5511 = F oo Vol. 53 No.11
2025411 A ACTA ELECTRONICA SINICA Nov. 2025

T ) A A I 2% 5 i S R AR A 2SI Y
LLM 355 B e ek B 1 b %

WM, E M8, R, BEE, G
(R Tl KL (3 TR A T RSB TLARI S 211816)

 OE: FEETH BET S MRS AR B LR B R B s SO AR B S AR
1R ZAT R T PRk . T ARFEE S SRS 50 R SCR M FRIR T A 1035 24 5 AR G038 T IR 2 ) B )y 1%
15 537 Ak 5 1 SCEEASE )y TR 38 A7 76 1 B T 17 R, 2@ Ry 5 SRR AE X6 55 R 2 38 SRR B2 A BT B 155 J8 A S
AR TR 0 PR RE 1 32 PR . F XX B [a) 8, AR SCHE Y — R KOE F AR (Large Language Model , LLM ) #5501 H Wi B8 H iE
7 (Domain Adaptation, DA )RGIIAESL , 38 10 Bl A LLM TR 205 SCEHSERE 1 5 %) 2% 2] (Contrastive Learning, CL) i8] 5]
FRIE2E S B, SC = Bk 5 2 AR R R B 08 5 R AR BRI . 2y AR — A DA SO 0 B RR IR 6] 55 731 2 5t
AT PRI R . 158, BT 36T Prompt (Y B51E F SCARSGSRALE] , 515 LLM 784 R I GRS o83t 5 SCfbad i
P, DA FE A B SRR T SORL B TR IS, 2 A E ARiE T XA 119 1 oo SCARREAR | 8 SR S B3 5 1 5 R 0 S0
W RS BT R B SR I, 7810 02 10 X 57 R S i R A , A 180) J2 6 55 42 Jmy 1 S8 R, AN [ )2 17 5 — Rk
5 R AEEER R DR THERAE A — B0hE 5 R SR e e v . BoE , M LLM 4l B A B8 F AU ZRL ]
RIS LIS N B & A5 5, 515 LM 72384 00R i3 8 AN Ak 25 R mes | 2 (5 348 3 R A 4 40 A3 12 48 5 3T CL
G0 2 A 4 5310 2 S DA S BRI 0 S R 40 3 5 R = ST A R RIS . A TP SRS 5 B A Weibo 59 U8 K A
BAm4E PHEME I (15236 45 SL 32 B | 4R 7 v AR5 B0 R A F1 4845 8 2500 TR0l LLM FL #4601 (41 ChatGPT-40) . 7
VR JE 2 AR (A 45 LSTM , TextCNN \RCNN \HAN) 2 LLM B4 35 46 10 77 v (40 LACL). 78BS 15 5 A v, BIr i 5 1k 14 37
TG IS P2 AR L ik v D7 ok B TR B 104N 1 20 . A v A A it — 25 6 B, BT B T ik B R G 2 N R IE 22 7 B
SR ) 550 ] o, DAL A 355 AT 1940 AR 5 5 4 ) A

KR AL R RS B OB T AL X 2 2 s BB T SCARE O 5 3 36

HEemH: EFARPERS (No.61502230,N0.61501224,No.62202221) ; VLI S8R 4: (No.BK20201357)

RESSERS: TP393 XHERFRIREG: A XEHRES: 0372-2112(2025)11-3865-15
FE F 23R URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20250470

LLM-Enhanced Self-Supervised Domain Adaptation for
Cross-Lingual Misinformation Detection in Social Networks

SHEN Hang, WANG Xu, WANG Tian-jing, DAI Yuan-fei, BAI Guang-wei
(College of Computer and Information Engineering (College of Artificial Intelligence), Nanjing Tech University, Nanjing, Jiangsu 211816, China)

Abstract: In cross-platform and cross-lingual social network environments, the spread of misinformation is character-
ized by high concealment and cross-cultural complexity, posing serious challenges to public opinion governance and social
trust systems. Due to significant differences in linguistic and cultural expression, traditional deep learning-based detection
methods often suffer from performance degradation in cross-domain generalization and semantic modeling, exhibiting insuf-
ficient cross-domain feature alignment, incomplete semantic representation, and limited understanding of metaphors, emo-
tions, and cultural contexts. To address these limitations, this paper proposes a large language model (LLM)-enhanced self-
supervised domain adaptation (DA) detection framework. By integrating the deep semantic modeling capacity of LLMs
with the discriminative feature learning capability of contrastive learning (CL), the framework achieves robust and general-
izable cross-lingual misinformation detection. This solution establishes a closed-loop system encompassing semantic aug-

mentation, feature alignment, and feedback optimization. First, a prompt-based cross-lingual text augmentation mechanism
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is designed to guide the LLM in maintaining semantic integrity and cultural adaptability during data generation. This en-
ables the production of high-quality samples that preserve the semantic core of the original text while conforming to the lin-
guistic style of the target language, effectively mitigating semantic gaps in cross-lingual contexts. Next, a dual-dimensional
contrastive strategy aligns local lexical features at the token level and global semantic logic at the sentence level, unifying
source and target domain representations at multiple levels to enhance feature distribution consistency and cross-lingual de-
tection stability. Finally, an LLM-assisted cross-lingual training mechanism is introduced, where contrastive loss serves as a
dynamic feedback signal to guide the iterative fine-tuning of the LLM. This process progressively refines the augmentation
strategy, ensuring that the generated data distribution converges toward the CL detector’s decision boundary and enabling
the co-evolution of cross-lingual data augmentation and feature learning. Experimental results on heterogeneous social me-
dia datasets, Weibo (a Chinese social platform) and PHEME (an English dataset of event-related rumor propagation), dem-
onstrate that the proposed method significantly outperforms commercial LLM direct detection (e.g., ChatGPT-40), main-
stream deep learning models (e.g., LSTM, TextCNN, RCNN, HAN), and existing LLM-enhanced methods (e.g., LACL) in
terms of accuracy and F1 score. In cross-lingual detection, the average detection accuracy of the proposed approach exceeds
baseline methods by more than 10 percentage points. Further feature visualization analysis confirms that our method com-

presses intra-class variance and enlarges inter-class separability, resulting in clearer decision boundaries and higher classifi-
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cation confidence.
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following rules:
1. **Holistic Enhancement™**:

2. **Cross-lingual Conversion**:

3. **Increase Diversity**:

4. **Format Consistency™*:

You are an expert in cross-language social media rumor data augmentation. Please process the input text according to the

-Determine whether the input text is a rumor (0 for non-rumor, 1 for rumor), and augment the data based on your
judgment. During augmentation, please focus on the overall semantic meaning and strictly maintain semantic consistency.

-Identify the input language type and perform language conversion: If the input is Chinese, please output an English
version; if the input is English, please output a Chinese version. Perform cultural adaptation: When converting from
Chinese to English, incorporate Western cultural perspectives and English social media expression habits; when
converting from English to Chinese, incorporate Chinese cultural perspectives and Chinese internet expression habits.

- Focus on making the data more diverse in terms of language expression, without altering the underlying meaning. The
enhanced data should be more varied but semantically identical to the original.

-Ensure the output format is consistent with the input, including text structure and expression style.
Please return only the converted text without explaining your judgment process. J
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resources?' Officials claimed these were TV drama quotes meant to save broken families. The posters have now been removed.
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B 5 2R o, DT SR R AE B F 0 . 5 A ep-
och I Jay 4 2 4% s

1
L= o
52

[F A A4 i 2% L0

)R MNAL Tl & . by -85 Jey 0 R4 Jey o LY BT
Mk, 7E56 n 4> epoch Z5 R J5 B B e 1 T8N

L,=6LP+1-5)L®

Horr, 6 €[0, 11077 AL R 5
2.3 LLMzh#HA

VY LLM B0 J7 A 4% 42 2 20308 (Full Fine-
Tuning)m] R 7R 27 2] (Prompt Learning)[24]%ﬂ§§y%’iﬁ
itk 8 (Parameter-Efficient Fine-Tuning, PEFT)DS]. % Bk
i@ W (Low-Rank Adaptation, LoRA)™J& F PEFT H 1y 4¢
RN Sl TR SR A R A 55 5 | AR AR it AE I
2T AR R G5 IR 53 2 B0 ) s 52 3 v 230, AT
RS A SRR . i T A SR A AR
AR, B A ORDE DL ORUE RS SR AR A 1 22 FE M R
Stk . AR LoRA SO S | il LLM g 7545
R IR AR PSS 1 KRS IR AT 55, AT CLAS:
T P 245 B At S —SIOME R 22 R 1 v o o D A A

BEIR AR LLM S 500 0,, 55 m WHOA TG 2500
N6, TS m WWIRRT, 6, Y T #5185 ORI 5,
PAA B T H AR 380 0 A AR A, 4 /NI S5 H B ek
TERFEZS [ i 22180 . B Zhad B2 AL 5 N A epoch,
TEREEE n A epoch 25 AR & 3 14 M ik 2 — UK LoRA 4
. A D, B n A epoch 5 T, 55 m YR BT 4
BIUIZREE AR . AR LLM 2403805

0,=LoRA(D,,.0,) (14)

Horp LoRA COARARBRIE I 2 2, BIFE R &5 IR AR AR
O Y TR 308 3k 75 | AR 3k o v 0 2. ax Al
7% LLM BEAZ 76 A PR A THA 0 R Pkl 1 518 75 SO
KRR AT 55, [ B PR SR AT R A 1 SRR T

A TR LLM () s 8 R0H S 72, A X TR 2
o, mEmELRRNS, =0, -0,f18,=0,-0,,

(11)

(12)

(13)



£

Ve USSR A S o 2% B R A A SRS Y LLM S8 1 W SR O I 5 vk 3871

O3 5 e R AE dim (0, ) 4E 7 1] (Raim (@) b B S 55080 B 8
D SR . 4y, =sen(8, ) ef~1,0, 13"y 28
f14 B 1 COF 1) % BT R ) Ly, =sen (8, ))
e R 325 1A 2 8000 T IR A R B0
sgn(.9m71)* 3, | =8, BV 3 77 [ ] o e )
ML, 58 B b B SR AW AL 1) 1. Ry 220 I A 1) B
B, WAL A @, B R R AR ey, RN
rﬁ]ﬁ”lmqjﬁ&'gququonmq'

BE IR T 25T LoRA 1Y LLM BUE A IE56MS . %
WISALE T 2R as R, RIS TE S 2 0EE S .
1E55 FA 0 A TAETR B IR =2

(D TCARMETT . B BT m— 1 R A5 5 192 55 i
Bra g,  WITTA, SmEmas, . 759,  F, iEE
(magnitude):ﬁﬂ?ﬁﬁ q%ﬂgiﬁiﬁﬁﬁ%% S HAEE.
WG, 9, WA S SR, WA, =
j’;m—IGﬁm—] s Hrp );m—l =Sg1’1(|§m_1 )\ﬁm—l = |'§m-1|' [Fi] # 1)
J7 B T A PR m WO S S 800,155 9,
P K10,

()5S 2. FER I m— VIR FNEE m RV 1
2800, 50, 200, T BRI R — 4 SR NS
g, T AEAS R TR 246 2R 2 (R PR R S —2e: . X
SRS, |\, HX RIS RS, |5, 5
e HEMITCEAFHIC J 99| 89 59 5O A LIRS H bR
T A% ) 48k 8, MR O AF 5 T Ny, B ROES o 4 AT 5
BT (W5 847)

P =sgn(@) + 9 (15)

W99 59O E ), O gk R IZ I R S Y
P55 P gEmE O MO I8 P 2 22 Fph i e 45 5, R
K7 1085 5 T IE 5 A9 TEH 7 1) 5 24 6 A0 I B 0T
IAHAEAEAT S A AT 9@ = 0 TR L LR T H &
B, b T R R B A S RS R S RE IR R RS 1
T SC— B I BB 45 vh 2 S BB TR L 4R
WEA IR E .

(3)BHEI . SERUE T FERS T B PR e 4
SR, BT RS — ZOE RN, AT AL I . AR
re{m—1,my SR JE IS EUR S 89, T AT LA 5 4%
5599~ SEL, DLk R T M s . A RY=
9=}, o W RF SIS . T, e
ABEHINALE I N

1 A
9@ = 2,99 (16)
|R(€)| r;{“ﬁ)

Forlr 2, WIMUREC, A I B AR RS 1
9=[ 8099, ..., gome) (17)

PALE IF A 4 FE 1 280U |, 2R 1T LLM 2
R O0=0,+a3(WEE2117) , Hor o & IF S50, H
S TR AR T T I

B3R Fuse(d,,.0, 1,00 404y 1>0q)
HIN:0,.0, 1. 00 s d s 0 q
Hit:0,+a- 8

1. For r e{m—1,m} do

2. $.<—0,-0,

3. .@, <« TopMag(9,.9);

4. jesend,)

5. A8k

6. End For

7. For e=1 to dim(d, ) do

B e san(i, + 90

9. RO{O=1"},.,

elm—1,mp

10. Ify“=0

11. 99 0;

12. Continue;

13. End If

4. IfRY=0

15. 99« 0;

16. Else

17. e > ;‘,‘9@/ > A
reR© jeRO

18. End If

19. End For

20. 9 <[99, 92, .“73(dim(00>)]r;
21. Return O« 0y+o- 4

LLM-CL X 55 VIl k52 BN 9 3 40 33 3 33k 2,
o s A S, S, S v | A8 &, F T A — 8 2 7 i
M ERGE . ARSI ZEH, B T4 epoch 04T — 1K L
A SRERAE , BIE BT N> epoch A I 2R i 191 A KE 52 2R
w= [ N/T IR SCASE 58 . 25 WA FH LLM 8 538 55 18
A CRE ST AR THIE B AR L A RRAS B, IR 2L
s/ MR AT (I A A AR AR K 5 CIL AR 7R g G 1
Hbs . RS TE S X550, L, AMUA SRS H bR BT
LSRR 23 0] P Y 20 A 25 57, 3 () 2 ) e LM A= B )
WA T & . £, B/NERE LLM A4 i RE A 1
& 8 AR BB SR G X 4 B, A8 B T4 T CLAG I
ARV AR LRI B BE T, 2 3 B R A s
KRBT B AR A

BT 57 S A 3 HELOR FH sl i BRI LA T DL s
PALYR SN S5 R B R LLM (R 0y 1] L A ik
YRR 2% Ry

0, =uLl,+ (1-p)

LSy, (18)
=1

n—1

n
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EE 2025 4F

A2  Alignment(d, n, m, S|, S,, )
HWIN:0, n, m, S, S,, 2
Mo

L.Ifm>M

2. Return 0,

3. End If

4.(L,. D,)< TrainCL(O);
5.8, 8+L,;

6. If (n mod T=0) and (m< M)
7. Ifn=1

8. 0, <L,

9. Else

Sl_/v‘n,
n—1"~

10. ¢, L+ -
11.  EndIf
12. S,<S,+0,

P,
13. 4, ¢« s}

14. D, < Augument(, D, ); /3 5H CA
15.  0,<LoRA(D,,. 0,):
16. 0« Fuse(d, 6, 0,. 2. 1,,. a, q);

17. A<,
18. m«—m+1;
19. End If

20. Return Alignment(, n+1, m, S,, S,, 2)

For, g -5 A1, ) 4 it 2k 45 s s B {ELAY
R 2 m OO A 0 — A
Am: ¢m

m
> P
m'=1

AR LLM 7F 1515 75 SCAR 38 8 SR s v 1 3 0L R 4% 41k
TR BA D7 s St SRR S A R SR )

T B IR 58 NSO AR B 58 e, B9k 2 90RO R AT
LoRA W . 7655 n % CLYNZRES SR mF, F1 FH LLM A= i1
I H BRI B 38R B A T OB I 48R 4 D, (I
H1447). B RS S B (L 1647) , LI
HESTE S E IR (VLB 1747). B RIMOE A v M AT 4%
TBE , RIS IZRARY . M m > M A2k .
2.4 LLM#EBEIETEKEIZ%

AR /NATBET LLM i Bl 518 5 B A VIR pL ] . 7 f
AR, LLM AR 3R A A A XS 322 30T H B 3 A
RSB , DA/ INRFE 25 (8] 1 B E 5 1E X285 CLAG
T o0 245 0] 5 T J s Kb -5 398 5 R AR 3 [ £ A R A 4
53208 1, I8 1k XU BE X e AR R e R R L
AT A SR X S TR T ARRAE . UG A
Fb 51 2 S A5l FH Sk 48 5 LLM AR 7 18], 42l Ho A s
SEICA U Ziod AR S W A H bR BUREAIE 23 A 1) SCA
BEAR

(19)

THEUWHKNE, EBESIIGT  LLIMITEERS S
FEAEFRE B 7SS B, 17T 2 0 o e b FH T 3452 CL )
25N Sk . AR BT B, FEAS Bl A CL I 25 33 3 4
KA TMbR2ZE . B8 FIRG G TAER A9 55 3,
FEA T AP IR .

(DB 5 SO, . R R R ORISR S 5
H AR THY I in Bt o e — A LM, LUAE s il B Ar
WX B Z RN ZRAEAS . FE 2.1 75 FIrisei T Prompt A 24
SRR PRI b 1 S0 X Q B 1 5O A B AR XU (A
A xQ s RV B, H A 5lrb (%) S0 ) 4 1 5 R X (I
B 1~417). AR EGHEARES 0,20 X0
e gk CLARIE T 323 H AR R I I 2R A

() 2. 7E4RA3 38 5 5 5 A ¥ 31 )
LR X P AR X A7 X R E A ' (14 1) BT
WD B A PREL Embed ( + ) B SF h 4015 {37 8 G S 1) d 2
A OIS 747) I3 TN (2O BB AR IR RS
Bl )5 , 2 K )2 Transformer 2 545 FAU T2 U0 i SCEAR - 7
k2 A )\ iR R ARAE (LS 1147) , 30
3 (4) B ¥R 2 RSB RFAE SR 72558 K2 1) it & %
GAm] LR A RA RFFIE RGOS 1477). X —id
FRFIRE T AL EE xQ | FxD L, SEEES TS — Bk X
FRN.

() MLEFEXS I . R 2 Al R 2 R A2 R
W SCRAE RGP ARG B =X (5) B 5 S $5 5% 1) i 260 N
2SOV 1547). XFTFHER b BEEASE R , R HN(T) 3T
SR S S EREA AR RUEE IR (8) (9IS R S
65 ST S AAEARARRUE . BT RARD S
2 20T et 2 £40, B, 38 0 X (12) FE Lk 4
RAEMEH LYW 1617). & RZES 2R
B oM 1T epoch X EEHDS £, (ILEE 1947).

(4)LLM-CLXJ 5% . fE8 N Zrad fe v, 5% 0 J 1
HE R R W S LLM-CL B9 B R AL - B 2845 T4~ epoch,
PAT— R SCARBG SR ERANE . AEARAT 410 epoch 19 £, )5, B
HACA K (18) 115 LLM #4538 SR 1A F6 45 0, F1E2
Wit S % ¢, ATHT LoRA WOBOR , M5 T B R 1 &
ISR TE OB 51 IS B LLM (L3 2147 ).

BeA U Zhad B2 b, LLM A2 iR H AR SRR 1) 38
SEAEA , LR CL W45 515 5 U ShFp R 38 5 B Anilk 2
(8] (1) 4 HE 43 A5 A A% 5 I st B vp o™= AR 6 oAb 26 FH T
() 22 PEAl LLM Az iR AR ()18 S & 5 nT X . il
IR, LLM #5155 SO 5 3R W RR 220 55 CL Y BE
SRS e — RS AR

3 EWRHTEERSH

Weibo 5 PHEME WA~ ELA i #5183 22 55 i BUPn 4
B A SLIR XS . AT e SCHE RS AR R AR, EEE



811 1 e TS T AR A 4 T R AR BRI 1Y LM 35 W S 1 Ay 3873
%3 BEA DAL Precision = % (20)
BN S=0d) T=0P ) 0. 0,00, W, W, 2 TP+

X
A 0 - - -
iki: = TP+FP+FN 21)
1. Fori=1to I do

2. 29 L« LLMGxQ),
3. X9« LLM(xY);
4. End For

5. Forn=1to N do

6. For j=1to C do:

7. h% 9« Embed(x&);
8. End For

9. For k'=1 to K do:

10. For j=1 to C do:

1. W FO(HG ") 5

P2 VG T I 7V B Rl 53 288 SORE I 1 S 58 1
B LLMARE(7 B 14 B) SCARIG 5 77 1] (L[] /X)) I
TR B B (1~3 %8 ) 3 4k B2 Bl R SR AR Xt L S . e,
Proposed-1 1 A 7F il 52 56 A %) B, B FH SR 2 A6 XL Tm) SCAR
BEOn SRS I P RE 25 Proposed-2~Proposed-4 Sk TeAHOE
SRAFTR BRSSO B, A3 ERAT 1~3 58X [m) SCA 5 5
Proposed-5 v Proposed-6 e 3 e an Ll Bk T 1~2%8
RO 5 BT A7 SE B IS F 7 B . Proposed-7 WI2RH 14 B
FRBLH) Qwen BERIPHAT 3 58 X ] e i . Ry i RS20 A 2
S, T BB S B IR — 3 TR S RO E LR 3.

12. End For F2 FHRAERIHEBLYE
13 Wk=kork'=K e | CEPEVIM | SRRV | BOHREVC | s
14. REE) e [RGH, o pECH, A SRt
2T g 2R /B (w) (m) Jr 1l
15. 2 Wy oW, hED):; Proposed-1 7 3 0 Hn]
16. L5 % ialk’.b); Proposed-2 7 1 0 XLe]
b=l Proposed-3 7 2 0 pdg|
17. Find If Proposed-4 7 3 0 poag|
18. End For
5 Proposed-5 7 3 1 pdal
19. L, 0LD+(1-06)L,
" ! " Proposed-6 7 3 2 L[]
20. If nmod T=0
Proposed-7 14 3 0 podg]
21. 0« Alignment(d, n, m, S, S,, A);
23. End For S8 il
ot e X EUHAE o 256
S L S s R SCRCE 61 THARE iy =
T PRI O PR B 2% . B R (LAE R 5 S SeeT o :
H
1625 50 eV B - VT . A T 2

B R B RHEIL . XFEBSIE S SR AR,
R Y5 E I 1k B2 AL BE 7 55 3 R M B A T B 5t
EE . TEBUR BT T, Weibo £ 7 4 664 SFEAR (i
2356 7% JAEiE F 2 308 4% ) s PHEME &% 47 5 805 45 FEA
(EHE 23744 AR T 3431 55). ME B 70% .
20% . 10% B Fb ) 43 R I 24 AR FR IR AR .

T A e ML PR, BEECT IR = Ah s
AFEIE Tk

(1) EFFI LLM(ChatGPT-40) BLE6 M 5

(2) LLM % Bl (9 B2 2 2 J7 36 (LACLPY) - K3 it
PETE TR IAT 55, AN SRR ERL 1) SCACHE 0 5

(3) =5 W B 2 > A6 I A D (4045 LSTM™ | Text-
CNNZ RCNNPURTHAND) . LSTM 451751 i e =
ST 5 1 5% 5 Text-CNN Gl it B BURBURRRFAE 221k
RESIHBR ;s RCNN 4545 Jmi i 5 4 Jmy 485, PERE P TR .

37 R FH bR RS 1 R (Precision ) FIF1 40 %[ %t
R (20) Fna (21) T FHERE .

BT T —415280 : (1) Jr ik PE el LU0 TESL 58,
FEFREEE R FR 5 (2) 1 il S 56 T 96 1E A ) 3 5 AL
il (A 0, Ak 20 BT 34 5 0 YOG ASE R B 114 52 i)
() IR EE YR -5 R SR AR PR S 56, FRITAN [F] 19 LLM
TR BN RE 5 0
3.1 DAMEERIE AR

TEFF RS VI GAELL S, LLM 38 S 5 2k pl
fiE 1 T 1A5R CLA R (W B5 15 S A PR fE . s =2, 58
PRAS AT 55 A e Ak (9 CL 202588, AR R B0
B LLM. R 56 30E 30 FH LM B A6 0 04 Jey PR A, FRAT T B %
K GPT-do X 4k 38 AR N 25 047 =432, I 7E Weibo
5 PHEME " 4% BEHLIHEL 200 S BEASEAT K . Wk 4
JiR BB  R AN 52.2% F156.3% , 2 W F i
i FH LLM 85 = &1 X3 4 28 AT 55 10 10 3 RE 7, Mk DATE 550
HHXkER R T REHENE/REER .

HE— 25 U 48 CNN 5 e LACL (9 8515 = A6
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R4 ChaGPT-4o MIEFERME R AN %
B True False K%
Weibo 583 46.0 522
PHEME 63.6 492 56.4

PERE(IL35). LA Weibo A PRI, CNN A A B R A1 F1
I 43 50K 38.53% 1 38.51% ; 45 L PHEME Jy I3, °F-
BIRE i 2K 43.32%, 111} False ZE 51 (9 F1{EAY 4 5.20%,
F1#{E 0 31.50%. LACL [ 85385 5 Kl B AP 7E T
R AH AR R FE 52 . DL Weibo Ry JE SR A, HORS i 28
51.90% , %5 [] 3 ) 34045 S (89.70% ) ™ B 249 37 1~ H 47
Y LA 0K 44.49% , Hodt True 28509 F1 350
K& T3 66 4 F 4% A5 . UL PHEME & VR BB, K 0 %k
53.01% , % [R] 0 05 2 (90.61% ) R K& 37.6 1~ 43 45,
Horp Non-Rumor 285l () F1{EAY K 14.45%, 1 [ 8 i 3k
76.54 1 H 4 A

R5 BESRNERER BAA:%

F1

BB 5 Jrik | KR FEHIFL

False True

Weibo—PHEME | LACL 51.90 64.76 24.23 44.49
Weibo—PHEME CNN 38.53 37.95 39.07 38.51
PHEME—Weibo | LACL 53.01 14.45 67.60 41.02
PHEME—Weibo CNN 43.32 5.20 57.80 31.50

5 AT RAL T LACL B 535 35 R 40 A . FRAE I
t-SNE % 52 % 4 25 0], B i 55 T 4% %5 A 11 (Kernel
Density Estimation, KDE) i1 True/False ZE A (Al &
RO . O T A AR AR LR AR 3 B) R A T
P TEREAS PR i T3 T A % B Y e/ IMELOE 47
FRIY BRI i B AR AR . A, FoA T — 4E4 Ak
25 8] b Y ZR— A~ Lo Pk 347 ) 5 AL (Support Vector Ma-
chine, SVM) 73245 , KB E L il 73210 5 (RE 2k , LA
BTG R AR () 0T 3 5 v (R #b KDE 2 55 171 AR AE SR
FIUA BB ). 8 I AT W, T i DA Weibo i 2
PHEME M 53, , True 5 False 25 HUFE AR TERAE 23 [A]) Hh 1y
FIERMRES , REUEE S RTERESZ IR . fF2Ln] i
ACHFIE IR ] Bk 5 il 45 A3

DL S5 5 365 b LACL /E 515 5 A I 1S 2%
FF1 53800 35 BERRr flm B — B0, RIZO R TE S
HE BB ES Tz AL . BARTER M
F1{H I CNNSE T 1040 E 20 L (H s IR B
FRIEZR ] LACL e = R fgt ke ek

Xf T Weibo—>PHEME 4 46 U] 1£: 55 ( WL 3% 6) , Pro-
posed-2 FYRE B 3 5 F1 3 B0 R B Bk iR A . 7
False #l True 251, & AHE 3 LL HAN Hl Text-CNN 73
M 4.23 > F1 43 R0 2.83 ST 43 . . Proposed-7 7E T A
K by ggbr B T H AR A . X T PHEME—

(a) VI Weibo

~ —
Overlap Area: 0.635 0 /'/ o
A
- .
® rFalse .
K True / Y
/ /
L — [ [ IY/
/ / / ‘J’ A r
/ [

(b) JEIE:PHEME

E5 LACL A DA FHES A

F6 AEIEBER IEIEFTE T Weibo>PHEME A& TERE #A07:%
iR T F1 Sy
K% | False | True F1
LSTM 81.81 | 82.89 | 8235 | 82.83 | 81.81 | 82.32
Text-CNN | 8021 | 8531 | 8276 | 83.47 | 81.40 | 82.44
RCNN 81.54 | 80.40 | 80.97 | 81.20 | 80.75 | 80.97
HAN 83.75 | 8276 | 8325 | 83.47 | 83.04 | 83.26
Proposed-2 | 79.52 | 82.48 | 81.00 | 81.71 | 80.00 | 80.85
Proposed-7 | 89.03 | 88.81 | 8892 | 89.11 | 88.73 | 88.92

Jrik:

False | True

Weibo (W58 7) , 9K Proposed-2 TE False 2K 591 K5 #
K (83.51%) W5 3#h T Text-CNN (84.49% ) , {H1E True 2 1]
K EEA FR AR BT LSTM . RCNN T HAN. Proposed-7
FESE HAR Y, T False/True ZEHRE B R A1 F1ME 5
IR EI (A .

& 6 11, 7 Weibo—>PHEME fi% 515 5 /£ % F , Pro-
posed-2 [1] False (79.52%) . True (82.48% ) FI - B AE 1 %



Ve USSR A S o 2% B R A A SRS Y LLM S8 1 W SR O I 5 vk
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% o1 M
®7 FEMEERNR B E T PHEME>Weibo AERE  H00%
. Wk | P FI i
False | True | ¥ | False | True F1
LSTM 77.11 | 75.31 76.21 75.76 | 76.58 | 76.17
Text-CNN | 84.49 | 73.11 78.80 75.23 | 79.68 | 77.46
RCNN 78.50 | 75.71 77.11 76.43 | 77.61 | 77.02
HAN 81.62 | 77.09 79.35 7834 | 79.95 | 79.15
Proposed-2 | 83.51 | 84.53 84.02 84.13 | 83.89 | 84.01
Proposed-7 | 91.96 | 88.84 90.40 90.15 | 90.52 | 90.33

(81.00% ) 414k FARAL , F1AE ALK WA TE ; Proposed-7 1Y
I T H AL 2. 2, 8 7 9, Proposed-2 X 7E

False 28 B K T Text-CNN , H A HE AR FETE 2 3 F JE e
Fik. Proposed-7 IR S B0 M o 2l e B B A

f£ PHEME—Weibo 1 {F: 45 I, Proposed-2 £ F1 #ll
K AR bR AR T 3 fE 771 (A X T Weibo #] PHEME,
Proposed-2 P4 ERH 55 T 3L ik, R UESE T B A 111 45
X 38 58 56 AT AE — 3 B UM . Proposed-7 5515 =583
SRR TE T R 22 B T R I A K T RE AT S 11
HEEFEHZ—.

MF-XLM-R+ST+GL" 2 [ i 5 175 il A5 475 S ARG
PRI T L Z — . R SCER TP 255 B Weibo ]
PHEME il PHEME %] Weibo f 518 5 11 5 A4 44 i
1 38 77.9% F1 77.2% , Ik T It $2& J7 3% (¢ 51 & Pro-
posed-7) [ PERE 5

771 LST™
90 | 77 Text-CNN
0] RCNN
= HAN
[ Proposed-2
Proposed-7

B

L
X

X
X

XX
olote

Performance/%

0 % N

XX
o2e%

%
5

XX
ofeted

%
:.0

XX
55

%
XX

5950
o226t

%
o2

%
X

%
o

A

6  Weibo—PHEME £ Il 14 fE %] .

ve Precision

Performance/%

21 LSTM
90 | EA7 Text-CNN
[CS RONN
= HAN
Proposed-2
Proposed-7

|
R

-.
33
X

o)

%%
0%
22!

o5

SRR

QRIS
QX

s
Se%e%es

"6"
S

ZRIRRK

RS
SRXXR

S

XK
Fetete

P

77 LSTM
90 | 72 Text-CNN
[T RONN
== HAN
IEZEI Proposed-2
Proposed-7

Performance/%

(a) HEUHTE

77 LST™M
90 | 72 Text-CNN
[1 RONN
. HAN
[ Proposed-2
Proposed-7

Performance/%

SO

True

(b) F153%%

[#17 PHEME—Weibo f Il PEREXT LT

3.2 HRLSELG: WEIEEA ST
S 308 3 T S 6 0 I R ] A G A S W A AL
PR, IF 25 SN ) G 5 A8 YOG R PE BE A5 . N 3R 2
7R , Proposed-2~Proposed-7 341 5% JH X [i] 384 5% , B M 5 45
LA 3 B AR5 [ 25 52 T ) H A SRR (18 S04 3
i 5 1M Proposed-1 A {8 FH = 4 5 1) 38 5 (Y5 3k 2] H #5
) AR XT LA

A 8 HAYEE ] L, 7E Weibo—PHEME B K I 4T:
S5t Proposed-1 Y SRS B0 R A F1AE AR Proposed-2
G390 N RES.05 A E 4 s 5024 H AR G S 4t =4

SCAHE R 1) Proposed-7 #H HL , B A% 134 H 430, X
T3¢ 9 ) PHEME— Weibo 1155 , Proposed-1 [A] #£ 4k 45
e, HOF RS o R A FL 43 B0M 3 Proposed-2 5 Pro-
posed-7 435I N FELY SAEH 4 RUR LA 4345

TERL ]G5 4 YRS HE H (Proposed-2~Proposed-4)
%% 8 . 7R Weibo—PHEME {: 4 T , Proposed-4 {{ £ True
Z5 0] FPRG B %2 4 Proposed-3 Sl 0.32 4 H 43 a8
PREJFFLEALTE . R4 K 9 h PHEME—Weibo ) 25 2
Proposed-4 7£ False 2 Il I+ /4 i) % A 4% Proposed-3 T
%7 0.49 1~ E 43 5., Thij Proposed-3 7E True 281 _I A4 A%
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EE 2025 4F

*8 AEMEIMK HEEFET Weibo>PHEME #ERE  H07:% ISP 3.32 4N 43 5 4R T, 1 Proposed-6 1 H B 0.69
. L ES T F1 T4 ANE Y A3 AN E 4 s R R B . Proposed-7 16K
i , - . - , o2
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