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Abstract: In recent years, blockchain-enabled cryptocurrency market has been rapidly evolving to a trillion-dollar eco-
nomic system with various kinds of emerging business models and application scenarios. Cryptocurrencies, characterized
by decentralization, anonymity, and ease of cross-border circulation, have significantly enriched and evolved the main-
stream financial system centered around fiat currencies. However, they are also extensively used in illegal financial activi-
ties including money laundering. As such, research on anti-money laundering (AML) regulation for cryptocurrencies has
become a burgeoning field of interest, with machine learning and artificial intelligence (Al) emerging as primary method-
ologies in areas such as cryptocurrency transaction monitoring, transaction network analysis, and security risk assessment.

First, the recent research progress on intelligent AML regulation for cryptocurrencies was systematically reviewed. The
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main models, methods, and application patterns in AML regulatory research were summarized from multiple dimensions,

including traditional machine learning, deep learning, ensemble learning, graph analysis, and heuristic approaches. Mean-

while, commonly used datasets in cryptocurrency AML research were compiled, and a performance comparison of existing

models and algorithms was provided based on the Elliptic dataset. Finally, the research challenges and future directions of

cryptocurrency AML were discussed, aiming to offer valuable references and insights for the prosperity and healthy devel-

opment of the cryptocurrency and decentralized finance industry.
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FNGERIRAE . 140, Alarab 281 25 ) ) GCN %}
oy A2 2 AT A, SR 555 GON %t th (071
RN S B (IR AT P2, FE 2 R
ML (multilayer perceptron, MLP) #E17iE—20 1)
FRAE 2 ]R3 KT X P EAM R FIH T
SERIBARIALTS, S T WA S ERFIE S 2]l
Sy ST I REOKRE 7T, AT R T IRIE RS 5 1)
PO HERR
23 ETHSEFINGE
231 HHEMBEFI

H BIAE St I HLES 2% 21 5 iEAE N 1 i e ek i
5 TH (%) S 32y D e B 2 S SRR TG e 5 )
FEWI . I o) R H CbRiE I AS 2 B gt

TR GR, Rt A RORMBEEAT . BN, TRk
P (decision tree, DT). ZH A4 (logistic regres-
sion, LR). Z#F &ML (support vector machine,
SVM) Ak H L4l (k-nearest neighbors, kNN) 4§
2 WUREAR T2 R T 0 B T A8 2y B i o 2R
AT o X L8 F R SR IO ) RHE (U178 ) 4
B B BPIAEE) RN AT A xR A A
B, UIXAIEEZ 55058 . R, BT %
RMAZ G R A A AR LR R, fE R 2
>R AE A 38R RS ESCH B AT B 1 N SR R, 5
n,  H s AN i) T EORE TR G H S ) )Rl e
A

TG B 2 ) SR AR T i AR 2 s, T
AT I S Aar R 2R S8 73 B SRR S B b 1) e AT
No XM ITIERE NG T AL B S 3 A B AR 25 (1)
KERZZH M. Hlan, LM (isolation forest,
iForest) AlJailR A7 (ocal outlier factor, LOF)
BOERE L TAINAS &y i 5478, T K-means 5828
MR A (Gaussian mixture model, GMM)
WA T8 22 2 Bt o B, DA B EAT 9 B A5 =K
T I X e T v 1) R R DA R H A B A ) O
PTG abRl G, BEFEEA TR S e 2 A A0
RN G RIS, AT 9 M AL A 4 il
Pt oA o TR, ARG H a8 =2 4+ M sk sk
o R TG ) FIR AR U WA 2.
232 E3HFI

LR G HA BRI B R A, T2
Al REFRAE AL o h, B SET IR AL S
HH A 1 I B S AR N T VA AE A I ARV AL 5 7 T
FIRAE. L, Lorenz 2142 IR B0 T £ 3)
SV INEAEAR SRR G OL T AR, SRIRaE Rk
B, S 330 27k, AR 5% MIARAS kAT LUk
B 5 584 B ) B M M RE o X AE SE B N
P EAAHEEE N, FIRBOR E PR EROR 8 2 &
ot HAFER 1.

Wang 25 MR T — R T4k 22 5T 1 BB
SJH5 88 GraphALM, 5 7E$& ki X Mt <2 7 e
BIm s Re o X PRIV IE A RAT SRS A 4 2K
BAAY, 3 1O X HE RS 5y s i a0 1) R i
R, JUH XD HEE ARV AE 5 FE AR ) IR EE A
Fo M TN TE, B R ER bR
ATPRERITR R, FRARECE bRy i AR [A]
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R2 ETHEGHRF IEEORRME
el Jii%: HAREL AR STHR
iForest SCHR[17]
LOF SCHR[13,17-18]
SEHE AR FHEF RIS 775 K F (cluster-based outlier factor, CBLOF) SCHR[17]
] FE T I B R B 1 57 5 A6 (Mahalanobis distance-based approach, MDB) SCHR[18]
%45 #r (principal component analysis, PCA) SCHR[17]
K-means £ SCHR[13,19-21]
PEN GMM Hk[22]
HEE £ KK (expectation-maximization) SCHR[23]
DT SLiik[24-26]
by ok LR SCHik[11,17,24,26-27]
SVM SCHR[18,24,26-27]
KNN SCHR[18,26,28]

233 #EfuFd)

SRS SR N — P BIE R A ST EOR, il 53
BEAS HAWARAG SR NS, MR 52 s g i)
ORI ] AR AL TR R R . B S S )
AU & WG, SR S AR REAE A RN H A A
ST, FELE S AR 5y WX 28 U A R e R
W5l

WA IR, s ] S TR B IE R
B AL, DL XS B A BB M . B, Actor-
Critic 5V AE Bk B S0 2 0 B e R T 2%
T4 G5 B 25 A s, 3 R 3 8 g 15
SER A, 25 > A Aar R (977 10 A2 % Jg b O TR EL A 2 2 AR
i, R 5 ST FE 0% B  SBe AR AUIsUN F /i 5t
A . FH, GraphALM B/ P i 34k 27 5 fig e
T AT E I A R AR AR A0 ), e I R
HIUR RS T B B AR, ARUE
X PEEAT Ty b e i BN A I 14 R
234 REF

& GE N A% 57 21 B2 b 8 45 7 40 B8 AN RR AR
TAREJT R I €, AHAE [ X 0 2 6% M58 2 W 4%
S A BN AS TR, IF 8 2 8% R BR . il an,
Alotibi £ 3 i %t b 22 Bl b1 3% 5 51 5344 Elliptic
B LRI, KIMBEN AR (random forest,
RF) 7E A0 BEAS T i B 408 4 U7 T R 30 th 5, R
REATI 2 PR T RP AR e AN E A TRAL B A S AR 1k . X R
W], JREAL G TTIFAE TR DL T RS IS BT 1) AL
B, ARLE TR s B 158 2 4 28 1) v 4 1 R B 245 1
I, Ak RESE T E A PR

B IR S HOR PG, R EA I RIR R

FLAE BT T SRR IR R IR o > SRk
REf% B A R A2 38 22 5 9 2% v 1R B i R &2 4 ¢
R, M SR TR I R o 0 A B e 4 X 2%
(graph neural network, GNN) K HAZ{Kk, 41 GCN
AN JE = J1 M 2% (graph attention network, GAT)
RERS 70 73 F s 02 52 5 W 2% i S ), 424759
SIS A AL B0, Mohan 25 %1 Pant 2
¥ GCN M1 GAT 1E LU 1152 55 I 2% 73 A v i B H
XY FH B 5 B iR, il B R AR R
BURFIE, H T R85 RS, BEitam 17 ARER
G (I HERF 1 . Ferretti 5090 7 B b -2
M 2% (heterogeneous graph neural network, HGNN)
FEVHRERCEEAT AT RN, R T HAE
A0 B AN R 2S5 AR (10 V) 5 ) 50 7 T P P 2
Alarab 2513 1 (98 24 & 9 22 /9 4% (robust recur-
rent graph convolutional network, RecGNN) #&
o TR E R AME R, BIEE S TSR
K5 #1112 (long short-term memory, LSTM) #%
RIMIGNN,  DUF|FH EGARE 38 BRIk [ 47 9 A e 25 )
BEATA RO, RN T R S .
Lo 2P ) Inspection-L HE4E, SEI (1 B2 20 4
BT RHRON S5 6 RF B, g —B s 1R
fit. TEIF /R 2] (subgraph representation learning,
SRL) Mizh#KEIF7R%%>) (dynamic graph represen-
tation learning, DGR) FEARMGIAN, #—PHF TR
B 2 TR RAE I 8% T ek IR PE B . Bellei 20
T4 T SRL FARAE 5 2% X 28 v 1) J= 3508 45 44 43 A o
IR, R T HAE RN R g 1 B T T G
#, Qiao 25 Y4 H ) DynAEGCN #7%!, | H DGR
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Keld AW AE G, AN T LS .

BB TR B 27 S BORAE N % B 1 S e et 78 i)
RS fE, GNN PRI R 5 10 R PRI T o) 12 A
ROT AR T T E A . Weber 25", Humranan 255
PIRDT 7 GON 45 & 48 sS4 2k (focal loss, FL) 7E
Qb RS S AN o) R A e, Il I SR Bk
TR PRI EAE SR R AR IR AS B s I e 7 T PR
Adloori ZEPM IR Hy T — B K GAT 57k 22 W 4%
454 %8 HK) (GATResNet), 7E Elliptic #4511
SRS R, ZBBEART I ARVE AL 5 5 T E AR B )
TERAYE . bAh, OB A0 2 S RN 7] 25 i 452 AR A1
BT NRFE S AL, DU S R 2 AL e 1 A&
PEME. BN, SinghZEPHRH T — R T GNN [HIX}
U RGN, LEIRVE 73 RN (] 73 28 2 [l AT X6
Prike 2], A AN IS TRl 22 IR RRAE, DT e A
RUAE AR W e [a) 28 PR
235 &EmF

I b8 sk ik, AN SR AR R A
Fettk s AT SRR R BRI, 55 Bz kR
AN i) 2 HEE S A2 A TR F . SRR
)T LU A 2 AN R 2 2] 3 R 52 A 8 1 R A
PEFIE R, AR B A 2 A, H
A A% b BN %% B3 22 S B Hh s L R AN P-4 )
f4n, it SMOTE BiARA A i b BEREA, A
FHAE BB RL T R A FE 42 FHA (gradient boosting
decision tree, GBDT) Z§ 81 5 i Hh 5= 2] FIX 43 1F
SRS Gy o MeAh, EREEI ARG E B S
(1) 22 FPRFAE RIS [RI B2 (A5, G 2 T 22 5 Ak
R 5 AT RS M B RLAR S5 &, A R EUE
REAE AN 28 SE R RFAE 005 S, SR R 0 B ARAT

Mo [FIS, BIESCHRARR B sh Ak BER AR, BL
NS R A G AR F B, AR
YR IR 25 251

T AR R ) SR AR I STk W3R 3

(1) Boosting

Boosting fE B 2] 7A@ IS H A 2 AN 555 2 48
GHEFEDT) R E KK AL, Hiz.0 848
TR, BRGEARER s> A — MR
IR . Boosting %A Z AL, Hrhiea% 4 1)
i E ST (gradient boosting, GB) Fl H & M 1
F (adaptive boosting, AdaBoost) .

GB W] LLH T [B1 AR 73 S e i, FH B 457 2K B
o orRzEsk HTRIE Aok (M
T3,

FLYE 1995 4F,  Senator 257 gl A Ay JE T f fe
RUAERS AL G RS 5 T BB BRAT 7T ARGV
SR, Tk ARICESE, PIARER A L5
BT A AR T — 2R 81 if-then AU oK AE Bl T
B8 J5 , Harlev 2™, Jullum 2™, Savage 2%,
Weber 2", Zhang 2 R BIF 78 1 2 W JE T 40
45 0] DU R Hh R W e RS B . 9l i, Savage
PR, RE GG ALX AT &, 0
DL 2 I T e 558 5 o Jullum 2521 ] GB $9%
KrBeEse &, BOVERCEs. Al gk, JEA
Al DU I GPU D YIRS 8], it AYE AR AR T4
178 R TN B F2h ke & R 48 RF 1 XGBoost
(extreme gradient boosting) #/& DT/, H&RF
A Bagging /7%, i XGBoost A Boosting /77% .

XGBoost. LightGBM (light gradient boosting

machine) . CatBoost (categorical boosting) 7& GB

*3 ETEMRFIFEENR T T

Jri FREE AR SR
GB XHR[39-41,43]
XGBoost CHiR[42-45]
Boosting GB 1 32 LightGBM SCHiR[43,45]
CatBoost SLHR[43]
AdaBoost CHR[39,41,44]
Bagging Classifier LHR[39-40,46]
Bagging — RF CHR[11,39,44,47]
ET Classifier SCHR[39-40]
Stacking Stacking Classifier SLHR[46,48-49]
A ] RF.ET Classifier.Bagging Classifier SCHR[40]
Bagged CNN.Bagged LSTM.Boosted CNN,Boosted LSTM SCHR[50]
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AR 7%

B SR, fEAE S0 GB Bkt b7 17 2 1
et fEHAEACFOCHIAR . 52 0% HANP47 i B s 4R
WP 6, RIT#E) 2 R TN 6% R ekt
L. Vassallo %R H1X 3 4y 2K 48 4848 5 R 7
JE TR I 02 e sAT A, i A& 2 A5 2
i, BENS ST A B 1 B oA, S T
TERA FE A Bt . FEACERAS T 3R 7 1, X LedE
TESRHE T ZFRR, Wi A AR E A A AN A 1
TR R, ARk TRPH R, S 1R
Bz ARE 7. ANy, XS SR AT A 40 A 2
THE, R PUR AL BRSO S, B2 T
SR AR BIRTHAE . S35, XGBoost Al CatBoost fig
% H B AL ER G R AE, CatBoost it (8 H 2l AL HE 2 71K
FEM TSR m AR, BRI AE & &Sl s n e
T A2 o Bt vh i R AR R 3 A8 A

TELLRF A Z e, AR5 ARESE 5 BRI
8ok HEARE R EA P . KGR F, HIERIE
51 (adaptive boosting, AdaBoost) fE % X £ % 73
FRIFEARIINALEE, DM T 5221 555 > &8 5ok
X HE DLy R FEAS, AT E 20 52 0 b 2k
ARERL S RAIRE ST, ARk, 10
THAEUEFT i A B R E B . b4k, AdaBoost
(R 3X Bz A5 AR A T A i 4% 2 2 1 . H i 1AR
o, AW A DUSE TR AR I . BRR LA B
EAA A B R A A s B RE
AdaBoost )X URE 1R U B AE B AR AL
A8 AR LU T OB ERAE S5 HRBUC A 5, REBETE
AR AT VG ARE AL 5

(2) Bagging

Bagging, E[ bootstrap aggregating, i i Jii 4f
RS B2 A TURIHRE, 72 A 2 AR I 2R3
e, HAEGNEIRE LG — 2204 (o
DT), f/alid # a1 i A i s 2E o) 8
PITRIN S 5 . X PRIV RS B35 MR T 22, $R
B AR E PE A AL RE JT . FH TN TR A B 8
I 0 2 2 MR = B2 AP, Bagging il It A i 2
MAFERIINGREE, AbEEA R 2] 3R AR RE AN R £
FE2E S HdE, T i 005 XU . 4, Bag-
ging X 57 5 (E A 75 208 AT BRI S e, X2
DA REAN 27 o) 4 RAE B 0 808 B Igk, A KW RE
AR

Bagging Classifier #& Scikit-learn J# ' 52 ¥ Bag-
ging JTVEM 43288, AT DAL AT 43 SR s AE L2

%%, 5 LIAYE R Bagging MR ELAH[E, 7En% 67
M P EAT S5, AT DUE I 1% 53 26 s el 2D 55 8 T
%, RE ke A ALEE f. B, Liggt
FE 3 T X H R 10 % B 1T S B AR i S HE SR
BELFAL (blockchain-based ensemble learning frame-
work for anti-money laundering), {# F Bagging 5%
CRLFE T B I B4 5 . ] P 3 B 5 IR
SISy IV IE Y S OLY € DN 5 EZd M ) - ithil)
UM e 5 /o =T ) | s QN TRV ivks A m e i R 2
fit. A4h, Bagging Classifier tH 1] DL SR fift v 22 [
Ve, BRI v R AR ) S A SR AL . Harlev
463 15 L 113 ) 7 22 5] Chainalysis 15, 8 210
50y RIS 434 A2k (L2405 5) 1E R
GBI, MWE T X 10K 5K AR
&I, RF. Bagging Classifier fl GB &G fli% H id
RFERIE LT ZRR I 57 o

RF & Bagging ) —FRpASEIL, L[ TH T DT.
‘B 7E Bagging [ 24, I TESMIRENLYE, B
FERF IR 5 24757 s BE A LI £ — 50/ RRAE G A
FREERF D 34T 3R X RO iEdE— 5 1
TR Z R, Wb T A RS . 7R D TR
MR BEERAL S, REBE) 2 N A TR0 7 5 22 5
A T A, LR RN SR SRR, Ly
o BAE AT BEAEAE R E M A A R WA 5, RF
REfS A Aot g a4, AER IR ARE RS 5
AL, RF A DAVPAEARAAE A 2205, F B i N
P AA IR AR T TN 25 SR FZ MR B oK, TN T AR R AR
R e S AN — S AR AR I B AR AT 5
R55Hh, Weber 25 I/E# i LR\ RF. MLP Rl GCN
SGITRIEAT 3 AR S TN AL AL Gy I, KILRF &
Mt EEMTEE T EIEEER GCN.

5 RF KL, Hm bR (extremely random-
ized trees classifier, ET Classifier) &3+ DT K]
A 2T, (BHAEME DTSR A 1A F 23R
W& . ET Classifier fE i £ 57 275 SN, AMUFEALIL
PRHETAR, ICAETANRHE EREVLERE 2, T
AN AZ R AL FE B 3 R il o IX AP AL 3E —
N TR Z AN, 453 ET Classifier £ 40 2
EERR I TN, HLRE S B At A HE R
FaA. R M S EEY, FHEBEARZ H
THAEEEMRAEZLM L K, ET Classifier [fiX = B
MU A G % 30 A RO IR AR 0], 32 SRy (1)
ZALEE J1. BEAh, ET Classifier 7E I R 2 0 A 5



%2 1] SRIRAESE T e n B T R PR R R BRI e B 7k S N <175 -

BLEAT Bootstrap K AF, X 145 I S5k A 8 L
RF PR, SHE A M ER . Ik, ET
Classifier 1 )32 B H -4l 53 5 58 5 F B AT
A, DRI S AR S Ry 7

(3) Stacking

Stacking 45 & 2 ML ) BRI R, FIH TS
SIERHAT 2R, TR B () TP e . X
TR 7 V5 A A B 28 R0 22 AR AL IR N 5 1% 1T 22 5 $ 8
W, BABERZFEES AME, RETiltEge. R
W HE N LT R S R . HAT,
Stacking £ I % B M1 s e B A0 1) 2 FH 58 AH R
b, B EA T TR W AR SR A M R T T B —
SEMIVE 7. Bltn, Md 2R Kumar 2% 53 45 &
ANFAF) )% (W kNN, LR, GBDT. RF %)
MIcsE ] ds (AILR), FEINE 62 M2 5 #dfs L HAS
TREMERIEH, IR T Stacking 7EALFE A
NI G HHE, Rl A5 A A v At
AT T RO 3. Md 2% B 2 510k 35
DU R FD RF 24l 2% 2] 48 . LALR IG5 2] 4811
Stacking 7 AR T A s HERZE (97.18%) . 7
4b, Li%5MHR ) BELFAL HE4E 48 ] 7 Stacking
Ji, S 2 PhAS [E LS SRR E R 5 o) 2
(FL#5LR. SVM. kNN. DT HIMLP), X H RF{E
TG 2 AR e A ) B8 A T 5 S AT i —
I Zr A &, S 25 R 1% U7 V48 FLAE R
Macro-F1 {5 AR T8 — 2 8, Jyhns 1% m i stk
AR HRAE 7 — PP EEAERG . SR S m AR I T

4 REENT ]

I B s Z BAE K B AR 1 . E e s DL AN
B, 45 B — 2T A e o SRV DA 4 T 2
BIEF I AEE . flin, RF BIRIE A S 45
P Ak D o 00 G TT TR I, R T L R )
LR R AT RERCRAME ;. XGBoost BARTEALFE K
AL EE SR R = HERRVELT, (R B g
FERI R AE ROV EUR . R, ORI e B A
K, FTLMVHEANE, RIES BB

RA Y 2] TR G T 20 5 L AR
B, BEWS R A . MERRHOAS R ERTE B . A,
Alarab 2545 & RF. ET Classifier 1l Bagging Clas-
sifier 7EAN[F) 77 THI AL 3, SEBL T L 5 — R B kG
HERITION . X PR A B 2 ks v 2 A
[F) 17 25 1) TN RE 246 3 S A6 s e 28 TN, AN 5
TR BRIz AR ST, A RBRAR T R — A

B 22 SEOTONES 52, $Em 7 Bl Az oe A ay
PR, BRAh, ZTVEEACEE LR RS B B R, R
1% T B e S B 1) 2 s ME AN, R B
PRI R A, X T R ERAT 5 R 2 K
B, SRIGSE AU B TR ) O VEAE A 2R
FUE E ) sk, HERIZRIA$98.13%, F1{EHIAH]
83.36%, WM T H A — B )07k, AR
ST AR PO I S ek il A R A R AN S 1

b, TR IR AT DL S A SR A
o Biltn, Umer 2P 48 H TR A 48 B2 5] 07 538
TE 25 A 2 PhIR 2 IR AR 2 PR AR R AR, SEBl T
o I 5% THRVERS &) B s s . BARSR UL, 1A
FUAd H CNN $& B 5 B04f vh I 25 M AR AE - 48
FI LSTM 4 412 B 1) /5 %) £ 4 o i) K AR B % &%
i 4 TR R % o 4 ) M A B AR A S B . AL
1 FH Bagging 47 I &5 22 AN A5 70 S HP- £5) Tl 25 SR
Kk %, B TR R AR E AR
F Boosting 12 35 Il 25 22 A5 AL FF AT 1) Pt 25 SR
gD wm s, HE— BT TR M. X PR
GRS S TEA R R T A R AR 5
WIE A — A TR R, B R
i 1 HRVESS 5 Tt () HERf P AT S

3 HIEESRAIERE

AATIEERDE 02 B i S B B A e b 1 IR
Bn e N A SO Bt e i N, AR 2 Bl
73 EIEAE Elliptic 20 4 11 BE R I

H AT 1028 1% M s s8R ar A i S il 4R ]
LA =K. (1) LLElliptic BE S AR i E R
MRS D555 ; (2) LA EthereumHeist 204
ENRE LR TR G in 85 3 L
Chainalysis 95 52 A% 3 1 LU RF T 924 br 25 20
. I SN B sk n B B A oG, TR
Chainalysis £ 35 £ [ 78 AT DL I [X 2 SEARSE I
T [AJ Bh S Bt 7t . iR AR AT &, Elliptic
H R A T 2 R AR 4E B L 2 T R AR A K T
EthereumHeist (5 45, A1k H 57 48 K 2 50U Bk
W58 2 5T Elliptic HdE S P E 1)

HHT, BRI A 2RSS ) B 42 =2 L
Ry M1 Elliptic #4548, PR ¥ %% P 5 Elliptic &
EaNEE, W&20 HEWRMZ S, WAL S
A ERUA 6014370, IXLEAZ G ibric N “ A
B CHRVET, ARG S 166 N REE, IR AR
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AR 7%

TR W &8, JiR T %S R, Elliptic
K A R SURFAE 245 WS 4. Elliptic $04E 42 D8
KA EHE FUARN = 5 (AR AL 88 27 ST B )1 5
PEAL T IR, SR SR N BRI IR 4R
BT ZHAEE, SE 2L ik (W LR,
RF. MLPHIGCN), 7t fE s sl Sk Hogs
M 5", 20244, ZPIAH#E— 5812 T Elliptic2
B, HAE T 121 810 MRICHI Euih MAERET
B, AT —MELE 4 900 J3AN 1T REETERT 1.96 121k
WG BT R . ZH R4 L TE T SRL
7RI B T e ERTE B, R 2 28T
B EREE,

%4 Elliptic HiEEE BRI S4FEZI
#:5 A iR
e 1) 2 38 5 R I B
NAHECE 25 R RN

S e T . T
BRI S AR
RN 1, ARTE 3 5 T R R 3 5 T
B MR AR 55— O (e 5
e o0 AR

MR AHL il 08 J 5 T B — e g At K

L] RIEAEE

WA SCHR T, V2 5 3% 800 T 48 Elliptic 2045
LAl B — 2By R . i, Elliptic++ 2 #E 4
ALAHEIT 82.2 AN LR MR ibE (5 A, DK
127 Ji 2B ) 22 HAG R, B A TR AN HL20 By LU RE
T WA 48 o 5 50 4T R T 3 = & i B Sk
Song %I Elliptic ¥R SR M, SBITIG N 248
SiAE . BINERE BT S FREIUCEARE B E K
i, B 7 LR R S AT AEERSE HBTBD, Jf
#4149 7d HBTBD HARAS A A1 T GitHub. 1T+ Elliptic 1
PERIREAS 2B A 1), shZFEMRL, HBA s
Sefl, X EERIAMTRAR, B, Wang 2™
7t Elliptic 2048 52 1 24 A& 1 RD (realistic and
demand) #(#EAE, H9IN T A E SCRRHE, [FB
FINTHRAE, DGRy .

B 7 HAENAE 5 AT 3 AN, SRR S K
(R AT W KRBT F B . REAMRE
WX A2 ) Ja SR Cn /s NERAZD iR A1 H Sk,
MR BN B S 53 . X — IR T B A
SIS Sl S E . RONRIE RS 5 A & B AL
Ak, A SR AT RE VS A AEVRIE B . i,

— G Reilid 2N E BTG T, HIE
T2 B 44 P AT DL X e i S PR i T A — 3k vk
ML, MIMIERIEEBEERIT N . Chainalysis #2 4 [1
EU ARy T 5 A B T 40 2 a2 A 3 T 24 55 1 e ol
A S e R AR 5 58 5 (RS ., i
TARBEE YR AL 5 ST B AL, K BE bbb 5 R
VEW 7>+ BIR WA o0& (decentral-
ized finance, DeFi) “F&. W iS5 B AEE Sk
XM EER . XA E R S T TN D AHIEL
AL TR KM TR, DIRBE SR —E5 L
Ty I RERAE Gy, FSem W4 58 5y, DA A2 I Bk
EEIEK,

FIRBHR AR IR T LR mAc 5 . X PURYAS
SR, Wu PR T A VR K LUK b7 Ak B
i £€ EthereumHeist. 1% #0550 1 28 5 1 B ] A1
S RS IRUERTHIBE I PRAS . ek P 7R 2
REFENFELE DPE, o Hopdohn 2 1% m sk
BAT S AT BRI R B, RS T
s B RO BB AR R AR I L

RO H T HFh o IS EVEAE Elliptic ZUdE 4 L1
PERERIN, IX L/ SRV M A E SR TV
4 HERSERE

H AT, hnss 6z m bk I i I AH O 7 R B 7T
FOR N H I EUAS T B it e . A SCIRGE H i
FITERIME L IZGAT RIRE . 285 M2 o Al
G R PP AL 1o R EORSCHE i = A
RN IR SR NI B T I S B # Hs B, DA
SCHRRINE B BB I 2 AL VPAl AR 73 AT

SR, BEAE N O AT WG R J8, B D
Py AR I 5 SR A Wi v 30t 45 25 B
SOBEBRAIE T T SR 25 m A g 1 FRBT ) FEURH T B
B, BT RE mAr . HrE R SR
MUK B, BN, BRI RN RS LR
ZRLH, T A S AR Ik,
154 Gt 5 T B DU N s B s H a6
S, JUHZRIH DeFi ¥ & fMEEEAL 5B %
BZ AT, FECE S NS, HE R 4
PESASPHT PR B A R . FLR, B SE AR BIR
HUEAAT K T 28 ) AR HR B g KA AE Gy i)
P EAR, AR 92 A B8 T A0 S B Ak T I 0
5o defa, MR R SR AN W R A 6T 0 M P A
s LU DL IR S BORBE I3 T
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RS MEEMRIAEBEROIFARERL

Kt e xR AL Bl JpE
Chainanalysis S/ 08 5 FCE A P IRSS I R T RS I VRS . 20 3.95 {23 5 (EARIC B 957 AN Sk, K
Y T3 R B R T A N IrSEHIE 153 293 MERD

Elliptic 5 166 E|BP RN S 5| 203 769 N4E 5y i s
Elliptic2 Z 5 56 BIBPRNC SR S | 121 810 AMAwic i b s i AR B 7]
5 5183 TG : 203 769 N385 1 45,234 355 %%
Elliptic++ P IRk Bk RS HIRL
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