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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%. Further feature visualization analysis confirms that our method compresses intra-class

variance and enlarges inter-class separability, resulting in clearer decision boundaries and higher classification confidence.

Key words:
language text augmentation; domain adaptation (DA)
Foundation ltem(s):

social network misinformation detection; large language model (LLM); contrastive learning (CL); cross-
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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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"string_value": " @ CONTROVERSIAL GOV POSTER SPARKS DEBATE: 'Why compete with men?' @ \n\nBeijing's Xicheng District
marriage registry displayed posters stating: 'A woman's greatest achievement is being a good homemaker & mother' and "'Why fight men for
resources?' Officials claimed these were TV drama quotes meant to save broken families. The posters have now been removed.
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"reply_8": "Try this in ANY Western democracy - entire department would get cancelled ASAP! +
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B 5 4, AT SRR AR A R I . 5 n ) ep-
och Y Ry A0 2k 4 2R s ol

1<
L= 5o
52

R R AT A4 i 2 £

P AL G < S A R R AN 4 SRy o SCHY DTk, 7
55 n > epoch Z5 W5 1 S R T HEN

L,=0LP+1-5)L®

Horpr 6 €[0, 1025 I AE
2.3 LLMha&RAE

SV LLM 0 J7 3542 4% 42 2 20308 (Full Fine-
Tuning) '™ #2755 2% >J (Prompt Learning) ' 12 % 5 44
1 8 (Parameter-Efficient Fine-Tuning, PEFT)DS]. % Bk
i W (Low-Rank Adaptation, LoRA) 2@ T PEFT #1948
TN Sl TR SR A R A P 55 5 | AR AR 3 i A
T IRAEIREE IR 5 25000 [R) sf 52 B0 243, AT
R RAE S ST . T A S
AR, H 4 B O ME DL ORIE I 5 A AR 1) 2 FE A R
SC—FPE . ARWFFTE R A LoRA SO S, { LLM A 78 &
SRR ARG DU I 5 1 S KU B R AT 55, NI CL A
T o) 285 AR e SC— S50 RN 22 R 1 R T U R A

BEELR LLM B 50H8 0,, 55 m WHOE 5 I S 808
M0, TEH m WY, 6, W T 85 7H 5 UG R,
PLA: B 3 ARS8 A A AR AR, 4 /NI S5 B BR ek
TEFRRIEZS [l g 22 00 . BN U2 B2 & V1> epoch,
TEFEANER n A~ epoch S5 U JET I b fish 2 — UK LoRA 3
W. 4D, N n > epoch 45 B, 55 m YR T 45
PN ZRERAE . FHRL Y LLM Z50380R K

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

b, LoRA ()RR RIS I L 72, BIAE VR 45 It
LR AU 0, 1) [RT ), 38 3k 5 AR Aok 43+ R B v 255 &
B XA LLM BESE7E A B AT H R 98 UR R Pk aE Ny B
T SCAS G SRAT 55, [R) B R 457 T A A5 B (1 1 S A A
REJ.

B F A LLM 19 sh 25 00 i 8 M T is 2
o, mEmELRRNS, =0, -0,f18,=0,-0,,

(12)

(13)



Ve USSR A S o 2% B R A A SRS Y LLM S8 1 W SR O I 5 vk 7

43 BIFERAE dim (0, ) 423 1] (RO e (2285010 5 357
S HREE . Ay, =sen(9, ) ei=1,0, 1) 28y
TR (IE W EEH SR, y,  =sen(8, )
e R 3205 AN 2 5000 0 T IR B 4B oA B0 2
sgn (8, )| 8, =8, BV i 75 1) ff) k5 0 3 g
(2 4, e A b 7R S R 1 . o 220 0 T £
B RSB, | WA A T Ay, R
mﬁnm—l’iﬁ/@ & 1=V 1 ON, e

B TR T 25T LoRA 19 LLM AL & IF 5608 . %
WM RS T SR MORSE S, LR TS IE S 2 kA .
255 F0 8 A TARR RS MR =2

COTTAME ST . 5 545 m— 1 YR IR 5 3 B 285 B
Bl e, WU, SRS, . fE8, b, Ee
(magnitude):ﬁﬂ?ﬁﬁ q%ﬂgiﬁiﬁﬁﬁ%% ,HAEE.
B G L 8, | B o R A S S R L R S, =
P Oy Hod1 5, =sgn@, )i, =19, | FEERY
J7 2 A A m K O S B 80, 155 9,
5 A,

() FF B2 FEAIEE m— 1 UCRIES m YO 1
BH6, |56, 20T, F BRI — 4 SR S
g, DT 78 AN [) 80 4% SR =2 TR AR 9 S — Bk . %
SEARR IS, 8, KO A S i 5,5, TEA
e HERITEE AR R §9 | 89 59 59, AL B R
(R 16 1 SRy 9, ML 07 B Tl 0y, B (P e RO 25 5
BT E R (L 81T)

P9 =sgn(@) | +34)) (15)

WO b O pE S5O gk R GZ R A 5
5 WG, 0 KL 9 5 W = Rl 2 B S W
F 7 T 2 G R (A 16 5 24 19 1 O ST
(LR (LA B AR S B 9 = 0 F6 R AR AR R 5
B o TR R S 4 R SR M B (R B 1
VS B0 I LS 2 wh g SR B Y L 3
WE AR E .

()BHAI . SERUEITRIERST 510 9P A e 4
BB, BT SO R BT AL A O .
re{m—1,my R G SBURFE A 99, T AL IR 88 7%
B O BB, LR SRR I T [ g . A RO =
GO=90%, oo TSP SRS . BT I, e
BRI IRy

o 1 s
© = Wrez[?mlrlgi) (16)
Horh 2 LR B . AR S B AS

9=[ 9050 ... gumw] (17)

PALE IF A 4 FE 1 280U |, 2R 1T LLM 2

BN O=0,+ad( WA 2117) , Hd o HGIFESE,

et R AR BT IR

B3 Fuse(®,.0, 1,000 0 1> 0q)

HIN:0,.0, 1, 00 2s 2 1s O q

Wit 0,+a- 9

1. Forre{m—1,m} do
2. 9. 0.-0,;
3. 9,(— TopMag($,.q);

4. jsan(d,):

5. A9k

6. End For

7. Fore=1 to dim(f,) do

8. )Y sgn(d, +95));

(e ne) (@ .
9. RY«{77=y" }/’E{mfl.,m}"

10. Ify9=0

11. 99 0;

12. Continue;

13. End If

4. IfRY=0

15. 99 0;

16. Else

17. P > 1,91”/2 A
reR" Jje RY

18. End If

19. End For

20. 9 (_[3(1)’ 9(2>, . g(dimwu ) ]T;
21. Return < 0,+a- 4

LLM-CL X 55 Il 5 52 340 5 4 I3 40 k3 I 39 2,
Horpr i A S, S, & A A8, FH T — A4 2 P
M ERE . FEBA IR, & T epoch 4T — K
AR EAE , RITE BT N> epoch 131125 8 1 PR 52 81
w= [ N/T TR SCASHE SR . 25 W A1 A LLM 9 8515 75 1 X
A RRE DT, B THE H AR YRR AR i, FF8 o 2 R
Tl R | M PR T AR R AR X6 5 CILASE 78 () s )
BAr. FEBIES X5, L, AMUKRBIRE S B R re
LR AR 23 (0] T (1Y) 43 A 25 5, 346 18] 422 R B LLM 2B B
WA &R . L, B/NERAE LLM AE A A BT -F
B AF B R SR Y X4 B, AT B T4 5 CL A
KAEVRBR S H AR 0 HRIRE ), Sz 3R I 3 i B ds
E NS W iR SR s i T

LT 57 S 3 FELR FH e TR LA T A sk
BAYR S U 25 SR I 2k BE S ) LLM 3R 88 7 1) . 55 n IR
PIEROYEEiE )

¢n=u£n+(l—u)ﬁ2£n, (18)

n'=1

Forr, w o P A7, BT R 2k 55 D se B {E Y




8 BT

EE ¢

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_L‘n,
n—1"~

10. g, pu-L,+1-p-
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)

R 2 m OO A 0 — A
j‘m — ¢m

m
> P
m'=1

AR LLM 7555 15 75 SCR 34 98 SR g b | 3 N R3S, 5
PRFR 7 s b X SR8 A S A A ]

TEBE YR 58 W SCA B o e, BTk 2 W0E O AT
LoRA T . 7645 n %8 CLUNZRZE gt , F) FH LLM £k p i
T H bR AU B S SRR AR T BET I SR B 4 D, (I
5 1447). B A EE LB IF S (A 1647) , LA
TR U S BB (ULER 17 47). Fe RO E vk M)
T BE RS IR . Y m > Mo, 30
2.

2.4 LLMEBBIETESIIZ

AN LM 4 Bh 5 15 5 B A I ZRbLifl . 764
R, LLM R R SR AR AR i XU 230 H bR 3k
HERREE | A4/ INVRRIE 23 (] 1 515 7 1 L 25 55 CL K
0] ) 4 ) 5 5 2 B00HR 5 48 5 A AR L [ P AR REAE 2
5502888 1, I i WA B X AR TR e R R TR LS
BTG4 A8 SRS TE S RAE . I e AR B )
F A5 2 S A5l FH Ol 4 S LLM A9 E O 1), 4l oA )R
SLHE A U 25 2R U W A B A SRR AR 43 A 1 SOR
FEAR.

(19)

THEUHE, ERASU% LM EES S
FEAE B E B 7SS o B, 17T 2 0 O e b FH T 34528 CL Y
N2k . FEMHRY B, FEAS B A CL I 48 538 2o
KA bR . B8 FBRG % TARR A9 38 3,
FEA T AP IR .

(DB T SO . fER RSO, RIS 5
H AR THY I in Bt B e — A LLM, LUAE s il B Ar
SRS B Z RN ZRFEAS . 76 2.1 75 Frik i Prompt Y 24
SRR R IR Y S ) X Bk B R A S E AR SRS AR
PN [ B S v e 2 s RN S B 17 B 33 By e L G )
B 1~417). AR EGHAES Q.20 XD
RE gk CLEHE 72 H bRl oA B 2Rk

(2)JZUAFHEE . RS IE 38 5 15 AT A5
A AU X 5 SR AR QR AT XA R AT AR X 3R] T
w B A PREL Embed (- ) B S 43 5 07 8 i i 1Y d 4
A O(WEE 717) , I3 T (2) 15 BRI IR FHIE R IR .
Bifi )5 , 25 K J2 Transformer a5 #5047 )2 U0 SCEAR . 4
Bk R B R (WS 11 47), IF
3 (4) By 7R 2 R B ARAE G0 750 K2 A da it 4 25 9%
Bam) LR A RFEIE RGO (ILEE 1417). X —id
FEFREFH AL H X0 Fx® L SR —EerE X
TR .

() WYL XS b . FEfe g 25 (Rl b 32 R fn 42 Ry
W SCRRE RGO F GR35 = (5) B 5 R $ 5% ) 12 260 N
OIS 1547). X THER b FIEEARRER SR (7)1
A S IEFEAS AR RIS, IR N (8) L (9) iR S
B BT AR . ENRAR DG
R E o 20T e g £49, B, ik 3 (12) FE ALk 4
REME LYW 1677). & RZ 5 2Rk umt
B R 24T epoch FXF UK £, (WLES 1947).

(4)LLM-CL X} 5% . fERA N Grad R rp >R R A
85 SR S LLM-CL g P [ AL - 52838 T4~ epoch,
PAT— IR SCA TG SR ERAE . FEARTS YT epoch 1 £, )5 , 4
HACA L (18) 1154 LLM B3 R AL F5 b o, F97K: 2
Wit B% o HATHET LoRA WIGE , B IS MR 14
IS IE OB 5 1 F 1S I LLM (L3 2147 ).

BeA U Zrad B2 b, LLM A2 iR H AR S8R (1) 38
SRAEA, LR CL W45 51 5 U ShFp i3 5 B Anilk 2
() (R REAE 53 AT W % 5 YN it B2 v i 7= AR Ee it 2k T
() 2 PEAl LLM Az iR AR (918 S & M 50T X il
i ARG, LLM A 8515 55 SCASHE 38 SR g 4R 220 55 CL Y 3t
SRS e — RS AR

3 ZWRTEERSH

Weibo 5 PHEME W~ ELA i #1822 55 i B 45
B A SLIR XS . AT e SCHE RS AR R AR, EEE



Ve USSR A S o 2% B R A A SRS Y LLM S8 1 W SR O I 5 vk 9

A3 BEE DA

BN S=(x0)_ T=(D)_ 1 a0, 6, 0, W W,
M o

1. Fori=1to/do

2. X0 <« LLMEDY;

3. X« LLM@GxY);

4. End For

5.Forn=1to N do

6. Forj=1to C do:

7. h& 9« Embed(x$);

8. EndFor

9. Fork'=1toKdo:

10. Forj=1to C do:

11. D < FOWhs ")y

12. End For

13. If k'=kork'=K

14. e I T

15. 2 Wy oW, - hEF);

16. e L ic“’-m;
Py

17. End If

18.  EndFor

19. L« LP0+1-6)LY;
20. If nmod T'=0

21. 0« Alignment(6, n, m, S, S,, A);
22. End If
23. End For

T HE AL SRS s J5 # R0 SRR AR LT TR %
BHFMEA IR EE 2% . A ANUAETE S 5 SR 2
AR ENA EE FARFEME . /& R AEF M
B JFH RN XFENEES BERER,
Ry SIE T4 D v 2 AR BE 7 538 N R T B AR
REE . EBRE B T 1, Weibo £ & 4 664 SFEAR (S
2356 7% JAE1E F 2 308 4% ) ; PHEME % 43 5 805 45 FEA
(EH 23742 ARIRT 3431 4%5). MR 70% .
20% 10% 1) L3 3 R Il 248 (DR RN uk 4k

h T A AR M EAL PERE , BEECT R =R
W ST

(1) F R LLM( ChatGPT-40) B B4 5

(2) LLM il By (1R J3 2 2 J7 5 (LACL™) « K38 Bt
PSR T RT3, AN S Ap B ) SCASHE 58

(3) 32 9 T 2 2 A I A R0 (A 4% LSTM ™ | Text-
CNNPY RCNNPUHIHANS)  LSTM K6 5 971 A {H ke
= WS TE T XA FF 5 Text-CNN 18 11 ¥ AR BUR R4,
ZALHE 1A R s ROCNN 45 & il 5 4 el i, PERe it T
A .

T 32 K 1 04 b5 K 16 2R (Precision) A1 F1 208 [ %

P (20) M (21) R THERE BT .
TP

Precision = TPLFpP (20)
2xTP
F1_2><TP+FP+FN 21

T2 VTGN T I TV 3 Rl A3 28 SR I Y S B8
B .LLM ALEL (7B 5 14B) | SCASHE 58 J 18] (AL )/ X [m) )
FIVRCE B BE (— 2 =48 ) =>4k 3 4 FH S+ 2 o b 52
5. HoH, Proposed-1/F A {4 fil 5256 19 6] i, B FH R 1k
XL [i] SCAS 344 58 5 W 119 14 BB 44 25 5 Proposed-2 -4 TG
PSR T ARG SRS YO IR, 43 AT — 2 = AR XUR) 3L
A B ;s Proposed-5 Fl-6 76 = #e W4 3 JLmlt bk AT 1248
T 5 Fr A SE BRI FE T TB BIHY . Proposed-7 IR FH 14B
TR () Qwen B FRAT =48 XLIAI G 58 . B SE6 10 25
SR BT I S B IR — B TR SRR E LR 3.

K2 FRAEMERS %

R Ji@ LIM | BERFE | BOMfEIR B
ZHRB (w) (m) I3
Proposed-1 7 3 0 ]
Proposed-2 7 1 0 XLi]
Proposed-3 7 2 0 XL ]
Proposed-4 7 3 0 XLe]
Proposed-5 7 3 1 XL ]
Proposed-6 7 3 2 pd]
Proposed-7 14 3 0 WL [A]
x3 BOASHIRE
2R B
R B o 256
epoch 8 IK/IN 25
SUR SR BT 10
R ZHUS 0.7

BT =508 . (1) ke A IE L 56, i
FEFVE IS BT RR 5 (2) 7 il 58 T 56 1E X a3 s AL
il B A, I AR 3 A R AR YO B R PR BE A 52 )
() BIRAE YR -5 R A5 R AR PR S 56, PRITAN [A] 19 LLM
TRV 1 RE A5 0
3.1 DAMEERIE AR

TEFF RS U GAEZE T, LLM A8 LR 5 AR il
fiE 1 T HA5R CLA R (4 8518 S A I PR fE . e =2, 58
PR INAT 55 M R Ak 19 CL 202588, Wi AR /80
B LLM. R 56 30E 30 A LM B AG I0 f4) Jey PR A, FRAT T B
K GPT-do % 4k 38 AR N 25 647 — 43 2%, I 4E Weibo
5 PHEME 4% BE AL 3 H 200 25 AL AR BEA T . s 4
JoR B SRS 8 R AU 52.2% M1 56.3% , & W E i
i LLM 5 = 51 5% R AT 55 09 2 B0 R 0, e DL 7E 50
HH ik ER R T REIRBE G E .



10 T

+R4 ChatGPT-4o B E WML R

itk True False Kt %/%
Weibo 58.3 46 322
PHEME 63.6 49.2 56.4

E— 2% A% 48 CNN 5 5 LACL AU B5 15 & K
PERE (ML 5). DL Weibo R JEIRAT , CNN (45 i % A F1
PI{H 43 50K 38.53% i1 38.51% ; #5 Lk PHEME Jy J5 3%, , °F
YIRS 0%l 43.32%, 1fij False 28 9 A9 F1{EA N 5.20%,
F1#{E R 31.50%. LACL [ 85 15 5 K il 4 B8 BAFAE T
W B SRR RA 5 . DL Weibo Jy TR SRS, HORS i 2% h
51.90% , % [R) sl 0 50K5 2 (89.70% ) F K424 37% , -3 F1
I3 BN 44.49% , P True 285019 F1 40T B T 3T 66%.
L PHEME 2 sk I, 5 1 5 A 53.019% , %5 [] 1l 18k
£ (90.61%) T K& 37.6% , H: " Non-Rumor 251 1) F1 A
UM 14.45% , T B IR FE 3K 76.54%.

®£5 BESHAMETE
bR F1/% Sy
/% False True F1/%
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

K S IAAL T LACL AU B5 15 35 R AE A . RAEam it
t-SNE $ 5 & 425 0], B J5 5 T 4% % 2 45 11 (Kernel
Density Estimation, KDE) i True/False ZEHEAS A &
BREATAG . N T AL SRR AT RRAE 25 8] v B AT oy
P FE R AR ST PR M R % B 1 /M T R AT
BUr  RICE S ARE TR bR . AL, FRATTHE 4R
25 8] b Y ZR— A~ G Pk 35 ) 5 HL (Support Vector Ma-
chine, SVM)Zr2sds , F kP E 2l /3 25 L (B 4k ) L LA
SBR[ AT 3 8 M (7R #b KDE 2 5 [0 AR A SR i
F AN AL ). S UL AT O JE 38 DL Weibo I8 2
PHEME Jy 53, True 55 False 28 (UREA FEASRHE 23 (] 1y
FEEREES, FEEE SRR ZIR . JFen i
AR 2 R 3R 7 vkl Ai iy N A

DL 2555 3% 5 o LACL 78 518 35 R RS R
FUFL 205000 35 N B A R a5 i B — 30, RIZ T TR
HESE X ER TR R . BARTER R
F1{H [ H CNNSES 3R T2 10% , 855 B IR & B RRE 3
B LACL ik = Fafg ot Fi- ek

X F Weibo—PHEME (1) 45 AT 55 (W2 6) , Pro-
posed-2 [ A 11 R 5 F1 43 B2 oK 6 B Ik RS AL . 7
False 1l True 2851 I, & WORE A% 2R L HAN 1 Text-CNN 43
B 4.23% F12.83%. Proposed-7 7E i A 25 51 | HF6 b
AT HABRL R . X T PHEME—Weibo( )36 7) , B

I 5 Ttk

(a) VI Weibo

Y
/N
/ A
[N ] R
[ )

[/
/
/

Overlap Area: 0.6350

(b) JEIE:PHEME

E5 LACL A DA FHES A

R6 REIZERIR IBIRITE T Weibo>PHEME 4l £ 58
- %1% ;;}2 F1/% -4
False | True | /% | False | True Fe
LSTM 81.81 | 82.89 | 8235 | 82.83 | 81.81 | 82.32
Text-CNN | 80.21 | 8531 | 8276 | 83.47 | 81.40 | 82.44
RCNN | 81.54 | 8040 | 80.97 | 81.20 | 80.75 | 80.97
HAN 8375 | 82.76 | 8325 | 8347 | 83.04 | 83.26
Proposed-2 | 79.52 | 8248 | 81.00 | 81.71 | 80.00 | 80.85

Proposed-7 | 89.03 | 88.81 88.92 89.11 | 88.73 | 88.92

SR Proposed-2 7E False Z& 51| I AUAE # >R (83.51% ) W& it T
Text-CNN (84.49% ) , {H7E True 2 5| Ko Z5 4 8 b5 b b
T LSTM.RCNN Fl HAN. Proposed-7 #iE &2 H. ff #, 7
False/True &R R FIF-2 F1E 335506 (H

& 6 41, 7E Weibo—>PHEME fY 8515 5 £ 45 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 11

F7 AREEEELR IR E T PHEME—Weibo # il 1B

|t g; P | s
False True R/% False True K1/

LSTM 77.11 | 7531 | 7621 | 7576 | 76.58 | 76.17
Text-CNN | 84.49 | 73.11 | 78.80 | 75.23 | 79.68 | 77.46
RCNN | 7850 | 75.71 | 77.11 | 7643 | 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% ) #4J4b FAKAZ , F1E K WL FF ; Proposed-7 Y
M E T HAL 8. 25, | 7 4, 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 LSTM
90% 1 EZS2 Text-CNN
[T RCNN

BN HAN
B Proposed-2
Proposed-7

XXX
RRRH

Performance/%
X
o2etelel

295

X XK
%

X
o2

5%
o2020%

XX KX
SERX

%
5

X1\
ve Precision

>

Performance/%

21 LSTM
90%{ F72 Text-CNN
[CS RONN
= HAN
Proposed-2
Proposed-7

88%

85%

82%

|
R

-.
33
X

80% X

%%
0%
22!

8%

o5

SRR

QRIS
QX

s
Se%e%es

"6"
S

ZRIRRK

RS
SRXXR

S

XK
Fetete

P

6  Weibo—PHEME £ Il 14 fE %] .

A LSTM
90% | 52 Text-CNN
X7 RCNN
NS HAN

] === Proposed-2
Proposed-7
85%

Performance/%

78%

s

True

(a) HEUHTE

A LSTM

90%{ 5757 Text-CNN
[ RONN
BN HAN
°7 m=m Proposed-2
Proposed-7

Performance/%

SO

True

(b) F153%%

[#17 PHEME—Weibo f Il PEREXT LT

3.2 HRLSELG: WEIEEA ST
AR 3 Ak T R S 0 5 T XS ] SCAS B 5 SR s 1 A K
PR, IF 25 SN ) G 5 A8 YOG R PE BE A5 . N 3R 2
7R , Proposed-2 28 -7 Y41 5% IR [m) 3853, BV I 3k i % 21
F bR B (] 25 S i 18 ] A 5 XURS 1 SCAS 3 58 5
Proposed-1 X fiff F =& 5 a] 35 58 (PR 2] B AREL) ,1EH
PaNieE i

M 8 45 SR T UL, 7 Weibo—PHEME f) 46 4T:
% 1, Proposed-1 B34 K B 2R A1 F 1 {E AH % Proposed-2
G390 W 4.45% H14.52% ;5 2808 =48 SUAR I FR ) Pro-

posed-7 Al Lt , B R 4% 3 13%. %I T 3% 9 (1) PHEME—
Weibo {F:55 , Proposed-1 [Fl FE AL 25 3 HAF- kG fff 2 il
F1 50503 Proposed-2 5-7 235l T B4 5% F111%.

TE XL [) 1 5% 11 N R X EE T (Proposed-2 22-4) , 46 8
7R Weibo=>PHEME 1155 T , Proposed-4 {X7E True 2 51|
A RE 1 R 45 Proposed-3 1% 0.32% , H AT FE AR FR4E R
Ft. R HEFE 9 7 PHEME—Weibo [ 285 5, Proposed-4 1
False & 5| I~ RS 56 R AH 4% Proposed-3 F % T 0.49%, 11
Proposed-3 7 True 2| I (4K i %2 %% Proposed-2 [ A%
0.34%. SR , X LET7 1 1) V- BP0 R0 K



12 W T

EE ¢

#*8 AREIEEELIR IR E T Weibo>PHEME # il 1B

TERFR 3 F b5 LR BL T PUBAERE , {UAE True JE 51 HHE

A fifg>% _F [t Proposed-5 1% 0.68%.
. 1% . F1/% Sy p
ik i % £10 TERBEKX T Weibo>PHEME #7148k
False | True R1% False | True -
Proposed-1 | 77.57 | 7434 | 7595 | 75.08 | 76.58 | 75.83 ; W% q:ﬁ] F1/% T
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Proposed=7 | 91.96 | 88.84 | 9040 | 90.15 | 90.52 | 90.33
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