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Abstract

In recent years, with the rapid development of large language models (LLM), plagiarism detection
is facing unprecedented challenges. To solve this problem, this paper proposes a style change ori-
ented detection model. By combining BERT and graph attention networks, the proposed model can
effectively learn text style features and realize style classification. At the same time, it also cleverly
introduces a contrastive learning mechanism to further enhance the representation ability of text
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style features, thus significantly improving the model’s detection performance of writing style
changes. The experimental results show that the model proposed in this paper achieves better de-
tection results than the existing representative methods on the PAN 2022 writing style change de-
tection dataset. In addition, the effectiveness of the style enhancement mechanism was verified
through ablation experiments, and the advantage of the graph attention network in capturing sty-
listic features of text writing was demonstrated. The method proposed in this paper not only im-
proves the accuracy of style change detection, but also provides preconditions for subsequent pla-
giarism detection tasks.
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AR, BEBTRRE IR CGERA R, Kl S B (LLM)E SCAR A RTINS T S it FE (1], RERS
AR T EARRISOR . X SRR AR A B AT H 5%, R EMAE . AR R A5 5 T R B
TERETI. SR, Kb B8R P R oA E AR A AT et 7R TR [2]. —2e AR K S5
RN O EARRETHNS . HaEEEHANR], EREDURSIR A, T HEAL S8 3 K6 7
[4]e XFMTNAR B AT LA — Rl SIS [5], AMUBEIR T AR S, X B I8 22
ARIEH TR . B0 R S BRI BIX — X A, SRS A R AU EE . BIEX
K RAE B AR IS A S B R i RIS 5 RIA S5, B IE R iE#E . (g5, BRETFIESS
ANTJiTHI[6]. TEAEG i, RASHRFE 28T F LTI 5 S4FE, Wialie i Avkesig . i8S,
A, X SERHIE IR I T B ) et 2 O VA B U SR PR, B — 0 B AT AR, (TR AL A A XUk 22
S AT RERAFAN A o TR BE 2 21 IR XS R AE DUl ik KR TN A 8 [ B2 ST 1), Re RS /e A2 2R 1)
SR b g 25, W BT ORI TE RS M . R IERANE AR, RERS IR
B AR P (1) RS AR AR, TR P 2% 21 712 BU A% G0 7 12:AE RS 23 i o 2L SE S R IR R eV . BAE R
HEARS— M, BAEEERFAREE, AL TR S0, SCAR RIS S 554 F 55 .l i SeAs
IS RIS AL, AT DL ORI H RS 5 B AR i) SOA By, AT R Jig R 40 2 A M P ik B B4R 2R

PR 55 N B A XTIRSCAS, 1] LSRN AN 22400 [ 7180 N F D 22 A (8] S . AMEHb 2245
SRR P SUA S W SRR SCAHEAT O FE VR A s P D 2R A I 2 AR P58 SCAS B & BRI SR VA 2 5
AW EIT N, YR ARBEE R AREE AR, EBED) TS A TSIk
DA R HE T IR BE 2 I VE =N RIBIN B AR G718 58 OB T RN AIARRAE, oA RN
T iER B AT EG], BN NE SCFRFR LR, 50 75 2N T3 TR it 10 7 kit
PGB BUAE, IX LURFAE A BT E B A AR, B AU NS, P RRRR R, (AER st 2
FRIE TR 2, MECARNI 2RI BTN, JF B SIS RTR RN T4 500 BOm i . JETHLa8 %
SR AR TR Z AN THRIIE, (2 22 S5 RRIE AL BE AN 20 MR AZ L as e R, Hp A RR
BRI — 388 ORI (TR-1IDF) 51011 e N T BUCAR B G HRHE, 858 SC R EHL(SVM) [11]5%
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BRI SCARRHIEREAT 403, AL SR BB UM 7 i B 10 81T 9, PERRIR T4, Hild 7xF AL
PRCREAE RS, AATT DL B ST AE 2 (R ISR &R, T R R AE BE TSR T, RFAE 1) i 2 B
AR R B, ELE DL B SCAR IR 218 B R X F WU SO 4ok 3, Haz g2, Rl
o B RAR AR R I 72, A DL B 2 FEAL I SCAR B [12], M0 B LR SO RE A IR, A% G5 120 LA 3
SCAH KRR B S R AN B R SUE .

TR M1, WA H IR 7 XN TR, & o N NITHREE, BARRESS H 3h M
SORHEESIRHIER R, WSO MIRZE B R, WS E R 2ENEE T, Rtz s, BT EFEA
TATHRHE, D TSR AR AR . (HIX 28T B AU R EERER R R, TR AR
AR RIETA ORI, HAB B P n R 2 o IR ) iR R R AN B, B — N B R DL
LA 25 (CNN) [13]FIJEHHZ N 45 (RNN) [14] 9483, CNN @ SR ESFR U MFE, HT4b
HSCAH RS S, RNN U@ e a5 M 52 17 71 80 o I R OC &R, i #f2 it 2 2 m&
W 264 3128 30 FEUAIR 2 IR B 1 J2 TR, AR A7 TE 14D 0 830 7 28 0 AR B S A K P B ARG R, HLARr
TIEHEHCRE 7752 B T80 45 K AECHE A, M DA EURUAS A A S A0 B2 SRR AIE 5 28— MBI B U2 A Transformer
NHEET A AR, 4 BERT [15]. RoBERTa[16]. SBERT [17]LA K GPT-2[18]4%. BERT fgf [t
T ER, fPEERXUR K &R . ROBERTa /2 BERT Mk As, i 5 KA RS ERAI
SR AR 3h S HERD SRS HEAT A0 Ak, ZB B — R TRII(NSPYE S, &3 THERSIE 5 A (MLM){E 455 . SBERT
g3 T BERT Sulb AL, L1 TH TA) FRMTE GRoR, i 28 AR I 4 45 34 A= Jo B R SRR AE
FoRo GPT-2 U & —Fh () Transformer #574Y, s@idt [ [F1HE 5 A BT TN G SRTIIX LA 35 W ge X}
FE G SCARAE S5 BT AC B, A SCBR AR . ISR 285 . DU D 28R SR, i FH R B2 2 ST A
RUBEAT N AEFD 2R I (1) 77 R LD o ARSCHR Y T — PR T TN 2R3 BERT AT 2 77 W 2% (GAT) [19]
(YT ) JRUAS 4 A8 PR IS 2 o St 38 5 BERT BEAG 55 1 XA IR IER R, A% DA B 8 X 4 i 12 52 O
SERRIAES, ARG SRR RRAE 0 [FI, I Re 8 X KRS RFIEBEAT B8 A2 THI AR, MRS AUk AR Al s 1)
PERE. ASCHEBETTERW R

1) $2 7 — P N A AR . A5 A TN ZRAE Y BERT ANEIE & 1M 4% (GAT), ReH i
HFREURHE, FFARBURRIE RN Z R DG 2R, AT 42 A 2R 0T JXURS A% A Sl ) 4 e s

2) R T MRS RIS BRI, i TR S XS AR AE A DG S 2 L B, SRR B v B 5 1 XU
TRREAE, TS5 HANRRAE, 3 — D3 A R PR A I B

2. BEINRAR

Bt KT S B (LLM) (R pRag A e, HC N E BN K, B3 H W SR S5 A PR S Wl ZeHE 0 AR)
PR S AR SOA R 5 o SR, IXAPEOR AT BEGIE A, ARy O AR s R8I 1 5 R S e
NE SRR, TS GEb AL BT X — TR XS, ASCHR T — el i) 4 XU 5O A
DRERY o 5% 48 7575 2 BAGHIN 2 35 KUK 22 57 (WS04 S A U 5 2R SR R A 55 A ), iz i i o3
B STAS A 0 5 A XUk — Zbk, ABE bR AT SR I BOR R T 5%

RSCRRR B NP 2 05, o WIS LU SO, T 38 I 43 BT H AR STAR 3R I 5 1 XUk
RAEHEAT P, BRI S, BRI SO AR 2 MEF SRR, )5 Sab 2 ta 4 fit
THRAE A B SCARAAAE Z T B AE KA I, RGEFRICNED R AR, IR E R SRR .
RUEHRILE PAN 2022 Hida S (IR & AR 1 3CA) [20] AT YN ZRATINE, (H 52 30 B RS RFAE IR
I RE SRS AN RIE F R S SCAR R 5. AP FIRTRTE 5 B O A BT IS, S0
GFIRSCAE B S GIERREA B, AR GES AT ROR AR AR Z 5, ATV fE D3R AT N
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Figure 1. Model application scenarios
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Figure 2. Overall framework diagram of our model

2. BB R ERE

B, AT B, RYE S TR A SCARGATAL T : 0T BUR AR, AR BOk it
IFPPRULHEC: X T0) TS, WHLG) TRHATIEN . BEfE, 7ESCARIADI B, 4 FAk /5 1 SCA 46 A\ il
UIZRI) BERT BERY, B4y 4EiE SCRMERIR, % RR BEUS A R SO (TR J2 18 SUAE B AN AL .
FEIRAG T ORI IER R 25, KRS S S LA X R AR R b AT R R AR 5, DASRAG XU T )R
MEM RN . Bn, TERME ML I, H% BERT SJREUWRHEIE T s N, Mg Bt gl A&
FER M, T R RS ARG U], 3D RO AR 4R B A RHE . AR 250
FEFR, SRAIAS B ) Sfems, o Btk X b 2R e 05 | AR R SR AR T SOR S AR AR B2 21, AT S 2 42 T
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PRI KRS RFALE K X 3 BE T
3.1 BURAIES A YRS

2 ST RR R B SCAR i B B E B X R S PR A A I = R S TR B . SR B A LT
5% 1) BOESAERSBCRRI, 5 P E& KSR, B0 BCEmf By 2) SCARHBAE, 1)
1 B A UK A BB M TR T3 s 3) A0 T2 S MU CSCI b , 6 BT P B ) 0 1 SRR s
F T RERAZ AR ST, AT 2 AT T FM: KA 1 2 V218 43 K e S g BB 7 1) 5 X
HERR LY 20T R, VST P PO A7 2R, K0 BT A NSRS AT XU AR 0, et R Rk s
BUEBR Sy o SXREEHALGE— TSI, IR TR0 SR RAE O HE A 1o UG HE IS 9 S0 A B
VERPEE Y BERT Sl 88 HOHIA .

SCAGHTG A BUR T I 4R BERT BUAAE Ak 0 4% 28 . BERT & Transformer 224, S XA -
TS BB SCA IR 2 SURFAE . 0 TN SCA B 0d, BERT 8 S04 FA 4 A7 T BE AR 1) token
75, RIS % 2 Transformer 4afid#s Az Bl s 4515 X SRR, X LERIRAUE S SCARIE UFEE G
B, RS TEEEI SRS RRE, X B EK o J5 2 R B 1 4 A AR s R RN . X %
J32 VR RV GE R U L 250 0 5 ey M B S AP 2 SCRE R e, O 5 R IXURS 503 A U B

TERAESS 2 (CORIAJR Y 2R BB 54755 1 (BT 2 RURG SRk )RR 55 3 (-2 VR b )
KRG, BAVEE T — A8 R % FR LR BRASCA R n MBS TR, ik
X =%, XX, )5 FoH X FOR—ANBIESA) T BB FREA, R n(n-1)/2 A SCARX, g
P={{(xx )Lsi<i<nfo XFEASAR (x,x) BAGHENBNL I BERT #H, Ao R
RFAEZE7 . BERT M7 74 AL 454 token 1) B 327 LA B A BRICLSIFRIC A B 205 . AR A [CLS]
FRIC I T B ARG 0 SCA U R A3, P XU BB, X [CLSTI AT KU R 2o, 7
i\ BEIE B T2 (GAT)HEAT J5 443

3.2. EIMREMLEALIE

ARG A BERT [RFER N GE /I M EE R S 2% (GAT) A5 AL RE 7T, Filidie SCAR 1)
0 UK 25 55, AT AR5 A IRURS 53 Rl (e v A P AT B . BUARSRE, BERT FH T AR B SCA I i 4R AE
Tor, MEEE A ST @EESCRZ R E R KRR, 3 DR ) 7 ke .

$LF BERT HURHIER ERoR, SRR EIEAT 7 3eit, BRI RA BERT 455 CLS &
VRSB P26 5 i, 8T K05 79 R AR AR SR AALLRE SR S PR A 22 X 2% T AR, O 1t — 2D 4
AT R MR AR R, AN T EEESERIZ(GATConv) [21]. AR BETF, BATTRAARGZAEL
FEMENYIMRIARE, 1X— 5%y GATConv 124t | REFIIHIIARIE R A KR . T, GAT B HER
JIRUR] A W 5 3T T TR A B AR, 5 R T E AR KU RHE I 2 7 . A, bR E v i
BiEs, D5l PHAMERITE S 1F XS AL B B AE . XA OUE AL 25 52T 1 B R0t XA
ZEFIIAARE T, TR AR 70 R RE o X T v, Ml v, , GATConv (7T 1 7% ay it AR 7530
T

exp(LeakyReLU(aT [Whi ||Wh,- J))
) ey &P LeakyReLU (a” [Wh, [wh, ]))

Hep, W RW S REER, a ZiEE NGNS EAE, FRonmEdHE, N (1) RsTaEy, 4w
TWRES.

o))
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vy (RS I INBOCR & HAR Y R R R g, A3

h; =c[ > aijWth )
€N (i)
Horb o 2 B0UE R #L ReLU.

BETATS% 2 MEMSER, AR SEREEMEESEM . XFTE A S SCAS T EE R B 1 75 7 i
X HENE R R, R REE R ST T R TR R R . AR RO TN A A Y S
T, BB B AR SZABARE e, AT ORASE B RE B A HE B RS A R 2 M SCAR DG &R, AT B 42 1D
b S AR S A ] )RR 22 R

GATConv fiith 175 fER/R m4E &, AT 25 00 H AR XS AT 225, A S 1E XUS & 5 2o %
TR (v, v ) - BEFISERTR (K15 20K h AT h ) EATIA Y38, FERLUUE S A 2 2R AL(MLP)
AREAR LI, — SR E TR, SRR RZ s Z . Sl WA R BRI & b A b B —

AT
x=[hi|n] ®)
Horp|FoR . SRS MLP SR a5 x #EAT R 50 00 -
W, = MLP(x) @

JEr W BT AGAPRSE . MLP FFE AR 46 1 2 2 40 ) BT B0 SKAE 55 Ot A3 A, 30 =49 2K Ak
FMEAR o FETR0Z 0 i A DFE ) B x AT VEAR e, Il 0w e 4 ReLU 5INARZRAE S &
z, =ReLU(W,x+b,) 5)

Hrpz 25— JZMBEeE R, W2 ZIOREERE, b2 RHmMERE, ReLU 2HdhmE.
HJ2 U 0] B2 P b HEAT VAR e, fe 35 sigmoid bR B i 2 -

W, =0(W,z, +b,) (6)
1
J(X)_l+ e )

W, 25 R IR, b, 25 T EMRE IR, o(x) )y sigmoid B4, i N[0, 1]
3.3. XtEeiRsk

FEARR - FRATTR I W5 % o Bt R ALY . of A BR80T T- 15 98 BERT S EUA SCARRIE
TR, BB T ERE R IR (R0 P BE . LA X P A3 2% R BodE AT VR BT

Xt EEAR Ok bR B 2 H AR UL BERT XTI SCARIRHIER 7S, Rl 2 1 5 [CLS] 1] & A A9 XA A5
B o BERT AEN— il g, H5im AN SCAMG 2 mdeas(a], RIS SO R R . BERT #ith A9 =i
WALAFRIRTTAA CLS £ BAMATIRUL PR IR . CLS R Xt AN 7510 64,
B THRNT I REAAE R BRI R EXT BERT fiith iIFTH token FRRTERNERE - HUR KIE BT
B, RE TP SO i T 2 FRHE, (BRI i — 2R 405 (5 B 2% TR RoR W& XT BERT
Fth T token FORERENER ERCPIMEIMR RN E, BERSCANERIEXER, HaRK
TRERIREE S . BT HTEAE S RREIRTE, JRATTE CLS MERIT A TAR.

N T MR CLS T LS B XRS5 8 B, FRATTIE R 0 e 2 2T 1 7 AR SCA ) CLS i, A5 A —
VR W SCAR R IR B S AR SZAALLRE, AR5, SRR SCRRIER R AR 52 AR SE A, %)

DOI: 10.12677/mo0s.2025.145456 1056 5 1 A


https://doi.org/10.12677/mos.2025.145456
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1 . 1 .
L, =— 1-sim(x,X; )| +— max (0, sim(x;,X; )]—m 8
TN (LM X))+ 3 max(0,sim(x ) -m) @
Horp sim(xi,xj)?ﬂxiEXjZI‘iﬂE‘Jﬁ?%‘Z*Hfu)ﬁ, P RIEFEANES, N ZAFEANES, N NIEFEAX
FIEE, M2 FEEARXT FIEE, m 2 — NS EER IR TUREASG R 42 52 AR ARLRE (19 1] [ o 38 3 %) b5t 2% bR
Y Re % 2 5] 21 5E HAIE I KA R IE R AN, T e T G ST 55 B P RE o

e 2T B B T W2 04T A RTINS, A A SO PR BN A R I SRR R AT S, I T &
R, MESEARZE y; Z[AZES, NIHE FHEESHER. UFHR AT

L = _(_Z): (yij Iog(yij )+(1_ Yij)|09 (1_ 9ij )) 9)
i,jlee

Horpy, RESFREQO B 1), ¥, AT AIBR, ¢ ZRUKNEES. BRI R KR L B RE
i B VR A b TN SCASST () AR — B0, AT T 55 4 JRURS S AR A ) M B
4. SEIRERR
4.1. LI E

SLIGINIRAMSEACE . A SO T T A SLERALE RS #0A NVIDIA RTX 3090 Ti GPU ) T./Eus F58
%, ¥4 Python 3.9 F1 PyTorch 2.1.0 AEZL 58 AR YN R SR ERETIRCE 1, CARRRIR KA Tl
YA BERT-Base 18!, &4 12 |2 Transformer, [[IE4EE A 768, KUK IIEE 23 5] A B 11 2%
(GAT)XS SUAR Z [ I KUA% Ok REAT 55, GAT B8 W2, BEMH 8 MER Tk, BRI/ ISR E
ARSI 2R S H0n 2 1 s .

Table 1. Experimental environment and parameter configuration

* 1 LWIMERSHEE

E28e7 i+ S {4
BIERS Windows 10 (64 £7) Dropout 0.1
Ab 3 2% Intel Core i9-10900X S le-5
GPU 3090 Ti Batch_size 32
WA 128 G A [ A 768

IRIE S Python 3.9 A 2% Adam

XFLCARAY . O T ISR BT B Y 1A s, SIS EL 1 DUAN BB AR PRI T SRS AL AT T AR OC
Szg, Hih 4% GPT-2[18]. RoBERTa [16]. SBERT [17]41 BERT [15].

. BATEH PAN 2022 [201/E AL AT G S5 E RS2 . PAN 2022 J& — M6 KUAE AR
AT 55 BT 4t B 4R, 2 SR F R AR LA N =155 1) BA SR MER 8-S, TEATE
AH AAFAE— B AERAG KA ORI T, 75 BEAR B M RIALE s 2) BN SCARH A AMEH RS,
S X BE AT — MEZ TR 028, AR —Borlii s HEIEPES; 3) 4 — M Bk, 1Bk
WABREZAMEE RS, BaZDOCARNE, a5 02 B A FAEE 5 T7 . 12 83E 4 DL g
fit, JFHWREE SR SEE RIS, HREE R EZ ABE TA . B8 5 EGIT H R A
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FAAERIID RN, TR SRR NI RN G 4 . BATR SRIEEREAT T 97, KT
T INZRERE R BSGAE, 55— M E IR 4, DT R I ZR0CR, AR HE5 i $dfe SR n
% 2 FRo

Table 2. Composition of the dataset
2. BIREAMIBER

e 1 i 2 e 3
e
fE&$ Bixdn E& Bk fEHH f)TFH
YIZEE 2800 10,989 21,000 52,723 21,000 111,992
USF4E 300 1159 1515 3648 1512 7904
TE 300 1282 2985 7389 2988 15,701

4.2. T EHR

4.2.1. KEZEWE

BT BAER CLS RN A BN T TR, Hhasd T —E&MRREE R, AT R
A5 BIRIR, AR ASZ AU KA B CLS b I XG5 BN RS o A sZARBURE S —Fh i &
AN ) 2 TADFRARA R (4 7592, S T S A T B2 9 A AR 92 B SR VPAS B AT AR BL R, B E -1 21 1 2 17,
A SEARLE 5 A R R

cosf =~ (10)

Forp, XOMUY 2353 2 ARG SCAS (0 17 B3RS

4.2.2. Spearman XA H

Spearman [22]#H% REUE —FAESH ST 7k, A THERNEEZ MMHRFRLR, P—NEEHE
AN AR P R i G n sk i A . FEULIRAESS H, Spearman AH K 28 HH T B SUAS 1) AR REAE AR
UL 5 LS AR AR 25 2 AT R B DG 2R, AT 4 T AR 282 75 B 8 L A e 4 JXURS R AE (5 B, - Spearman A &
B AR RS s, BRBUEVEEIE-1 B 1 28], RERSHBIRATAEMIKAT S, B 52
AR R B XS AR AE (R PR R . Spearman 5% R BUEAR A T Fios -
GZinzldiz
n(n2 —1) D

Ps =1-

A dixF AR ORI, BTN AR R S HEFP J5 O AR AL B () 22, n e AR .

4.2.3. HEFHZE(Accuracy)
HER 2 0 AT 55 R i VPG 4R bR 2 —, RIS IR TR O REAS 7 SRR B Ll . 7EREAT
RS AR A IAT 55 7, HERf 3R T DU WASE R 7E AR R 4R iR B, BAR A {40 R o

Accuracy = TP+ TN (12)
TP+TN+FP+FN

o, TP A TN RoRIEFTNPIFEA, FP A FN R 152 T I AEA
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4.2.4. macro F1-score

macro F1-score »& Fl1-score [ FIIRRAS, FH T2 70 RAE S5 h i A AR AL ) BE AR 1M BE . F1-score S A i
2 (Precision) F1 4 [21 25 (Recall) () A FI-FH5ME . 7E KU R AT S5 1, macro F1-score &% -F- 550 fF &R
K, FoEA IR WAL 43 2 B . macro Fl-score FIHE AR W T

C
macro F1= %Z F1, (13)
i=1

Hrh CERREE, FL2ZH i MM A Fl-score.
4.3. RIBSFHER

N T S R KU AR AE SR AL (R SEBRBUR, ARSCR A t-SNE FR4E 7 5% 546 BERT M 54
I RS REAE SR A0S 0 R AT 7 AT AT, IR R B R KU S I R A 2 . BRI R, A1
SIFEEL T SCARTEJF 4G BERT B8N AN 5| N XS S AL J5 BT {5 I [CLS] M &% 7R, HHH t-SNE #4 s
Y R e 28 RS VAT AT o SRS 1R AR (1 SCARTE ] 3 /R AR AT AR, AT T W42 %
IR AE [ 2 () R fR SR 2R A o
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Figure 3. Comparison of style features before and after enhancement
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Table 3. Performance comparison of different models on task 1
3. TEMEREES 1 EryRIM

AUC_ROC macro F1-score Accuracy Spearman
BERT 0.7493 0.7096 0.7214 0.7043
RoBERTa 0.8015 0.7519 0.7793 0.7417
SBERT 0.7751 0.7318 0.7602 0.7382
GPT-2 0.7493 0.7024 0.7221 0.7021
Ours 0.8297 0.7931 0.8156 0.7792

Table 4. Performance comparison of different models on task 2
4 FEEBEES 2 LRI

AUC_ROC macro F1-score Accuracy Spearman
BERT 0.5589 0.5109 0.5132 0.5119
RoBERTa 0.5701 0.5122 0.5508 0.5219
SBERT 0.5991 0.5397 0.5743 0.5439
GPT-2 0.5274 0.4793 0.5099 0.4713
Ours 0.6617 0.6124 0.6441 0.6013

Table 5. Performance comparison of different models on task 3
F 5. FEEBEEES 3 LRI

AUC_ROC macro F1-score Accuracy Spearman
BERT 0.7541 0.7102 0.7391 0.7199
RoBERTa 0.7713 0.7228 0.7569 0.7235
SBERT 0.7752 0.7237 0.7513 0.7219
GPT-2 0.7481 0.6914 0.7202 0.6905
Ours 0.8198 0.7862 0.7843 0.7451
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Figure 4. Comparative analysis of model performance on single-author and multi-author documents

4. HERE BEEH S SIEE X EHRI

DOI: 10.12677/mo0s.2025.145456 1060 5 1 A


https://doi.org/10.12677/mos.2025.145456

N T IRFCCANE B B B R R VR REAT Frizmi, JATEH Fl-score MR SCAAR & B XA I
REMIREM . HITESS 1 SO PIAMER SE G A EARXIMESS 2 AMESS 3 #E4T TARRSENR, #RIHES
B RO K5, BARSE R WA 4 Fior.

ML 4 A 3RATTRT LA ARSI ST 1R 8 B0 S B (R ) R A — s e, MR ABOR T 1
I, AR R BRI T B — AR SCR IR ROR . O T BE— PR TS 2 O B 78 31 2%
R, FATHET Fl-score XA BEAT TSGR : Rl SR SOAL AR B (1~5) Xl 7p, 2 AlTH 5 7 4
BMEE LR DT, B Fl-score. A4S R 5 s, B FFBARER N SOR IR B SR .

11552 £53

1 1

0.9 0.9

0.8 08
o 07 o 07 =
Z o6 Z o0s
2 05 2 05
— 04 — 04
M oo3 / = 03

02 02

01 0.1

0 0

1 2 3 4 1 2 3 4 5
fEEHE EEHE
—— BERT RoBERTa SBERT —— GPT-2 Ours —— BERT RoBERTa SBERT —— GPT-2 Ours

(@) 1% 2 LHIERH

(b) f£% 3 LM

Figure 5. Effect of varying author numbers on detection model performance
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Table 6. Performance analysis of GAT and SFEM on task 1
3% 6. GAT # SFEM XH{ES 1 BMERER A4

W/GAT w/o GAT
W/SFEM w/o SFEM W/SFEM w/o SFEM
AUC_ROC 0.8297 0.7901 0.7683 0.7612
macro F1-score 0.7931 0.7541 0.7302 0.7247
Accuracy 0.8156 0.7701 0.7431 0.7401
Spearman 0.7792 0.7471 0.7186 0.7147
Table 7. Performance analysis of GAT and SFEM on task 2
& 7. GAT #1 SFEM XHES5 2 RO REFZ AT 5347
W/GAT w/o GAT
W/SFEM w/o SFEM W/SFEM w/o SFEM
AUC_ROC 0.6617 0.6411 0.6093 0.5633
macro F1-score 0.6124 0.5926 0.5517 0.5133
Accuracy 0.6441 0.6195 0.5667 0.5393
Spearman 0.6013 0.5902 0.5501 0.5129
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Table 8. Performance analysis of GAT and SFEM on task 3
5z 8. GAT F1 SFEM XtH{E5% 3 BIMERERZ N 43 4fr

W/GAT w/o GAT
w/SFEM w/o SFEM w/SFEM w/o SFEM
AUC_ROC 0.8198 0.8113 0.7621 0.7314
macro F1-score 0.7862 0.7422 0.7203 0.7014
Accuracy 0.7843 0.7692 0.7476 0.7136
Spearman 0.7451 0.7126 0.6971 0.6791
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