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Abstract Fake news detection, as an automated auxiliary tool, can reduce the cost of manual
review, enable intelligent upgrades to content moderation processes, and provide crucial technical
support for building an efficient and reliable information authenticity assurance system. However,
current content-based fake news detection methods mainly focus on semantic understanding of the
news text, lacking in-depth exploration of the evidence behind the authenticity judgment, which
leads to insufficient detection accuracy. Although some studies have improved detection
performance through external evidence retrieval, the introduced noise has affected the accuracy
and reliability of results. In recent years, large language models (LLLLMs) have demonstrated

W Fe B 9 - 2025-03-14; 7E 28 & A B 1 . 2025-10-23. A AR 31 H 5 H S8 BF 5 3 4 (No. 62102159) WAt H 48 B4 3 4 (No.
2024AFB957 A1 No. 2023AFB1018) & #h A AL SR A fF AR 364100 H (21YIC870002) % B B &, 11, \l %4 b =5 HL
22 (CCFY 23 By, EBFSEATISON HERE 2R 50 B BT A L P R 24 2] B2 . E-mail: cindyma@zuel. edu. cn. ZERRF . A1 A 5%
A, FRBLAF ST AR R AN . T GEASVE D » T M, R & (CCF) & 5t FBEF 5 400 hy 2 M P s 0 175
TR RS AT R HE. E-mail: jfzeng@cenu. edu. cn,



366

L
&

12 N ) 1

exceptional language understanding capabilities, offering new avenues for evidence discovery and
effectively mitigating the noise problems introduced by external retrieval. In this context,
following the idea of collaboration between large and small language models, this paper proposes a
two-stage fake news detection method based on evidence generation and semantic fusion, named
CollabDetection.

evidence and fine-tune pre-trained small language models to encode and integrate the features of

It explores how to leverage LLLMs to stably generate high-quality potential

both the evidence and news content, thus fully utilizing the strengths of both types of models. In
the evidence generation stage, the method first defines seven evidence evaluation dimensions,
including information accuracy, contextual relevance, and source reliability. Then, a sample-
level adaptive context construction strategy is introduced to dynamically select and optimally order
examples, enabling LLMs to generate ordered and high-quality contextual environments.
Finally, simulating the human multi-expert decision-making process, a generative adversarial
negotiation framework involving multiple LILMs is designed to generate comprehensive and
reliable multi-dimensional evidence through multi-round adversarial negotiation, effectively
reducing noise caused by hallucinations. In the semantic fusion stage, RoBERTa is fine-tuned to
These
features are then fully fused using multimodal factorized bilinear pooling to improve the efficiency
Twitterlb,

Weibol6 and Pheme9) demonstrate that CollabDetection significantly outperforms the baseline

extract features from the news content and the generated multi-dimensional evidence.
of information aggregation. Extensive experiments on three real-world datasets (i. e. ,

models based on content semantics and feature fusion. The F1 score improved by 2.8% to
46.6% on the Twitter15 dataset, by 0.3% to 34.2% on the Weibol6 dataset, and by 3. 3% to
59. 3% on the Pheme9 dataset.

Keywords fake news detection; evidence generation; semantic fusion; adversarial negotiation;

adaptive in-context construction
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RoBERTa 0. 940 0.958 0.919 0.938
GPT-3.5 0. 685 0.634 0. 865 0.731
GPT-4o 0.725 0.709 0.757 0.732
Llama 2 7B 0.503 0. 500 0.932 0.651
Llama 3 8B 0.691 0.694 0.676 0. 685
Qwen2.5 7B 0.611 0. 690 0.392 0. 500
RDEA* 0.855 - - 0. 880
CausalRD* 0.862 - - 0. 886
CCFD* 0. 856 - - 0.877
SBAG 0.917 0.928 0.917 0.921
GACL* 0.901 0.877
IRDNet* 0.917 0.917
Search 0.846 0.859 0.824 0.841
mLLMNego(Ours) 0. 886 0.913 0.851 0. 881
CollabDetection(Ours) 0. 966 0.973 0. 959 0. 966

4/ T SR A T 2R/ N S AR R Y 22 8E L DA
SCHT LA UEHE VT AR 48 B AT R DL gt 2R
TS A PR 5 AR ) 22 4 FE UEE RE A% T 42 T b
T2 K (BT TR 5 DT Sk 2 B2 P g AT T A g
J1o JUHAE Weibol6 £idl 4 . F1 88 8 T
0.927,5 RoBERTa i 0. 931 {35 , £ #8 DualEmo
0. 844.

%3 CollabDetection 5 E i £k 7 Weibo16 ${1E & LRI

BELLBE

i e ORTE HREER FIHE
TextCNN 0. 884 0.915 0.849 0.881
Bi-GRU 0.875 0.863 0. 894 0.878
Transformer 0.842 0. 838 0. 854 0. 845
BERT 0.928 0.923 0.936 0.929
RoBERTa 0.931 0.943 0.919 0.931
GPT-3.5 0.791 0.777 0.822 0.799
GPT-4o 0.889 0. 880 0.902 0.891
Llama 2 7B 0.603 0.570 0.875 0.690
Llama 3 8B 0.770 0. 744 0.828 0.784
Qwen2.57B 0.711 0. 963 0.444 0. 608
DualEmo 0. 844 0. 844 0. 844 0. 844
SBAG 0.946 0.947 0. 946 0. 946
Search 0.933 0.942 0.924 0.933
mLLMNego(Ours) 0.925 0.907 0. 949 0.927
CollabDetection(Ours) 0. 950 0.957 0.943 0. 950
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(4) Z FEAE 18 SR A A8 0 P 8 38 i 5 4f
HARHEGlA SR m PR e A B OCEBE. SUgR AR
B8, SBAG FIA SCHE H 1Y CollabDetection {1 H:
fib KL 28 77 ¥ . M1% CollabDetection s SBAG i 1+ i
PAPEE P & AR R AE | B SRR AR A SC A R AE 52
PR . 7E Twitterl5 F1 Weibol6 P~ $ 45 48 I,
CollabDetection i F1 43 ¥t Lt SBAG 2l #& & T
4.5% F10. 4%, ¢ Pheme9 ##i54E I CollabDetection
9 F1 08t GACL #2351 6. 404, 8k T MFB fil
B R RE S 1T = 0 3R G N A R IE RN 22 4 TR
TE S 52 24 YRR 2E B, B TR A B AR PEBE

(5) TiF 4 448 5 455 700 7y M B AR R R L e F
PR IR B B i . AR LY RoBERTa, 4
TR R B9 IE 46 B 9 LAY Search £ Weibol6 F
Pheme9 %4 45 L PEREAH 4 . (HFE Twitter15 Z i 48
FFLEREIRT 9. 7% . SR A% Search, A SCT £
CollabDetection 78 = ¥4l 45 LT T 1. 7% %I
12.5% . XK LG Ry A4 gt nyuEds iT ge
TUUAR R T R 5 R JC G A {5 B, X s
PRI 2 WA R A W i il 140 AR SO g 2 Kk
T AT AL R A R (I E 4l A B A A gk
P AR RS A BT AR PR

(6) I m) R FH 38 FH KT8 55 A8 R 55 /NG 5 1
AU AT DL SR o R AR RE S ARTE T 2 R R
A B AE B A T AR L S INME F R B AR R e
FE55 iR Rk s ) AR e SRR AE T . 5 A I
2% J5 L AH B L AR SCHE Y CollabDetection 77 ¥ 7F
Twitterl5. Weibo16 Fil Pheme9 % PU /™ 3 My 35 1 I
EBIAS TSR . 7E Twitter15 505 4E L F1{H
$7t 2. 8% % 46. 6% . 7 Weibol6 44 I F1{H 4%
F+0.3% % 34. 2% , 7F Pheme9 ¥4 4 I F1 {27+
3.3% #59. 3%

5.4 BENETXHERBEBIES T

o oA = B VAl ol N Bk 1 DO A S
T RE B S L AR SCHE Weibo16 il Twitter]5 %
P 43 PEAL 1A [ 7R B 407 7 A S A
A DREAR (AL LSRR CHAE N « T 5250
TCTH BN . TEFREAG T, KiE 5B
LA E A PR R R A S T SRR L T
BORBI BT DA o, KIEF BRI G
H AN SOR IR 1 SRS A A e B BT
SCHEATHER . (EASE RS, O TR RS I bR
A s 7 B 53 R A6 42 vh A 1A 4 (AN Fake
news” 8 “Real news” ) FIXJ W 5 8] SCA LAY, B LA

%4 CollabDetection 5 H fh - 2: & Pheme9 %135 £ _F iy 14

BELLER

Jr ik MEGR ORISR AR FLE
TextCNN 0.838 0. 800 0. 756 0.777
Bi-GRU 0.817 0.741 0.785 0.762
Transformer 0.821 0.769 0.744 0.756
BERT 0.879 0.829 0. 850 0. 840
RoBERTa 0.884 0.837 0. 856 0. 847
GPT-3.5 0. 645 0.531 0.431 0.476
GPT-4o 0.636 0.518 0. 367 0.429
Llama 2 7B 0.391 0.378 0.977 0. 545
Llama 3 8B 0.581 0.444 0. 490 0. 466
Qwen2.5 7B 0.612 0.459 0.223 0. 300
GACL* 0.850 0.836 0. 826 0.829
Search 0.842 0.893 0.879 0. 860
mlL.LMNego(Ours) 0. 750 0.635 0.779 0.700

CollabDetection(Ours) 0. 893 0. 894 0.893 0. 893

CAREE S < SCA TSI R R, SRR
w8 FE 9 s

Accuracy

GPT-35 GPT-40 Llama3 Qwen 2.5
K8 IR BIERE 7 EATE Weibol6 i 4R 152

Llama 2

&

LR
DREA (B
DA CELERD

4

0.9 £

.

o

Accuracy
o
~
T

GPT-35
K9 ARSI R AR Twitter15 B4 4R Y5 IR

GPT-40 Llama2 Llama3 Qwen2.5

SN es 3 NN S BT VA S SRR b € S )
R BT EFEAMBEALERE 7. DL Llama3
TR M ], FE Twitter 15 B4 b, SR F 2 1 5 g
Jei s W RN EREASLZL 19 69. 1 %0 $2 T+ 2 78. 5%,
PETHIREE IR F] 9. 4% 5 7F Weibol6 B¥a4E I, A 1E M
TS AR T REALE R 07 % ERR R & T 7.5%.
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A LA, HIE R T SO i SR I BE A2 HE I BT A
KB BT SO DT dob 2 e AR

7 Twitter 15 £ 4545 -, BEHLR 1685 0715 1P
REARIE T ZFEA 1 . 7 Weibo16 $dE4E | . GPT-
3.5 K1 Qwen2. SR AII . P — W B R
PRI AT RESR » — 7 T 75 ) g A 4R AR R 4E RS E X
PHEREE AR, D) — 71 BEAL T B I T A G 2
& B R SORB B R T R R T A Y K
JE o AHSRFASCT R 0 A 38 B B SCHIEHESR I, K
TS AR R HE AR S R IR R T

BEAE s R PEAl A 38 R R SO S kD4R S8
CRAED X BRI MERE (1) 52 0, AR SCHE T4 iidis GPT-4o
1E Twitterl5 Fll Weibo16 %5 4% 5 I FF J& XJ Lk 52 55 .
SEES R kAR )R B O 1530 A1 45, 45 B4 10 F
7N o fE Twitter]5 504l 5 I, A=15 Fll k=30 1 £ Y
YE B SR AT AT L 1 A=45 B HE B R WEA F B . A1E
Weibol6 $#84E I, k=30 BHERM R e i . Z5E A
BRI S0 45 B, A=30 TEMER R 5t B R 2
] ST HATA

B - =o—=Twitterl5
T~ -m-Weibol6
~

§~~
-~

091

0.90

Accuracy
o o
[oc] o
[e¢] o

T

o

o

~
T

0.86 [

0.85

;
AT k{EAE Twitterl5 £ Weibo16 i 4 b B2

15 45

& 10

5.5 ZRIESEREDEINEISEZI ST

R T IRATRT AR SCHE D 9 A il T B 4
2 B A B ) 22 R A A B R AIL R A e
TE Weibol6 11 Twitter15 P55 4f 4 b 347 2244 %
LU SE5G  PPAG AN [ K08 5 BE B S A2 s (GO RS
SEF (DR TERERI . S T U R
T RLRAAE R A AR H TR PR (] — R A A A
AR TS ) LA s BRI R O [RI B R PHAT: A= B
ARSI R =PRI B, Pr A LI 3T [ AE N
BRSO E LS . W2 S A5 R R B, GPT-4o f1E
R A AR ) R I T A LAY, PR BE R GPT-4o
YE R HE LA  BC A HA OB F BRI R S s , 64T

PEREARIY R 1 S 5

M5 H AT AR F]

(DAEFTA 28, GPT-do /E R A R 2s i 3 90
TRZAR T ILAETY , JCI R AETCUNE - A IR i ik 2
PRI R . BN, 78 Twitter15 Fl Weibo16 4
£ I .mLLMNego i F1 {4 It Llama 3(G) +GPT-
4o (D) F1{H 4> B i 4. 6% 1 5. 2%, e B 5k
KA A= B RE T At P

(2) ELAT S 5] 25 5 By 640 %o P o8 R M 7E K 2580
TR T IR PRI 4848 . N, 78 Twitter15 4%
AR b GPT-do VE Ay A pli i Bl A FH s () FLAE R
0.859, 1M 5 Llama 3/E N & g8t . F1H T &
0.881. 2R RIS A= il AT BB TCHE 78 73 42 18
1E55 0577 S 5 T AR HE B EE 5E . SRTfT, 24 1]
— PR REFHAT AR B PHAT S B g B 8 2> el TS
RIfe J pyE MR AER I . LLGPT3.5(G)+
GPT3.5(D) M, F1{ETE Weibol6 %4l 5 U H
0. 786 1% T JC [ 7 11125 A5 76 3 7y 4 4 3k 38 B AR
A5 0 0 A 00 A €N 2N LA X G I R AS R AE AL R
R

RS ARAMSKXESRENBEGHMERLR

. Twitterl5 Weibol6
ik WK FUE MEFR FUE
GPT-3.5(G) 0.745 0.729 0.852 0.852
GPT-40 (G) 0.859 0.859 0.915 0.916
Llama 3 (G) 0.785 0.758 0.837 0.841
Qwen2. 5 (G) 0.852 0.845 0.817 0.789
GPT-3.5(G) + GPT-3.5(D) 0.758 0.731 0.805 0.786
GPT-40(G) + GPT-4o (D) 0.872  0.869 0.922 0.924
Llama 3 (G) + Llama 3 (D) 0.792 0.780 0.841 0.850
Qwen2.5(G) + Qwen2.5(D)  0.779 0.752 0.840 0.822
GPT-3.5(G) + GPT-40(D)  0.799 0.779 0.863 0.860
GPT-40(G) + GPT-3.5(D) 0.879 0.878 0.924 0.926
Qwen2.5(G) + GPT-40(D)  0.772 0.742 0.849 0.832
GPT-40(G) + Qwen2.5(D)  0.879 0.871 0.916 0.919
Llama 3 (G) + GPT-40 (D) 0.846 0.835 0.879 0.875
mLLMNego
0.886 0.881 0.925 0.927

(GPT-40 (G) + Llama 3 (D))

(3)7E mLLMNego 4244 v, GPT-4o 1 Ry 4= 1
#% 5 Llama 31E Y B 2R 00415 RPN E 45
() AR B B T I HE AT, 35 8 T LA A R 4
Ao B, 78 Weibol6 £## 4 I, mLLMNego 1 F1
{8 L HABZR A i i 0. 100 31 14. 126 78 Twitter15 4§
Pi4E I, mLLMNego 1) F1{# bl HAB A0y 5 11 0. 3%
F15% . 1A BEVERE A RS F1AE T2 . AL BES
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el 2B AR A0t I BB Ao 25 1) 25 10 i B o4
DA S PR 0 N A 1
5.6 JHELLIE

FESHIE T H A T SO i 5 W A 22 K S AR
TR R HIL A A 250 Y 6 At b AR S il o3 B
B3 T i CollabDetection J7 i W “ £ 4 FEUE S 1l
“RRIERLA B B pTEk . il 11 s B TS
AR (D w/o evidence : [ SCASRRAIE $12 BOE B
e 2 T 2R R A mLLMNego A= i1 2 4
FEUEHEAFAE o (2) Concat : 7 fl A B H i B R SC
AR AR RN 22 4 B IR 4 R AR AT PF R . (3) AR
(Weighted _sum) : #3 J5 SCARRIE 1 Z2 4 J& 3iE 415 FF1iF
PR A B B A T 0 LA [R] AR AR S 3R A7 A
FIRE o (4)SVM . SR H S o] H ALBERDR Rl 45 SCA
FR M Z Y EUEAERRAE . (5 LR« {2 4 813 ok 25
A SCRFRAEF 22 4 BE RIS RRAIE . (6) Attention: SR H
RS-y i T St S 1| = TR ety s BN DN W=
AR SCHE 1 MFB fil & 58 g 17 L3, DL IE
MFB 14 &5t

0.98
= W/0 evidence
0.96 [ mm W/Concat
wea W/Weighted_sum
0.94} wi/Attention
mm W/SVM
20921 == W/LR _
S wmm Collab Detection
090
0.88
0.86 [
0.84

Twitter 15 Weibo16 Pheme9

g S
11  CollabDetection 74 fili 52 564 GEXF b

M 11 AT DO RN, 58 FHIE IS R A w/o
evidence J5 &AM L A 51 AGESEFRAE A9 28 B )7 1%
AR E LY FL 8034 i I, R H
mLLMNego J5 ¥k A5 B9 22 4 B I 4 4 1E 7E K2 BB
[ G v B AR L R B 2 4R EE R R AR 2
HERERIE TRE. TERTA 5 AR RRE B 28 Fh )7 ik
. R H MFB Fill & % W% 1) CollabDetection J7 ¥ 7F
SABERE LIIAT T s i FLY 8 R TR
A X5 B UE T CollabDetection A& B35 11 (1 75
PR R RO
5.7 RBISH

@B R EE SN TE SN =g
AP RS Y 22 48 BE RS A 17 7 mLLMNego 75 1 i

ARSI P g B, P 12 AN 13 43 SRR T
B v 1R A A LR S 48] o R o g 3 2 [ 25
AT T

ZEH1: mLLMNego?iill IE#s, GPT3.5ZFEA T4 %

G Y4 2

[2013 |- ¥ [ B A2 B8k 1 2. [0 Jce bt F AE0: 1K 7T ]

2013 Eify FE bR AL BRI STk, it AR AR AR R L2 3k

G0- IR TR . e BN, R A@KRE

PSS ERAR 1 R MBI i 43, TR R0 AN 4T

AR, (ERHRRAITE R K BT RAE 555043 B i ARG
FINHE—ER . http:/it.en/zHpnFHK

mLLMNego[m| %

Real news. The tweet provides a factual account of a sports event,
specifically the 2013 Shanghai International Football Invitational
Tournament. It includes specific details such as the teams involved
(Shanghai Shenhua and Daejeon Citizen), the venue (Hongkou
Football Stadium), and the outcome (0-1 loss for Shanghai Shenhua).
The mention of Zhu Jun, an investor, playing in the match and having
a goal disallowed for offside adds to the completeness of the information.
The source appears reliable, as it provides a URL for further verification.
The emotional tone is neutral, focusing on reporting the match's events.
Hashtags are used to categorize the content, and the intent is to inform
about the match's outcome. The topic is sports, making it unlikely to be
fake news.

GPT3 5L FEA M %

Fake news. The event described, the 2013 Shanghai International Football
Invitational, is outdated and not recent. The lack of recent context or
relevance raises doubts about the accuracy of the information. Additionally,
the emotional tone in the tweet is neutral and lacks urgency or credibility...
The use of hashtags and the intent behind the tweet also suggest a possible
nostalgic or fictional narrative rather than a current event.

FLS VAR

KK

K12 Z4EE ks b s o4

K12 7% T mLLMNego 5 GPT-3. 5 £ [d] —
T b BN R SR . %SO K 2013 4F 116 [EI PR
BRI P 1 HLFE 4 R . mLLMNego iF 1 I E N
“ECSCHNE”, GPT-3. SR - e B 7.
BTEHAAG BN AR EARML, {2 mLLMNego 7£
0 SE AR L ORe TR T S P R AE 4l 4 A5y TR A
F GPT-3.5. mLLMNego &£t T #4155, i
FEERBA L LR Ml | LU FRE5 45 Bk T (5 B ml {5
JE 48 T T 56 IE A O B AAF OC T AR 45
I Z T GPT-3. 50 4 SCHY HAR G057 B A 2
OB R L, FERHA . ZREBI R,
mLLMNego 7 {5 B4 & FEHE A4 iy i 2 AT B 3
.

&1 13 Hp i 224000 1 — 2P 7R T mILLMNego J7
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7200 J3 5 TC I HESC W0 46 P WA A I 25 ik 25
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Zf12: mLLMNegoZ ¢ Bl f5 Tl 1E 1

i ¥ PN %5: #rtiny: because a stuyvesant senior made $72 million trading
stocks on his lunch break URL URL

e IR

Real news. The tweet provides specific details about the student's
achievement, including the amount of money made ($72 million) and the
school he attends (Stuyvesant High School)...The tweet is attributed to a
reputable news source, RTLNy, which increases the credibility of the
information... The hashtag #rtiny_suggests the information might come
from a legitimate news channel, enhancing the perception of accuracy.
The intent of the tweet appears to be informative, rather than to deceive
or manipulate...

-ttt I

No. The claim about a Stuyvesant High School senior making $72 million
trading stocks on his lunch break is implausible and unverifiable. There is
no reliable evidence supporting such an extraordinary claim. The source
credibility is guestionable, as RTLNy is not a widely recognized news
outlet, and the hashtag #rtIny lacks association with any verifiable media
organization... The tweet’s sensationalized nature and focus on attracting
attention make it more likely to be fake news rather than a factual statement...
BRI

Yes. The discriminator's analysis highlights several red flags that suggest
the tweet is likely fake news. Firstly, the claim of a Stuyvesant senior
making $72 million in a short period is an unlikely scenario and lacks
supporting proof... Additionally, the source (RTLNYy) lacks credibility, as
it is not a recognized news platform, and the associated hashtag #rtiny
offers no verifiable trace to a legitimate source. The exaggerated nature of
the statement suggests it aims to mislead or sensationalize, which is a
common characteristic of fake news.
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CollabDetection, 7EUEH A= BB B, 5 1F T H iE L
TR SOk SR W RN 22 KR R P R AL L |
AE LA RS 38 R4 T Z2 58 XU R AU S T
VEDCSR LR, 0 R UEIE SCAR R HERf 1 . 7Rl Al
BB, LA/ 5 IR i U SRR s RE T o Skt L 485
B RE RO A B 2 4E BEUEE R 2 BS
IR AR R G 218 SURMIE . A SGERCT
19 AR HEAT X OS5, 43 i 6k A 38 I b S0k i
WG AN WL AT RO T T IR AT A8 T

AT A C S . BT R AR Y S IR A R SR
B, fIr # CollabDetection J7 1 75 WA o F17Z 1k fiE
A EA O RE SRR ML A R T Y 2 4
JFEUEAE » A T4 i AT FEr G DU %) 58058

SR s AR SCASRAFAE— AR . (DX FRF L
KR 5 B YR 1 2 28 B DAl 2B BT v A SCH T
102 & T LA YRR RS L X T RERR ] T BRI A
FREB R A ME T . AR T L5 | A 2 4
JEE B UE R 1 A% 4 AR LA S P 855 . (2O X T
il 22 R SO R BRI e Az il 5 3k s AR SCR A T
Z RS F o0 il W Mt AL B R B TR AR RS
v AR AN FE HABTEAE (9 Fil 75 SR o (3D R A1 [958
i ELA B 2T A R 5 A S 1 AR T AR SC ) T
F B TS BRI AT I, v R4 B S i
AT BT .

2

% x

[1] Dou Y, ShuK, Xia C, et al. User preference-aware fake news
detection//Proceedings of the 44th International ACM SIGIR
Conference on Research and Development in Information
Retrieval. Virtual , Canada, 2021: 2051-2055

[2] Min E, Rong Y, Bian Y, et al. Divide-and-Conquer: Post-
User Interaction Network for Fake News Detection on Social
Media//Proceedings of the ACM Web Conference 2022. Lyon,
France, 2022: 1148-1158

[3] Ma J, Gao W, Mitra P, et al. Detecting rumors from
microblogs with recurrent neural networks//Proceedings of the
Joint Conference on Artificial

Intelligence. New York, USA, 2016: 3818-3824

Twenty-Fifth International
[4] Liu Nan, Zhang Feng-Li, Yin Jia-Qi, et al. Edge inference-
enhanced contrastive learning for social media rumor detection.
Computer Science, 2023, 50(11): 49-54 (in Chinese)
Ak, skR\A, , Trgar, 5% . ST I REHE R 0 Lo > Atk et
PRI SRR T RHLRL, 2023, 50(11): 49-54)
Vaswani A, Shazeer N, Parmar N, et al. Attention is all you
need//Proceedings of the 31st International Conference on
Neural Information Processing Systems. Long Beach, USA,
2017: 6000-6010
[6] Devlin J, Chang M-W, Lee K, et al. BERT: Pre-training of
Deep Bidirectional Transformers for Language Understanding//
Proceedings of the 2019 Conference of the North American
Chapter of the Association for Computational Linguistics.
Minneapolis, USA, 2019: 4171-4186
Achiam J, Adler S, Agarwal S, et al. GPT-4 Technical
Report. arXiv preprint arXiv:2303.08774, 2023
Asher N, Bhar S, Chaturvedi A, et al. Limits for learning with

(7]

8]
language models//Proceedings of the 12th Joint Conference on
Lexical and Computational Semantics. Toronto, Canada, 2023:

236-248



21 I,

A LTI AR AN SCRlAr 1 R BT TR RS 381

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

Zhong Jiang, Gao Jin-Peng, Huang Jing-Wang, et al.

Evidence-enhanced and local semantic interaction-based
multimodal fake news detection. Chinese Journal of Computers,
2024, 48(03): 556-571 (in Chinese)

CRiols | M, BRI A5 . LT UEHR S50 AR 0 A8 B 2245
AR BB ERTIN . THEEHLAAR, 2024, 48(03): 556-571)

Hu X, Guo Z, Chen J, et al. MR2: A benchmark for

multimodal rumor detection in social
media//Proceedings of the 46th International ACM SIGIR
Conference on Research and Development in Information
Retrieval. Taipei, China, 2023: 2901-2912

Castillo C, Mendoza M, Poblete B. Information credibility on

retrieval-augmented

Twitter//Proceedings of the 20th International Conference on
World Wide Web, Hyderabad, India, 2011: 675-684

Nan Q, Cao J, Zhu Y, et al. MDFEND: Multi-domain Fake
News Detection//Proceedings of the 30th ACM International
Conference on Information & Knowledge Management. Virtual
Australia, 2021: 3343 - 3347

Huang Xue-Jian, Wang Gen-Sheng, Luo Yuan-Sheng, et al.
Weibo rumors real-time detection model based on fusion of
multi user features and content features, Journal of Chinese
Computer Systems 2022, 43(12): 2518-2527 (in Chinese)
(e, EHE, BHERE, 45 @G Z o0 R AE RN BRI Y
PP 5 S A A /N RUBRORT LR S, 2022, 43(12):
2518-2527)

Yue Z, Zeng H, Zhang Y, et al. MetaAdapt: Domain adaptive
few-shot misinformation detection via meta learning//Proceedings
of the 61st Annual Meeting of the Association for Computational
Linguistics. Toronto, Canada, 2023: 5223-5239

Ma J, Dai J, Liu Y, et al. Contrastive learning for rumor
detection via fitting beta mixture model//Proceedings of the
32nd ACM International
Knowledge Management. Birmingham, UK, 2023: 4160-4164

Conference on Information and

Nan Q, Sheng Q, Cao J, et al. Let silence speak: Enhancing
fake news detection with generated comments from large
language models//Proceedings of the 33rd ACM International
Conference on Information and Knowledge Management.
Boise, USA, 2024: 1732-1742

Ke Jing, Xie Zhe-Yong, Xu Tong, et al. Implicit semantic
enhancement-based fine-grained fake news detection using large
language models. Journal of Research  and
Development, 2024, 61(05): 1250-1260 (in Chinese)

(R4, T 53, AR L, 45 3 T ORiH 5 AR G 35 T S it Y 2
JEE e AT R Iy 3 . T HRLBT T S s 2024, 61(05): 1250-
1260)

Lu Y, Bartolo M, Moore A, et al. Fantastically Ordered

Computer

Prompts and Where to Find Them: Overcoming Few-Shot
Prompt Order Sensitivity//Proceedings of the 60th Annual
Meeting of the Association for Computational Linguistics.
Dublin, Ireland, 2022: 8086-8098

Wang B, Ma J, Lin H, et al. Explainable Fake News Detection
with Large Language Model via Defense Among Competing
Wisdom//Proceedings of the ACM Web Conference 2024.
Singapore, 2024: 2452-2463

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

Hu B, Sheng Q, Cao J, et al. Bad Actor, Good Advisor:
Exploring the Role of Large Language Models in Fake News
Detection//Proceedings of the 38th AAAI Conference on
Artificial Intelligence. Vancouver, Canada, 2024: 22105-22113
Popat K, Mukherjee S, Yates A, et al. DeClarE: Debunking
Fake News and False Claims using Evidence-Aware Deep
Learning//Proceedings of the 2018 Conference on Empirical
Methods in Natural Language Processing. Brussels, Belgium,
2018: 22-32

Liao H, Peng J, Huang Z, et al. MUSER: A multi-step
evidence retrieval enhancement framework for fake news
detection//Proceedings of the 29th ACM SIGKDD Conference
on Knowledge Discovery and Data Mining. Long Beach, USA,
2023: 4461-4472

Xu W, Wul, LiuQ, et al. Evidence-aware fake news detection
with graph neural networks//Proceedings of the ACM Web
Conference 2022. Lyon, France, 2022: 2501-2510

Zhang X, Cao J, Li X, et al. Mining dual emotion for fake news
detection//Proceedings of the Web Conference 2021. Ljubljana,
Slovenia, 2021: 3465-3476

Zhou X, Shu K, Phoha V V, et al. “This is fake! shared it by
: Assessing the intent of fake news spreaders//
Proceedings of the ACM Web Conference 2022. Lyon, France,
2022: 3685-3694

mistake”

Hu L, Yang T, Zhang L, et al. Compare to The Knowledge:
Graph Neural Fake News Detection with External Knowledge//
Proceedings of the 59th Annual Meeting of the Association for
Computational Linguistics and the 11th International Joint
Conference on Natural Language Processing. Bangkok, Thailand,
2021: 754-763

Griinwald P D. The minimum description length principle.
Cambridge USA: MIT press, 2007

Yu Z, Yu J, Fan J, et al. Multi-modal factorized bilinear
pooling with co-attention learning for visual question
answering//Proceedings of the IEEE International Conference
on Computer Vision. Venice, Italy, 2017: 1821-1830

Ma J, Gao W, Wong K-F. Detect Rumors in Microblog Posts
Using Propagation Structure via Kernel Learning//Proceedings
of the 55th Annual Meeting of the Association for
Computational Linguistics. Vancouver, Canada, 2017: 708-717
Kochkina E, Liakata M, Zubiaga A. All-in-one: Multi-task
Learning for Rumour Verification// Proceedings of the 27th
International Conference on Computational Linguistics. Santa
Fe, USA, 2018: 3402-3413
Kim Y. Convolutional Neural Networks for Sentence
Classification//Proceedings of the 2014 Conference on Empirical
Methods in Natural Language Processing. Doha, Qatar, 2014:
1746-1751

LiuY, Ott M, Goyal N, et al. RoBERTa: A robustly optimized
bert pretraining approach. arXiv preprint arXiv:1907.11692, 2019
Brown T, Mann B, Ryder N, et al. LLanguage models are few-
shot learners// Advances in Neural Information Processing
Systems. Virtual, 2020: 1877-1901

Touvron H, Martin L, Stone K, et al. Llama 2: Open



382 it A

Eitd 2026 4F:

foundation and fine-tuned chat models. arXiv preprint arXiv:
2307.09288, 2023

Dubey A, Jauhri A, Pandey A, et al. The llama 3 herd of
models. arXiv preprint arXiv:2407.21783, 2024

[35]
[36] He Z, Li C, Zhou F, et al. Rumor detection on social media
with event augmentations// Proceedings of the 44th International
ACM SIGIR Conference on Research and Development in
Information Retrieval. Virtual , Canada, 2021: 2020-2024

[37] Zhang W, Zhong T, Li C, et al. CausalRD: A causal view of
rumor detection via eliminating popularity and conformity biases//
IEEE International Conference on Computer Communications.
London, UK, 2022: 1369-1378

MaJ, Liu Y, Liu M, et al. Curriculum contrastive learning for

[38]

fake news detection// Proceedings of the 31st ACM International

MA Xiao, Ph. D., associate
professor. Her research interests include
recommender systems, fake news

detection, graph representation learning,

data mining and so on.

Background

In the information age, the proliferation of fake news,
prioritizing emotion and imagination over facts and truth, poses
significant risks to media credibility and social stability. Detecting
fake news remains a critical and ongoing research challenge.

Existing machine learning-based methods can be predominantly
grouped into content-based and context-based. Context-based
methods trace the origin of fake news by analyzing the pathways
of the

However, these methods often suffer from information delay,

information  dissemination and network  structure.
making it difficult to meet the demand for early detection of fake
news. Content-based methods, on the other hand, focus on the
semantic understanding of the news text itself, aiming to identify
fake news as early as possible by directly analyzing content
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news is usually supported by abundant evidence and precise facts.
To this end, this paper proposes an innovative two-stage
called CollabDetection that evidence

approach combines

generation and semantic fusion. In the stage of evidence
generation, it utilizes large language models (LLMs) to generate
potential evidence, mitigating the noise introduced by traditional
evidence retrieval methods. In the stage of semantic fusion,
evidence and news content are first encoded by a pre-trained small
language model and then aggregated by utilizing the multi-modal
factorized bilinear pooling technique. Experiments on the
Twitterl5, Weibol6 and Pheme9 datasets demonstrate that
CollabDetection significantly outperforms baseline models by
leveraging the strengths of both large and small language models
in a collaborative framework.

The broader significance of this project lies in its potential to
mitigate the spread of fake news on platforms such as Weibo and
Twitter, thereby fostering a healthier and more transparent digital

information ecosystem.



