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*(Guangdong Artificial Intelligence and Digital Economy Laboratory (Guangzhou), Guangzhou 510330, China)

Abstract: This study investigates the task of clickbait detection in social media posts. These posts often employ deceptive headlines or
thumbnails to mislead readers into clicking on irrelevant or undesirable content, thus enabling widespread dissemination and generating
commercial benefits such as increased clicks. To evade detection, malicious creators frequently disguise clickbait posts as legitimate ones,
using techniques such as adding irrelevant or misleading content to deceive the detector. Detecting such posts requires a detailed analysis
and complex multi-step reasoning using commonsense knowledge to identify inconsistencies. However, existing methods typically treat a
post as a simple text span and feed it into a neural network for classification, neglecting the analysis of inherent false details, which leads
to misjudgments. Moreover, these black-box models lack explainability. To address this issue, a new question-guided detector is proposed,
which systematically analyzes the details through a doubt-then-verify approach to uncover potential inconsistencies and falsehoods.
Specifically, a multi-modal retrieval-augmented technique is used to extract detailed clues from the content of the post, followed by
questioning each clue. To ensure thorough verification of facts and their complex relationships, both simple matching questions and deep
commonsense reasoning questions with varying levels of complexity are employed. Each question yields a plausible answer from the post,
but the answer may be fabricated or inaccurate. Therefore, an open-domain QA model is utilized for cross-verification, leveraging external
knowledge to derive a more reliable answer. When discrepancies are found between answers, the post is likely to contain false content.
This inconsistency serves as a valuable feature and can be combined with other multi-modal features indicative of clickbait, improving the
discriminative power of the detection model. By breaking down the complex clickbait detection task into a series of question-guided
verification steps, inconspicuous inconsistencies can be identified to explain the underlying reasons for clickbait. Extensive experiments on
three popular datasets demonstrate the effectiveness of the proposed approach.

Key words: clickbait detection; commonsense reasoning; question generation
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TR, LLM ARVEIE TG RN 1B A4 5 A2 45 [Entity-2] SHE A& K SEK e, HILIRATAI AR — & W IHL &R
(¢f,r,e) € S, HELHG e AT FI [Entity-1] WIREIRAFIE R, ik LLM %y 58 SiB (0 IR S04k s, R IX —idf% £ #8, 34N
BECEE & BB IR R = JndH. Wik 2 B, O T e SRR RO &R, FRATDGT L AR o URHE SR o il L oG &
HHAT T 00T 599, I ER B ConceptNet-5P" ik 6 i 12 2H% %,

F 1 TSR SR

Prompt Samples

Based on the provided context: [Context]. Given the entity [Entity-1] mentioned in the context and the commonsense relation type
[Relation], please identify a commonsense entity [Entity-2] that relates to the previous entity through the relation.

R2 KM E R RRMY

Erke LSS
1 RelatedTo, Synonym, SymbolOf, SimilarTo, External URL
2 FormOYf, DerivedFrom, Etymo-logicallyRelatedTo, EtymologicallyDerivedFrom
3 UsedFor, CapableOf
4 PartOf, HasA, HasContext
5 AtLocation, LocatedNear
6 Causes, HasSubevent, HasFirstSubevent, HasLastSubevent, HasPrerequisite, MotivatedByGoal, ObstructedBy, CausesDesire
7 HasProperty
8 Desires
9 CreatedBy, MadeOf
10 Antonym, DistinctFrom
11 IsA, DefinedAs, MannerOf
12 ReceivesAction
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2.2 ETHZERRIEER

T HESC H AR B R SRR SCATF B RS, AT R — A Y) R EF SR MR AL S IR R, FTE
PR ) A B ET AR, AR R TR UE AT AR LR R AE S P &R AN MM O R AL B HEREAE E Y B XOR AR IR I AT R
MHEBD P IRAL. 4R 0 AR S AR A S 3 MPIR, BARRIEEAN KRR se S B 1 B TR, RE R EN4E UIRE
Z BRI E AR ). B2, X EEHR ) — MR IR AR SR VAL T i, DAIRE tH— 40 TR S IR e TR AR I RO HE B A
FELE TR AR B ).

2.2.1  FEEAlFHE A A RR

35 AR 1 38 P 2L T 1 T B D) TR R o B X R R T A, T X TR 1) S BB /N (3R e 2R .
QR AR EEA B R TR ) E S — NPT, TRATTR AT LUK L 2R 10 o MR — R B E R DS IR I ST 1
B R 2, X e LA 5 0] AR S R H T 4 2 O B ) B AR R ). 2 R R, AT S A A — R B TR MR A T
HAHE T, Bk, S A =nHE R se S, AT AP —NLAAERER, 51— ERRIERRKI A,
F BART #5881 A2 gl — /N BBk (1 742 7] 1245 B 48 T 3 P 8] B 38 SR R BRI 2R AT 55 9 T 3G 3 4l R i 12
FRATTIE MK BT v A2 ) 500 v 4 AR ) ) 3R 2 B, e AR AR T S 5 100 0 A it . LA ke i, 4ot
T353R M B, 2o e R SO, T HEHE 3R R T =W R IR B A% 08 . AR5, I POS AR et inl o ) 08,
Wl A [NP] & #4418, F (V] B s S, DOt — 5 V348 08 F KR 10 AVEARAR .

TR0, ARG KRR » fa R A VLE A3 AR . 22405 =t 40 (Beijing, AtLocation, China) #H
VG HC FIARAR “Which city is located in [NP]?”F1“Where is [NP]?”, LA A 542 5] Jy“Which city is located in China?”
Fl“Where is Beijing?”. & T4 25 2 {42 AR, AR HuggingFace API™Y ) BART-large #27 y — e 4
FRS B ENT R ] Z AR AL B 24 DN RRGRZA K, BEAE 16 NMER IR, ROEZ 4EE N 4 096. TEA S 02
Hidi e SQUADPY EBEAT VI 55, 1% 8 B v R HCKE =TT A6 3 oh Bk A T2 10,

N T WD AR, BT R SRR BAR B, B R 4 TN R A5 B S 5O S D BT S pr, 1615
pr BEA RO > AR $ MIABEARCRE = J0 4 5 4 B AR ) 71X — 48 4 Sk 5| SR EY AR il T B 5 L. HL ikt FRATT Sl
HISE prv =70l s B AA SCA IR R u, BHEON 2 = [prys;u,], FERHH N BART it as . 3 i £ F 20 o
il (teacher forcing) H¥E, AL REAE 2 > AR M RTSORAE S M4 L. IR SHZ AKX (1), K Py [Puls 2
B Y IR T S S S RE . AT . TN I8 i N DL R I BBUIR S . FE ISRl R, BB S 4 ¢

[ 5E 1, IHT RS K 0 5 ZI Gk e, BATBERITA A A BRI T3 101 QP = {gp,,....qpy }-
Pyli,:], if i € Py,
o BART:;"COder (zi,h.), otherwise (1)
qp = BART‘E“"der (hy,..., h,)

222 HoRRHA G

PR, FATA PR eIl 7 3R 1R A Dk e, 3 1 SRAUE AR [ 77 B0 A il R A 4 ). LB e A Y
BB B e AT BT IR N, SRS R IO B AR R . AL G SRR DU TS AR A R 4R 1 X
Aot £ 3K 7792 7T ASR AT AR, O (00488 I 2 A3 R ) o R B R, AT SR o SR PR 32

(1) HBREGEAZ A 75 A REL & A BB 1), — L85 = I8 B QIR A 752 1) 0 28 2 A A & B HL A
12 25 0. ik, BATTR AT K+ IR I S0, 3R i QP it & 3& (K AT 4L B el nr . BT &, A~
R BN SR (gp.A) T (gp,, A) FTHE IR L 32 gp, 1- % A;. FIEE]— 2L [F SRR REAH 2 R TE
7, B3 AL SpaCy kg 55 [ stk Bhab, AL TR A, AW gp, 5%, GG RHERE.

(2) FA&H RS i B RE 0 5 R AR AL 65 SR OB S by, X AR A5 SRR 51 1 A1 1007 1) Bk, FeAiT et
T UM R B SRR DY S IR RRSR 51 A . IX S IR  T ESUARSS AR T S AR SR T LT T 24 BRERE
ISR, AL AR — N AT I, L RN 7 o 73R R RHERE R &R 2R — AT S 1 T3
OP, C QP Fe W ONS A IR, W] LA T 22 # 1) Seq2Seq HEAY. ST, XML 7™ BE AR AR B i) I R, HLIE 75 2E0)
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IR PR RS O AT AR IE. (H H AT RbR i SR AR AR B LA, TR BRI A 5 O TR
AN TR, BATE B ORBE R LM, HR 2% 38 R M/ IMEAC S ST RE D). i 3 fow, BAT BT B AR E A S om R B R A A
LLM, H A H 8K LR 3023880, MG 2 A TR FR R AN R AR . 58 k MEE SR B . — 2R
Bl A AR RS B BRI )R] DA 2 R SRR T 3, AT IS 2 A RS TE AR R 2
FEEREDD. 4 o 1 870 M A B i 5 B 2% B IRl IO SRS BE B, 131 4 o, i B E ) R RN SO IR AT 5 1 1Y)
BER. TR gp, WERP S — D THRI gp, 18 K, RYILXLE T3 1) o] LB B AT B SRK, I 2L
R AR, Bk, JATNEE K MEBE R T — Aol B, il E, thCT4E B AF 9N, JATAT LAY
18 2 B3R oRIE ), TR L — HLEE PR, 22 T a0 ), #E— R TR I QP AR E AN RIRT, b m
R RFERUR, po(|) R FARCRAEN) GPT-3 128, Hrh p = 0.5, E R4,

{ Y. =UZ {pc ()’i|PromPtk (OP.ED)} )
E ={e:e E};E.CE;QP,C QP

——————————————————————— Chain-of-thought Prompt - - - - - - - - - —— - — - ————————,

|
: Given two sub-questions and compose them into a complex question. Example: |
| Sub-question-1: Who succeeded the first president of South Africa? Answer: Nelson Mandela :
I Sub-question-2: Who succeeded Nelson Mandela? Answer: Cyril Ramaphosa |
: Let’s generate step by step: |
| Step 1: Identify the entity “first president of South Africa” in Sub -question-1. !
I Step 2: Note Sub-question-2 contains the answer to Sub-question-1. :
: Step 3: Substitute the “Nelson Mandela” from Sub-question-2 into the entity “the first president of South Africa” in Sub -question-1. |
| Step 4: Compose the questions into the final result: Who succeeded the first president of South Africa? Answer: Cyril Ramaphosa. !
| Now, we provide another two sub-questions, :
: Sub-question-1: [placeholder for Sub-question 1] |
| Sub-question-2: [placeholder for Sub-question 2] |
1 You should compose them into a complex question like the above example and output the result: :

L _ . _____i% %" B &
B3 F T AR 2 B 2 A (v 1) B A B SR A 451
Structure Composable Sub-Questions Reasoning Question
. D Who succeeded the first president of South Africa? [ 1 Who succeeded the first president of South
[] Who succeeded [ 1? [Cyril Ramaphosa] Africa? [Cyril Ramaphosa]
D\-\ [] Who wrote the music for the ballet The Nutcracker? [Tchaikovsky] When did the composer of the music in the
- D [] Where did Lenin pass away? [Moscow] ballet The Nutcracker live in the city where
Leni d ? [1890:
[] [7] When did [Tchaikovsky] live in [Moscow]? [1890s] SRR ey 5]
[ "] What city was Vincent Van Gogh born in? [Zundert]
. i . What is the main language spoken where
7 N\ What country is [Zundert] located in? [ 1 Vincent Van Gogh was born? [Dutch]
D [] What is the official language of the [ 1? [Dutch]
[] Who starred in Space Jam? [Michael Jordan]
— : What is the name of the author born in the
Wh Michael Jordan] born? [Brookly
A v - ere was [Michac L‘m 0] born? [Brooklyn] city where the basketball player who starred
D D What author was born in [Brooklyn]? [ 1 in Space Jam was born? [Mark Twain]

["] What is the name of [ 1? [Mark Twain]

[ What is the largest rainforest in the world? [The Amazon]
D> D\; [] What country is [The Amazon] rainforest located in? [Brazil] How many people speak the most popular
language in the South American country

What most popular language do people speak in [Brazil]? [Portu 1 that has the largest rainforest? [200 million]

["] How many people speak [ uese] in [Brazil]? [200 million]

["] Who directed The Dark Knight? [Christopher Nolan]

. Which year was the movie directed by The
%
D\-\D \WhatcountizistHughackmantiromil ] Dark Knight’s director, that stars an actor
I D [ "] What movie directed by [Christopher Nolan] stars an actor from from Hugh Jackman’s country, released?
[ 1? [Inception] [2010]

[] Which year was [Inception] released? [2010]

K4 S BB R T  38 20 B2 1R 7
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What is the f: t located in Paris? [The Eiffel Towe
O atis the famous tower located in Paris? [The Eiffel Tower] Where in the country where the Statue of

D What country is the Statue of Liberty located in? [ 1 Liberty is located can you see a structure

similar to the famous tower in Paris, nearby

> I:'é a structure similar to a famous landmark in
[] Where can you see a structure similar to [The Eiffel Tower], in the Italy? [Las Vegas]

[ ], nearby a structure similar to the [Colosseum]? [Las Vegas] -

What is a famous landmark in Italy? [Colosseum]

What is a famous movie starring Humphrey Bogart and Ingrid
Bergman? [Casablanca]
5 D [ What is the most famous film that Clark Gable won an Oscar for?
~ D [Gone With the Wind]
7

When did the director of the most famous
film that Clark Gable won an Oscar for first
visit the country where the movie starring
[] Which country did [Casablanca] film set? [Morocco] Humphrey Bogart and Ingrid Bergman is
set? [1938]

Who directed [Gone With the Wind]? [ 1
["] When did [ ] first visit [Morocco]? [1938]

B4 BT g Pl I e Rl (8
223 R ERR

IR A G I A R T B R R AT R N, TS MR I AR R ) B, 6T R 2 AN AR R LA AR
FAZ R ] LB VG e M SO i B3R B, 10 AN 7 B B B i 8 1R AR AT B e, 2 T T S A Sk
ATHRAR O, BRAN, AR iR AT AESEIE B BT T AR XE . — SR ) W] BEAEAE HEFRAEAR, B R AT DL E P VU AL R A,
TR 2 BhHERE. i, BATBEE— MR I0 28 ok A T Hh U2 & 32 1) RO i "2 — /IR 23 25 388 N3] Q,
HIFR BN w(Q) = Z::]Bj’vj(QSi’Ai’ Q)), HoHh g, BRI CIRUE, 05, AR Q, B S H LB TR B, A, 2T
B, vi() VPRI B, 15950 BIE A, 1 O WU R AR B IAR IE). FATA 3 AN v ().

(1) Z AR, IRIE ) Q, AT A, FRATE Al 5F P8R 1 1) B8 SG-Net™ T Z A! = SG_Net(0S,, Q).
AT B BT (R M A, 7E SR 6 ) 2 5045 45 SQUAD 2.0°% |, e F1 825 B ASAVAVAR 1.79%. 3X 7] LA %47
(36 UE TR 3 B A} AT B S A, AT DL O, HOTTARYE, Bl v, = glen,ea), FEHH g() AR TLALLEE B8 4L,
es.eq AH DeBERTa-v3-large!® 153 5 1] A, A1 A! {1 1 &

(2) HERRPSESE. —ANUF 3R IR Q, HAEREAE & R AT A TU P HE kA, B A R, R R ES T @, I
HEFEEFE. Ak, BATHE Sk Q) MRAT AR AMR W B, SRRt B — AN ] g, TR 6 7o B @ B a3 25
B RAT S & STAHEEIXERE d HI2ZZE 7 v, = 1/log,Q+1d' — d |), ZEFFE/N v, BB, 08T A& 75 77 fE B B
12, BH TSR E N S R, (B SERR A S, SR R BRRE ) bR AR e . 5 R B E 42 1) 2 it A
B T U 2R, FRATVEE R FH BB GAEAT PR, 12BN R [ 1T B A DT O AR ), IR B R
B IHERLRE ). IR O, FTLARE GA HERIfRE, MR P BB AA A HE R4, R T IX — B8, AT GA R EINE R
A? = GA(QS . Q) 5TIUE X A, MIFIBLEE vy = 1— glen, e,). FEMBL, FIAR R T A AL AL Q; B REAS TR FE 1
ALEHEEBER. AE T4 B AT P (AU HE T A0 8, A TR b — AN EE D 0 2 52 8 S A N 10, AT FELT 24 7
P52 gD IR BCR, TR T ;. an AR (3) Fiaw, FATTH B SG-Net #7145 31 1 A X {525 5
a} =SG _Net(QS,.q) 5 GA BERAG B 1% S LA, 15 3 v 8] HE BED BRI 10 HE B AE AT 23 v, Forb 1 N7 217

.
= S [1 o) o

(3) LR SCARSRME. 3o F— AN R A4 1 K L, AR5 8 S P E 4 8 RV T N 1L S B A e
Kt vs =0 (Wleseg ) KFIWT 0 SN ETGRERE SR, Kb w, RAEIRE, [;] MERBRE, o) 2
T 000 B R SO R R IZ R bR EL. e, e WS- IHUEHNA B RS0, BRSO A ER A 3R AE. 'EATTH BiDAF
7Y NG5 45 5, BIDAF 8K i 58 XL R A3 P A S k.

R & B 2k PN B 8 e, BATAE A — Sebmii Bl T AT P ISR, o R R B I . ORI
WERREAR, TR (S Q,, 01, A) W LML — AN IEREG]. FATHLEE 2, 5217 o ) S 1A 38] 78 1t i HERE 7 17 b2
HE R, B3R I S SRR, S 25 S0 R AR A PRI, 3 T B R SRR SR A RSB 2 R B AN
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PSRl A, RATH @, ISR B oy BAbde 7] @, i sefk, =L 2 A FEf]. JE TX B IE . Fref,
FAME A SRR RN SRR I0 3. N IRAMIZRFE AR B = A R I B G, FRATLESS 2 W Bt F ok B A 28 1 1 s |
GRREASB M SRR I AR S 4. BRI, AT A G & Mos 1 i B YRR R AR B M FE A, JF A 45 P74
JEAF 57 B R RE AN TERE B 0] 1 e Oy TE AR 5], 20k 292308 3 s 140 S 4 5 4 g 2 SR B S R T 398 S 504 v
AT e i R R AR B0 2 PR VI 5. RIS, 3 1 8 o B i P 5 43t P LA I A b A Ao e e 2, i o A0 1 8 S 0t
£t Z UGEA, FATAT LA H B AR R AR 56 28 A AR B 28
2.3 —EHUMEIEIE R U

BEXTAE B ) Q,, A1 AT AT DLMAHESC x AR B —ANE 58 AC. SRTAT, 8 SCAS A HE SCAL B 3B 1R N 2, 3500 AC W]
FedfdE O, BIIEMZ 2. DRI, FRATTT LIE I 30 UE 27 28 AC 1 B ST SR SR HE tH RSO AT 28 7 360iE, AT AR &8
S8R WP ER A 7 1) 1) R VE S XHE I Q) VE RE S M ELIE I S5 FF TR VR R 2R S 1 IR A, Il
et HEFSR IR B A, T4 R MR A FIHE T SCA R MR AC ASDTREARIIN I, HE SC1R 7T 77 22 SO A
WA XA UE D — TP B RO R AL, 380 B A A 28 P ST AN AR A SR 412 TG I 285 1) B e 1, A 9 S AL
TRE.
231 HRIR

T LB AC T AQ, — P FL TR R A FL FRbm R VT J 5 9m] Y DL T . (R b T2 Th DL FRC (1 7 AN H
T I B A P ANIE OB RS T R A R, FATGOM — > Transformer B AKEAT ILXS. 15 S H
BERT M BN LR S, ERIIRF{Q,,...,0.) FIZ FZIF(AS,A?),...,(AS,A0)} 43 W 4 TE Hep
(2 2 Rt 20). B, L3 JR RIS ST LR TR 0 <CLS> 1R, 72 S0 P MEHEA T 4 AR
<SEP>, LACAE AT ZERE L BERT FIFIN. 1A I (4) B, SATARYEHE S N 75 15 4% 1] FR AR ABL B VR A AH R 2 = 1
HEFRLEL, Hrh W, MW, R AR ESE . () ARZABE, e 2R AN BT A [F45 1) B AN (5] 50 3 B A
HEFL 7 0, AT R SCAN R 3 4 2 RV AE R 22 5. Db, AT P AL ) 0l 4 A B2 1) 2 ) L o VAT A

att(ep,z!) = (W,ep, W,z!)
a; = Softmax (att (ep,2z!)) @)

zZ= a'l-Zf

i=1

232 ZFHERE T

NT HR R SO A i PR M, FRATAAHE SO BRI 5 24 L) ARSI, B ILRRRIE . SO
FRAE . ESBEAARRE . 18 5 R AR & mRAFE, 3 IR M2 52— BUHERRE L 6 ZRFRAERA AT DI 58 IX LU FEAiE
B RGrr A . B P 6 ARIE, FRATE B & o, FHK H AN B 2 B AL 4 2 2 R T &5 R
$ = Softmax(Wyo+b), o Wy B2 S HERE. b N mE . 05 § FIA A BISORRF, 3084 ittt n) 2k 3 T
W ORI o, TRAVE IR 10 A B 8, FEIA D B ARHESCA R 750, FRATT4% 22 A B i B 4 10] SR 38 IE HE ST
FF R B 5 BRI e A SRR AT NS, B L = BCE(y,$). T SCREAIN2HEREL 5 K2 ST T R,

(1) MRHEHFAE . i SC— R b T PR IE SCH7 IR PR AL A 2%, AT IR Swin Transformer Vi 2 $2 Bt 7 1)
FRAE. ZAE R LTI 25 Transformer 1B 28, BT830 i 1 H R AL BRI EUR 12 FFE. tah, 25 18 34 5L
B L 5 RBSCRAE (0 A, FAT12> 304 F DNIN AT RetinaNet 9828 46 00 4% v (169 A AN T 35 R A2E 170,

(2) SCAKFAE. BATTE S5 i ST rP AR BRI T S A0, @t I 2588 BER Thase! ™45 R4l ik A fid. 2% i
B3 i P AT B B P SO, FRAT B AE OB AA RN A OCR $ 3. St i &l b (1) S 7.

(3) SR FHE. B SCAFFHE AR WA EAEEA— B Bl in 3T K5 IR SCTe 0Bk, R HE S0 %38 7 N A 1
— B SN 0 ) B AR . — . 2 B B A AR AR A AN [, BITSR I 04 2 AR A R AR A AN ) 9 3 S [
Tovk EAEHAT LR, 9, FATT5I N VILBERT #2784 ) 3@ 5t 2 Sk ik 3 1 W4 A LS iE Ve RISCARRAE T 96
I5C. BRI BT N (R 2 B X o0 A RV N SRR A, S 283 HE SOAR IR BN I MDA AE B = CT(TPWY), (VS WY)), LA AR
BE A FISCAFIE FY = CT(VSWY),(TPWY), Fodh o WY N BCESERE. (K HT- 22 k7% 2 bl P f P g A
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Z A EZ BSOSO — BUR B AT .

(4) TS L. BRI 7T RR B RS IE SR OB TR, AT 6 A B I—RIUE 5 R LE,
AL (a) 1E 3051 E— 50k, RoR A B IR CLIP REAL VO B IE SCRFAE be Rids T FEURFAE ¢, BD [b%;2¢1; (b) 1E
SC-FRRE— B, e BERT St IE SORUAR R, JA FH v B 0L 9 8UA] GRU 43 3 3REUCH B R SCRFAE & 1 b,
i g 2 A 0 2% VYRR — Bk simy,, = Siamese(b, h); (c) FF T E-Fr 8 — 20, & %64 FH7E MS COCO G A
I I B Fot i A58 00 S T P 2 A A SR, AR 3 F BERT Sl R it 5542 S0 A 540 8 K A 52 AR BE ; (d) b il
T AR, R P I 0 88 U L 0 A ARRAE, 3 0 B SR . (AR i S/ ) DR BB B 0, e — 4 A A 48
FRUEAC I [0, 1]; (e) AR AEITE S AT, 383 G rHRFAEIC S SR A AR S5 (e ey~ RIS
Al T RO S IR ELG (D) W SR A AT, W — AN A G HRHE, BTl S SO AR R HE SO
R PN e Ao > SR ARS8 ) 1 BTG,

(5) VEF HARRHE: TR B8 — AR S BRSO B i, 2 — ME B PR A 7 S v 3 R A SN A 1
3, T ECAR AT e TR R AR, R SR R AT (A HE SCHUAR KT BE R T A s LA S IR LK. D T ZIEEANMEE w, A
R, AR FAE A A BERR R AUE QR AL, BIETEH K SR IBAR. BOGTHL . R
A s IR B HESCR AT 5 1 RS R A BE A I B AT 55 i — A SR AT BE A I 8] (B RO 5. IR AR T
i \ % BERTbase FRELHRNRFLE, oA T #8 B ALy — AR A B RFAL. 8 I KX SRR IR 4%, FRAI45 DAIR
B 2 45 PR RPALE .

3 KSR

FATHEAT 7 € A 7 BT IR 258, DA T VPAl P AR SR H D7 R TR .
31 BBESIHEE
RATVLE 3 NG MEIEAE F AT 7 VF(E, 435 CLDInst®. Clickbait1 7V I FakeNewsNet!™), ‘4714 5454
4k/3k. 9k/29k HI 5k/17k F@E AN & IE 5 HE SCRE A 1K Lo 04f 4R #8200 AR 60 77 U BR 1Y, X I AR AR H
Twitter 1 Instagram AT HATHEAAT & AH 25— FB 0 FEA 75 2245 B 52 2% ¥ 22 B 3N Bl () 5 R A Be 40 A L1 45
R, X5EAPUT SRS, R 3 JRoR TIX 3 MIREMGIT R, NSO ENTEHT I 4.
F3 3 I EEE NG RHE

R JEVEVIN RESCATFREAR S AR R SCAFERE AR S
CLDInst 7769 4260 3509
Clickbaitl7 38517 9276 29241
FakeNewsNet 23196 5755 17441

(1) CLDInst: &35 T M Instagram JEHU 7769 Fai BF i AH ICHESC . 1% L HESC AR W Sl B F AR v AR #0047
7. BRI 4260 5 HESCHE RO TR AR,

(2) Clickbait17: 23Kk B 27 5 3% [H 5 B 57 8 H AR 1) 38 517 58 Twitter HE3C. SN T 388 Gt I, 75088 S M 2
A R AL AN H R Ak B3 2 AN 10 R HEST, Forp 9276 R HE SCHAR R A B SURFRFEAR.

(3) FakeNewsNet: — N KM 1 22 1835 3 8] HdiE 42, A5 5K B PolitiFact 1 GossipCop M) 23 000 % 55 A
B/ B RR 2 (A S R 4 T B B R IRAE J1 A RE 5, FoHok H PolitiFact M BAEATT 432 4, AR ATR
624 >, K H GossipCop HIMEFEAA 5323 A, HSLFEARTT 16817 A 5B SUAFFHE SR, MB R AR & A A
IR A=A R, ZEAEE T R T PP U005 O S HE SC I RE

T VSR RS, TRATRA T 4 A4 2480k b 2 (14547, B3 (ACC). /Hi% (PRE). H %
(REC) F Fl-score (F1). 184 fURI ¥4 REERSE, IX Se45 bR 1920 ) 23 K. 25 FE 21X SR 45 Hp U RF . dRESCA
T SCHOHR B 2 AP, BT B I SRR B AR ST PR BB, B PR ae 45 R vk, BRATEEHUT T 5
PO, HAR S TPtk Re.
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3.2 SEEERAMEEEL B

WAV FrIL 77E S 6 A F R AIFEMERAHET T B, 45 © HPENT, ARAE b 7784128 W 4% _E (463547 A
FFEMIINT; @ FCQA™, A o6 b B (K42 il SR 56 IE 3 Sk ; @ MCANY, Sk M 8 (1 by [F) 3 25 0 2 b 3R S AR
R O 5 B R 1 e, @ CPDM™, i FH 42 i 4028 R T Py 28« o RN 1 T P12 i R — i ; ® cep™),
FEF DR SR TN e S S R BB © VLP™Y, 3T S A S T SR AE AT AR 0.

4 JRIR THE 4 DMV TaAR DT as R R H 7 2. RS ¢ 1056, p [H<0.005, RFIRFA B2, RATRIAE
ACC J5 T, A3 J7¥E 1185 LLAE CLDInst. Clickbait17 A1 FakeNewsNet £ | Hb £ £ (5 AR RY (1 VLP. CCD)
R 6.16% 6.27% Fl 6.85%. X KB T AL 7V H0AA RO, 83 $2 HE 1) P 32 556 B 4R 10 W] LA RCHBAR I 45
AISELR AR IS 5 ) R IR R 0, AR ST AT DB 2 4 I () SR U0 IE 5 P 2R 2R I BLSE M, 1B B T R I U (5
BT VR AR B, RATANEA B R P BEHLIEEE T 600 MEAMEAT N LHrVE. 85 5%, K4 32%.
35% 1 36% [HESCAEBI AN H IRHERE A Be I W7, AT ER B A SCHRIBYAR T4& G0 10 %5 J7 7% FCQA. FCQA U5 £k
P AR 119 LS, T AR S 7 92 U o HE S R A RS R IR 4 2R 08 — R AT R MR IRAIE. R ATIE K I MCAN. CPDM,
CCD 1 VLP 2 AT FCQA. HPFN S5 BB 777k, X 3R B & IR A 2 1) 5 8 77 /AN — Bk, &l LAE
SRRSO FER U I BB AR SAE G IRHERLG T AN ], BATNE MRS R R AR, e aA R RIEH
P 0], 54T R T B AN — L

T4 RXHFEERERRIMERE LB R (%)

FEEAR T 5 CLDlInst Clickbait17 FakeNewsNet

AYITH: AcCct  PREY RECT F11  ACCT PRE1T RECT Fl1 ACCT PRET RECT Fl11
HPFN 7315 72,12 7023  71.16  81.68 8425 8235 8329 8482 8443 8568 8505
FCQA 7649 7686 7574 7630 8247 8483 8244 83.62 8211  84.64 8149 83.04
MCAN 7921 7745 7780 7762 8451 8556 8274 8413 8382 8513 8221 83.64
CPDM 80.04 7789 7931 7859  86.14 8630  83.07 84.65 8427 8518 8244 8379
CCD 82.77 8313 8291 8302 8836 8761 8646 8703 8772 8596 8646 86.21
VLP 8556 8425 8387 8406 8870 8734  86.02 86.67 88.02 8725 8623 86.74
Ours 90.83 89.41  89.25 8933 9426 9325 9247 9286 9405 93.67 93.10 93.38

TE: R R DR R S R B L P U AL AE R S e b P A )

3.3 HREASCI

9T BAEARSC TV AR Sk, FRAT 6 AN SRR BRI T A aG, AVE AR BT AR M R 1Y
B, A5 (1) w/o MulR, R IR¥E AR 2511 & 77 S BELES; (2) w/o RaG, 25 Bk M AN AR R iR AR 2R B8 3 3R 15 1 Y
7R, HE MK LLM F3REUH IR A1 (3) w/o PCO, EFEHARLGR, FARYEIESCH I B RIE 1 (4) wio COG,
IR AR ) AF AR, A5 FAS 2R B A28 R AR 3R A RIS LLM B #HT T, (5) w/o VVM, BHBR$E 1) i A 56
5 (6) wio CVM, MR S L, RARYEHESC N 25 1 22 A B RRAE HEAT TR0

NP 5 BT, 59 Rl 56 20 10 1 e 35 R BB I 5%. X 3 B AR SCOT VR R A AN 2 A B 28 AR 2R R S TR A
R T EEAEH, IR REE 2R 5 R I SUATE. bk COG FEHL M RE RS2 M B K, 78 3 MR R L
ACCHRFRAY I RIE T 6.48%. 7.23% FH 7.41%. S/ ZAFEHU (AL 3 LA SIS BSHERE. 230k MulR Bt & 5
HERE KR N, F2 ACC AT F1 48R4 5 R BT 6.27% A1 6.31%. 1X 7% W F5 - J5F P 3 A0 50k Fr) il 280 4 2 SR 5
TIE 2 RV HCFE B AT DUR 37 HukS I - AR — 3501 RaG F PCO BB R BATHIBE AU FEAE T HIRE R, S e i1t &5iE
FIWHRAE AL, FECERE T M. BT W sl AR T FA THEZE (& B MR sk b
3.4 H iR RENE T

T A AR 1] 1 R B TG S AN 5 R — B R A A B X E I [ 7 2 EAFIR M R &, A1
N T AT 8 VE VAR, RURE AR SO VA S 2T 10 2 10 2 HE RS Y FCQA LU, Bk, FRATAREA S8 4R (iR 4R
HHBEHLIEEL 600 NMEEAR, FFUSCER VI 7 v B T 45 SR 5 25 SR AZ i AVELST & Figure-Bight 34T VP4, (4G 3 ME s
(1) Syntax, # &4 0 {E1EVL 2 M2 5 A HE AR, (2) Relevance, PFALHE 2 7 5 SCHIZE; (3) Usefulness, i

© TEBREEEEIEDT  htp/ www. jos. org. cn



5732 HAEFIR 2025 5% 36 A5 12 49

M5 B BT RBESCARF. ATHE 7 1P 09738 BRV 0 B E SR B R 18 7. X B0u BN 1-10,
Horh 1 FRB 2, 10 R lF. 1RF# 89— B850 Randolph 9 H H34 B Kappa 85k i & 1,

7.0 8.2 7.9
67 CLDInst Clickbait17 FakeNewsNet]

7.62
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65 | 75 | 74 |

6.0 6.8 6.9 o3
55 6.1 6.4
5.0 5.4 AN E so (MW BN G
G G
W @@ W @@
S S © 0 o e o o A S N S
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m ACC & PRE O REC w Fl
K5 RS g R, Jb S A (kR T P
RS HMGET AR, p (H<0.005 I, REIRTHE 2. ASCT5EAE A $Rbr LA R 2 IE T 2 MED7 7% FCQA, JT
HRAE Usefulness #R b5 L. X 555 3.2 17 g BFII S5 — 80 T #RA57E Kappa — SUHESR AR L3 Ay 2 19,
A LA, ARS8 2 B A U mT SRS, AT DA ;R IR HERE R 0 ) v B SR IR X B TR E
S B 2RI Dy e PO 15 1.

RS ONTVAG A s In R 45 2R

o CLDInst Clickbait17 FakeNewsNet

ik Syntax ~ Relevance  Usefulness Syntax ~ Relevance  Usefulness Syntax ~ Relevance  Usefulness
FCQA 4.96 4.64 4.27 5.33 4.87 4.46 5.37 491 4.60
Ours 6.49 7.07 7.21 6.85 7.21 7.47 6.97 7.40 7.58

BEAL, FRATIE VA 1 RS SN HE SC T 75 B4R ) HE S XE 52 . X F CLDInst. Clickbait17 il FakeNewsNet %
P4 A S AN TR, RATAE % T 32 i A2 e FE 45 R RO Be 25 IX e i B3 iR 1 HEED IRRI B AR .
6 o, ATMERRE 1 548 B4R 1 AR IR A 7.3%-8.8% [ SURFFREAR. 1 K 2 B A R A 2-3 64
B A BERE TR, 3K — [ B AR RN R S A 1 22 Bk B X v W RSO R R 2 — T EL A B R R AT 55, R
HEAT 5 2 WA L3 AT A e AN — BORUR BRI P 25

50 [
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35t
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5

Sample size ratio (%)

CLDlInst Clickbait17 FakeNewsNet
1-round == 2-round 3-round === 4-round

B 6 RUMBCANTE HE ST 5 (K4 ) HE BE e P PP Ali 45 R
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