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Explainable Dynamic Incomplete Graph Anomaly Detection Based on Masked Learning with
Strong-weak Mutual Information

LUO Xiang-Feng, GU Jun-Quan, YU Hang
(School of Computer Engineering and Science, Shanghai University, Shanghai 200444, China)

Abstract: Most graph anomaly detection methods leverage graph neural network (GNN) to learn from relatively high-quality graph data.
Unfortunately, such ideal scenarios are rare in real-world applications, where most data suffer from issues such as missing labels, dynamic
changes, and structural incompleteness, collectively referred to as dynamic incomplete graph (DIG). To address the challenge of
performance degradation of GNN under extreme conditions, this study proposes an explainable dynamic incomplete graph anomaly
detection (EXDIG) method. The core is a graph masked autoencoder framework optimized with strong-weak mutual information. This

framework simulates real-world DIG scenarios by masking graph structures (nodes/edges) and node features. In addition, through the
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strong-weak mutual information (SWMI) loss, it captures the relationship between structure and features while maintaining structural
integrity, reducing overfitting, and improving generalization. Furthermore, EXDIG enhances the interpretability of anomaly detection in
DIGs by incorporating masked perturbations on nodes, edges, and features, enabling the identification of key components and providing
transparent, trustworthy explanations for anomaly detection results. This study evaluates EXDIG on nine real-world graph datasets, and the
results demonstrate its superiority over state-of-the-art methods across different levels of DIG scenarios and across various downstream
tasks and representation learning evaluations, both supervised and unsupervised. Specifically, on the Amazon anomaly detection dataset,
EXDIG achieves improvements over 13% and 15% in NMI and ARI, respectively. It maintains Fl-score fluctuations within 5% across
dynamic incompleteness ratios from 25% to 99%. Notably, EXDIG enables node-level interpretability in dynamic incomplete graphs.

Key words: explainable graph learning; masked autoencoder; mutual information; graph anomaly detection
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W25 5 1) A B AR 15 5 R .

AR T — P BN B S A e B B 2 H K (explainable dynamic incomplete graph anomaly detection,
EXDIG) Jji%, /75185 #0200 g 5 A0 A5 B AR A SR AL B BN A e 4 . FRA TR 19 /L AR AT
T RAR R S A A e R B 5, DA i B S s PERIVZ A B8 ). b - B 5 ] O V20 0 W B0 R 7R R © REIE Y
NG, WA R BIRHIE. X5 T-2h 25 B Z5 48, A8 PIAS TN ZRASE 28 23 59 0 15 s R AT 9w, JFR A5 L
Z B (strong mutual information, SMI) 5 2% R i KAk =38 2 (R H.A5 2., AT A PR &5 M se B 1. B9 H.5 B, (weak
mutual information, WMI) R TR LR R, T 4R R EE, WG L& IR mz AL sE 1. b4t
EXDIG i FE YN GRid B o 39 st FIRFAE SEANAERS IR SN, 18 1 Zhas A 5o B ) e R DU P ml fg e 2. X e 3))
H BT R A SR R 4y, FRUI SRR SR LR AR SRIE 1T GNN Tl 45 SR, f £ B S A 00 (1) T f e ok, (s L RS FR 0L
FIEW . SR AR, XL H R A EXDIG TETCHRZE . B2 B FIAS 52 5 PR T e 0% 58 47 M ) 57
I, AR SC R EETTRRAN .

(1) &5 BN A A 56 % B S i an ] 1) RS AT W 9. FRATTAR H AR AL R GNIN 7E MR 3 25 14 (U h s B 25 1 st
FRHIE) THAR BRI IR FE A 201, TS S2 AR 28 m] FH MR Y S

(2) $EH—Fp LT 3855 A5 2 (SWMD) FIRAHLH, Hoih s B A5 B3R TRk &R & E R, IS IE R
TR T HE R 00 &, A B 48 I 2% RE 8 /2 A 78 B R AR B adh AT s s 2 2.

(3) BIN =Tl ) 25 A 5 B B e H AU mT B VE L), 8 E 19 A5, S FIARAAE R AR RS I3, 15 R Ak
PERLRY e % 18 1T A A P 45 T, TR AL TEE B . PSS i A ) .

(4) BT MU SIS PEAL, CLAE A PR TR 5. L0 45 BRI, Frig FiE S A B E S 5 TR
SRR B H AT RE 77, IR R E RS R AR MRS
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AR R A F B S5 A, 510 GRAND @ it BEHLY B 3 GNN FRIABE 7. 2R 1M, FEA S22 o, B HiOh L] vl & A
BRI BT AR R A UER 15 B, S EUBTER 7 i B BLSE 45 ), B IR S o IR Rr I sk B2 SR T, X S VR AR AT
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2.1 FHEATEE (DIG) ¥3]

EFZ IS SR s, BT RRALRRG] . Bt NEHRBENAS B, BRI — A 5E B, XA 5
BV R I PIRE 2 250N e MM (SR Y s B0 AVRFEAS SE 48 M (SRR 1Y RURFAE).

WRILE RN, & G = (X,AE) Bn—PE, Ho X e R BT SEEAERE, G5 n AN AN d MEHE, A e R
RAVEIERE, E RIBMES. W T A TREE, FIER MR ES MRRN X M E. ShAAR e BB I BRI R
REMETEA 52 B B L AT S P22 SRR, A sl 2R, DU T 20 BRI AR I &5 T AT 45

SRIM, 15 BB R SRR B A4S (GNN) H ISR A T BAE LML fEARE GNN 458, 5 R i@t 40k 5k
HIERE

HY = o (WOAH") M

Horp, HO FoR5 1R RN, WO R R HAERE, o RWE AL, A 20— 105 AR HaEFE. 2105k ok
FITEOL T, RS, SEE BALEA e 5, I RGN A Rk
X FRAEAS 58 2, WL 2O RAEAE RS X 7T DU I HERDHERE M e (0, 1) RFRBR R

© PEBEBPHIFST  hip:/www, jos. org. cn



1496 RAFFIR 2026 5 37 K 4

X=Mox @)
Hp, o R IC R AT, FFEEE 2 FEOW s IR AR, 159 B R G BB 2, I BB R Rz LR ). %
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si = argminl|a; - Dsill; + allsill (10)
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o, o R HI gD BRI 1) E S Z A B PR OR R NRAE ) 2= 0] DR N LR T I B &, i3
TR TR o R S B P R . RRAE S D B 1 AR LT
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MG RSB R E, JEE TR

SRIAS B EMBUE BRI S E, (A (12) SRS E, (AR (13) Z R EASE, HE T

‘cstrong = LDI (Zs’ En) + LDZ(ZS9 Ee) + LD3(ZS9 En’ Ee) (14)
F T 4 EL AT (noise contrastive estimation, NCE)PY, ATTE XA KT Ly, 0 Ly, 07T
i N
D(Z,,E,)
Lon(Z.E,) = Zk’gN— (15)
= > p,E)
=1
- D(Z\,E})
Lin(Z,E) = ) log———"—— (16)

i=1 i
Z D(Z.,E))
‘-

Forb, AR D € LR
fproj(x)'y )

17
|fpmj(x)| . |y| ‘T ( )

D(x,y) = GXP(
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BARE S AT 5%-55 A5 QAR ) 60T AR 2 A X X A B R A 1499

Hor, £ R — R M REL, v RIRESHL i —PHER IR, Ly MTFRITE R T:
£ (Z,) - [En; Ee]
Iforoi (ZOI - ILEws EC]l - T )
SR AR B B R ROR Z, S8R Z, ZIRKG5H1 G, 36 5 Rp A g L o5 A0 45 ha g b 2 2 1]
g — bk, HoE ke

Lpy(Z,E, . E,) = CXP( (18)

1 & exp(sim(Z,Z})/7)
Locic == ;mg . (19)

Z exp(sim(Z,Z))/7)

=1

Forp, ARURE R B SR
£ (Z}) - £roi(Z1)
By (Z3)] - e (Z0)]

TR (R B Ok SR RS A T IR EE R . BRI S A B AR DA 5S LA B AR, Bk SR

Lo =4 L rt+ /12£strong + A3 Lyeax (21)

Hep, A 4, F A, AEESE, TP BRI E. LRI, Ly & —FIET InfoNCE AU XS 554
o, FHT B B FHRFAE R A% A2 ) T SRR Z, 5 A A A A A T R IR Z, LRI — S, S 25 A )5
IR Loong DAL Loeae FEH T EEFHEES S5 MR 5. FEFNA A 788 B 50 R, 381X A [ RS AR B %
5%, Loeae AEA 2080 B EIAS 58 B0 5| S (0 RAE k. i, 78 RPEEI = T, — DT S B E RAT RAFIE BRI,
M GmID 2RI ATE I AR R R R Z T A S T E AT NRIETERL R, Loea WTE BB 2 LS5 5, SR TR 4 1
BT B T BAE SRON M, A SO BLAS BB E MR H b, 35K InfoNCEP M N B A5 B F AR5
SP B v 1 7 N T I [ 1 o L 2 B W 2 = B < R 1 1o (] o LI S S G RAT L D 755
FHBRLLE S BT 55 v 6 e b

B Loow, EXDIG HESLRENE M AN ZS A 76 B B 1 o 2 =) B 4 HAERR 001 RO /300K, AT ER 4 25 F0
SRS AR S5 P RE.
3.3 AIRRREMELTS

9T #8578 EXDIG HEZE BRSO FE, TAVRE T — AT AR AR, F T PP A B AR AL . A0 SO0 S Al
IR

FEHRATAR T, B MBR G G MRS . RIS 2, AR RS G, WA AT P, FRATTTE S R
FE A, IR A

sim(Z},,Z)) = (20)

A3 = 5(G) - $(G)) (22)
XA B S T I 4L SR TR PR S, AR K, 2 RIS R I G o A TR ke i
P .
OR3P [ AT A 0 T RN R RS RS A, JR B2 R s S0

9 =wA+b, (23)
o, w, FET R T A e /T R AR R
Log= Y (5-wIA) (24)

X R RS B A A RS S A DM R SR ) R, AR OK, R AR 1) 2 ey

B, FATEE T W > B AR AT ST RO I AOAR R BB 04, H R A R R 2 BOns SR R R
A PIRBDRURAE A 2, 0 A B EE I RN R RHE R X BURA RS ZE R i K R R A e B
(RIEC TN R IR
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1500 HAFFIR 2026 FF 37 AF 4 B

9A;;

ij

H_;,-I (25)

, node_score;=

edge_score;;= ‘
IXBEAR 3 487 T WIR LG 2 %o S A e SR BT A S T R
4 SIS

TEARTS 1, JATXS a1 U7 (EXDIG) TEA FMBIAA 52 Bl (DIG) 5 FHAT T T 2 SE 0 V4G, AR5
5 BEME UL R0 AL 0 /L

RQL: FEFNED R EIEL T, RAVTEREE A RURIEIEM?

RQ2: FA T TTIEAEA [FIFE B BN A e B B s N B AR OREF R 1M RE?

RQ3: KRR TG B ANE S HONIRA 7V IV Re A AT 52 ?

RQ4: FAT T 22 B BE W AE BN A S B B HIE SR LR~ fE 717

RQ5: fEEIEA R E G s, AT 55 R T RO IR FF ] R, JF FLAE B 45 WA 56 BRI B 38 284k 1 1 1
™, RETS A SRR R 32
41 IHRE

o B

TATE 9 D ATF B F S T EIHE & VP45 Frde /5%, f045 Cora. CiteSeer. Amazon Photo. Amazon
Computers. CoAuthor CS. CoAuthor Physics. EllipticBitcoin. YelpChi fl DGraphFin. £+, Amazon Photo. Amazon
Computers. EllipticBitcoin. YelpChi FI DGraphFin J2&-5 57 46 I S F T AH G M BUR 48, F T 30 FFRAT T /5 78
Xy 5 T WG 2. BT DGraphFin B AR EEE AL, BRI T30 RQ4. HRE M5 B L 1.

F1 ERHIRE

IR RS FRTRR L iz RHE el
Amazon Computers Computers 13752 491722 767 10
Amazon Photo Photo 7650 238162 745 8
CoAuthor CS CS 18333 163788 6805 15
CoAuthor Physics Physics 34493 495924 8415 5)
Cora Cora 2708 10556 1433 74
CiteSeer CiteSeer 3327 9104 3703 6
EllipticBitcoin Bitcoin 203769 234355 165 2
YelpChi Yelp 45954 3846979 32 2
DGraphFin DGraphFin 3700550 4300999 L7 2

o BN TERE E I e sl

TEAKF T, Fo A8 55 BB i N BE AL 2h FEBR S I 575 s gz, LS M sl S A 52 8 I (DIG) 5. Bk
M5, TATEEHLIER JE 4G B S5 F T x% BT y% W7 s, DASEILBNAS 250 B Se B Pk 5 FAth b B AN 5 3 &1 ) AT
FANE, D97 MG I STt SR S A e R R B R, AT Z I AR R IR, T A2 B A REAE AR e A
B z% IT . XM IEE TG R KT 55 1 S BRSO, B P BUSAALE BT A 4 FE 0@ % TGI8 3R A5 e A 0 5 1
B, BRI = BB B RORTE R, MIACGREUE AT, Bk, WREIEE 2 A x% i, % 1
1R 2% FIRHIE SR, 53— A& e 58 B BATE S A5 2 (dynamic incomplete graph ratio, DIG
ratio) JE X IR (21, 5 sURIRRAE) Bt o ) LA, DA At b S BB S 3 53¢

o SIGAHY

Frf S ¥ 3T PyTorch® 1 PyG (PyTorch geometric)™ AT SZ B, FRATIAE 5 RS4R3 45 7 IR 4E _E 1~
B bR 2. 3T A ST, BAERAE A EHUT A% (grid search) LUE PR ILESH. T B d 045
AT R T TR S B R RS AN 42 R S5 K AN S8 BE I RS, To iR T S/ E I ZR (W PyG
) NeighborSampler B¢ ClusterLoader). Kl itt, %f T —2e8 K444, 40 Bitcoin. DGraphFin. CS F Physics, B
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AR A TIR-55 542 B AL 3] )T B S AR R B FF A 1501

RAEFR o U 1 3E - B EAT SR8 B SR 383 7E L & NVIDIA GeForce RTX 4080 1% % [ig1T.
4.2 MEEELE (RQ1)

EXF RQL, TATHEIE R 75% W77 sl LHARHE BN TERE LR 75%) Wid 7 B, DB SE 3 & A 58
B s WAB DL, B SR A A e . IR T EXDIG UGS BAS BAUR MUK (EXDIG-
SMI) 5 11 FiEELR vV R, SL90 45 RNk 2 BioR, J5 SRR as Hh kL s i pe g . Bk &, %F B ot L
Tk, BATE A A AA AR R Bh AR A L ER BN 0.5, R 45 ) Fasl 2 4E T ¥l 64 45, i h IE4ERE Wl 512 4, 2
SR —RE N 0.001, FHXHEER 245 300 5. BATHIMELS: R0 T,

#£ 2 EXDIG 586 77k 0 NMI FeFR1ERE L (%)

Anomaly detection General
Method — -
Computers Photo Bitcoin Cora CiteSeer CS
GCN 18.90+4.43 30.07+4.42 0.01+0.00 50.67+2.24 8.22+0.61 5.75+0.80
GraphSAGE 2.89+1.11 4.45+0.89 0.01+0.01 2.90+1.06 2.03+0.73 3.13£0.78
GAT 36.27+2.66 50.48+4.15 6.55+2.80 16.64+1.19 5.68+1.68 5.89+0.44
GAE 8.23+£2.14 11.83+2.80 2.21+1.94 1.99+0.43 4.13+0.46 2.66+0.33
VGAE-non-neg 24.36+4.01 34.70+2.54 0.01+0.00 21.15+2.62 10.87+1.49 6.59+0.72
VGAE-rand-neg 26.31+4.59 31.99+4.49 0.01+0.01 21.714£3.26 11.20+2.69 6.72+0.50
GPS 14.36+4.19 18.12+£3.70 0.03+0.04 14.36+4.19 27.57+4.26 59.24+3.39
ADGN 15.07+4.32 24.92+4.52 9.32+0.36 16.08+4.98 24.60+2.89 60.48+1.64
EGC 6.72+2.04 6.43+2.98 0.04+0.02 6.72£2.04 3.21£0.80 3.29+0.45
GIN 8.84+0.68 7.86+1.54 0.03+0.04 0.76+0.01 1.79+0.02 1.32+0.12
GREET 18.04+1.21 19.09+0.21 0.04+0.01 9.69+0.19 11.32+0.07 19.90+0.19
EXDIG-SMI 49.47+1.20 62.55+4.04 8.25+0.33 51.32+2.76 33.40+2.54 60.02+0.52
EXDIG 47.07+£1.56 64.94+2.02 9.89+0.41 55.65+2.45 35.28+3.29 62.08+1.44
o NMI

2 P NMI 45 R IR, EXDIG £ 2 AR 4E LRI, HA R FRNT S R T S Re. &
Photo (64.94%2.02%) F CiteSeer (35.28%+3.29%) %#%4E I EXDIG U1 1 H i 1) NMI £535, 38 B HAE fR ¥ B 45
MR ) S5 5 7 T B 5K R BE 7. R, £ Bitcoin (9.89%=0.41%) F1 Computers (47.07%+1.56%) ¥iisE FHI%
WEATS ), BB TSI, R Z 50T ReAE 45 5 5 A sl 2 R S sR R 48 L oE B3 4R %
B, R EXDIG 76/ 5L EE4E LRI H €6, (HAERbER A A fa] B BN 7 5K (R Bd i, SR A T BT TR 1IK.

® ARI

# 3 I ARI g5 33— P IRAF T EXDIG 7 —fMAE55 25 A A2 fiE 1. 7F Photo (52.18%=2.81%) # CiteSeer
(34.51%%3.80%) Fdln 4+, EXDIG BUE T & &) ARI 154), RIALELESI SRS BNIREE R, 2R R e &
BRI L FE R F A AT 5 rh, EXDIG 7E Bitcoin (17.01%20.72%) A1 Computers (47.35%+1.14%) $#i4E L%
IR, (B E R B B A M BE 4 B R IR T ADGN. {HSERII AR, 78 CS HE4E (46.99%+2.71%) L/
FIF, XK EXDIG 7 8 55 A AT 55 1058 73z S o B 7, Rl R AE— AT 55 R R I 9 ik 5.
Flt, K& EXDIG %4k FRIGED), (ATEAF AR, 5 26 BB m] B8 32 28 T — 2D (it

BEAR, N T 2B BRAIE A% T VAR S R AT 55 R R SEBR X 43 B8 0, TRATANTE T 2T R Ui 40 2888 T, Bk
TS, FTE ESE I 4 T 5 BT RIS 2, G R oA AT AR5 B A2 HLIE Al b, FRAT TR 3445
T AR BRI A B AE RN TR — AN R 4 S EE (BB ENI), FR48 F Accuracy (ACC) Fl F1EAE Ky — 4y 2548 b5, 5256
25BN 3 Fios. BA4AkRE, EXDIG 1E &t B AR R M Bitcoin F Cora Hdli4E FHAS T Accuracy F1 F1 {8 88 &
FRGR, RN BRI TS 7). 7E Cora b, EXDIG FHEH AL 7% B % T EH W 35, T AE Bitcoin I, /R4 EXDIG &k
IHE S B m 2y, AL AU, #5820 % e 7732 (1 ADGN. EXDIG-SMI) R %I, &7 HAE AR [ B 45 /) A
W SR, R AE 3 — B3R TR 5 18], S AR 5, EXDIG 78 JE MUB 56 R BT S IR AL R I R IF 1 B
KrIge g, Bk 7 H B S5z 0.
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1502 BARFIR 2026 F5 37 £5 4 4
R 3 EXDIG 5IA %M AR FEAsPERELLE (%)
Anomaly detection General
Method — p
Computers Photo Bitcoin Cora CiteSeer CS
GCN 9.87+3.55 15.08+2.46 0.12+0.30 16.15+0.56 5.98+0.80 2.38+0.48
GraphSAGE 0.21£1.27 1.77+0.37 0.00+0.08 0.00+0.20 0.73+0.29 0.78+0.58
GAT 29.51+3.42 37.12+4.35 11.49+4.40 8.74+1.91 4.58+1.74 2.37+0.61
GAE 5.97+2.48 7.88+2.38 5.28+3.23 0.22+0.24 0.73+0.28 0.87+0.15
VGAE-non-neg 12.40+3.39 17.91+1.41 0.11+0.30 14.18+2.94 9.51£1.72 3.07+0.31
VGAE-rand-neg 14.24+3.78 15.96+2.90 0.11+0.31 14.16+2.67 9.88+2.65 2.66+0.90
GPS 4.89+3.76 8.18+1.91 0.07+0.35 4.89+3.76 24.83+4.17 42.01+7.54
ADGN 6.94+2.90 12.30+3.25 16.38+0.59 7.25+3.49 18.53+4.19 46.85+3.75
EGC 2.52+41.29 2.98+1.68 0.05+0.08 2.52+1.29 2.61+0.49 1.61+0.59
GIN 0.00£2.27 2.10+0.23 0.01+0.25 1.35+0.30 0.00+0.02 0.08+0.06
GREET 2.01£0.53 11.66+0.07 0.09+0.01 4.83+0.13 7.36+0.03 8.06+0.51
EXDIG-SMI 50.10+1.24 47.37+5.17 13.89+0.09 38.56+2.79 33.4243.08 42.91+1.82
EXDIG 47.35+1.14 52.18+2.81 17.01+0.72 39.88+1.42 34.51+3.80 46.99+2.71
GCN =+60.21 GCN
GraphSAGE 4 38.10 GraphSAGE
GAT $65.19 GAT
GAE 34.64 GAE
VGAE-non-neg $67.08 VGAE-non-neg
VGAE-rand-neg $65.54 VGAE-rand-neg
GPS 165.40 GPS
ADGN 166.24 ADGN
EGC —=-49.93 EGC
GIN 161.44 GIN
GREET 73.34 GREET
EXDIG-SMI 78.62 EXDIG-SMI
EXDIG 79.02 EXDIG
0 20 40 60 80 100 100
ACC (%) F1 (%)
(a) ACC on Cora (b) F1 on Cora
GCN $79.58 GCN 40.17
GraphSAGE }77.25 GraphSAGE | ]29.05
GAT $79.28 GAT 739.64
GAE 177.27 GAE 29.06
VGAE-non-neg #79.72 VGAE-non-neg 740.68
VGAE-rand-neg +79.18 VGAE-rand-neg F 40.81
GPS $80.61 GPS [ 34078
ADGN [ 81.99 ADGN [ 44.82
EGC 179.85 EGC +41.36
GIN }77.27 GIN 29.06
GREET }77.31 GREET 131.25
EXDIG-SMI 81.90 EXDIG-SMI 44.56
EXDIG 82.31 EXDIG 45.01
0 20 40 60 80 100 0 20 40 60 80 100
ACC (%) F1 (%)
(¢) ACC on Bitcoin (d) F1 on Bitcoin

K] 3 EXDIG 7E Cora il Bitcoin F(4E £ L IHERIR (ACC) Fl F1 b 78 5208

43 TE=2IFE (RQ2)

TEVNZRI AR, A58 2% ) BE A 4 25 M RREAEAS JE 00739 iR, FR AT T AR 4 555 N UIT 55 — MR i
Sy IEE% (IR IENE) W) TP IX SRR R i B —— TR R ol iy SR B 5 1 43 SN BEAHERA . O T 1% RQ2,
FAVIBEA IR 1) ] 2 2] 4 FE T EXDIG HEAT B AENNR: FWHT S5 MERe 5 AR eI e E .
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B 5 AR T 5%-55 ZAZ QAR A 3] 69T AR 2) A R T S A 1503

NT VAR Zh AR TEEEHN T 0 FHHATS5 R R, BATEA FEIEE LIRS AR R, A 2T
flFa bR, B AR A K R N AT R UEAL, TR NI ZREE RIS, SR )5, (f LS I S 504 — M8
[FA 502538, HAEMREE B BVRaAR, BT SSIRIIEAT 5 IR, JFi B MM, DA RS e B R T
TR E, AR,

4 JE7RT EXDIG 1L 3 MR RINTERE, B3 A A TR LBRAE T s I ARRIELERE B8 Sa ke in. VA% e
FRAFEAERI SR (ACC). F1. K% (Precision) il H [F1# (Recall). 7 Photo #(#4E I, ZAERITE G H 2538 0 #) A
58 B IR RE AR R M BE, RO R B . 7 Computers 3E 4+, EXDIG KR X R IF, (B4
Precision R & AU, WCH X 4509 5 44 B 1 BURRE. TI7E CiteSeer ZUHRAE T, RAEBNA AN 782 LR A Wik
n, ZASE R 0 M REAK SRR R AR, EE AR AR bs IR R T, X 2e 45 R B, EXDIG A BB &, R
BEE AR 1 R M B T e AT BT 3.

80 80 T 80 80 T
%ﬁq | —e— Photo - —e—Photo
70 b\——s 70 —e— Computers| 70 70 —e—Computers
— —————y S —o— CiteSeer | &  — —e — —o—CiteSeer
— s g e | | —
S60r S h\&. FRi™ o N i i ———3
] — .2 : =
< 50 £50 g0 \"1\- g 50
—e— Photo ey ~ —e— Photo R~ 0-\_‘\
40  —e— Computers 40 \\. 40 | —e— Computers 40
—o— CiteSeer o —e— CiteSeer
30 I i i 30 1 1 I 30 i i i I 30 I 1
0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60
DIG ratio (%) DIG ratio (%) DIG ratio (%) DIG ratio (%)

Kl 4 EXDIG fEAFZIEATERE L T X} Photow Computers F CiteSeer ZUH 4 114 BEAF 1k

K 5 $24t T Cora M Bitcoin #i#la % L AUC f8AR I B 2047, FELLSEI0 b, 17 mURL i 58 BE A L AT AR
A, TR AE AN 42 B R [ 2N 1%. 1270 H o TR AN [ SRR (1 B AN SE B R (B R k. #E Cora iR £, 2475
SN R AN 4 FE BRI, AUC P22 25 1 B, iR 1 250 S8 PR Tz R B RO B 2. MTEL 2T, E Bitcoin 4
ferh, BIAET m o8 IR BUI, AUC HRIRFEANIR] (114 78 8 LU AR RAFRRE, R AE B B BE I S MR L/, X 7T
REAE H T 12850 B B i O 4 o T R B 5 45 RO A

54.0
100 100 52.0
53.5 51.5
75 - 530 75 51.0
s 52.5 s 50.5
52.0 50.0
25 E 25 =495
-51.0 . - 49.0

Edge complete ratio (%

Node complete ratio (%)
Node complete ratio (%)

—

Edge complete ratio (%
(a) Cora $#i4E (b) Bitcoin £ 4E

K5 EXDIG £ N (£ 55 M RE AR B A T B G
ERTE, B4 AIE 5 KSR g5 R AR W], EXDIG fEA FIZO MR s 5 A e B 5t TR RS A 2%, Btk
BEMH T HL AR il 4. S B 5 RUIESE 1127 VA AL BRAN [ B 0¥ 425 ) RV (L AN 5 BE 4 75 T RV R, 8 465 1 s ik
BOR5E & I BRI B )2 AL RE
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44 HRLKIS5EBS T (RQ3)

N R RQ3, BATHHR I A EXDIG A AHET 1Al RAE S . fEw/o SMI'FLE T, BEAUA 5
AR (1423 (18) & LIFI5REAE BRI, £ <w/o WMIPELE T, MAAHHEAR (19). A (20) 2 XM HE
BIRETL HANGRE MR

o JHELIT AT

# 4 B8 T1E 50% DIG HL2E T HVH Rk SEae 25 3R, A 58 B0 -9 TS 2 (SWMI) 7 2% B BL7E Photo A1 Cora
Hll e LRI T IARRCE, B TR EAE BRI (SMI) M3 HAS B (WMD) A1 E Z V. BART 5,
7E Photo ZUHE4EH, A Bk WMI A0, BRIV EE B 25 TR, R WMI 4R IE S 45/ ) — 8 e 2] 7
KEVER. 53— 5T, 7E Cora IR S, 22K SMI 4R 5 SUE KR B2 114 A T B, X R B SMI 7E3h 75 BRI B g
BEA 505 B R G I CBAE . K 5 JBOR T 1E 99% DIG A R 1 szit 45 5. /R4 WMI 7E Photo $E SR I
FBREE, HEHGRST Cora BHRERIFME/N. ML, 25k SMI 5482 SR Z MR T, JTHZLE Cora

ByERAE X 2% B I AR A 52 B 7K T, SMI T3 AR 2 B2 45 1 v 3 S U 0 ) S R 35
%4 SWMI FVELE 50% DIG HZ ) Photo #11 Cora

%5 SWMI 7 VELE 99% DIG HZ 1 Photo #1 Cora

B LR AT T (%) B AR LI R I (%)
Photo Cora Photo Cora
Method Method
NMI ARI NMI ARI NMI ARI NMI ARI
SWMI  64.80+6.81 54.67+5.86 54.80+2.89 42.07+1.80 SWMI  63.40+3.42 51.82+6.74 52.17+0.58 39.53+1.42
w/o WMI  65.41£4.57 54.31+£3.21 54.194+3.88 41.01+2.31 w/o WMI  62.85+1.47 51.09+7.40 49.55+3.13 38.07+2.13
w/o SMI  62.85+3.41 50.92+6.87 52.944+3.37 38.92+1.75 w/o SMI  61.94+2.35 49.50+7.92 51.70+1.94 38.10+2.23
w/o SWMI 60.54+1.71 47.67+£8.97 50.3343.17 37.64+2.68 w/o SWMI 59.79+1.50 45.98+5.80 48.16+3.76 36.57+1.66
o FBSH T

K 6(a) Bor TRRAEANFE Ay 4, A FOE T RITEREAR L. S5 R8I, A5 =1 BEh BEE St 1 i E 11, 72
ANEIER A A, BT DR T A€ 19 NMI 238 ST, 3E— P 08K Ay 2 PR ARBE R PR RE, IX W] RE S ol Tk L o i
LGSR AN F gt 2% 2 (B (RIAR £, 3 BRI A& AERE R, P AHEZRAE A R 2 0 B T R L
et JX B 1 HOuS & PN SE 4 I3 S N RE ), JFE— P IRAIE T 5- 95 TLAR S B R AL 7E 1 s R 1L e
77 A R AN A

/5=0.5 /=10
2570 ~ 1.1 |38.06

1.0 ] 39.89

0.9 ]35.98

N
0.8 |36.31

0.6 3539
1

|
350 375
NMI (%)

I 1
30.0 32.5

10 |24.15

09 | 22.84

N
0.8 | 23.61

0.7 26.11

0.6 | 23.70

18 20 2 24 26
ARI (%

)
(b)  PEREAEIL BT

(a) 2 PEREARAL BT
B6 A s LA TSI RE
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AR S K TIR-35 542 B AL 3] 9T IR AR B F A 1505

MKl 6(b) KFE, NMI Fl ARI 7-8EARR  BUE T RIE —ERZWES. Hh, NMI £ 7= 1.0 B &mE, A
39.89%, HIKAE 7=0.7 (39.64%). ARI 3 HUUTE v =0.7 B IERIH & (26.11%), M LLHAMBEER. X —@HEH, v
e A PERE AN 025 /el K ¢ AT BE S EUE SR R, TR R AR, 2 7= 0.7 B, NMI F1 ARI
BIHEIE A, YZAE A B T T 450 S RRIEAS B, SR A B AR 1. 1X ik — P IR T 9-59 TLAS RAURTE A [F)#
SEUN SRR, JERE T AR ¢ DRI PERE R E L.

4.5 AL (RQ4)

TEAT 1, FAVE A -SNE 245 3 /N ICERRFIELERE, 4 Yelp #1 DGraphFin #4552 01 22 2 4 WU 4 5. X £y

2 B T BN A% 2 BE A T, T X A 2R b B R T AN [RIREAE 4 B 2 1] RIS A

S0 158 3 A, FI IR A 44T 5. 0 7 B, YelpChi SHRAHRY 7T B L5 B L7, 12 DIG 41 T,
K 2 VA 4 ) A0 47 WO BTt S T B2 W00 5 B, TSR MBS 1 402 b, KA R RN B %, 15
B A 2 R T e, A 1 0 b, ARG 340 2 [ T A, ROBEELE 95% DIG L% HL{X
(R 1/10 15 ARUARITIL T, BUROSREAT RO ST RIFR. 55 2 A% 3 EREAOK 1 T B HIRTE S

Y4EE 1

4% 3

—éO 0 2.0 —2.0 O 2.0 —iO O 10 20
HESE 1 Ei ) Yef 3
Kl 7 EXDIG fE YelpChi ##E4EH 95% DIG ELA T B W] 44k 234

8 w1, Lt 5 W 0 3 ) s 7 AN IE T R . P ) ) = 5 B 2 R R T B 156 3 2
J oy G AT A R AT LW SR, RIEAE 95% MBS AN SE B T, AN R AT m07h 2 B L W SR P 23 22 5.
HLEZ N, 18] 8 7R T DGraphFin {4 4R i MEAL S5 R RV Z B0 SR U BE R B FE o iy, (LR AE DIG 2%
PR AT RE DR A T T (0 20 B, BV OR B 1/300 FRY sl A4, BACR B R T IR SRR G, JCHIRAE SR 3 4%
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