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Abstract

MKF G SRR (LVLMs) AR SCASHERR A 7355 7]
I 22 RS R (B £ RIS L B — AT B S A
SR, AN BT =Rk (1) A
= A0, (i) BTLIE B FSR R, PAK
(iil) 5IAMAER IR SR N TN T DiFaR |
— ARG TC R RUMELR , RS AR AR FLSL HA KA
HEFR VAR K A5 B AGI . DiFaR i F A4 2 441
7, M LVLMs Hi5 RIS, HafG— i
YR PR, R T SR A
VEPRAERR A . FEPUAS AT RO EEE B RET R RS R R T
DiFaR HPIAREL ISR L m i 5.9 %, I i Tl
AR 8.7 % o SIS AIIPAGHRHHIA DiFaR
TERTA =AY P 4w T .

1 5l%
KREVGE- TR F AL (LVLMs) FEZFh ZRSAL 55 P
57 SENTERE, X2 B R IR 2R g 1IR3
W. SR, EZHESEBERGERN (MMD) X-—F5%
KR SRR AANRLEE . AT SR E BT S5, HAK
BARERR  (Liu et al. 2025a; Li et al. 2025b) .

F T AR E F AR (LVLMs) fEiH 312
BB RAE B D), Bl i) TAERH T —FE
5, FF LVLMs 50245 0#5 (Zheng et al. 2025)
A, FAPRZ ) LVLM-as-Enhancer, 7EiX—HESL
Hr, LVLMs g4 A loCAHERE (B n] fRe v 21 iy i
fRRE) , ARG 5 IR HE SCRE RO, AR A iR
K gs . T EAER ] LVLMs (9Z ke S, [RI}
PREFAE 55 B ) Y

EARIX—JE W ILEEL (Tahmasebi, Miiller-Budack,
and Ewerth 2024; Hu et al. 2024) , HFEATRHIH =K
Bl BRI (AnE 1 R ), X285 RR AT T H 750
KN
o ZHEAIR. REEIATIESE T T 0l U gk 5

(Wang et al. 2024) FJZEAGANHT, XA BCEE oL

BRI KRR A . BBl O T [ E

A, BRI T TR AT R . N, BT AR

I AT A= 5 B A R RE R 2 AR HEE S (Wan

et al. 2024) .

o AR LVLMs 255 HI4I% (Jiet al. 2023)

, FFHAEA RS ERIESHE (Mallen et al. 2023)

AFFHINE . BB, B YE T BE 25| A S SL 4

YAl 7E https://github.com/whr000001/DiFaR #Hi.
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Figure 1: ¥£ [l T 2 B8/ (MMD) /Y LVLM-as-
Enhancer 5=, i}‘ﬁ,%TE/\?éﬁ%ﬂElﬂi, LB =N
FSCHERIRE 6, Forh LVLMs gl A R vk 2
PASCHRE TR I 2% o

R, AIMPEAR T i I A i 5E1E (Pan et al. 2023)

o AMRMF M. A MEHEEE S5 AT INEE X8 S
T XKWIE R, X RESIRILEE 2 5 JF ey 35k
HHMiZE  (Zheng et al. 2025; Xu et al. 2024) . XFf
AN B BAG T R S I, I T BB S ) LA
PERGIEAS -

T MRYCKSERR ], F AR T DiFaR |, o —-F
MMD FES, S7E/ B RE . F9E FLHIXC 03 . DiFaR
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HT I A A, DiFaR BIA 74305
R AR, R AR 5 AR O 3 0 A
BT AT AR, B SR R i LI
K2, HEHF IS B AT R (Min et al.
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et al. 2020) §FFHERL SR SCHE 2 [0 SURTDLEE . 78
PRI AR, AT LT o

Fell T VU2 B0 K L BB 16737 508
PN T EATIE s N e
1, DiFaR 20T A A R LA,
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F Al 5.9 % BUAMIXIERPE. BEOh, IF DiFaR B &
FIPAG RN he] SEI ik 8.7 % HUTEREFRTT . I EhAF
FEUESE, DiFaR A4 A~ (R S RERR AT B SCRY BTk .
Pt tr, SN, Bk T DiFaR $271 74
ISR ZAEE . FLSE PRI Pk

2 Jjikie
2.1 HigHR

FRATHE MMD {15500k —A 4 . 454 35 1 52
B — AN SCASGLEERI— AN R 4L, A2 i
%ﬁl‘%ﬂgﬁi‘&o ﬂ:/;;—EtJ:; ﬂ: ptrain = {(Ev ‘/;a yz)}i\[:“iam
FR BB Nipain A C AR HE S0 M5 SE
Hop T, BScA, V BHIXER, Ty € {01} BE
Schpss . —ANEAZH 0 WIS IES £ B0
BB ply | T,V £,0) , HbrERAAN 4
Diest = {(Ti, Vi, yi) iyt _EROTIMHER T

W 5E AR SLH] (T, V,y) CHT N, HHsTR
Bl), G IZRNEE  (Chen et al. 2022; Wang
ot al. 2023) ¥ FH Vi 25 9 TUI Sk 1) 2 0 RS HEA T
Py, PAEREESFOR ¢ (SOR) Flv (FE1R). XL
RS B O N A R h o AT
i%@ﬂﬁoﬁwmﬁ%mmyM@mmTyﬁﬁﬂa

LVLM-as-Enhancer Ji=Ci# 3 #H LVLM G N# A
SCENAE SRR R =G(T,V) kP X —ix . 4
J5, RPN r o, Rl R L TR A £
FERE MR AR T, AWM AR FER b o BAX
B 2R sl PR E)  (Hu et al. 2024) , {HIY
A4 %% 7 A T Ak B R U A 4R SR TT B FR i TN &2
FEALPR A2 . B, EFND (Wang et al.
2024) 5IA T —AEEpBE, L1 TRTIRRHER, H
AT BETOEAE ) ) A P A, TR R I S
PEWERE  (Zhang et al. 2021) ,

2.2 DiFaR fiZ

K 2 iR T DiFaR AUSEIRELH , 1ZHESE B Fa ks
Z A A B R PN 250 2SR B ge e, R
FP PR PRI AT 8 R

T RS S MIER R 3N, DiFaR £RE Tl I%

K280 — AR, T AR E 45 g5 AR .

S — BT SCE (T, V, y) Fl—2H M LVLM A i

AR L, FRATE R A T TR AR SO A GE

PPAE R A T = [T; Ry; ... Ry, KGR A%

HAKIES f .

BRI AT VE B H AR TR ke gs, (HEdz

TS R

o WIAKELR., FZRilgs, HlankT CLIP (Rad-
ford et al. 2021) PRGNS, HA A 1K) S REER i (51
7T AR, RSN KIERENE A (Chen
et al. 2022) ,

o I FESURE . ERERIREPE A A SO T REAE AR AR b
B FeIT . Seriffrss i, 72 a0 2
LW R T HFEB (Shi et al. 2024) o 57
BRI HE TS R TR, I HA KA fE
P A ANk f R T o

N T MR LERR ], DiFaR fER)2 R 1 S04
& HAKUL, FATECIFHERNEMA T 2FI n 4
ATty o BT BN R0 BT A )
T AT b, AR IR R 2 BT AUE i
RITR:

t=

Z encoder(t;), (1)
i=1

S|

Hp encoder(-) Fnm) TR mMAS: RN LI,
FA1# 1 T DeBERTa (He, Gao, and Chen 2023) .

K — SR WA I 48 BE A% A0 FRAE R K B s A, T R
TXIFRFI S M B 7O B R A R . S5
DiFaR 7] AR (e 45 & 2 FhBE By DA SRS 205 BRI .

2.3 T CoT i FEfk

Tl R T 28 A A0 A P 2 A Al i I S ) B
M E R EAYE (Nan et al. 2024; Wu, Guo, and
Hooi 2024) o B4, (] 2 FOUL G AT DASR (L AR LR
XA REHE— A an TR BRI . e, FRATSGT T
TAELERE (CoT) $rn, M =K SORNE.
TN TSRS —EE, DR —HZ R 5 E S
AR {R; 1)L,

BEAMERE R, 2l S50 2R AL U . 15
LVLM B 7s A8 E 14/ B2 B il S (Biltn, <oy
Mk e B SCE AR ), 7 AE— A PRI R, R0y o
IRJG, BORBEARURYE X — 20T AL SCR B FLIC T
FIRr e EH e, ER Ry o SERRIOHERE R; il id %
2 Rj0) A Rj1y TR

N T SUIER Z R, FATBOT T IR . XT
SCARNZE, XN  LVLM 6 5 g 15 S K
MEE RS, W (1) 1R (Toughrai, Langlois,
and Smaili 2025) A1 ( ii) EfE KK (Piskorski et al.
2023) o XFHANE, PR R BR AR R,
Froalimad (i) YHiEs (Ma et al. 2024b) #1 (
iv) FG 4R (Abdali, Shaham, and Krishnamachari
2024) . o, AT REAUSH —BUE, RATEET
(v) — IR SORE BRI S B2 ) — Bk 4o,
2% 2L (Liu et al. 2025a) o PEATRGHRRTEM
SR )

F 1197 47595 FORHR R R B0, TR
VX A A RIS, AR HERLZ BV A
DiFaR f3& WA J) o XS RTESOA . s RS
YERE 51k T HAMYILA, AT AR B M R s i A
T2 R At P 5 SR Bl U

2.4 Bl yeE
BEIRT DAE HSR AN RGBT R AN A, (XA
TEATAEPIA R T k= S0P (Pan et al. 2023)
HERZAHIKNE  (Zheng et al. 2025) o Sy T f#HLIX L[]
AL, BATRA T AR TR e fE . BRI,
FATE IR R I m a1 {refi,  TERIA PR
I EARMEAR AT GRS {re}l, , MESNE
E SRR R T AR R i TR L
i et F ) TAR 2 Y o

H1 %)%, LVLMs ] A4 il A7 iR ) 1, A
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News Article . ! Enhanced News Article

[ things that my dad was working on this handicap logo

Predictions

=

Please describe this image in this piece of news.

GMultiple CoT Prompts

The image shows a juice pouch standing upright on a wooden

[ News Content I Image

The use of everyday items is likely meant to
be humorous ...

Trainable Detectors [ }
[The image shows a juice pouch }

<=

standing upright on a wooden surface.
More Factual and related sentences...

Diverse Rationales

surface. Two yellow straws are attached to the sides of the pouch,

resembling the wheels of a wheelchair... Visual n | Post-hoc Filter Strategies
Based on the analysis, determine whether this news Content = - N
with text and image is fake or real. Meanwhile, 1 Obiect | ng { q . —
provide a comprehensive explanation. L,,,,,,,,J,,,,,,,,,J i FaCtuahty Filter @ 3

0 o Cross- (T p 4

We can analyze the elements to provide a comprehensive 3 ) 1 P

explanation: LVLMs Modal L,,g?fl,s,l,s,tfg?z,) 1 ? Relevance Filter |

1. **Image Analysis**: The image is a creative representation of a T g L )

wheelchair using a juice pouch and straws... @ Textual \ﬁ?ﬁl}!i’lflie’{liﬁj @& G

In conclusion, based on the analysis, this piece appears to be more Content Pronacanda | ﬂé P

of a personal or creative expression rather than legitimate news... :> Lf{‘?gﬁafff J |::> Tokenizer

Figure 2: DiFaR fffid. HEZRGE A 7 —Fh i) FEA RN 5, SCRMEEACRAN A HERRNR . BRI oM B e 4
BT AR B R, 08T 1951 K M DL (R S PR S

Methods Fakeddit FakeNewsNet FineFake MMFakeBench

MiF. MakF. MiF. MakF. MiF. MakF. MiF. MakF.
InternVL Zero-Shot | 70.142.4 68.9429 | 74.5434 699433 | 70.8402.1 70.742.1 | 77.5425 77.5424
InternVL Few-Shot | 70.1436 69.6438 | 77.0422 72.043.1 | 714407 714107 | 7241407 722495
InternVL Retrieval | 60.61+3.3 55.443.2 | 64.1429 61.1433 | 70.541.3 70.441.3 | 63.6429 62.1430
Vanilla LVLMs InternVL Self-Refine | 59.7430 57.9430 | 68.9428 65.5423 | 67.342.8 67.3428 | 64.641.7 64.641.7
GPT-40 Zero-Shot | 78.141.5 78.0x1.4 | 84.0x1.8 77.3x3.0 | 753434 74.513.6 | 80.943.4 80.713.4
GPT-40 Few-Shot 789423 788123 |80.341.4 72.7431 | 7734459 76.8,44 | 82.3431 82.2130
GPT-4o Retrieval 641436 63.443.0 | 81.841.7 748423 | 745418 73.9+1.8 | 72.943.4 729434
GPT-40 Self-Refine | 77.6410.4 77.5104 | 81.2106 73.8415 | 73.2430 722429 | 782133 78.14133
MMD-Agent 68.9+1.9 08.841.9 | 674142 604145 | 641404 641424 | 753442 75.1ia
Enhanced LVLMS Knowledge Card 52.1i3,7 42-4:|:3.6 73.8i3,4 67,7:|:5,3 64.5i2,2 64,4:|:2,2 57.3i2,3 56.3i2,7
CLIP 86.0+2.4 859424 | 86.641.6 82.341.4 | 75.7433 75.543.4 | 84.3424 84.2424
Trainable Detectors CAFE 874.,,, 87.4,,,|868+08 82.8+1.2 | 762127 76.0x27 |85.4,,, 854,,,
COOLANT 86.442.3 86.342.3 | 85.T+1.7 813419 | 762421 76.142.1 | 83.24021 83.1421
. EARAM 82.6i1,9 82.511.9 82.9i2,9 77.513,0 73.8;‘:2,4 73.7:‘:2,3 78.9i2,0 78.8:‘:2,1
LVLM-as-Enhancer EFND 80.3+1.3 80.241.2 | 87.61, 841,50 | 759423 757123 | 76.5125 76.1132
DiFaR ‘ 90.842.1 90.842.1 ‘ 89.311.9 85.549.7 ‘ 81.2416 8l.141.7 ‘ 9044110 904110

Table 1: DiFaR FIELLRAENUAS) 12 6 H ) 2 A S5

ESERs YAk € M iE SR

“MIF.” %u “MaF.” /\EU%E—;TZIEF:

YRR FL 8. MRS RENERE, underline 7R3 “(EMEAE. DiFaR fERIEitAy L 9l 7 —Eek

# iElmEH_“ 59%0

HIF . MR Min et al. (2023) , FATHABSNHRITRR IR

(KRR SEETRY) K HFk— . AT T v
5 TR p PBRESCH (dF o, RSB SRHE

(2)

sg(r) = Jnax fact(r | d;),

, Horp fact(r | d;) LT r 530K di Z [ RYFESERT
56, AT THPIA HAME S BRLT: —or
3472588 (Schuster, Fisch, and Barzilay 2021) , T

PRAG SCREO A7) T B SRR AR, DA R — A B 4R A A
(Feng et al. 2023) , F T3] 1045 ORI RICR «
fact(r | d;) = % (stance(r, d;) + summary(r,d;)) . (3)

o AR BORTEAL R [0, 1], B ERITE
BB, Tl AR S AR AT 50 % B9

by
T € R if k€ top-50%;(ss(Te)). (4)

TEHLBE RS, LVLM A B 4 3 v fE 5 4R A —
2}, U S5HESCEIL KSR ENE . T iR
B, FRATTam A T E S SR A 1) TS5 g A
:r$Tmm%@oAW%% BATRA T M) 2
HJ7vk (Lewis et al. 2020) , % F 3T i i 25 1)
W BRURIE i A, R 5% s I AR A -

Hp, encoder() gLkl MPNet (Song et al.
2020) o B RN HERE S Hy A SCEE 2 A B R A

SUMSERE, FMVEIREIRT 50% #I T

3 P
3.1 SR

Bl e . FATA YA AT Y Bs & E AL DiFaR Al
PR B LA AL Fakeddit (Nakamura, Levy, and
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Wang 2020) . FakeNewsNet (Shu et al. 2020) . Fine-
Fake (Zhou et al. 2024) F1 MMFakeBench (Liu et al.
2025a) o A THASRRERIPENEER , FATHEFT T ITAG
FARE TERE R B AT 22 A R R TEA (5 B TR
Py At

LA FAT 1 DiFaR 5 PR ek i &b AT R : (1)
Vanilla LVLMs: InternVL V3 (Zhu et al. 2025) #] GPT-
do, MEMIEBFEASS], /IMEARS] . KR (Lewis et al.
2020) F1HF M (Madaan et al. 2023) #7555 (ii) 350
f) LVLMs: MMD-Agent (Liu et al. 2025a) Fil Knowl-
edge Card (Feng et al. 2024) ; (iii) A YIZRIFEM £
CLIP (Radford et al. 2021) . CAFE (Chen et al.
2022) il COOLANT (Wang et al. 2023) ; PAJK (iv)
TR 2 LVLM: EARAM (Zheng et al. 2025) il
EFND (Wang et al. 2024) . J:ZR1EA01E HAE I S
fefit.

W . FAEH GPT-4o fE24 DiFaR #y 3% LVLM F
To HRAFILE, FrA R as e & bA—
BB S EOE VT . T VLM 3, A1E
R BB A F ECR do_sample [iLHE N False 4%
FHRAE, AT PRAR E PR AT B . PP gt
T RSN SIS A SR L E

3.2 DiFaR o450

BAVEFAE 1 PJR/R T DiFaR Flf et i) B aE .
Al AUk HA R m Wse e 1. FERT A il
B T YIS 2 s HE e G sl ST M, FERN S
HEMN Hr323r DiFaR o k%8 T E IR I R ) R
INEA R, P  HE LVLM AR FE A
B IR A

AR LVLM H58 Lz e i @, (AR Em 2,
PUA 1Y) LVLM 358 7 ¥E 0 R AR AN andi A5 it
PARTE LVLMs. X RIFERRE Iz Lag iR
2, AIREAE TR RS P s AN R T AR S 2
1, EARAM (U &yE&HMERMAN e, 1 EFND )%
HT ARG KA B E T X PR YEER B Z T2 0
AR A . FRATIAERT , A e R A g JR g S el 2
BN e IR A MR . X80 % P B Bk T Fd 13k
11 DiFaR Wshtll, B7E@EsE LVLM A iR £
FEME . SRR S R R M 225 1

DiFaR k3| T &b 1 RE . DiFaR 78 Frg P4
PR TR L, ey F1 S80S 7 1.9 %
£ 5.9 % WM. [EAEERIE, FRECATIE R T
LVLMs FERZHEEMENK PR IUAME, XFEH LVLMs
A Ak L S S A B RO B 1) L S A A R M
X LEZELGRE T LVLM-as-Enhancer yusUH9 B 20, 7
EANE A, AN S Y G iR g S A AE— i .

3.3 WEMYET ZHER RS NS

DiFaR #{ % 11k 36 25 AT o] w] YIl 2k 1 46 0 2 A1 AT: 4]
LVLM AE iy iy, S TP HGE R, TP T
DiFaR A& A B R -5 25 R I 25 56 U I RCH «

W 2 Fiw, FA1GH =AM et R, (i) DiFaR
SFRE T A TR es g vERE, sk 8.7 %
o X FAHHAE Y LVLM-as-Enhancer 5= ¢ g8 BR 1 5
AR, FHRELE S FhEEM R m ke e pE . (i) 7
COOLANT., CAFE #1 CLIP ., M:REMZEE W,
AE CLIP 23 3858 5 PR S B PR . X R IH B4
TR PRSI 25 5 ) ] e A By v B B 5 0 T A AL

CLIP CAFE COOLANT

4 ,,r' 4 ,’I' 4
] II Error: 10.80 | H' Error: 10.11 ] Error: 9.49
] HHH Error: 6.70| ] I_,ll:u Error: 7.23 | ] u IEm)r: 4.98
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Confidence

Figure 3: BAT Al YIIZpAe I 25 (647 HI TG DiFaR 5581 11
ROHEERE. “IRE" R EMERMENRZE (ECE, x100
), BURHIE RN AER . DiFaR AN & 1 A
ik, MR 1 EAR AT T R .

bl
S o

e o
n

Enhanced  Original
Accuracy  Accuracy
S
3%

e e
n

Confidence Confidence

X I35 i R RS BT S Sl P R T Y
WFFE—8. (i) FEEIT AR A Bt TR Te iR s el
frfERE, HLEAERLNTIL T SRR T, XRE TR
TR A B2, RS S S REIE . ELSCPERIA 1k
i, RIS AG I et T m] SE SN RRE i

B T HERRPEZ A, FATTIAGE T DiFaR PPAGAS D45 7EHY
SIS P AT A BE o FRAT LA R AE 2 (ECE)  (Guo
et al. 2017) KEALIX—pi. WK 3 R, 5]A DiFaR
Ja, Rl g ERCR IS T, ECE B i % ik
47.5 oo XLELERLIR, DiFaR AR S T N PERE
AR TR R AT R AT R

3.4 WREsE
PTATHAT T —WHALAT Y, PAIEAS DiFaR Hrdg A2
M DTk . FAACRDL, AT RIS E: (1) HERAEE
1) CoT FRBHIA AR CoT $ir; (ii) LK
PEFIAH SRR g oRms s (iii) (13 A 4524878 LVLM
AERCHERE (ED, 8 5 X WA SCAR R EG B3 T 2 2
Bl RN, SRAtEmEAmRE. ) PA (iv) FIFFIRRY
InternVL V3 FiFIE GPT-40, FAHEFE 6 TIHRET
FineFake $ilifle ISR, SeRERAET kb dt. b
FREERIER, BT EMEE A SRR, A g R EEZ
i, XGRVE THEBLZ AR, FESCPERIAE & M) B
BeAk, ZEr DiFaR AL A APE R ZRE LT &
FEPERE TR, BORTRRIERTTE 5.8 %. X SghRE
S0 DiFaR g8 MEAE sl LVLM {E 3453
KRR TS T X EEH .

FATT#E—251F A DiFaR &5 b i T A4 iy 21
A BREG A . S SRR PR )8

3.5 B4 HPEVEAS

AT E eIl B DiFaR A s HEPRAG R & . AL,
BATX = ALAE R RAF B XU & KA1 N TIEAl.
PERE T YRR B HEREEA T LU : (1) DiFaR : fy DiFaR
R R e R (i) JEZk: B EFND A pify
MR (i) B MEA—BEMLEEU A RE AR B AR
PAS (iv) 98 72N T B SRR & At g A% 15 B
DiFaR A i HERE .

FRATHEATPULH B % : DiFaR vs. Baseline, DiFaR
vs. Single, Filtered vs. Baseline, PAJ Filtered vs. Sin-
gle. XFFAF—XF, % ZER AW RS BE i X 56800E
B SCEE R E S AT B, UE AR N R S LT
R4y, Ayl 25 EYeE . WAL PSR
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Models Variants Fakeddit | FakeNewsNet | FineFake | MMFakeBench
Original 86.042.4 86.6+1.6 75. 7433 84.342.4
MMD-Agent 825120 (4.1% 1) | 834117 (3.8% 1) | T1.7127 (5.3% 1) | 82.2414 (2.5% 1)

CLIP Knowledge Card 84.1:‘:3,6 (22% \L) 84.5;‘:2 6 (2 5% ) 74.6:{:2 1 1 5% ) 84.2i2 5 (0 1% \L)
EARAM 826105 (4.0% 1) | 83.8122 (3.3% 1) | 734125 (3 0% 1) | 81.8%1.6 (3.0% 1)
EFND 83.8105 (2.6% 1) | 844110 (2.6% 1) | 734417 (3.0% 1) | 827215 (1.9% 1)
DiFaR 85.312.2 (0.8% 1) | 84.6110 (2.3% 1) | 77.1221 (1 8% 1) | 8521417 (1.1% 1)
Original 87.4421 86.8+0.8 76.249.7 85.440.7
MMD-Agent 85.8122 (1.8% 1) | 88.4511 (1.9% 1) | 741100 (2.8% 1) | 84.6124 (0.9% 1)

CAFE Knowledge Card 85.4i3,0 (23% \L) 88.5i2,1 (2.0% T) 76.6:{:1_8 (05% T) 85.3i2 7 (0 1% \L)
EARAM 858115 (1.8% 1) | 87.610.0 (0.9% 1) | 73.942.5 (3.0% 1) | 84.7225 (0.8% 1)
EFND 86.5516 (1.0% 1) | 88.5x0.0 (2.0% 1) | 75.0415 (1.6% 1) | 84.9:2.0 (0.6% 1)
DiFaR 90.512.0 (3.5% 1) | 88.8+16 (2.3% 1) | 80.2x1.0 (5.2% 1) | 88.6116 (3.7% 1)
Original 86.4+2.3 85.7+1.7 76.242.1 83.242.1
MMD-Agent 855105 (1.0% 1) | 87.5111 (2.1%1) | 75.242.5 (1.3% 1) | 85.3225 (2.5% 1)

COOLANT Knowledge Card | 85.6425 (0.9% ) | 89.211.7 (4.1% 1) | 78.242.4 (2.6% 1) | 85.042.9 (2.2% 1)
EARAM 845104 (2.2% |) | 87.9410 (2.6% 1) | 76.012.7 (0.3% 1) | 85.8415 (3.1% 1)
EFND 86.9416 (0.6% 1) | 88.7113 (3.5% 1) | T6.4425 (0.3% 1) | 85.1x2.6 (2.3% 1)
DiFaR 90.822.1 (5.1% 1) | 89.3110 (4.3% 1) | 812116 (6.6% 1) | 90.411.0 (8.7% 1)
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Dataset | Orig. | Consis. | Textual | Visual
Fakeddit | 90.8421 | 5 f%lf 5 ‘280233 900.'72%15
FakeNewsNet 89.3+1.0 83 gﬂ%f 8(?, .590/i02f 8(?5%2l0
FineFake 8l.2116 8E .501%:)17 72? .240/i01j 8(;)..58%15
MMFakeBench | 904510 | )05t S b 51%18 % 5%10
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&%/ working on this handicap logo ‘

Single Analysis
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To determine whether this news is fake or real, we need to... |:> x
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Datasets | # Instances | # Fake | # Real

Fakeddit 1,000 500 500
FakeNewsNet 985 275 710

FineFake 1,000 500 500
MMFakeBench 1,000 500 500

Table 5: FHEERZIHEE .
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Models Variants | Fakeddit | FakeNewsNet | FineFake | MMFakeBench
DiFaR 85.3+2.2 84.641.9 771421 85.241.7
w/o Multiple | 84.840.2 (0.6% 1) | 83.612.4 (1.2% 1) | 72.615.5 (5.8% 1) | 81.821.6 (4.0% 1)
CLIP  w/o Filter | 82.815.0 (2.9% 1) | 83.720.6 (L1% 1) | 72.7155 (5.7% 1) | 82.021.0 (3.8% 1)
w/ Vanilla | 83.115.2 (2.6% 1) | 83.712.0 (L1% 1) | 73.010.1 (5.3% 1) | 81.722.0 (4.1% 1)
w/ InternVL | 83.745.5 (1.9% 1) | 84.811.0 (0.2% 1) | 77.512.2 (0.5% 1) | 85.212.0 (0.0% 1)
DiFaR 90.5492.0 88.8+1.6 80.2+1.9 88.611.6
w/o Multiple | 88.9:12.5 (1.8% 1) | 88.551.7 (0.3% 1) | 78.311.0 (2.4% 1) | 87.522.0 (1.2% 1)
CAFE  w/o Filter | 90.810.7 (0.3% 1) | 88.910.2 (0.1% 1) | 78.0x2.5 (2.7% 1) | 87.621.6 (1.1% 1)
W/ Vanilla 83. 6:{:2 6 (7 6% ) 88.0:{:1,5 (09% J() 7348:&2,3 (80% \L) 83.5j:1 9 (5 8% \L)
w/ InternVL | 85.710.2 (5.3% 1) | 88.721.0 (0.1% 1) | 78.821.5 (1.7% 1) | 86.413.1 (2.5% 1)
DiFaR 90.842.1 89.3141.9 81.241.6 90.441.0
w/o Multiple | 87.841.2 (3.3% 1) | 88.741.3 (0.7% 1) | 79.611.4 (2.0% 1) | 87.925.5 (2.8% 1)
COOLANT w/o Filter | 89.9:0.5 (1.0% 1) | 89.210.0 (0.1% 1) | 78.911.4 (2.8% 1) | 88.5202 (2.1% 1)
w/ Vanilla | 83.415.0 (8.1% 1) | 87.111.6 (2.5% 1) | 76.712.4 (5.5% 1) | 84.2251 (6.9% 1)
W/ InternVL 85.7:{:1_9 (56% J,) 87.6:{:1,5 (19% J() 7949:&2,3 (16% \L) 85.3i3 0 (5 6% \L)

Table 6: DiFaR IS ELFSY .

Hyperparameter | CLIP | CAFE | COOLANT

Optimizer Adam | Adam AdamW
Weight Decay le-5 le-5 5e-4
Dropout 0.5 0.5 0.5
Learning Rate le-3 le-3 le-4
Batch Size 256 32 64

Table 7: ELWHESE.
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