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Abstract With the rapid development of the Internet and new media technologies, the dissemination of
news posts has become faster and more widespread than ever before. While these advancements provide

people with unprecedented access to information, they have also introduced numerous hidden dangers
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and challenges. A significant issue is the proliferation of unverified or deliberately fabricated false
information, often created by individuals or groups with ulterior motives. Such misleading content is
frequently mixed with legitimate social news, leading to widespread misinformation and causing
substantial negative impacts on society. Consequently, accurately and efficiently identifying false news
has become a critical and urgent task. Existing false news detection methods using large language models
either predict the underlying false news by generating comments or analy ze the context consistency of
news content. Although these methods have significantly improved the detection efficiency of false news
by utilizing text, comments, and other information and provided valuable experience for subsequent
research, they still have some unsolved problems. For instance, most of the detection methods that utilize
generated comments only introduce a single source or type of comment data as training and testing
samples, failing to fully cover the diversified features of comments in real scenarios, which leads to weak
generalization ability of the models. Moreover, compared with the weak generalization ability and
difficulty in dealing with complex scenarios of traditional methods, the existing detection methods
relying on large language models have the limitation that the extracted news semantic information is
prone to be affected by hallucinations. In fact, both the comments generated by large language models
and real comments have their own advantages. The combination of the two types of comment
information can, to a certain extent, make up for each other’s shortcomings. Therefore, this paper
proposes a multi-modal false news detection method based on multi-angle comments and three
perspectives. This method designs a dynamic comment interaction fusion module, which includes an
adaptive comment aggregator that can effectively mitigate the hallucinations in the comments generated
by large language models, and a self-attention mechanism that focuses on the important information in
real comments. By combining the e ffective content of both, it assists in fake news detection task. A single
perspective is always limited, while multiple perspectives often provide a more comprehensive view of
the problem. Therefore, inspired by year-end summaries and background checks, this paper uses self-
review, peer assessment, and comprehensive evaluation as three perspectives to effectively reduce the
hallucinations produced by large language models during use. The news information analysis and fusion
module utilizes the CLLIP model to align the news text, images and the news analysis information
generated by large language models to obtain separated feature representations for the text and image
modalities, and then achieves cross-modal semantic feature fusion between the text and image modalities
through a cross-attention mechanism. Experimental results on public real datasets such as Weibo,
Weibo21, and GossipCop show that the accuracy rates reach 95.1%, 93.1%, and 88.3%, respectively,
which are 5%, 1.4%, and 2.7% higher than the latest baseline methods, and 13.2%, 15.2%, and 16.6%
higher than the large language model baseline methods.
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AESEHARL L

N T BE S AL AT HU T 1 2 A s A s e AN
SCARLEXS, RIS BB EER, 70 R 2 S
s, 7R CLIP WU SRB AL 1 IR E G
S FFRE ST o e AT DA I b A SR T 1 A
Kot 5 R WU 2L RS SCR ], SEILES BSE
SRHRHIR BRI . B2 CLIP Bl gk Hbr e 4
JRR 5, HE 2 R 5 OR 2R 3, T2
W T AR AN AT RRAE . G, CLIPE 2
RVEREAAS SRR, 7T e 40l BE SR 72
AR, CLIP S SGVE RS ILAC, 208 T E ARG
S, Rk, FEE Swin-T KA EUR ) & 5T
AESG smS FER A O 250, T H] BERT W] A 3R
SORBR R X AR R, A BT AR SCA
T G A S R . AR CLIP f A
G R I 23 A B AN G B dts A5 2058 [ 20 b N
% T 4iF ) B ELERY AP 1% S B AE ) R
Eyx €ERY, d Jy CLIP BB NGERE . @i Pf
T 43 BT P9 25 s B R T R S A G B R ALE [
4% S R A 1) 2 M PR 22 ] SR ALE 1) £ T LA 4G
IMZ AR IR, Wl DR ) £ 525 S8 8080 7T DA &%
HOMA BRI b, IR £ PRI B X

E_.—E; OF, (15)
E,=E, DS, (16)

Hrb, E_ NESOEESCRRIE, Ep NESORZES
SEEACTE=
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3.5.2 PERIRHLAL &
T RS BEAS TR SC— Bt AT [ 4 A
a5 EBRHER L HR R, MitRENEES
T ORIBE, 1% A F X R) 1A X E & IFLEIE CA
JAH SIS S R IE AL S, W 8 . AUk
e P BSOS SCA 1) £ A P SRS R ) &= 4 )
TN FRATTH 2 ) 5% 52 2 (Projection Layer ) H it it
FFE—4EfE, HhHZEHMEREIER. PIER
it EIH—WZE . WER ReLU ¥i5 R EUAH K, W
B9 Ffra
E .= Projection(E”* )

T
E,, = Projection(Ep,;)

an
(18)

— )

K8 CAE 9 B
RJE NESCHRES CR MR E_ NEHEQ .,
FHE SR G R R E,, FNAE R K A
EHHEV, THE QM K Z R FIAHALEE 5 B0 R
softmax BRECH LA — N E K5, fHIXLE
BCE REOMBCRAVE RV, H A InAUREE A &
Atten (E__.,E;,) » FLUBEESKBIAE E, N
IR Q , B AR B, AR E AR
B AEREY, @R QM K IE H AL
5y BUG N H softmax o8 BUE A — 13 BIALE &
K, Al X A E R BOINBCRAME [ &V, Hdon

BURFE [ &4 Atten (Ey E..) <
0.,.=E._. XWT(?T*’KRI =Ey Wy,

Vi =E XWy, (19)
Oy =Ey *Wg.K_. =E_. XW}.,
V.. =E_. XW.. (20)
Atten (E__., Ey, ) = softmax [QTTTZKII”J g
2

O < K.
Atten (ERI s ETT* ) - softmax (T X VTT*

(22)

F, .=CAE, . .Ey) (23)

F,,.=CA(E,.E, ) 24)
WQA D) WR}j s W};/I ) W}S ) WIKI* ’ WIVI* e RL{”'Xd” ) WI:Q»r* s W[S 9

Wi W WELW L G N WU R R, d, o
TXEERSICA BTG E LR, n ik 1k
AN, d,=d, /n, F, . HESCEBE SRR,
F, . NBRSCEBERERR.

e P S A SO AR o A B SC I RS IS R
RO TN MLP PSR R4, R HUR S (KRR T
MLP & 22 H—E R Re LU W0 B4 $f
PP LA FR S B B SO Al R

F .=MLP(F, )®&MLPF, ) (25)
SRR
43 2K 5% BB I softmaz O B BT A B
FC B, o asm=REmnzE. piEiEn—
R JZ ) ReLU W05 A5, BT 43 1) T
BN F,  MECEBSHaRRE, ., s

TCC

BN RAF RIS H I REA TS5 Ry A

3.6

P SEARZS, § MR TARES, EHFm /ML X
Jo5 R B A R R B, LRI K .

F _.=F _.OF . (26)

§=FC(F,, ) 27)

L= ylog(MH+A1A —ylog(1—3) (28)

4 LEWERSHH

41 XHIRE

AR T Weibo21"”, Weibo™, GossipCop™™
SANTFEAREAT L, R A BT A S S
A PHEMEG R A BTG fESERIT
GHRT AR AT AR B, MR T S SOAR . PR ER
BR REA, ARG —Se PR AL U5 B S BORIE
AR TERAE R B IE T RE A . oS
BRI SCARBRIFE 200token, PRIJAZEAH A token T,
RS SCRA R B 5, BT AR SCHdE S 1)
SCARBRITE 300token » HENHT HAEAS [ B SR N
SR P TR, BEAAE, ERG AT
WHI KK A 200token, AREAMEA A BHITES
oy 84, BRIMAE VP8 B AU 2 T B ST IR Y
B, BAREMGIHE B WER 1R, WRgitE
B 2 Fros,

£1 BEESIHER

EACTES Fake True Overall
Weibo21 1922 2592 4514

Weibo 2805 3058 5863
GossipCop 3868 4331 8199
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&2 TMRGIHER

Hdidk A plitig HEWit Opverall
Weibo21 36112 20504 56616
Weibo 46904 34609 81513
GossipCop 65592 61684 127276

4.2 IWSHILESITEIER

LR 812 LRI RS S I AE . B
MSHECE T, BERT. Swin-T il CLIP ¥R
BN B, HAMATSEOR . 78 55w
JiH, &P “bert-base-chinese” X 1 SC i A2 14T
Gt s 0SS HAE AN AL HT “bert-base-uncased ” #5
ARGt . CLIP AR AL A {8 F v SO SRk
WX PR AN SR AR R 1) CLIP B N0 7048 FH 48 o
5 KIE S A (GLM-4-flash) #1195 SA 2
A CA JZh e b€ M RI4EEL d,=512, JERT
SN ON n=8. 1 KTE S A A PR Iy 1
TRUEPFE ) Z FEMEM A S, SRR I E 9 0.7,
R E N 0.9; FE BT RNy 1 DR UEAERA
PERIZ AR, REZOE X, KAREZERE N 0.1,
R E N 0.80 X =ANEH AT s
BBOE — 20, SO A RS S KE S
B (GLM-4-flash) B /R B RLSESC . S2 30 {8
Adam RACERFATRAL, EAREER 5X107,
batchsize ) K/NK 32, epoch A 5058, SEIFE R
Bt #% Intel Corei7-11700 &b FE 2% 2 NVIDIA GeForce
RTX 3090 %t (24 GB RAF) KR S5 &5 . SLI04E5 R
AL FRE TS Accuracy « Precision « Recall Fll Fl1-
score o
4.3 FLEARE

SAFE"™: 38 1L IR N T2 48 35 [ SCAHI It 7 40
WA B AN IR, )l B A A ST A AT A Y
SRBEAT SE AT A 1R 9 B e o R R H B R AR

= K

B/ o

SpotFake s #HH 7 —FhEEFHRFE H B0 2 4
SRVEHEZ, 5573 RIS BURT f SCAMU R R Bl
WS LSRR, PRl RIS 5 A R
Uk 7 B T SR 2 s i S I R ARG T A o

SpotFake+"": SpotFake (1 T4 iR A, 38 it 5 4
IR ISR, TRBEFZ IR SO R 2
(VR SCHSRNE, M 2 HTRRCA, iz RS g i
Mo 2 S 1 5 7 018 SCER S R IR Rl B2 AE

DistilBert s f{HR 78 SUAR P9 2545 4128 I 45 4
TN B TR AE SRR, O KRBT A I S 43t 1

MNP SC-AE AR SR A FE AT YIRAIE T T
o BT B R RS T B A A 3

CAFE"": $RH T —FhF T B SUR K 1 2 2
REECH AR MHESS, ZhAERA PSRRI S B
A8 HAS B AT R BT e AR o

MCAN"™: 3217 — R AT 0 2 B P R
FIREZE, JEIE AT B SCAR YR A« 23 (A IO BE 2w i
B8 AN B S 1) 35 SEIURFAE SR AL, FF R F S i
VR SN T R R AL A

FND-CLIP": 3+ 21 CLIPHEZE, 43 5H#2
HORL S R SCA (IR RN R, T BB A I8N
B INL SRR E ) 38 N Bh A TE A -

EANN®: i FIiE#% 2 51 () ARSI 0 P 4
O 26 L TE 2541 v 2% 380 PR R AE X B8 B0E R A 11
SN

BMR"™": RH CLIP BRFRHL % — A ¢
BARNAS [ ZRAL, BT A2 5] (SRS R I 4%
SEUARFAIE S INBUR 2 R A

LogicDM ™ #2 Hy—Fh & T 1845 ) 4 4 R £ A
B, SERCT AT ARREIE T A R S B AT

MRHFR™: # H 7 —Fh&h & 3 i SCA R B 5
15 B T8 o @l A SR 5 P VR 1R T 2 ok A W K
134T 1

FSRU™: KHIXE X L2z 3], R T R
P S5 3 A% Sk s i) AT T

AKA-Fake™: SRR 7 [ SC A ) 25 R 4% P
RA R B, AR A P 2 STy Ok
A YRS AN R

CroMe™: $EH 7 I FH SR 2 = A8 0 18 B2
SR RS N RIS (] (118 e &R, BRI EIG
SR 2 AN RAE 5 MR SR L A A S AL & R .

GPT-3.5-turbo”’: #& Open AT /A A LE 2022 4F 4
HH GPT R4 KiE 5 B, BT Transformer 4244,
1 1750 12250, A4 K0 B ARE 5 B -5 A ik
AR

GLM-4-flashx™: At RU R EERHT AR A
AT 2023 FFHEH I GLM &40 K, J& GLM-4-
flash FUSGE A, V3R 7 10TB K215 5 Hidinde
PEUR, STRP AT KA 128KB AL T SCHER, B4R
KIS 218 5 e

DeepSeek-V3™":  HIkT IR KR A T8 fg 3t
AR T IRA FLE 2024 45 12 A 26 H kA6, FE
FRIHNH L FIR A (MOE) 224, 164 6 71BN S5,
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FEAK SO Ab B AN 25 HE 2 45 22 AN ST S s 1 T
IRIIPERE o

Qwen2.5-32B"": &K BL3E ST 17 A BA T 2024
9 HAEH R TTIR AT REARL, SR T 454 MQA A
GQA HIREERE L], £ HRIE S SURE A
JT A 15 Tt

Llama3-8B™: H Meta 2 @4E 2024 4EHEH )
TR ROE A, BT O Transformer 42
Ky, ERKZIES S S m ek,
4.4 LRSI

N T RS IRFE R 45 R B SHaE v, A
SC IR IR I 2 o FEZR AR SIS 55 SR A5 R B SR R
s KR F FEAEB AL S 50 25 B ) H A 1 5 225G

APLHAIR 7 k58], AKA-Fake LA R A
TIREIRFRAX 2 B MR B, FreAeix B X
KRHT Accuracy 18br. SIS R TR, BT iEfE
ZANEREG R PRI BE MR . W
% 3P, 1E Weibo a4 HIHERIZIA ) 95.1%,
Lb 5B 1 FSRU BT 5% . 7E Weibo21 Ei#i4E
HERRIE R 93.1% , LEHCHTI CroMe B 157 1.4% o
1E GossipCop 4 FHERIRIAF] 88.3%, i
() AKA-Fake 88 & 2.7% o BT RAT0 BG4k
E LS S, A St 5 R AR ) R 2 o A
AP, XTI T RATIREA A T —E A
i, HEISRZ T B I 4

*3 BURE LARISAMSEIERIIEE

. Fake News Real News
e/ Method Pub.’ Year Accuracy — —
Precision Recall F1-score Precision Recall F1-score
EANN®" SIGKDD’ 2018 0.864 0.702 0518 0.594 0.887 0.956 0.920
SpotFake+ " AAAT 2020 0.858 0.732 0.372 0.494 0.866 0.962 0.914
SAFE™ PAKDD’ 2020 0.838 0.758 0.558 0.643 0.857 0.937 0.895
Gosding: DistilBert " arXiv’ 2021 0.857 0.805 0.527 0.637 0.866 0.960 0.911
0SS be) .
op CAFE" WWW> 2022 0.867 0.732 0490 0587 0.887 0.957 0.921
BMR™ AAAT 2023 0.895 0.752 0.639 0.691 0.920 0.965 0.936
AKA-Fake™ AAAT 2024 0.856 - - - - - -
Ours - 0.883 0.895 0.853 0.872 0.873 0.910 0.890
EANN®" SIGKDD’ 2018 0.870 0.902 0.825 0.862 0.841 0.912 0.875
SpotFake' " AAAT 2020 0.851 0.953 0.733 0.828 0.786 0.964 0.866
CAFE"" WWW’ 2022 0.872 0.851 0.830 0.840 0.889 0.903 0.896
Weibo21
€1D0. -
BMR™ AAAT 2023 0.929 0.908 0.947 0.927 0.946 0.906 0.925
CroMe™ arXiv’ 2025 0.917 0.944 0.917 0.930 0.880 0.918 0.930
Ours - 0.931 0.902 0.908 0.933 0.932 0.929 0.929
SAFE™ PAKDD’ 2020 0.816 0.818 0.815 0.817 0.816 0.818 0.817
CAFE"" WWW’ 2020 0.840 0.855 0.830 0.842 0.825 0.851 0.837
SpotFake' " AAAT 2020 0.892 0.902 0.964 0.932 0.847 0.656 0.739
MCAN™" ACL’ 2021 0.899 0.913 0.889 0.901 0.884 0.909 0.897
Weibo LogicDM™ ACL’ 2023 0.852 0.862 0.845 0.853 0.843 0.859 0.851
FND-CLIP" ICME’ 2023 0.907 0.914 0.801 0.908 0.914 0.901 0.907
MRHFR"™ AAAT 2023 0.907 0.939 0.869 0.903 0.879 0.931 0.904
FSRU™ AAAT 2024 0.901 0.922 0.892 0.906 0.879 0.913 0.895
Ours - 0.951 0.978 0.921 0.947 0.921 0.978 0.949

Ak, FRATHE FIRFELAR LAl B,
T 5N KIBFEAE L, HPaR 3 MEEK
BB 2 AN E A RIE S AL AR T Zero-
Shot. Zero-Shot CoT. Few-Shot 1 Few-Shot CoT
DA 3R 773X, Zero-Shot N B BB R K 5 1541 0]
WrBtlal, Zero-Shot CoT LARL4EEE 17 b KB
FAEROR LW HT 1, Few-Shot U A REAR 4R J5
X FEREOR N A, 2 DESSHER 2 AR

{5, Few-Shot CoT A/EEA N 4L 38R 5 =,
AR RINZE 4. R 5HFE 6 Fiw.

W LS LR BT iR 45 . SAFE MK S22 38 SCA M
PR ORI, HAEX T 3R ZFEAE B AR
LF AR F: SpotFake (W i L84 | SCAFIEIE, %
BISCIE LI R A R0 % 5E: ERASGERE
SpotFake + &6 K & bR G B G I 2k, X H S8 A
Moy R Re s CAFE B2 (1)K B B A i e A
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% 4 1£ GossipCop HiEE LRIKIES A FiARN LI R
Fake News Real News
EETE S LLM Method Accuracy — —
Precision Recall F1-score Precision Recall Fl-score
Zero-Shot 0.646 0.355 0.650 0.459 0.860 0.644 0.737
) Zero-Shot CoT 0.682 0.889 0.375 0.527 0.631 0.958 0.761
DeepSeek-V3
Few-Shot 0.717 0.827 0.508 0.630 0.672 0.905 0.771
Few-Shot CoT 0.716 0.852 0.479 0.613 0.667 0.926 0.776
Zero-Shot 0.681 0.780 0.452 0.572 0.644 0.886 0.746
- Zero-Shot CoT 0.651 0.784 0.359 0.493 0.614 0.912 0.734
Qwen2.5-32B"
Few-Shot 0.685 0.814 0.430 0.563 0.642 0.912 0.754
Few-Shot CoT 0.686 0.765 0.483 0.592 0.653 0.868 0.745
Zero-Shot 0.699 0.787 0.500 0.611 0.661 0.878 0.754
) . Zero-Shot CoT 0.677 0.783 0.438 0.562 0.640 0.892 0.745
GLM-4-flashx ™
GossipCop Few-Shot 0.674 0.814 0.401 0.537 0.631 0.918 0.748
Few-Shot CoT 0.667 0.712 0.494 0.583 0.645 0.822 0.723
Zero-Shot 0.673 0.737 0.521 0.611 0.638 0.819 0.718
ol Zero-Shot CoT 0.618 0.577 0.722 0.641 0.678 0.526 0.592
GPT-3.5-turbo
Few-Shot 0.707 0.405 0.562 0.471 0.851 0.751 0.798
Few-Shot CoT 0.700 0.877 0.424 0.571 0.648 0.947 0.769
Zero-Shot 0.627 0.887 0.240 0.377 0.589 0.973 0.734
. Zero-Shot CoT 0.635 0.841 0.281 0.421 0.596 0.952 0.734
Llama3-8B"™
Few-Shot 0.668 0.851 0.360 0.506 0.623 0.944 0.750
Few-Shot CoT 0.654 0.700 0.469 0.562 0.633 0.820 0.715
Ours — 0.883 0.895 0.853 0.872 0.873 0.910 0.890
F 5 1E Weibo2l HIEE LEIXIESRB AN LI RITEL
. Fake News Real News
PR LLM Method Accuracy — —
Precision Recall F1-score Precision Recall Fl-score
Zero-Shot 0.751 0.637 0.960 0.766 0.953 0.596 0.733
7] Zero-Shot CoT 0.771 0.659 0.952 0.779 0.947 0.637 0.762
DeepSeek-V3*
Few-Shot 0.763 0.658 0.919 0.767 0.915 0.647 0.758
Few-Shot CoT 0.773 0.666 0.935 0.778 0.932 0.654 0.768
Zero-Shot 0.759 0.703 0.905 0.791 0.863 0.609 0.714
- Zero-Shot CoT 0.763 0.692 0.953 0.802 0.922 0.568 0.703
Qwen2.5-32B
Few-Shot 0.751 0.739 0.782 0.760 0.764 0.718 0.740
Few-Shot CoT 0.779 0.734 0.882 0.801 0.849 0.675 0.752
Zero-Shot 0.653 0.597 0.972 0.739 0.919 0.328 0.483
2 Zero-Shot CoT 0.714 0.646 0.960 0.772 0.918 0.464 0.616
5LM-4-flashx ™
Weibo21 Few-Shot 0.729 0.668 0.923 0.775 0.871 0.532 0.660
Few-Shot CoT 0.720 0.653 0.948 0.773 0.901 0.488 0.633
Zero-Shot 0.668 0.563 0.961 0.710 0.941 0.452 0.611
o Zero-Shot CoT 0.763 0.663 0.900 0.763 0.899 0.661 0.762
GPT-3.5-turbo
Few-Shot 0.590 0.509 0.960 0.665 0.916 0.318 0.472
Few-Shot CoT 0.718 0.617 0.886 0.727 0.876 0.595 0.709
Zero-Shot 0.662 0.780 0.461 0.579 0.612 0.868 0.718
8 Zero-Shot CoT 0.692 0.763 0.566 0.650 0.649 0.821 0.725
Llama3-8B”~
Few-Shot 0.666 0.782 0.468 0.586 0.615 0.867 0.720
Few-Shot CoT 0.704 0.744 0.630 0.682 0.673 0.779 0.722
Ours — 0.931 0.902 0.908 0.933 0.932 0.929 0.929
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Fake News Real News
AR S LLM Method Accuracy
Precision Recall Fl-score Precision Recall F1-score
Zero-Shot 0.780 0.701 0.946 0.805 0.925 0.626 0.746
. Zero-Shot CoT 0.819 0.754 0.928 0.832 0.915 0.718 0.805
DeepSeek-V3™" .
Few-Shot 0.786 0.728 0.886 0.799 0.867 0.692 0.770
Few-Shot CoT 0.789 0.721 0.917 0.807 0.896 0.670 0.767
Zero-Shot 0.773 0.708 0.904 0.794 0.878 0.648 0.746
Zero-Shot CoT 0.757 0.679 0.947 0.791 0.920 0.579 0.710
Qwen2.5-32B"" .
Few-Shot 0.763 0.741 0.786 0.763 0.786 0.741 0.763
Few-Shot CoT 0.794 0.743 0.881 0.806 0.864 0.713 0.781
Zero-Shot 0.643 0.579 0.971 0.725 0.925 0.333 0.490
Y Zero-Shot CoT 0.702 0.624 0.969 0.759 0.939 0.452 0.610
GLM-4-flashx ™
Weibo Few-Shot 0.729 0.660 0.913 0.766 0.871 0.555 0.678
Few-Shot CoT 0.708 0.634 0.941 0.758 0.898 0.488 0.632
Zero-Shot 0.640 0.562 0.936 0.702 0.881 0.395 0.545
N Zero-Shot CoT 0.732 0.680 0.909 0.778 0.848 0.543 0.662
GPT-3.5-turbo”
Few-Shot 0.635 0.572 0.958 0.716 0.896 0.335 0.487
Few-Shot CoT 0.707 0.635 0.924 0.752 0.877 0.506 0.641
Zero-Shot 0.675 0.795 0.444 0.570 0.630 0.892 0.738
. Zero-Shot CoT 0.702 0.765 0.558 0.645 0.668 0.838 0.743
Llama3-8B""
Few-Shot 0.672 0.843 0.400 0.542 0.621 0.930 0.745
Few-Shot CoT 0.731 0.812 0.581 0.678 0.688 0.874 0.770
Ours - = 0.951 0.978 0.921 0.947 0.924 0.978 0.949

2 G EUSE PR EUA 728 MCAN i F Z 42513 ]
RIS, AEAERT 21358 B A A 2 A [R)vE
B AIHUERRE S ) 8 FND-CLIP MK #i CLIP &
SCXFELEE ST RE T, B TEIE R BT [ R AT [ B AR
AT JER; EANNMRASRE 2 FAR RS E R, %)
TR I Z AR ST BMR THRE I8 KK
HAE IS SMBEE X R, 7E GossipCop H#i4E
AT BAT T 1 SR T R R AT I A 1
ERAZ TRAT, NHEZESSHEFEAR, BT X
B S B TR A AL B RS B IAEAS, S EkAT]
MIFEAREIR BMR FiEHE D, KA TSE X XA
o] S A e s AK A-Fake B8 58 i SC I8 8] S0 A
G 7 BRI R AN, Sb K iE 5 B )2
1bfE 715 LogicDM RS RIE T @A S, fFIEXTE
BEAE A R SR A B 2 Ok RALEERE A R A 1)
#i; MRHFR 6 & %2 R S S E
W) G B A5 58 L8 5 FH AR B AR 1 5 2 25 1) R
FSRU 5 #0550 I ATEE 0 A7 2 Aar U BR[|, SR
KR TR TR 558 M EE ;. CroMe FIFH T
PR A% 4 A 8 1 I 5 50 TR R A 3R B 2 1 P S 3R
7N, FHET Transformer X El G4 AT AL EE, (H

e Bl B SO S B C AR e A2 H AT R B
ARSI LR, RS 5 ALK A Bh R BT IR Y
BWIREEE . KB SHRAENFIER FRE MR
HHT, AR B IRA T %
EL e GossipCop £#54E L, Llama3-8B 1) E 58T
5] Recall 48 AL T FATTHI 757%, VLI Llama3 £ 7E
0 0 AR KT I e R O T B F — e s fE
Weibo21 $i#54 I, GLM-4-{lashx 1A 7E 5 R8T
V5 P IR S A Dieep Seek— V'3 A5 70 7 S5 B SI28T 18 Fr 15 4
AT AT 3% #E Weibo i &Ed, GLM-4-
flashx #5888 7E %of R BRI 159 04 R A AR 0 SIZ 5 1) ) i 1
HER AR T FRATTH 7925 BIX YK i o S AR TR A
PIHER A F1 255 0 B A AT, FES
TR TR 287 I A AN L % B4 7 1 R AR e A 2R
A

BATV TR F H A FE AR [ SR PR G F

(D ANV A Ol I H & RS R
GaAbE T — oA ZINE R, A SA
JERCA ZEERET 5HENEMLHEEF G
B, E4ET AEESNHEER, BT
FI R VE & AR A V18 AR I 5 2 i /> 22 Je AT
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Wi SEZ e 55 R /R, SRS A

IHER 2

(2) = HE MBI KIE S BRI B 3 A [H
TR, FIH T ERIREE AR S LR SCHER 8
AJ DU g — #8705 AR R 2 A B e 4 U2 i
FAERIZISENAE, TTEAED T B i SRR
YU T L5 By i A A B AE 2 5 R BRI I 4 v
Hz e AE R . = EMMKR)E — ERLE

I, B B A PP R AL R A LA [ A5 2 i

SR IS T T TR NN S SRR N 3 & R PSS
3 T B 2 A7 R I IR 2 A5 25 1 SR SR i
TP EAL A PR I K e 7y . SRIRES R EoR, =
LA S B T A B RS RS I U7 i
£ B2 OB [ 15 SCAF 2 75 5 52 I 2052 5% W (14 R
BRAE.

)ALV R R B ri s ik, %k
HH BERT A Swin-T A 2R H 138 8 SCAAT &

FSa
T

MR VR U BRI R HRRIEE S, 9 T B IFE
SERFIE. T CLIP 1R B SO b2 > 1 2 B T
SRR R SRR 99 43 B H5cal AN [ G AT YD, AT
DU 35 it H AR S O SEARRAE , i I o b s
BT RVE SR SCA AL 245 B0 A KR
8 E N . ¥ BERT 4afil i SCAKHIES CLIP %%
T PR I 23 B B AR e D2, Ak T ST ) (1
FEAE 5 10 Swin-T 45 (1) BEUZFFE S CLIP 4afis (1)
FIGRFEpHE:, Btk 7RG MG R . e
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Fake News Real News
K Method Accuracy
Precision Recall F1-score Precision Recall F1-score
w/o S 0.808 0.615 0.623 0.603 0.874 0.871 0.869
w/oT 0.810 0.570 0.625 0.582 0.888 0.863 0.873
w/oZ 0.592 0.318 0.672 0.432 0.852 0.567 0.681
GossipCop w/o SA 0.852 0.910 0.771 0.829 0.809 0.929 0.863
w /0 cmts 0.854 0.730 0.510 0.600 0.876 0.949 0.911
w/o BS 0.802 0.862 0.716 0.777 0.758 0.880 0.811
w/0 mv 0.862 0.801 0.482 0.602 0.871 0.967 0.917
Ours 0.883 0.895 0.853 0.872 0.873 0.910 0.890
w/o S 0.870 0.816 0.912 0.857 0.920 0.845 0.876
w/oT 0.915 0.900 0.919 0.906 0.932 0.911 0.918
w/o0Z 0.706 0.595 0.955 0.733 0.941 0.523 0.673
Weibo21 w/o SA 0.831 0.756 0.884 0.813 0.899 0.790 0.839
w /0 cmts 0.876 0.888 0.773 0.823 0.853 0.948 0.896
w/o BS 0.806 0.830 0.688 0.741 0.798 0.897 0.838
w/0 mv 0.831 0.733 0.908 0.841 0.907 0.692 0.809
Ours 0.931 0.902 0.908 0.933 0.932 0.929 0.929
w/o S 0.931 0.925 0.936 0.929 0.942 0.923 0.931
w/oT 0.945 0.958 0.928 0.942 0.931 0.956 0.942
w/0Z 0.698 0.619 0.966 0.755 0.935 0.450 0.608
. w/o SA 0.852 0.856 0.830 0.838 0.844 0.872 0.853
Weibo w/0 cmts 0.934 0.956 0.900 0.926 0915 0.964 0.938
w/o BS 0.832 0.861 0.769 0.808 0.808 0.886 0.841
w/0 mv 0.869 0.929 0.891 0.910 0.895 0.932 0.913
Ours 0.951 0.978 0.921 0.947 0.924 0.978 0.949
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A R A B SR AR 1 SOZ T Lh e, IR AE
VB SCHIAULEE B AR T AR PP 18 AT LR D L SE P
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0.837 0.009
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Fake News Real News

Ak Accuracy

Precision Recall F1-score Precision Recall F1-score

cmts 0.795 0.832  0.708 0.736 0.720  0.840  0.753
g_cemts  0.810 0.815 0.722  0.737 0.743  0.860  0.773
mix_cmts  0.835 0.728 0.752  0.725 0.783  0.758  0.743

g_cmts—+

ormts 0.822 0.632  0.702  0.650 0.894 0.866  0.878

Ours 0.875 0908 0.846 0.867 0.836 0902 0.863
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