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Abstract

In response to the increasingly diverse and novel plagiarism issues arising from the rapid devel-
opment of multimedia technologies and the Internet, this paper introduces a deep learning-based
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plagiarism detection algorithm for translation laundering. This algorithm enhances the characte-
ristics of translated texts by fusing features from multiple translation rounds, thereby achieving
high-quality text representations. It utilizes a contrastive learning framework to narrow the dis-
tance between the original text and the spun text within the semantic vector space, while main-
taining separation from negative samples. Additionally, the model’s ability to detect spun texts is
bolstered by an improved contrastive loss function. The algorithm was trained and validated on a
specially constructed multiset translation laundering dataset, to effectively detect plagiarism via
translation laundering. Experimental results show that the proposed algorithm produces higher
quality text representations and surpasses previous methods in detecting translation laundering
plagiarism. The effectiveness of the constructed model is further affirmed by the Spearman corre-
lation coefficient results.
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1. 518

BEE HER IR 1) =i R R, BESRIRME B AL R Aok B 2, Ay SR 1) [ I B 1K 1 4028 i
A, AEAFIT AR PP 2R EL GAIN[L], JCH VRIS H ai i, HE2m YO Y R 2SR EIE. (8l
B S SR N — MBS BIRER 5 — MBS, A5 FERIR R AE 5 S5 AT A[2] . IXFhANTEE )
TR T IEAEF AR B R — 8, [ ORE S AL B AU B 1 #2877 VA 3], B
BAS i N LRI 75, B T8 AR BF NS EER, R RXRIERERRT . ok, AR
G T M, A FEAS NI G2 i A F . Alzahrani 28 A\ [A]# 30 22K MIAES5 50 WA IER
Kol NP Z[SI RN TP E[6]. HMTFD R A AR YE — N B AN IE SRS T 22178, H—TJ7iH, WAE
P 2 i F A, B 0] B SO SRS D 28 SO . BRS8N T i mT Aoy N =R A ARG N Ty
B FET WSS IO E R TR EER TV . ARG N LITVE R BRI RHE m E A . 2087 S ml e
AT JG RFEAE A, B o020 R R X o0 S A SCAR AR B SCAR [ 7] B TRRAE S AR 774 B AR 5 25
T LHRAE, XEETTESEbR EIRAAIAT . BeAh, HLESEHRE[S]HIREL, Rl b e, WL A 5 R R
A TLVFIEX SRR SCA, RS iE N Rk . SESGMN T & NARE, BTHLE% 17
ERT DLCK SN ZRE0HE v B 3% SR IE,  TRAUR AT TR BT SR, — iR B T3 2 S ik 2
B T SCAS R R SR, AN TS AR A 2 X 4% (CNINYIEAT JR) 3500 1 SCRFAESRER[9], i FeAth 77 vk Ju 4
FAPEFA A2 2 (RNN) SR A2 L R S05 2. R Intt, RNN 45K i i g BR K56 BN SeR AL
o6 FEAF DK (14 0 /L [10] - Pennington 55 A [1118 4 R 45 B -5 &/ nl S ge vh R4S &, S04 1 1018 SCRHE .

2018 4K, BERT M IL[12]hr & A IME 5 A FLHE AN TSR BT AR . BERT 1 = L se
TR EP A AN 42 SR 15 % R o AR, ELEEAE ] BERT 1E A AR AP BE A G W[ 13] . (K1, Reimers
GN[L4148H T SBERT, RHIXUAE M4 2500 A s B A B B EE KA &, [ TAUMELLE . B
JE R J&, 4% BERT-Flow [15]A1 BERT-Whitening [16], fi#k T % k) i) 8, 17 Yan 25 A[17]7E 2021
FEFINT NLP I8 SCHE b % B 2% ST FHESE ConSERT . Su 28 A [18]4F 2022 45| N 7 CoSENT, —F#h
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e B AR TR, 5 SBERT ML, W/t BEARIISICE BRI b (45 5. SR, IX LSRRG FT g
RRIEFAEXT R, AR RETS BE SRR AE BURRAE T A B M BRI o X T B0 IO 2 77 32, VP A el 1%
SRS JFUESCAR Z A AR AR 2 — APk R . 32 mRr e B 25 T G A R g M Re 2 C B 2. HAT, 4T
o Bl AR AL A 7 V2 AR D o BRI, RS T — b TR FE 2 S B Bl A i 22 i B0 . R
SCHTF BN SCA R AR BGE 5 A 2] 15 R IA R A R K R e T R R AE, R BT e R i e e
REAE Rl A AL A2 o AR AE ) B L R . ML T DU e B BRI, IS5 AN BB RARRAE, B AR SC
RN [19] 0 FRATHIBLRLIE R FIRT LG 451 2% R B0d I 22 50 B IR SOR SRR Al G R ALK I B 77 o AR ST
TG

1) BETUREEZESIERH T — AN B D Am I 0 2R A AR TR, R B 7R 2854 50 1 % B 2% R

2) PRI T NEUH AR E R A AL, T8I [ SCARAE HEAT 4 3 R R SR A R v )
MARFEIR .

3) M T I Z oo AN A B R EOE 5, PSR BITEXT AT R R SR AT ISR S, AR
J513:K) Spearman # 55 RECAT LLIAF] 0.86, T H AT AT H 1 —LeAR A

2. BURERME

N YRR RS PP AR HEAT A I, S A ZRVEE MY R o R R TR e A AE S R AT Y LCSTS
I O SR TR T SO . K, I I E R . Google #17F. AIEHH AN Bing #1EX 104
Pl h BENLIE B — MBI RRES . 3R WDUE . S8, WWHEF IR, (815, HIEMEIE SR S
BEHLE SRR LG 5 . 5 I BENLEIBE 2 21 4 5045 3 BB SOR 1R BESCA 2 BARCASHRALI P J&
SRRV T DY e B SRR b s IS £, MK S8 v BE AL IO Ath (9132 ) ) STARAE D o Ji SCAS
MTTRGIE T B PR e AR Bt 4 . MNKAE MG IESE 72550 1000 2808, & ME R E#E 2 A XN Thx
VR N ECE 0 01 bRVE TR A TR, JEh 0 ORI SUARRIR JE A, 1 BRI SR
[l SCA, FlR SRRV R LK 1.

Table 1. Dataset label description sheet

F 1 BIESESRERAR

WEREARRE i B IRRER 5 J5SCH SO AS R AR %
Origin JiF 5
Translation 1 ZRPIESCR 1 1
Translation 2 ZRIE A 2 1
Contradiction 7 JE A 0
3. MR35 %

Wk 1 pR, ARSCRTR I ISR 2T BB R AR D AR A A 2 SO G L RPAIE R 5 AT 45
RERBOX = . BRI SCAR S B BERT HgbAT SCARgwAD, B Jo 4t B v 4 B2 i 3k
AT, %I SRR SN A B A\ B A SRS S MV NAE S5 K, 9 T 3R THRFIE Bt AR Rl RE
ASCAENERH LR B T — DMRAER S U], SRR R AT 0 4 S em A &4 4E, BR—A4
LRI Hom PR AR IE R R o foe i e DA AR o0 B A5 % R SCHE A 2R )1 25 0 £ TR E A AR UL ST A2 7= S
P, MAEAM AR R S ngRiE b, B s i X 7y e
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Figure 1. Overall framework of our method
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3.1. XAYRHT

b 2180 A ST N B B ARRAE K SR AR O e A B T DL R AN AR R ks 2. T SO SR,
XEME R ] AR B TR B AN R RRE A ), X ERRIE AR BSOS BRSBTS
KRAEF R, WiLZ2a MmN P IR EE NG, U E SRR ER. EET
Transformer (AL BERT H, Zafith 238 5k 15 ¥4 2 0 AL 1) B A 4 412 B 1] ) (4K PR B ARG &R, AT SE X
BANT I AR EAR . X PSR VAR BARYE F SCah A AR A B AR 1) Gy, AT B A b 3L A
BE M U .

BRSO — AN L= BERT 4afidds, X FHARIEG A o, ZHRBIE AL, ? LUEF JE T
A ¢, @i BERT HHEZ M2 JZ Transformer P AT it 4 53 5 B SUARR R x, X' X2, x ™, W45 1)
%%ﬂ%%ﬁ%i$%ﬁﬁﬁﬁ%@ﬁﬁ%%ﬁ@X=ﬁﬂﬂo

3.2. $Srphs

AR 5 A8 1Ll & 2 SRS 10 [ SO 3R, LR QBRI 95 LA LR RAE,  DAE
R R RN SOARIR . H5G, RISRAEALERE, B8 Ja B E R ALK X 2008 n AN

G=[9,.9,..9,] e R™ @)
BT n AR B TVEA ], ks — N HIC A
g, =[f.ff]eR"™, j=1,2,-n )
ﬂ¢m=%,ﬁ¥%ﬁ%:
f =[a,8,a,] eR"i=121 ®3)

FERIZ 5 IR, BRGAMILADD SR 0 (5 B TR, DL H SRR T3 FAR Gk
S LRI SR, AT AR R AL

— 1
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FERE, 2R R R P SR RS TR A AU

o, =g_j-fi (®)
S A LRI P RERON, HEATRCR RO L A3, I3 LD T BIACE, b AREF T4
2 IRV FIAR S5 .

5=Ele) ©)

JD(w)+¢

1
E(a)) =Tz:=1a)i 7
1

D(@)=7 X} (0 ~E(@))’ @)

H— SRR SN E R e, DL NIIE E(0) M5 % D(0) , #5208 T BUERE M. 10—
e ok I8 5 NI 8T S E o TS5 p AT IR, BRIV — AR )5 Re A BRI SUAR AR AL,
SRR 8T sigmoid B o (-) AR — TR IH—HL L R

a=c(aa+p) ©

LG FE— 15 0 S RO B GE AT A, SR ESREAE, 590 T B, 9B 3%
RS
fi=of (10)

P ST L R T R R g, =B B RO AT ALNBRIS . BLAENS (S E) g
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3.3. HkEH

ﬁ%ﬁ%@ﬁﬁ%ﬁ%iﬁ%ﬁf&)d?}f@j%ﬁ%ﬁoE%Z%ﬁﬁ%%E,E%%IE%
TERIE L AT RAE R 4E, SZAF 30 SCAE XK, & H AL SR8 A [CLS] M & . S Kbtk Pk
= o [CLS] IR & (R S s B R A IR 5 — 2 46 I [CLS] ) S A i N SCAR )18 LR oR . Rk
WS A ] ) B — AN R R KA AN SCAR R SRR, R T RBEE R ERH T AR TR
EAFAEAS B BRI . P30 SR E XS A7 o) B RS2 18,  FH A ] 1) 2 R~ P S (B4R i N\ ST )18
Fon, BN ERNEENFHLER S S TiE, (BRI RS T E AR RIE L&
INET, REANIE R BT S AEARSE, SR TOA R T OGS B . ARSI CLS AKX SCAR IR
HEAT PR 4E

B 5 38 A A R oF B A A B Ok TH R MU IERE AR R EE RS, R S R SRR AR (R R B . 7E5F
NN B, B MAYIGRE BRI N N SCORF IR EE —A mini-batch, JERIE AN R4 HOR 210
[IPE SRR R BATRL G, AF XS LU 2k B A 2 B B AR« AR OR PR FE s B & R AR R R 5 2 40 ]
PECARTR IR 2 (A AR () [R) B DR 45 55 [F]— batch 5P A P i SCARR 7R 2 ) PR B o AR ARG L 453 2% R
Hn A 11 FoR:

esim( f(x;). 1 (E))/r

Z,:l[esim(f(xi),f(x})j/r . esim(f(xi)vf(xj))/TJ

¢, =—log

(11
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Ko, sim( ) BRI IR A 2 RO R FHILLEE, N 9 mini-batch HIBCR, x, (RRIEE AR, X
2% IR 22 56 B PR 5 15 500 I S0 L BT & S OB, X 6% mini-batch 4 1057 SCA
7

4. SKEEER R
41 SKWRE

A SCH TR SR AT EE A SR HE A A ) SR AR T B AR EE T — 3, B ARSI E T MR
o 12, BN EHCN 768, kR BIES UMUK RECY 12, 4R BER IV R RECY 12;
SRR N1 Batch Dy 325 DN AR A L UL A ¥ A R, Dropout S0 E N 0.2, BEAMEARE A AE
P& Pytorch HE42, IIZkid 2% ] NVIDIA GeForce RTX 2080 Ti GPU #EAT 14 . A SCSZ6 PRSI &
MSLIG S8 BRI B4 2 Fis.

Table 2. Experimental environment and parameter configuration

*® 2. LWIMEMSHELE

2% fic & ZH fic &
BIERSR Windows (64 1i7) Dropout 0.2

CPU i7 W 64g

W17 64g ) 4 768
ARG S Python3.9 Batch_size 32
THEHESE Pytorch Epoch 1

4.2. FIERR
4.2.1. KZHEME
EPPBRMUT S5 of, 85 75 B SR [ SCAS Z IR ABI P o AR S MABLRE S A S ) v 3 NN
Z AV R AR BE (O FE o AR SZAR DL RE S8 I S P NN Z TR S f I AR S AR I R e 2 M = 5. &
SEAE MR 1, XA R L AR SR AR SR AL R T SRR A 2 TR (IR B, A SZARLEE (¥t
AN
XY

C0Sf =r——: (12)
X[V

A, XANY 73 BT AR R SCAS R

4.2.2. Spearman 83X R

TEZ R R BEIERTD 2 R AT 55 b, a0 R P A SR 3 A1) e iy ) B 3 R T SRDEATT AR . TR
Reimers %5 A [20] il B f¥), Spearman AHK R & —FhAESH Gt vH 7%, BN & AR T 20808 1) Bk 4341,
T A T8 0 B AT HE P R PP PN A B 2 B )G R e BARTHRRAR W T . B9, RsoARxs 7 il A 3
BRI, 1B SCARELIRRA, ARG VB SOR RO AR SZARBMEE o FETHI 58 T SUAR IR X I AR 5L AR BE
J&, B JE A% Spearman AH G F 2 EE B A B AR SZ AR LB 5 T CARICARLEE AR SGME. -1 2 1, AH
KAHOBFEIR 1 801, AHCMEGR, MHOC REOEER 0, AHOCIEBRSS . Spearman AHOC REHTHE A X!

6y " d?
p =1 028 (13)

n(nz—l)
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Ao, di N AR E IR 22, BIPIANAE B4 I HE T a6 AR B AL B () £, n BT R EEE .
4.3. WEWMLER

A FH AR ST 59 4 S ol 3 % s R R ) Y S R RGP S S B SE AT e . B Xt LCSTS
S R [22]) R (S Y R RS, BENLAIT 2 & 4 50, IF BN S I E S ok 1S
B FESCA NSOGB . I EE S REFN TS FRERR R, ANRIEEE S 7 R R ik
3 fR:

Table 3. Pivot language abbreviations
#3 SRESEFBHESE

Language English Chinese Spanish German Japanese Tibetan

Capital Initial E C S G J T

FATE LB AR BRI SCAREAT T or felRE, Hhr=2, 3, 4, RSB RE T, BEYLIL
PO PR SRR, 2RI D 2 I Spearman AH ¢ R ELH S5 R AN 4 IR

Table 4. Spearman correlation results of our method under different translation rounds and translation processes

4. ANXFFEEAEENELHAEIFILIE THY Spearman X RHER

English as the Source Language Chinese as the Source Language

Round Translation Process Ps Translation Process Ps
E—-C—E 0.8574 C—-E—C 0.8564
r=2 E-G—-E 0.8583 C—-G-C 0.8544
E-T—E 0.8563 C-T-C 0.8611
E-C—->G—-E 0.8561 C-oE->G—-C 0.8413
r=3 E-G—->T—E 0.8555 C-G->T—-C 0.8547
E-T—->J-E 0.8549 C»>T—-J->C 0.8551
E-T—->S—->C-—-E 0.8543 C»>T—>S—>E—-C 0.8547
r=4 E-G—->C—->S—>E 0.8442 C-G—-E—->S—>C 0.8473
E-C—-J->T—>E 0.8511 C-E—->J->T—-C 0.8445

HISKIR SRS, DASEiE N ORI SRR Bt (] “E — G — E” JHikRI A IR IR 1 etk
WIPERE. F3— i, fELAPFSONESCRRSER S, /] “C - T — C7 TP flizE, 19 1 &l
Mg K. AR, SEEAMEIEA R T HH 215 R, mSGE M U E T O0RE R F—iE R
T S R JEANEE DT A RO AR . BRI, SR B R — 8 RE0E S 2 8 B LR P A B 12 Y
BETRAAFERIES

4.4. FEEMNEREXTEL

BEAh, ARSI 73 AR ASE SO R SON SRS (B R e Bl S kAT 1 S8 38 . AR R Spearman AH
KA AR T B PR, HpnlE 2 fos, £ SeffopIRiE S msedd, %M “C—->E—-C”,
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“CHE—->G—-C”" M “Co>T—->S—>E—C” N2 £ 4 5IIEBERm 22 MR AT L8 . i 2(b)

FioR, LSOV N R SCARSEsGH, Ak T “E-C—E”, “E-C—>G—-»E"M“E—-T—>S—
C — E” fEN2 & 4 5By B MR AT 5256 . seab gl e BRSO IR TE 2 5 B B e R s 22 A8
f£%5 b rERem BRIt

0.95 0.95
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Figure 2. Performance comparison of different models on translation laundering dataset

2. FRIEAARFABBIRE LAERELLE

4.5. CAHRAE HERERSEL

N T IE AR ST VE R TS 5 AR G SCAR AR BE R AT 5%, W AR SCOTVE S 2 1 STS AR 55 i etk iy AH
AT ITVEREAT 1 EC A I P 2 W B BB 45 NLI SR SR AR, 9B 7e i3 STS die 4 bdid
MG T Z IR R, HIBHE T VAR R EEOr & . 2850 TN 45 S48 Spearman #H 58 R Bk
TVl E NLI BT, 4 — i, dE REFIE R — DA BN FES). — M6
IERRI AT (P ) F— NS R A F O &) - Rk, XA arie R L ADm e %, #08 — AN ERE o
Eﬁ&o%ﬁiﬁzﬁﬁuﬂggy;ﬂﬂm%%%,gﬂg%ﬁ@ﬁ&ﬂ%%ﬁ&paomﬁﬁﬁﬁ
STS Hla & b4 Rk 5 Fis, SE86 W A SN S A Spearman AHG R £ 0.7329 421 %1 0.7850.

Table 5. Comparison of results of different models on STS data set
F# 5. FREMRAIAE STS iR LHZERILE

AITT SBERT ConSERT BERT-Whitening BERT
L1D'S 0.7850 0.7329 0.7175 0.6722 0.5600
B 0.7641 0.6881 0.6748 0.6755 0.5818

5. B4

AR T P TR 2T B R e AR D 2R B0 . BRI B S 38, ARV R I AE
7 M W 1R Il P GBI K (1 o 4 N = 1 12 P 8 < A B i 2= WS N0t DK S 15
FoRo BAh, I B 0T P O R ORI 5 4 B mUBCAE S B Y A X 2 BE D) o A EL T BT T
%, ASONEE AR EENE 2, VA FRRE D BOBCE R, AT BE i 1 S0 i kel ae
B¢ M PR 222 4 2 e 2 8 PR A A BRI AR R AT IR AN SR AIE . SRS 45 SRR W], AT iR R
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