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THERES. SNEEMANELLENE T BEIEET TR R ERGIEBEFIIEX
EUETEA @ @EMSEMNEE, BE T —feFnE TG ERNSESELX
EEMLTTE, FEATFEIESE COSMOS LT L. HRFMIZAEILE T 0.859 £
E#R, BESAGENEEIRLEWNIER, HRTEENELTEIEEESERM
MERATBBEM . LI, ERADT T ARNTTETE, UEBESETEMERESN
HRZE, WIET AT EAEBESESEREECGERATIGEARE N, TURENTARE
TEE THE £ TR (OOC, out-of-context) &M, AN X775k AR MK th SIS FEARNE
MELAZE TRRER NIRRT EE T E.
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Abstract: Multimodal fact-checking aims to combine multimodal media content to extract
valid information to detect false information in the context of social media. Aiming at the
problems of over-reliance on domain-specific datasets for fact verification and weak
interpretability in terms of image understanding and semantic similarity comparison in
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existing studies, this paper proposed a novel automated multimodal fact-checking method
based on a pre-trained large model and conducted exhaustive experiments on the publicly
available dataset COSMOS. The results show that the method achieves an accuracy of 0.859
and provides clear justifications in every verification, which provides higher accuracy and
stronger interpretability compared to traditional baseline methods. In addition, this paper also
deeply analyzed different method variants and various false information discrimination
scenarios in the dataset, verifying that this method can flexibly cope with out-of-context
(OOC) detection in different contexts by the strong capability in semantic understanding of
multimodal information. With the continuous progress of large model technology in the
future, the method proposed in this paper will show more excellent performance in the field
of fact-checking, which provides strong technical support and a new idea for fact-checking
of multimodal media content in social networks.

Keywords: deep learning; large language models (LLM); vision language models (VLM);
multimodal; fact-checking
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BRI A S A LR & R R E NE S BB R TR, b ER
=B NEIEIRETER, EENEESEISHIISNENIAN, HE4ERE FHTFa
REEMHLRE., BN EREMDSRORERNE, SHETIERHTA TRRIE5GE
BEERNTTE RS NRAEEENE BRI RN SN SAUE, B—HE, EHEN
BINET, ERSXARMBRESEANT IR, XANAESLEBMRENE
B, MEGHNAHANIARSEMARESFMERES 5, FBESREESNEERE
MU E S8 B G SR BRI RERG ST, MEARES A TRESET AR
EEBEARNRE, ESEIRES IS ESRREBRN T ERAMEE"Y BRnE
SERRR T AR D BT R BB N TT 5% ISR (fact -checking) F A A T

HETHRERARNTT = S TR BRELIBAMETERES, HIMNERSA
R RS BT RIS ERAS . BERAE) REHTEEEMHEH
ST, SHNEN O BT RREGEHESELAE, BIUTIHERERE S 18,
Jin BT —FHEEER VSR RNN B8, DEARE XA, ERMSE S M
REFEESRMIS, FEmRENRRREN TN SEASIRE M, WIETH
SEREMM. HT BIBEA S AMEEY, Knatar £9F ALER TS BNRDERET
EISHRERT, WIS P REEAKIE AEXN, HBEEHLBBALUS
WEBEE, REXETTEEBEBRNGEFENED, BIRTISRENES
REMSEORNEEEE, HASTHENRE. BN, HEEEEGRBAIRY,
(0 FB 5 S0 AR Ik 7 0 Lo e USET L B 37

BT RN R, AT ENE LIRS X RNE, REES LR
BEAREEAEL, BAREREELNETRZRESHEN"?, AHETRAERL
SMT5E, XTI BRI BN R EBE, 3 BB ES PRI IR
IR, RSB ST, SHETRRERMRNTTAE0REK B
S, Miiller-Budack Z 42 T — M RRB T IS SR M S BATHEE R —BIHERB RS,
RRGE LB AL M ARG S, BRI  RIX T AR
RS EEG, RAEBTHEEREETHERSSZE G AR R — M3,



AT E T (OO0C, out-of-context)i&ME—RE NNELRE R, &
OOC ER TR—EALEGERNHEZNLBEAFCAIERNE . BATERERE
WRENEN, BEAARE EHXNETFEZZEIRSER. Aneja EIE T #H
$IEFN Fact-checking Mk A B EHR FIFREE XA H R AIFTE, HET OOC &M A FFEIE
& COSMOS, FZEEEFR, Cl. C2 D ARTFARRFEHAFEXA, | ZAHMEXFHA
KEFRHE—TRERG, FIME 1R 1, BABEXAERANER—%, BEXLEER
Hefth, FILFFE OOC 1BM, MEAF 2 PR X AR BIrFA—3, TEHAMHE
BEREER EHXMEREAEAERE LT (NOOC, not out-of-context)., ERT,
ZH AR ST COSMOS 1 7 — N B BB 2NN TTE. 1Z737E0 NG FNR N
R, I EBRF RHBENZEHEEETSREREGP AR BIRSEXNNN—ERIBXHEXX
KA —EABX LRI AD HIREIREBUSAE, FERKMNBARS HiE X R X ARHEVER
ERY &/ M BER 5 HAB X X XARMIEME .. MEMKME, ¥ Cl. C2 B %&HMEET
FEE% | FEUERANBLR, BRI (loU) KTEE L, XEWREMB XA
RN EA—3, EHEEEEATEAHNOOC, EHWEMR U BHETFt, WEEH—%
FHT C1. C2IEXMEMERERT t, HEMEIAMBR AR N R —BUEIBEX AR, #
HEH OOC, RzZNA NOOC, EEFEME, OOC NI AB 2N AME FH
R ENERESLNES T LURSIEGBREE (MBEFH) NER, mEem—4HE
LSEEERT, MA—ERT E—KEGRNEINREN AR R#THR.

Case 1: Out-of-Context (OOC) Case 2: Not Out-of-Context (NOOC)
C1: Barack Obama, Melinda Gates and Anthony C1: Amanda Faliano, left, during a birthday
Fauci at Wuhan Lab in 2015 for ‘Bat’ Project. celebration for Dobby at the Denver Zoo.

Pred Model (Input) Pred
(Case 1) (Case 2)
Lang. Model
4 v 0ooC (C1,C2) ooc x HF
Ours
y v 00C (1,C1,02) NOOC v/ : |
C2 : President Obama and Dr. Fauci visiting NIH lab, C2 : Dobby, the baby giraffe turned a year old today
Maryland in 2014 to learn about Ebola vaccine. and was also given a birthday cake.

1 00C/NooC ;R (ER B 3cik[14])

RE— ez 20 BT IR BURIE IR ST 20 7 O0C IR 755 4 SRS
BERA, ZEFEAETERPSIZENE T ARES FEERGERMEXBUE
HEAHBBEMENARE. EEX, BESHEITEMBAATEENERE, OpenAl™
RHET —HRHENKIESEE GPT-35 FH3IEERE), HeEMiSIARL M NTIREIRRE
BENEATERAESIR T ZXE. ZEAETREZIFER, B4 EEHXAL
B, EBAHIE L TXEEREMRBEXEX, HFERRBNXARNR, MK ERIE
ENENLE, EAESHEEEENELEXAK. 5—7H, S$HREREMEEXRNES
BASRERE NS AR FHEE, LUEYRHT —NBEEER Q-Former, %IEA
B ENESUENE RS XA GRESKER, RINMEET SESHM LIRS KR
BIBLIP-2, XIEBEET ZRAFELEMNTR, I AREMENTIGERRE T RIEN A
i, MERBER ZHREAHS, XAEH. SHNELZERETHINARY
gE,

ETERIAMERE, ARE—FETRIISAERNSIRSELLES X, A
MFEIES 1A BLIP-2 MAE SR GPT3.5 /AT EIEE COSMOS E# 7T RE, #RS
T ERETHIBERBENER, 2I7GNXAREGEREL. ERE(Prompt)ik
TTARMAMARXNTONERNZ N, KEBBT 0859 BIEHEK (Accuracy) B BEIBTE X
ZERGHIER, AT AR @RENE. BERKREENHNAIILEE, AXFriRE



KIEETENNRBEERKAE DRI, XHEZMED BESRERNBLERNLIRY
FRMT HEEE.
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ARARH M B RSELRETTENE 2 Fir, SEXAHEE, BGESCGERMEURR
S =MRIR ZTDEREB AT BNGEIEEER T, EBIARRE X4 E N —iEE
BRI MBWERIA CL. C2 #17 OOC 1. Bk, BIFRANAERRIRFHM C1. C2 &iE
XERBFBEURRE—E, ERHEFBEEA—BNHEA OOC, HHE—HERFEN
HIE R NOOC, xf H A E5 Nt —7H H IT%%SG%E%%HEEXI@ | B9TE SCRHE #i’%i_ﬁfc

XA CO, REFEERSUMRENIRLFLES CO. CLF C2 RAMEHAEER, HAELHE
R RE @R,

C2: The image is talking about Julian
X X X i Castro at his announcement in San Antonio,
C1: The image is talking about Julian Castro Tex., on Saturday. Mr. Castro, the former
at his announcement in San Antonio, Tex., on

secretary of housing and urban
Saturday, Jan. 12, 2019.

development, would be one of the youngest
presidents if elected.
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C0: a man standing at a ppdium in front of a crowd.
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21 XARHEEAEIR

OOC IMEFEH A Cl. C2 BENE—BERBEN T ARFIHERNEX, FitizdiE
FERBTXAER. R CL. C2HEEBX ENRBTEFEEA—TH, W NELHNA
BENVBEATERBHEAER OOC, FIE, 4 Cl. C2 RN AE—BEARFE, NER
BHEHMTA NOOC. AT HEBXRAEMAITR, NAHIERR Y BRIRAITHRES
A GPT3.5 ®ITE A, MRS AREHFEMN—EXR. AT 1L GPT35 EiF IR
IS, SISHEEXFEMBENER, R ETLRETEARIRESMINRE, A



EEFREEEOM, AJTEXANRTERITOT:

a.  XAFEFIMIRRIE:

“You are a detective now, | will tell two propositions and you will respond with whether
the two propositions are contradictory.

Proposition A: [C1]

Proposition B: [C2]”

(MERE—BIIR, BRESFERIMGE, RELNEXBIMTREETE.

A A [C1]

el B: [C2])

b. XAR—EHIMRRAE:

“You are a detective now. | will tell two propositions and you will respond with whether
two propositions have the same semantics.

Proposition A: [C1]

Proposition B: [C2]”

(MAERE—BIER, BESFEAI GE, REREXBE THEEE .

WA [C1]

R B [C2]")

HACI]. [C2IKn X NI X AT, 7 GPT35 B EIR N E/ERE R E Yes'
BN FREINFRILHIMTE R, EEMRELEIZHAIER.

2.2 EBIE IR AR

HNANRTEZEZAIMERSEFE OOC BN, NHEZEMEGANALEIREBHER
. WRIEFRI BLIP-2 NMEAMRBZTERIMN T, BEES N EGREM AR
TheE. Rt ATRAFMARKRES, BERIEXEFBRRFER BLIP-2 TIZARE 4 s X B
| FY X FHER CO,

2.3 ESURSRAGMIRIR

R¥E OOC MM EFREX T, HARREHELEMERXABER—RERENES
HR, ESORSAGNRIR{ER) GPT3.5 52 KK B AE S IEM B EEIEE S, XTI AX
AMEEARBEFRIAVER#HFT OOC M IR FAT:

“I tell you the content of an image and two paragraphs of text. These two pieces of text
are used to explain the content of the same image, and you have to judge whether the two
interpretations of the same image conflict. {"Conflict": "<Yes/No>", "Explanation™: "<>"}

Image: [CO]

Text 1: The image is talking about [C1]

Text 2: The image is talking about [C2]"

(BEFR—REGHIRERXAR, IMEXAEAXRBEE—REGNAR, REEH
BT XK ERI MM BRER G AR, (R “</&>" "EH" <>}

Ef&: [CO]

XA 1: [C1]

XA 2: [C2])

HA[COPR % EMRIE X IR AR IR PR G AT, [CL]. [C2I¥# R NI RER XX
AR, FEH, HGPT35 BERFRFEAFSEEEE Yes'H ' No" FH UKL AEXE
BEHRRAFMER (EARARUHAZEA OOC, RzNWHEHA NOOC) , MESBNBBFEEL
ZFIMTANIEH .
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31 XWIRESIFMIENR

COSMOS 2—"FAT 00C #MES M A FHEIESR, BTAXITTELFINE, KRR
fE A & 1000 TREMR SE XA 2000 BRXA., @M 2R RiESREY BLIP-2 i F
blip2-flan-t5-xl fiZR, KIBSHEA GPT-3.5 {# /8 gpt-3.5-turbo ik AR, HESEEAKHE
TEARER AR A BON, EESUN RS NIREH1EE GPT-3.5 541 temperature 5 0, OOC #&
MR- ZDERES, AXERIZARTHTE A Accuracy FEARITARMIMERE. AXIIRE
F Python3.8 BLBRRA A 0.27.2 89 openai BE, FFiE M ChatCompletion 7% 1F
ChatGPT IhéE, feiEE Bt mNEEHITIZE.

32 XWHR

fE COSMOS Ik 5 L XFEL 7 A A AN ZEF Aneja HIBAFTIR H A9 E L 757%™,
HAPAX T ENZRARTTERL:

(1) NXAHE: AT ERRXAEETZERAMERMAXAZRSHFEAR, XEX
AT R RE:

“I tell you two pieces of text. You have to judge whether the two texts conflict. Please
answer in the following json format only. {"Conflict": "<Yes/No>", "Explanation”: "<>"}

Text 1: [C1]

Text 2: [C2]

(RAEFRAERXA. REBAMIARXARERR. HRANT json HRE%.

(AR < R/B>T, CTRE <)

XK 1: [C1]

AR 2:[C2]")

HA[CI]. [CIRERBMANMERXARBNR, & GPT35 HWERTEERELEE
“Yes"S'No" FHIMFRIEMAXAZEARMNAMER (BEHRUHEHN OOC, RZNHE
A NOOC) , mE%Baxi@BEIEH LA IER,

(2) BBBEXER+EXCHAREN: ARDHAEKESRANBNEEREFER
R, EHEF A BLIP-2 FUIZARIL A BT ER | (IXFHIR CO, AFH CO MRBMAN
MERXARNEA 2.3 AR ESORRGUESR A, RUH#EFT OOC/NOOC 197 5 R F f#

MF 1 ERTINEIL, BT GPT35 MIXXARIETNEHT AT AEGUARES, H
EEWERIETRELETE, £F A BUP-2 #iTEGE X ERA R R ESOR R M A IEFHER
SRETTIEIREAFTE, MAXZEINEELERHRER MLTEETTEM ERWANEE
Tk, XA TELZTE SdMlGMNAREEBEINRAMIERANERES XK
BIMEXXR, FEAXESXARE, BRIEXIER. BXORRENNITEREZILERE
TERERAEHYR, BRI RARTRGKE, sEBAFHIIN OOC .

& 1 RFEHIEE COSMOS $iEsk ErZ R
P FR AR

i IER#f%
BLLR k04 0.836

A SCARHE S 0.797

PR B SCHE AR+ P S AR 0.830

A e Tk 0.859




3.3 XFoarAr
it 2451320 COSMOS MR EHEA, KE O0OC NI /5 AU TEMIBER, D52
BXARAEN N E %S E’JT \[E) B ARFIT R XA R A X R B g R A48 E B 4R, /HEPE%I?@_EXX
M’Jﬁé%y\‘m\ﬁ—»‘« EMMFTE=K, AT ERBERRNSIESE BB XIEMREE
BER HE,«'I%L%TEEE O0C #&MES .
3_3.1WE§Y$W§X¢@1§R¢E’WE B R
COSMOS WM&+ %S 960 #A (ILE 3) , B{EMHE A NOOC:
[

&l 3 COSMOS J RS 4RS 960 HAEA
C1: Women stand in line wearing jewellery, blue dresses and multicoloured headwraps
in Mali

C2: On the same day, gold miners wait backstage at an event in Mali

(Cl: ABE, AXNBERE. SFEEERE. KBEILHALHLIFHBA

C2: A—X, ASEN—ZENT, €F IAERSER)

RXTTEB REXREEER BT AXAE S HMBEARAFNIEXKRR, EXEAFE
HIwTAF45 2 [B1 % “No, these two propositions are not contradmtory They simply describe
different groups of people and their activities in Mali.” (“~, XENpRAHATE. 1R
EER T BENARARFREES. ), EXA—FF &EETT%E'J@*& No, Proposition A and
Proposition B do not have the same semantics.” (“4~, @@l A Flap B AYTE X AHEE., ),
XU Cl. C2 AFEEA—E. FFRARGRIE SCGEMARIR A pox B A XA B
“women in blue turbans standing in a tent” (‘BB L@ LMAALLAEKZER"), REFH
B SOM R G MRS 522 O0C #3745 R “{"Conflict”: "No", "Explanation”: "Both texts
mention Mali and the image shows women wearing blue turbans, which could be
interpreted as headwraps. The difference is that text 1 mentions gold miners waiting
backstage, while text 2 mentions women wearing jewelry and dresses. However, these
details do not necessarily conflict with each other as they could both be happening at the
same event or in the same location.”}” (“‘{h%": “&", “HH" “WERXAEFREITE,
BREFNERBEEEANNER, X EEREAKMm. FRNE, YZIK 1RREITHES
EENEST IA, MXEAR 2RI THERET. FEERENAL, Af, XEBAHHA—
EREAR, jljTfﬂ‘]ﬂﬁﬁﬁi&Iﬁ—iﬁzﬂjzﬂ—iﬁmﬂiﬂo 1o

RERTH, AXTTAESTHIEE—Bir#idiHs TH NOOC ¥E, Fis C1. C2
IR E S IR NOOC HIERA.

3.3.2 MERX AR A E B AR



O BXAEREE KR
COSMOS WH&EFHS 11 A (LE4) . BEEHREHA NOOC:
l:

Bl 4 SABRERRRISEIFZ K E
C1: Tuk-tuk car parked in Bangkok because there are no tourists

C2: In Bangkok, tuk-tuks that used to transport tourists around the city are seen idle

because of travel bans and border closures during the pandemic.
(Cl: HTFRBHE, WHEEESS

C2: 2L, BHTEBEHENRTESTILEXA, FXAREIEREHRIEEWRA
. )

RXTTEBE R EXAEEER P AXKREEHAMFEAXFINIEXRR, EXEAFFE
HIWTHTF 2 [E1E“The two propositions are not contradictory, but they convey the same
information in different ways. Both propositions suggest that tuk tuk cars in Bangkok are
not being used for tourism purposes due to the pandemic.” (“XE MR HFARFE, EE
muxﬁ%ﬁﬁ%%Tﬁﬁm%%oLW¢$@%%% HT&ERE, BAREZER
BHATIREBEN. "), FEXK—EHIESEI[EZ Yes, both propositions have the same
semantics. They convey the same meaning that tuk-tuk cars in Bangkok are parked and not
being used due to the absence of tourists caused by the travel bans and border closures
related to the pandemic.” (28, XFW N AEBHERMNIEX. EIEFATHENRX,
R F5EIBHEXMNRTESTINRXA, SEURERE, BANMEBESE, TAE
M. "), XiEBHCL. C2AFEE—E, HEILTTEEEIZIFEARD A NOOC,

B, AXTTEERMXARFHEEIEXNERL T —BRREL T ERHIET.

@ MXAHWREBEEEXR

COSMOS Mik&EH RS 3 B9t A (LA S5) . EfEMREHN O0C:

I:

5 COSMOS MiRX&Erh 4w 5 3 FEAER



C1: A shocking report about the former child actor Kirk Cameron was just another hoax
from a well-known purveyor of satire.

C2: Actor, musician, director and devoted follower of Christ, Kirk Cameron, has been
stricken with an extremely rare form of what can only be described as a biblical disease.

Cl: —BXTRIIERANRE FEENSARRNRERZ —RANBNFERHIX
—5%E.

C2: BR. BRR. SRHNEENSALEBEEN RERELT —MREFTAYE
R, X ThERR R EIR AEEPINER. )

AXTTEBAREXAFIEERPFAXAEEHAMHEAXFHNIEX KR, EXAFE
T8 2] [ & These two propositions are contradictory. In Proposition A, it is stated that
the report about Kirk Cameron was a hoax, while Proposition B claims that he has a rare
disease.” (‘XA M@ FEN. T AR, AT RECHRES—HKEE, B
AN ERMEEELRR. "), EXA—EHEASE][EZNo, these two propositions
do not have the same semantics as they are talking about different situations. Proposition A
talks about a hoax report involving Kirk Cameron, while Proposition B talks about Kirk
Cameron being affected by a rare biblical disease.” (“&, XFWNMRAMIBEXAE, BHE
MMKILHNRARENERL. & A RN —F R TBRAEERIRE, M B X
B FERIE —FMEINNZLERNTM, "), XEHCL. C2 FEHFH CLEX
C2HARTE, T HEEBIZEAHEA OOC,

Rk, AXTTEREBEBIABMNEEEN, MmfEH C1. C2 RfF##R) O0C B,

Q@ BXAEREFHIEXR
COSMOS Mik&EH RS 0 A (WE6) , REHREA NOOC:
I:

&l 6 COSMOS JRSEH %S 0 HAEA
C1: Julian Castro at his announcement in San Antonio, Tex., on Saturday, Jan. 12, 2019.
C2: Julian Castro at his announcement in San Antonio, Tex., on Saturday. Mr. Castro,
the former secretary of housing and urban development, would be one of the youngest
presidents if elected.

(Cl: KA L FHEET 2019F 18 12 BEAEERFIMNEILERERTARE

iR,
C2: AX, &2 FIBTEETFEIMNELRERATEARER. NRYIE, FES
M MEARBEK R Z R AREFENESEZ—. )
AXTTEBREXRNEERR D F AXAEEHMEAXFHNEX KR, EXAFE
HIWT 52 [EZ The two propositions are not contradictory.” (“XE MBI ARFE, ),



X AR—EHI W B2 [E 2 “No, Proposition A is simply stating the time and location of
Julian Castro's announcement, while Proposition B is making a statement about Julian
Castro's potential presidency. These are two different propositions with different meanings.”
(R, TR A RZE PR 2 RIS A REANRERD S, i B MZXT
K2 RERFTURIBESRNGE. XRMIMABMNGE, BEMENEX. "), Xt
B3 Cl. C2AFEEA—E. FAFEERGIEXIEBER P& S BRI XA HERE a
man standing at a podium in front of a crowd” (‘— M EEABEBINIFE FHEAN), A
B BESUH RS MRS :R %L O0C H 545 R ("Conflict™: "No", "Explanation”: "Both
texts are talking about the same event and person, and provide additional details such as
the location and date of the announcement. They do not conflict with each other."}” (“{*)#
RE, CEBH WAIXAEEREE-F4HME—NA, FHRET EMAT, Wk
=B, SRR, V). EEARGIAR, AT7ERE &I AN SCAE I
RRE, FFEAEHN NOOC HIZE.,

tb5h, BAMFEXRRAPIAR T T HI LR fFlFHiIBX FHFERIS, &R
MNABAFEES, WoEREFHMMENXEARE, S8 00C HWHM., BEkKE,
KRXTE T A RIE XIEREHEIFH OOC/NOOC HE, FHLAHMHAEIRAME,

4 RESRE

AXRE T —METFIINGKRENSIRSELGETTE, HHRZEEAFEIES
COSMOS #4777 L%, BB 7 0.859 i Accuracy BEENSTEE RIS NAHIEE, AN
SAAREESHEREMT RN, B, AXRERAN T HEEFARBELNERES
HrlHs, IERTAXTERERRANSRSESBXIERESN, fBEABEREETT
B OOC #&M1ES .

ERIENZE ERXAMBHIEXEZNERT, BXEEEEEFHMMENFEEZRTE
KERIER BRI, EREIRE XEEDELEEEREMNKESEBE, RENMIEERES
BESEEXKRRTERRAMR. I, A DA NOOC B, {XEEUEIIRIE X B
SEERTEHMEARRBEERFEAR, EAXAHNAELEFEMERNATER—D
T, F T E B Z B A X ZRSELREESHTEEFOTE B s NREFFREIX
BN A=,

SEik (References)

1] Zlatkova D, Nakov P, Koychev I. Fact-checking meets fauxtography: verifying claims about images[C]// Proceedings of the
2019 Conference on Empirical Methods in Natural Language Processing and the 9th International Joint Conference on
Natural Language Processing (EMNLP-1JCNLP), 2019: 2099-2108.

[2] Sabir E, AbdAImageed W, Wu Y, et al. Deep multimodal image-repurposing detection[C]//Proceedings of the 26th ACM
International Conference on Multimedia, 2018: 1337-1345.

[3] Luo G, Darrell T, Rohrbach A. Newsclippings: automatic generation of out-of-context multimodal media[C]// Proceedings
of the 2021 Conference on Empirical Methods in Natural Language Processing, 2021: 6801-6817.

4 BEMN B MEE F ETERNGEERENERTERNERD. FEEERZFREARZER), 2023, 30(06):
28-36.

[5] Wang Y, Ma F, Jin Z, et al. Eann: event adversarial neural networks for multi-modal fake news detection[C]// KDD '18:

Proceedings of the 24th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining, 2018: 849-857.



(10]

(11]

(12]

(13]

[14]

(15]

(16]

(17]

(18]

(19]

(20]

[21]

(22]
(23]

Zhang DY, Shang L, Geng B, et al. Fauxbuster: a content-free fauxtography detector using social media comments[C]//
2018 IEEE International Conference on Big Data (Big Data), 2018: 891-900.
Shang L, Zhang Y, Zhang D, et al. Fauxward: a graph neural network approach to fauxtography detection using social
media comments[J]. Social Network Analysis and Mining, 2020, 10: 76.
Jin Z, Cao J, Guo H, et al. Multimodal fusion with recurrent neural networks for rumor detection on
microblogs[C]//Proceedings of the 25th ACM International Conference on Multimedia, 2017: 795-816.
Khattar D, Goud ] S, Gupta M, et al. Mvae: multimodal variational autoencoder for fake news detection[C]// WWW '19: The
World Wide Web Conference, 2019: 2915-2921.
Sun W, Fan'Y, Guo J, et al. Visual named entity linking: A new dataset and a baseline[DB/OL]. arXiv:2211.04872, 2022.
Tahmasebzadeh G, Kacupaj E, Muller-Budack E, et al. GeoWine: geolocation based wiki, image, news and event
retrieval[C]//Proceedings of the 44th international ACM SIGIR Conference on Research and Development in Information
Retrieval, 2021: 2565-2569.
Guo Z, Schlichtkrull M, Vlachos A. A survey on automated fact-checking[J]. Transactions of the Association for
Computational Linguistics, 2022, 10: 178-206.
Muller-Budack E, Theiner J, Diering S, et al. Multimodal news analytics using measures of cross-modal entity and context
consistency[J]. International Journal of Multimedia Information Retrieval, 2021, 10: 111-125.
Aneja S, Bregler C, NieBner M. Cosmos: catching out-of-context misinformation with self-supervised learning[DB/OL].
arxiv:2101.06278, 2021.
Aneja S, Midoglu C, Dang-Nguyen D T, et al. MMSys' 21 grand challenge on detecting cheapfakes[DB/OL].
arxiv:2107.05297, 2021.
Aneja S, Midoglu C, Dang-Nguyen D T, et al. Acm multimedia grand challenge on detecting cheapfakes[DB/OL].
arxiv:2207.14534, 2022.
Akgul T, Civelek T E, Ugur D, et al. Cosmos on steroids: a cheap detector for cheapfakes[C]// MMSys '21: Proceedings of
the 12th ACM Multimedia Systems Conference, 2021: 327-331.
Tran Q T, Tran T P, Dao M S, et al. A textual-visual-entailment-based unsupervised algorithm for cheapfake detection[C]//
MM '22: Proceedings of the 30th ACM International Conference on Multimedia, 2022: 7145-7149.
LaTV,DaoMS, Le D D, et al. Leverage boosting and transformer on text-image matching for cheap fakes detection(J].
Algorithms, 2022, 15(11): 423.
Zheng P, Chen H, Hu S, et al. Few-shot learning for misinformation detection based on contrastive models[]]. Electronics,
2024, 13(4): 799.
Brown T B, Mann B, Ryder N, et al. Language models are few-shot learners[C]// NIPS'20: Proceedings of the 34th
International Conference on Neural Information Processing Systems, 2020, 159: 1877-1901.
Achiam J, Adler S, Agarwal S, et al. Gpt-4 technical report[DB/OL]. arXiv:2303.08774, 2023.
Li J, Li D, Savarese S, et al. Blip-2: bootstrapping language-image pre-training with frozen image encoders and large
language models[C]// ICML'23: Proceedings of the 40th International Conference on Machine Learning, 2023, 814: 19730-
19742.

wiE X



