasd, gmig A ARE@)E AN iR

m, = concat (T, V) (®)
my = MSA(LN (m;))+27,, =1L ©)
my = MLP (LN (m/))+m 1=1--,L (10)

pi" = tanh (MW, ) (11)

Horr, my NSRS EIOEIN, m RoRZ KRNI, m RR 2 Z AL, m) 2 L
JE R RS 0 4, BI[CLS]Z»SRAREAL, W o0 NEMERGY, L i as i)z 4.

33 HRIAE

EIR =R AEAL R T3 2 R SR RN BSOS R R AT R 2. AERRIY SRR, R
AR 5 ST RS B, B MRS S, PR RIS HE SGIAT TAL, 456 =Fhp
RS, B AR EDON SRS HHE AR A A2 FrR.

pi=(1-a-pB)p +ap +Bp (12)
Hrr, o NSCRRHIENE O KA R, OB P RS [ 845 R IBUE
4. IWMEERSH

4.1. BIRE

ARIAE 4 ANEHEE LT S8, 43 o B S IOy i B 46 MVSA-Single T MVVSA-Multiple, 4
PEAAE B 1 s, DL EISCy T 245 O3 A i 4 Twitter-15 A Twitter-17,  Hidis S5 B0 2 fir
TN

MVSA [ A3 52 o 55 2% 08 & el B A IR AR R SCARZE ), AR Z AR FE T MVSA-Single %43
£E 1 PG AN SCAS 23 0 B — AN FR 25, 1 MVSA-Multiple %58 48 (1 B4 B SO RE A A5 = AN AR TE
b2, MVSA-Single A1 MVSA-Multiple FIIZREE. Sour4E. MRERI 77, S AT AR TIE[15], 1%
8 8:1:1 (¥ EL BIBE LT 7 B 4

Twitter-15 5 Twitter-17 #4545, 737 i Zhang 28 A\[16]41 Lu &8 A[1]32 1, T 7 2014 4%
2015 4R AN 2016 4F % 2017 ARl 7 Twitter “F& B R AT 2B Yu 2 AN[LLXHAN 7 TH
W AT TR, TSR AR TRt = F . Twitter-15. Twitter-17 %45 &b 4&F
ANFEA D #BHH B RS, A T AE A VA, fEASC SR, iR A LR AR SR Yu
N TAE, 8 4i N BR PR G [CLSIRI[SEPI R3¢ S FIFTH A T ik, XUABAKE RN
[CLS]T[SEP]S[SEP].
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Table 1. MVSA dataset statistics
= 1. MVSA BR&E %t

Btk ik H B
MVSA-Single 2683 470 1358 4511
MVSA-Multiple 11,318 4408 1298 17,024

Table 2. Twitter dataset statistics

5= 2. Twitter BUIBESt

Twitter-15
TH R ik TR p58i PR
ez S 368 1883 928 3179 16.7
KFSE 149 679 303 1122 16.7
WA 113 607 317 1037 17
Twitter-17
TH % ik K Pt K
ez S 416 1638 1508 3562 16.2
BF4E 144 517 515 1176 16.4
M 168 573 493 1234 16.4

42. FWMESSYIRE

ARSI FET Pytorch VR FE % 2] 15, Pytorch hit4s’y 1.13.1, Python R4 3.7, transformers hix4< Ay
4.26.1. CAKAZIE BERTweet TN ZR A IS HUL BEAIIROSCARHME. X TRIGES, 2% VILT 1
K SHORE , B RIA RIS A 32 x 32 K/NHIEIG L, 25 R #5545 31 RIS B0 R-IE ) &
AR SEE () S HUE W E W 3 iR

Table 3. Parameters of the experiment
3. LRBHRE

[ ZH ZHUE
B PES IS 40
K LIPS PNAN 32*32
%515 2e-5
Dropout 0.1
HEALFERE A HL 8
ZRE
a 0.2
B 0.2
Attention Heads 12

4.3. BHEFESITMEIERR
AR T —MEET VILT BIBSCE T I7i%, NRIEIZIE A R, B B SO R A 55
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FE SO TG B M AR 55 AN AR AT S5, JE$E T AR E T 2.

1) ST O BT AT 55 0 R4

SentiBank: #RL AR 7 BB A, e R A — e KRS FE 1) 1200 MJE 450 44 17 % (Adjective-Noun Pairs,
ANP), NEEAS ANP YIZR—AN50 2888, TSR MG 528, R4 0] - 44 0 RAREAN 3 A 25 ) S 1
H A E GRS 8 1, AN BB — AN AR

VogNet-19: MBERLAS /TR, SR FFE RN 3 x 3 RSFIIBRZ, 2 x 2 ReFRIS i, LA
FT 16 NERUZA 3 N EERZ B RN A L .

SentiStrenth [17]: SCAREZS /BT AEAY, FI R LA BB AT BB 0T, SO AFERMAE, I
A FOA T B ST (1 S A A7 SR AR A

LSTM-Attention: SCABLZS MR, FIF LSTM X SCA - FIHEH T9miY, SR Attention HLHIHE
HOCAR ERSUE R, S gl 5 0 S04 ) S50 N\ B 41 45 2 g AT 1 &y 26

BiLSTM-Attention: SCAKEZ /M HrAR A, 78 LSTM-Attention ZE4E 1, I FHXUA LSTM MIE A1 )
PRI I SCAR P FIE AT St FH s AT ) B SUE B

SentiBank + SentiStrenth [18]: £ A&/ TR,  SentiBank 1 SentiStrenth f)45 532847 1k 5 24 ) ke
I

MLSA [19]: 2R, R SRS S 1 2 2 00 W E 0 BAREET RAE R L

VILT: ZHEAHTEA, K& )5 BB I  —4E 7 51, 5 CRFHES % N Transformer
Yt A5 il G 2 SRR .

2) BEISCOT R A HT AT 55 0 R 2H

Res-Target: M A2 47 512, 18 Resnet-152 /0 28 HEX FGASAE , K 5 7 T A R4S AE 7] = 5 4%
I\ BERT BB 1T 732K

IAN [20]: SCABER T, B HARERMSEAL, 20 i bR SR &R, RIFER S
MU T A H 2% 20, fe e b 38 B 00 7 T am) P 17 SRR 12k o

RAM [21]: AR ik, Z2EE S ANCIZMGHAL, XA LSTM g5k @ ridiz ik, @it
%2 J2TE R IHUE MAACAZ AR TR SRAS IR FIRFAE

MGAN [22]: SCABEZS /#7082 RLEE SRS, KT Tl 4 A4 STA S i) (KRR FE AL, A
T 75 THI ] H A A SRR SCAR 5 0 R 4R AN B 4

ViLT: BESCEES 7, PUOERNE 5 I8, g SOARRHAE A S D) 5 a5 IR IE BN
Transformer 5 2s .

MBERT: B SCHA /M 7772, ARSI T WU AE i, 607 BUR A B e 5 SO A AR, A 4T
o 77 THI ] G NS Ab BEAR B . UG b B3 B T ResNet-152 AU R FEE EUZRFE,  [FIR A BERT
B SRIEAT BRSO RE I SCARRHE . BEJS, KB BREF SCARHE AT P4, PR UL EEAE IS
—JZ BERT 54!, DU AL SEFI SCARRHIE 2 (Al SR AE B

TomBERT: MR LI mBERT [ISCAS - MG XM S5 #4378 BURACER 0 e ih 17— B AR Sk
- BUMEAZ AL, DIRMGAA H AR S5 B EHURAFE. K5 mBERT AHEAFERI &S, HEIR
FFAE S SCRFRAE BHE RN BERT EAT 184> 5.

4.4. EWERS S

441 BEXEBSHERLER
B A JEoR T EISCIB R W AT 55 TSR R 15 83 987 10:E MVSA-Single it MVSA-Multiple 75/ %4 42

DOI: 10.12677/0rf.2023.136722 7354 BE 51


https://doi.org/10.12677/orf.2023.136722

Lz

FRSRIR AR IR A IR R, AR ST VILT Mt ag Bk 215 B 771k, 78 MVSA-Single
H1 MVSA-Multiple #EAZBARSCIGHEEE FHERAM FL EEA —E-TH, Wik ¥ A SCTTERARE. 1)
a2 4 P o B SESG 45 RAT AR DR 458

Table 4. Experimental results on MVSA datasets
F* 4. MVSA BUREIIHER

MVSA-Single MVSA-Multiple
WaRrS

HER F1 18 biRTIES F1 18
SentiBank 45.22 43.80 50.02 51.15
VggNet-19 67.76 60.7 64.06 61.89
SentiStrenth 49.86 48.45 50.57 49.84
LSTM-Attention 65.98 64.28 67.86 66.18
BILSTM-Attention 66.8 64.79 68.97 67.03
SentiBank + SentiStrenth 52.05 50.08 65.62 55.36
MLSA 68.84 69.89 68.12 69.07
VILT 75.9 75.3 69.9 67.3
SoD-ViLT 78.63 77.82 72.01 70.07

1) VggNet-19 #EA7E AN s B R di 4 v AR FL (343 /5 25 T SentiBank Jikf4s . X%
B, AR BB B ST T, R BEA 2R X 28 AR A T oA 7 V2 A S tH e R 1 B o E B0 SO S b e
FETHZ ML LSTM-Attention F1 BILSTM-Attention 77976 HERG AT F1 {8 J7 1 ¥I0 T3 T80
SentiStrenth 777k, S0IE 1R FE ARG X 2 AR RFAE S B TH (195 K P RE . R SentiBank F1 SentiStrenth 4%
GBS ST, BRI T3 TR 4 (1 77

2) HSUARPEENE BT LR AN 25 AR, BILSTM-Attention A1 LSTM-Attention, AH# T
LSTM, XJa] LSTM Z5#4 R ASEGF i 3R SOAE L, BTl BILSTM-Attention 4 ) Slie 45 R AL T
LSTM-Attention f 7 ,

3) ML T AR IRY KTk, FET Z RS RHIE I B R E e 22 A0 FL 0 = 1)
SEEGSE R, U IR F 22 MO S B 15 S AT DL S A b W A7 SRR 1

4) AR SoD-VILT B 5 VILT BALAI L, MVSA-Single 3t & IR R A1 F1 (82 B4R T
T 2.73%#1 2.52%. £ MVSA-Multiple #5455 FRIAERZ A FLE 04287 1 2.11%F1 2.77%. SoD-ViLT
BRALE SCARFAE S OB ER BT {3 FH 1) 2 BERTweet FRUIZRAEAY, Bt S0 200% 55 14 28 AR TSRS 5, 32
PEREUCHEC A I A . HAS A BN 78 73 R S AR S B B, 13 385 I 1S Bt . X Ui SoD-ViLT
FEAAE VLT AEAY b 3G 0 Bl 8 PR AR O] B8 e 4 A8 AR 175 S 40 SR 1 e =2 A )

4.4.2. EXHERERIALHRER

25 R 1 BISCTT T AR B I HTAL S5 sh AN IR 7 18803 3607 144E Twitter-15 I Twitter-17 75> odla 4k I
fSEIGZE IR . SR IR, ASCHR ) SoD-VILT FAULE Twitter-15 A1 Twitter-17 152 4 4 S 56 #0445 42
b, SEMETEM LR RN FLE#A — 25T RAE SR R LIS DU 4518
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Table 5. Experimental results on Twitter-15 and Twitter-17 datasets
% 5. Twitter-15 FA Twitter-17 HIEE LG ER

Twitter-15 Twitter-17

WARrS
HEf = F1 18 HE FL{H
Res-Target 59.88 46.48 58.59 53.98
IAN 68.18 67.14 63.41 62.94
RAM 70.68 63.05 64.42 61.01
MGAN 71.17 64.21 64.75 61.46
VIiLT 71.80 65.10 62.70 58.80
mBERT 75.79 71.07 68.80 67.06
TomBERT 76.18 71.27 70.50 68.04
SoD-VILT 76.07 71.19 68.95 67.42
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RS P HE TR 532 3% BERTweet 11 A SCAS it i 45 502 1 e 100 75 2850k
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Figure 5. Accuracy at different weighting factors
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Figure 6. F1 Value at different weighting factors
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