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Abstract

With the rapid development of communication technology and social media, the widespread dis-
semination of fake news has become a serious problem, causing huge losses to the country and so-
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ciety. Therefore, detecting fake news has become a research area that has attracted much atten-
tion. Although the convolutional neural network (CNN) is excellent in local feature extraction, its
ability to deal with sequential dependencies and long-distance dependencies is weak. Therefore,
this paper proposes an attentional convolution Transformer model, which combines the advan-
tages of Transformer architecture and CNN to extract local features, and achieves efficient fake
news detection. This paper introduces a new attention mechanism—multi-head attention convo-
lution mechanism, which transforms the complex word space into a more informative convolution
filter space through convolution filters, thereby capturing important n-gram information. The
model not only captures local and global dependencies, but also preserves the sequential rela-
tionship between words. Experimental results on two real datasets show that the accuracy, recall
and F1 value of multi-head attention convolution Transformer in fake news detection tasks are
significantly higher than TextCNN, BiGRU and traditional Transformer models.
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1. 518

HIERNAT T fEANFHE B R BRI, Hr AR T, S AR P G AT [ AL R A5
FERRTE LR N R AE B R, A EAARTE LS NATREUE BB R [FI B A0 e e AR [ 35 i A 4R
MISIE . R BCHT IR 2 B R R AT, s B SRIA O M BUA SR 57 H I FBL. R I fE
FEWK, WRAREW LB R, k55 RAET B M3, MR4E 2019 4 CHEQ AL /R (1) A&
KEIIE VTR SR, N ISTEBRARRRIE DL T B AR 1R 5 H 54% [L1FEEHT . S, &
AF R T R BUHT 1 R R 8 B 0 R A 780 129576 [2] . X —BE IR s 1 B ABLHT I X A BR Ak S RN B ) e
o, ERXEIRMEL T, N7 IRE MBI ER, —F G, W Twitter. Facebook. HTiRTU
315, SPRALE SARI I R PUIEE ], (HIX L & 75 B 2 K i 0 4 I AU & SR Rk #4251
Wi, FERTSCRES . DRI, PRZ TN AR R B sk R R A I v B L

RS D AR T A 0 0 2 A58 P AL 25 20 D7 VR I S AT E A . b, I R R T IX
o AR N RIS A A AR SCAR I PE[4], W F0 N R X SEAFAE, R FH & Fh o5 i 25 2 R85 2
FEME S, DASEOL R ORI 45 SR X SRR TR R b T S A R BT A U AR . SR, R
o N AR AR A, TR IALES 5% 2] OB BT I AT R e, fAEEIR Z MR Bk, FFEREUE
FERILAS T ) TR DI 2 —, B TG kU,  HARREAE AT 2 A AR . AR5
BARFEN LRTH AR BRAAE KRR AR B H ST, AR5 X SRR AR o N AR R 4G LA 7 ST A (H, X
FEHTE SR UL, BT CARIH PRRAE AT BEFEAS I ek — 8, RIS A R R HE AR S AR5 TR A o 43 s
AT e P R FH 5 30 S I R B AV AN )y 5 A (6], B R o A R AR R 5| R IR R, ax
FHEHAE BN IR R R, BORA- AT 2 — AN W AR 7] T BCSf i Hos
Wk 178 378 K TR [ PR B, VLA 5 SRS A T R S 0 v 1 TR Dy B SE T I . X 4 5 BB BRURHER BT [
(2R, B BRI R NS [ . e, 15 SRR M R A LA 5% =) D7 iR A ABHT el Al
Hf— AR [8]. OB A AR B, 5] iR S EGE BB IR S . LGNS 2 S iR b
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PR S 2 VRIS AR SR PR X DAV At B2 A AR B HT el RV E 25 o ARG TVEIE OB T 22 T St
FIBERULHAD, TS = X8 ORI R SCHITR N ER A

BT IUAE D FAFAER AR, ASCHRH T — Mo iR & L —— 2 SkiE = G AWLH], R B
TP AR IS SN R (1A 2 A A o (5 BRI & G e RS 2% ), 23R P 2 n-gram. VEE
1 RN A BT 2R 3R 4 JR AR oG &, 1 HOE RE LR B RIE Z M TP FI R REH R G KR &R B,
TS FFRAT T4 S 1) 22 Sk i 55 145 A1 Transformer 15 9887 [ 4 2548, 75PN A2 BUE 46 b HEAT BB 9T [
K. Seae sk AR, FRATATIR H A% kit & 158 Transformer 7EAE N4 S EARRILH T 1R 53O %%
F. SPEM TextCNN, BiGRU FIME4Si) Transformer AL, AT AR B w1 4600 A vEE Afl 12k

AL FHETTRRE AT

1) TAVRHIZ iFE B IIEANLS 785 R T B RO IESRE S, @4k T XT 2 BFr & B n-gram
FEIE A ER IR AL, o

2) ZRIERSIERUEIEEE T CNN [ ki ik (MaxPooling) Bifig, & AU AREWS R B 7567 B 15 B
17 FLIE REART 3R o) 8RR AE A 4% SR RFAIE

3) WAMEMAN ELHIEEE FMRESLI RN 2 IERE B Transformer £/ A F L4
IR I T I I BGHT IR A 2

2. HXI1E

WTAESR, W FUE JF 6 IR 2 2 S BRI B T [958 34 F. 75 (Gated Recurrent Unit, GRU)FITEE T4
122 X 4% (Convolutional Neural Network, CNN) 15 284 5347 B8 [ A I [9] . Wang 55 A\ [10]48 F SCARRAE A1
TOEHE R ZR &L IR, AEE A B FUZ R o B n & 2 R OB &, i ol 244
AR 5 Sk WA K 4 #1012 /9 2% (Bidirectional Long Short-Term Memory, BiLSTM) 7R U A %R
FRIEAT T AT . Yang [11]58 A H T CNN AR IEAT BB E 73025, CNN & — PRIk I BT 5 i 42
WM&, HERZS5MAZEMERL., X H%RES 4 # (Natural Language Processing, NLP), CNN 4
%A LI n-gram $RECES, KR EE AN E I n-gram By B H S IR S H SR . 7RIk
TERIFBITR, Wl DA IR SCA SR I PR e R A G . BRI, CNN ZEH§ 3K n-gram [{35 CRIA)7AE B
ASRAS S 4t ORI R om T B R . 48 Li [12]8F 98, CNN TESRINT {5 BRI PR 85456 R 07 T AH
ST, BUONGRIEE A A IR/ANOZ, @ H OGRS n-gram, Ff Hibfb 8 S8 85 B E K.

RNN DU A BRI 555 M 4. SR, T RNN IEIRERE, E A7 DA 1) B0 R T Sk A 94T
A V2T BRI E RNN I AL SR AR 2 9 2k ) /[ 13]. —Fhnufi Transformer ()
B RIPR A X 2 SE R R TR A ), SR AR B RO B BE B AR, AR ERE . T
Transformer [J#IZ M2 FIHHELAE] 2 0 NLP AR5k 7 — RV [14]. FFHl2&, 2T Transformer
TR ZRiE 5 B VF 2 SR UE SR AR T UGS T e de b Ik e . SR, Transformer [ D8 K 224 18 e 22 50
ZHINZEE . CPUIGPU WAEFITTHERES), Fealext THRICAR. thoh, Transformer ] R4 Z0WE X SCA
AT S AR L AR AT G (R n-grams) 2[RI ¥ 5¢ R [15] [16].

BExf b3 e 21 i CNN A Transformer R BR P, A5 1 —FhdE T 2 Skyd 5 /1 45 41 Transformer
(BT IR A I B AR 25 Ky . AR 45 4 7 Transformer AT CNN [ A, SEBL T B 300 SeAR 25 AR
H T 154t Transformer 284, @362 KM L ZM L% . AT JG@8E TS ERI%, H
AR n-gram FHAE. X B AER BRI T BARIER AR E X, K SO 2% 1R A [ A
NG BT BRI 0, LR AR T2 BP9 n-gram MRAG. [FBS, ZHLHECRE T CNN
1) MaxPooling IisE, RERELREE T HIM EAS S, MR MM A RRE. SLIEs R, RATIRHM
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% 3 vE = F175 8 Transformer 78 9 /™ BLABGHT [ 20088 45 FOASI R A T TextCNNL BiGRU Fl4% 4t Transformer
A,

3. ZI3FEAHE Transformer $EH

ASCHEH I % SiF = 4B Transformer, ﬁ\%ﬂ%T%ﬂmﬁ?Uﬁﬁﬁ%ﬁ, TR AT LU SR S A
B R AARE R A R R, HUERVE (S S, BYSRAHIEIRERE 7). 18] 1 ARSI M 2 3k B
HIMEE ], AL B =AY TR R, 43 il n-gram B AREREUS B R SAFAE R . A7 B g
A 5 4 Ry m Jpith A AR, AT TRERS B[R] AR I 1 38& B Hb AR FE AL AE -
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Figure 1. Attention convolution mechanism

B 1. EESERS

1) RN R 468 5 (News  Content) it 47 18] Bk A\ 27 (Embedding) 75 2157 8] SCA (1) 3] [ AR & o
HAAPAT IR A - %ﬁlﬁ]iii’*)\fﬁﬂﬁ%ﬂ:[ti,tz,ts,t4,-~-, 1o Herbrt, FoR A E 4318 J5 SR | ANAE, |
TR AR i Ja K o ARt it Word2Vee 592465 % Embedding 7R g, » 75 28T 7] SCAS A
FEES Q=[0,0,0505,0 |, O € R™ vt d, Jy#ii S A< #i7 Embedding FIZESE .

2) BN AR M EHAT 2 DB RS AR n-gram BAURCE, AT I0OCHE X, 2 o0E R
TCHIRHE, 75 B SCARFAE BN 72 [ 27, FAT AR AR B 25 (8] €055 1 S0 %A n-gram /645 &
AR SCHERRFE U 2 R SO R IE R R . BB ES F =1, f, f, - f, ], Hd feR™ %
RNEINERZ, n BRI L, m BB EE, WS 4EE N[ nd, |, FIFEH F X
A Q BHATEMIHEA, A n(D):

M=Q&F )

Horp @ RRBEGIEL, A CRAIA/N A n-gram = 3 (BB, RILEA B4R 755
G =Cat(q; + Gy + Gy ) Cat FORGUE, Hith MOV BRI S, AR A [, m].

3) SAJE AL SC A AE S M 4T T (MaxPooling) B F , LM 3/ Sk o 25 (R 12
B, BSOS RN I (R S, T 6 PR I ACH A T 5 A S AT S T, Y
DA IS S A B b 0 T B, DR R R SR R, SO Rt
fEARRRHIERR G, IFHARIMAER), 4 A[l,m].
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G =F -MaxPooling(M) 2

4) AL RIRAL AL E AR AL RS M A RARAE, ORI Mt R B TR RS, = Al a %
HAERERE SN, B Q. K. V =AM, 1HE AR (©3):
Q. K. V=M+G+P 3

Hor, PONALE SR SR AE R ™A B T PO i 4 RARHE, it Q. K. VIMZERE A (1, m] .
5) iHEIEE BN O, ¥ LSRR HGEMEN 2 — 247200, fEizrnsh, 1
EE BB A) 7 B E A, TR AR WA@), HJaEEE A SKIEE I

Att(0,)=V -Softmax[Q\'/dET J (4)
Att(0)=Cat(Att(0,), Att(0,),--, Att(0Q, )) (5)

Hor, Att(O)) N8 | A SkIER IRR, h kR
6) a2 AN FAT kIR F1 5047 N 42 R TR b AR, 1 58N 3 41 Hp A AN B TR L 1
N, AP AE— N E KR ), A S TR R FZAIE S e R
BABREHSHEE, DR SOR R AR RN, AR S Ly T B B RE, [R5 584
SRBARTER A5, THE A an=(6):
Att(0) = Cat(Att(O), MaxPooling (Att(O))) (6)

4. RWERS 5
4.1 HER

ARSCAFFH T AN E S R SCEAR AT T 555G, /3 AilE NAACL B H SIS i 44 CHEF
(B R BIEERY:, SIMF R RUMTE RS - HHR 2 KRG EPR2ERE Y Philip Yu ) F1d6 5T
A B RGBS &CCF KEHE & K% 5 22 & ORIt TH LB AT 78 BT 4 H 14 T 0592 175 307 1) L I0C 1) o AR
A . RN FRATT S 52 S Python B2 7 ICHUGK T €5 R 122 o4 s o B Ja8 P AN 0 42 3L vk B A4k )i [
S, GEBEREL TERFEEIA WA EEE . A SO BIR AR R AR, v E
TP R BT T AN Sz A 3T 1, Guit e e 1. WA BRI BN R 4E . BUESE R4S, L
AN 60%, 20%, 20%. {EFTE IR 1, BT E AR A 0.

Table 1. Dataset statistics

=1 BUEKst

Hidi gk RIS E%ES W4 M4 Jst e

H 4759 1587 1587 7933

ELIB A R AR R e e B {5 6682 2227 2227 11,136
B 11,441 3814 3814 19,069

H 3523 1174 1175 5872

S R 1% 5773 1925 1924 9622
¥ 9296 3099 3099 15,494
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4.2, BLRER

AR T TextCNN. BiGRU FI{E4i i Transformer %) 5 RATHE H (9 2 SkyF 2 /738541 Transformer
BT LUER, FEPIA FLSE R S Eadb AT Se5e,  DLMCRIGUEFRA TR (A 2501k

1) TextCNN: TextCNN & —Ffi FH I SCA D KB, B4E 7B E M 45 (CNN) A ] ) &5 A
(Word2Vec) I3, BEMSA Rt AL FE U ARHE . CNN B2 0 BB R HE R BRERE, W T SCAkU, REs
FRAERE B T B I B & 1, 2RB0T n-gram [17]. SR R 2% (AR 35 AE T 5288 5 28X n-gram
FRAEEAT A AL, SRR R Z KIS UG S . TextCNN 8% H LR LA 41a:  Embedding
NG SCR R AR — A, DMETHINE] CNN H1. CNN ZEFEERE. ik ZFIFEL M
EERE BRERHZANAERST BRI, SRS RIRHE: IO IR SCAREAT FedE, R
REENEE; SERER CNN o g 2] 5 R85,

2) BiGRU: XU[Al [ 1% 4 ¥F #.5¢ (Bidirectional Gated Recurrent Unit, BIGRU) &3 T 75 ¥ #1242 k1 2% (RNN)
FOREAL, HE . 7 AR GRU LR ARZE AR . e TR L R dese T B & R 45 3
R Z), NS FEIRRAE R A 7 B A S GRU, T 0 H X AN B ) GRU JE [ g . 36T 30k
AR, 211 GRU [18]41 LSTM [19], ££ 3CHR[20] [21] 4k B EGHT [ A6r I 4 25 [R] I, AR T Chinese
Word Vectors 4 SCiA] ] & 1R R 7% [22]

3) Transformer: X7 Transformer >Kiji, 5ZBARIINIALL B Jwid~~ ) Position Embedding [23]. KoM H
S IHLE(Self-Attention) e B8 11 4 A4 A SR A A) - HPAE R Sl T AR A RS TR, IRl IH— i AT
)T RS BRI LR, AR SRR S A BRI B A S (AR SR 200, 19315 &5 1 Embedding
M, SR, EXA AR R IR BEE. Hik, AT SN EEB%IS, Transformer 454
ARG T —AM B 4wbY(Position Embedding), #5.1A] Embedding F1H B2 Position Embedding #8115
R Embedding. JXFf Transformer 17 B3 & IALHIBEMSIR i Hugi $E SCA R K BE B OBURFIE, [RNE
AT LAE 0 S i N S A o AR R SRR A T AR L BE TR, AT SIS AR AR (1) S HR e

4.3 SKWKE
N T AUEASCHRE I I THE R HER TEATA R, BATES BB IR 2 Prosiiseii s Tt 7 — &

HI S
Table 2. Experimental environment and configuration
F2 XURMEESRE
SRR A&
BAF RS 64 fi7 Windows11
CPU Intel Core i5-12500H
WA17IGB 16
GPU RTX3050ti
WIEEE Python 3.9
TR CTHESE Keras 2.6.0
431 HBSH

A O TR 25 4R] 1) Bl 300 d (1) 4Rt oh 2 (Word + Character + n-gram), 7575 & /735 R S
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HKALSL 4

300 MZ AN 3 BRI JES: . RS H UL 3 Fiox:

Table 3. Model parameters

3. RESY

S ATR ZHE
] ) R AE T 300
Encoder 3
EEBR K 15
epochs 50
batch_size 64
FR 1e-3
dropout 0.5
WO R AL GelUs
RPN Cross-Entropy
A Adam

4.3.2. TEIEHR
N7 VMR ERER R, WAMER TR RS, BATRZETIREHE M. RIEF M2 A% b
I RMETIPERERI RN, B IS E K. EBHYE(True Positive, TP). {EFH 14 (False Positive, FP). Z [
(True Negative, TN)H [ 1% (False Negative, FN).
AEM: Accuracy 1 H & i HITENR, ARSI ARG E W bR 10 A RCHT [ BT ) 1 S 1 H
too A T iFEERYE R, THE A =(7):
TP+TN

Accuracy = )
TP+ TN+ FP+FN

FEHEZR : Precision Fn 8 BT TN 08T ] A RE A Hp B IE N BRI L g, 1 A 30 ((8)::

Precision = s (8)
TP+FP
HIEZ: Recall T 2080 IE 6 T A 8T A AE 71, HHE A n=R(9):
Recall =—1°_ ©)
TP+FN

F1{H: F1EARFAEHIERN G B 2 [0 AT o &S (R R R AP 354 . & [R5 B8 1 BE 4 A
A L R FL A Eut 5 A X (10):
Precision * Recall

Fl-score=2*—"> (10)
Precision + Recall

4.4, GR55

4.4.1. BFEEN AR TG
WG 4. 2 5 Prniszib st B, RATEL 7 IELB AR IRATHE H 10 22 Sy 3% /1387 Transformer £
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G A

Rl(FFRR N Transformer) 7E AN EdE 55 LRI, LB REY, RIMREWZLERIEN
Transformer BB AREL T HARIL LRI R I T B 4. ook, fEdEmZE L, FRATABIRL AR T HAh
SRR E ST 1%, HIK, fERREIER E, AT T TextCNN #5451 BiGRU 7Y,
XULEH, FRATT B R 8 A U M A SR LR [, IR R b BB [ B L. B4R, 7E Macro F1 Score |, &
TR LT e 3 AL T 1%

Table 4. Evaluation metrics for each model on the internet fake news dataset
= 4. ERMERFTEHEIEE LSRR AITMHIER

R it Accuracy (%) Recall (%) F1-score (%)
TextCNN 84.72 82.90 83.45
BiGRU 84.69 82.44 83.46
Transformer 84.79 84.61 84.68
Transformer* 85.82 85.24 85.52

Table 5. Evaluation metrics for each model on the fact-checking news dataset

5. BXLHEHERIES LR ERETMEIETR

AR Accuracy (%) Recall (%) F1-score (%)
TextCNN 83.33 82.39 82.68
BiGRU 84.09 82.83 83.31
Transformer 83.60 82.27 82.77
Transformer* 84.72 82.90 83.44

ZR LRIk, FATM 2 S3E B 68 Transformer 5 R AR L A% ¢ 1) 2 2 M R A A I 0B [ 4 55 PR B
BRI, XRFOVERAMRRL & 7 2 KER MG R, B R KR IE R I e
To B4e, TEESIERHUREEIRA TR G0 [ I SSE BN TSI A R B, TR 2AS [ 2 VR )
WEEE . XA RENs A B AR5 T BOCE R I LN SUE R, A BT HER AR T A AR BT 14
RFAIE . XA 7 21 R B R AR 4 JR RO R AT, SRATAORE R Re s 5 A it B SO (1045
Hx, BRERAET DA RO EE S HOBIOC &R, BERS AP MU SO T B S ORI, B TR
AEGHT e (S

4.4.2. JHAASEIE

N T AESERATT TR 1 22 Sk 7% F735 87 Transformer B (K43 20, FRATTEAT 13— 25 100 78 R S 6
Fto BRI ILIRLE R IVEG 0T, BATAT LAE— D IR FRA 14 H AR R A S w] LAAS 2 B i A (1 1k i
Ak etk

ME 2. & 3, il XL G Transformer FIFRAT T4 H 12 ki /76 Transformer A58 (K R
Transformer*) (R IUE BLIET LU T, TATATCURIL, TERFFHAMSE SRR T, SCREEIHE
D7 ER S AT DR B BGHT A I R HERfR 2R . FRATIH H 193 B 7784 Transformer B8U7E Accuracy FEbr_FAH
SHRGHERIRT T 20 1%/ 47, 6B IR FLAE FAHX BRI TH T 0.6% LA o IXRIBATER 1146
A Transformer B 7E FLECHT EIA AT 55 h BAA — @ R Es . Ho, SURBVER IBRITHE 2 3] CNN ZEHi
3R n-gram 15 XAANE(S BT TR A R W, FEAG T B GAA IR RN . R IEFRITHE R A R0
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SR R R 0 75 AR AR FRATT AR e o8 B R A M R AR SCARARR AL, AT v ELARGRT [ AU R HE A
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Figure 2. Experimental results of internet fake news data ablation
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Figure 3. Experimental results of fact-checking fake news data ablation

3 ESRREEEHDRENMERER

5. LGHIBMAREI(E

ASCWRFE T AT A I8, 32 T — M 2 SRR B AWLEI Transformer 2244, FIH T 4&4u1)
Transformer 1 CNN FALE 3, £ SkE 2 /13581 Transformer g % 1R 57 (448 35 2125 AU i 2% 4% ] o () n-gram
FRIE, HBR TR 2R ERGEE, RRERAMRIE. ERANERE Lsemest BR2, A1
H ) 2 Sk /135 AR Transformer LA EL T TextCNN. BiGRU PL A& 40 Transformer 157, REfig s 45
AR e (BRT A B HERR It o A T HE— DB TR I RN R AE R 2, FRAT T RIE R SR BRI 7T 5 NGB
) R A BT AR S IS R . B 8 A I B E R SCAR WA AT S5 6 00T, BATHIER Re st — DAL
BRI, fEE HVEREAI S . AT E SO 7, IR I R S IO RCR . LA
AR BB U () 25
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