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(42t 7 452 T 4 % A AL (X o 3 A AE R MU A notworkosplitter. WM % I 8 & 4t
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FHEB FEEREE BB BT

e 25 4] . v 3 o HE W A B AR B RO P HERE I A, i e P FEAE A S A0S L B3 T 4
a6y 0100 FEAE W 2 vk, SR U R A B 2% L TR R, TR KRR AL E B A TAE, KRFEIK
SCRG AT PRI, BB TN 51 R T T )z ok 1A

R GE O BE RS TN J7VE T LAy J L BT Jmy Bk s T 5 Y2 A AE ARG P19 i 21 A FR AT
LT HEAT TR 13141 X LT Ry R AR (R 750k X 25 T JRI R I 2% S5 44, 07 78 000 24 B 1) 2% IR A
R BL T TRIRS FEAUIG; 2 RBER TIN5 1S 1 A W 28 A S5 R (29161 S RTTE RA H
FROBEBR TS BE, (B BRI T SORAthBE 2 T, 18 Sk B A B i AN G A KA 2% 2
TR G HO BB TN 7 12 50 W 2% A7 AE CURN R S B by 07180 SN R S 3 fi P K S ok
ST, HH AR B 5 45 R T RN TE) (R B A AE.

28 715 31 AT LA Y I g8 R 0 2 T TR 1 v R 1%, "R X 288 7 3 ) i e A3 B 4
] e, LR 2% R 5 A5 S AT TR A BB R IR FERI PR B . T Aok, B T 48 SRR 2 ST R 11920 [y
TR R 2 AN 55 . 3K S B ) SRR 2 =] — N R B, o T B R 2545 U5 DA ) BT KR
N B A 2 ) o MR T 1 R A B R R PR B S AU AU, RO 703 - P 48 s 2 5T 1A e
RO 7 3% 1A S B DA T 4 o AN 1 R ST BRI Tl B (U IR AR B IR TTVAI T A R
B, AT RS RE T AMER X (22:25],

FGRITNERE TG ERER, HIRE SR RREE R, V& S5 H b 5 2
JEERE R P I B SRR ST, IXNRFEAE 22 S0 I 5 ROR th AR L. X — S Kk T
FATHI B FATRES IR — M1 AT I, 1R RURAAE 7] 2 RER R BN TE A AL X 45 B2
AR XS AT TCIUIR, ZRE SRR 52 ST Rl AR & JESTE, B0 A A 9 e 315 )
TREZALX P ARFE A RO, 7E LR bl AP 2R 28, KA AL DX B T R il — R A i
TR AR, ZEEE RS AEA R X P RE RS, A 4 D ESEMZ AT TS5,
SRR WA SCHRE 1 0% RS BT e B TN ARG B 2.

2 MxXIfE

2.1 fEEHIEERE TINS5

A S8 PR I TN 77 2% 32 S R R T DX 8% 1) JR) 0 5 AL T B e SR v BT AT (R AR, AT R
AR ABA AR R K, BATT 2 A AE T AT e PR K. AR SO N (u) R AT s w MIARE T RS, ©
FORL RS 55w AT R B HIANE, g(u,v) Fon T uw A v FIAUTETS 5.

(1) Adamic Fl Adar FEFEFEH T AA 3% O ZEE AR EAR R 495 o MARFESRE T A, AH
LPE AT R ASF . B, WA R 30— o v 1 /N Ak il RN AN R B 80— o #4 T R IRA T
W, S RE UL A AT A ARSI R k. 15 A w R o AR R IR

1
g(u,v) = —_—. (1)
wEN(;;%Jvmolog(ZV(x)D

(2) RA HIE IS AA BIEHN log(IN (o)]) ST AT o MIBE | N (2)], P48 T s (12 B i
KIS, log(|N(z)|) A1 |N ()| BMERA R, PIAN SR 0 0000 e 77t R AN A TR

s = Y £l
z€N(u) N N(v)
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BUTES: Network-splitter: — 3T 5 S [X A0 X 25 5 AE 1 B v R JHL 1A e s ) e ) o2

(3) Jaceard B4 2] 5 ST RUEAH A u A v 109 FARERCS 505 200 FRAT ALY L. 254
SRR RS . ELFA A5 A T4 0 O A L5 g (u, ) T,
_IN@NN) ;
900 0) = N UN©)| ®)
22 EFRERRSSHEETNSE

(1) Perozzi %5 (26 42 tH ) Deepwalk 5L P-4 585 1 B0 2 BEALIE B0, 55 2 #0 2
Word2vec 78 271K HS 1 045 BURWEE PO AL S mFOR AR M2% G = (V. B), b v &R
KR, B RoR B ER. X5 1 M BENLIERE, WE G IR R vi(v e V) A,
KRR R I 7 3K, wT LAREA LR $07 8 28 2 A1 s AR — AR5 A, IFRAZ Y s n 2 B LI
EFH Wy, BB Wy MRS T IRCE M (WS o BIEESTR. Deepwalk 53201 i 75 mi 4K
BB LI E 7 51 & 1 B Rl TE L R £ 7. Word2vee BEALK NS G IAREAN T 55 v WU R — AN i 4
i) 8, AEOREL AL F) T R AP I S5 S 0 T 1 1, 3 30 ) 3 B S T TR PO B 2% T

(2) Node2vec HIERXT Deepwalk Sk 281 e th T mBEHLIFE R T7E, Bt T Deepwalk
SEIE T IR AR T R A BB AE HE0% . 1Z50EE LT NS H: IR BIMER S p MEITTMARSHL ¢
KA ZHAER e REA T R IR AL e R AT 30, MRS & 1T B R MR L AL e R 1
— A i X BE AL AE , T 75 380 S8 A 0719 R 2. AR, T8I e B BIL I A 1 AR A5 200 E PP 21 W,
FHE Word2vee BEALE NS G o IEEN 1T 5L v BSR4 i

(3) LINE J7EHBL & #0735 s IR RS B I 2% HR N B4 ey 23 1), e i T Jg 1) sy
[« AL B TEAL (5 B 46 290, LINE B84 5 SC 7 WA T AR AU, erbr, — BRI i ) 2% rh g A
FHET RS FIABARE, — B ARADLIE & 9 X &R S5 A (KA A R 2 ke Ae 1 H bm ek 8, ek 7
20 HLEENLBEEE T PSR R E.

(4) Graph-GAN BRI X B A A 2% (¥ AR I N3 1 00 48 3 2 ST IR BT 78 v 1300, By ey A= e
BERSAFI IRE R F: A A A & LS T Y IEREAR I A B — AR 320 ) SRR AR SRS B 41 AR
ST 7 S T P B R 5% AR A S A3 A R R A RS, B A R B R AR X )
AEREAANGUREAS. PR AN R AR L 5 4 AT A2 5 3B AUHRTH SR IR R L.

(5) ARIHER) W28 3R 27 2] T3E R NBEAN T R 2] A [ SRR IZ T AR AL, RS 2% S o
FIH AT RE R T 2 A E B AL X, BIFE— 1 R A F A X EEE AR R A 6. BT, &
HHIBAE WWW 2019 42 H 1 splitter 552 —FIC B IR TIE, 1205359 28 B RS9 Rk
NZAN A&, DUE SE A AR R i AE — e B Bk DX fRRRALE (3
2.3 HERRFUNE AN ERR

(1) AUC (area under ROC curve). EFEBETIIMAESSH, AUC AT AP 72N 5 P BEHLiL
W26, HURELIEI — 2 AL KT TF 70w O 821 FE S rh, BRI BUAR A JE L Hh B AL
Wl — 2%, FEMANEAE R EEL PRI L — 2%, R AR Fh e B0 45 70w, min 1 73 IR 5%
EEILAF P AHEE, BN 0.5 705 AR G IR AT M, mihn 0 7. B n IRSER, WA o K
ARG P REILAS 7, A 0 IRSRIEILTG 704, T84 AUC 7T BLE SR

!/ "
AvC " +T(z.5n ' @)

(2) Precision 1 Accuracy. fEHEEE TS, B LIRS 18D AR AE () 18 o B —
4, A SRR A (R T T A IEREASES TP I 1, #TIMA RS FP N 1; 40 SERAFAE HE Lt
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Original graph Personal graph Skip-gram NN

Vector 1

Mean
pooling m

%

B 1 (MERRFE) Network-splitter A B AR TTE

Figure 1 (Color online) The modeling process of network-splitter

T IEAEARS FN J0 1, $H08 OFEART TN i 1. 88 2 IKSEL, A4 Precision Al Accuracy 7]
PLA3 0l 7 SUM:

TP
P 1si = = 5
FeOSIOn = Tp T Fp 5)

TP + TN

A - .
COMRACY = TP T TN + FP + FN

3 WxRE®

SCHR [31) Hrd B A A R DR GF A TS RUR A, BT DAEIR AR, A Sl 1 —Fhes
I AT 2 AN A B RN I 7k, I B %0708 T 2% b5 s M BE B T, (B %07V
FERE T RSO3 AT B B8 0, 15 RCTA AR ABL I I A7 AE — AN 1) R 2B — AN R R I E S 4
B, A E AR AR X O, R ) R T BT AR, U AR A R K
TRA o1 € ) B o A R, T A e XD 1 € 2 e M AN T T UL ol 2 A A 8 e ) Sl
AIFAE T XANREGU R TR B, RS — M &% s A U5 B LES R Bk RIX
AT RWR? AR H A AR 22 I 30K 5 AR A AR X A O ) B R R — AN R E &L T4 A
BEE T AEARAX ARG, REBEARIL splitter 77 VELE TR s 18] AR CL I I R OR B A AH A
PIFEA A S A . AT 7 4 PR M BiAY, G455 LSTM (long short-term memory) (33]
BiLSTM (bidirectional-LSTM) ¥4, GRU(gated recurrent unit) *® Fl BiGRU (bidirectional-GRU), F H.
KT T 4 PR ) 51 HCN network-splitter.

4 Network-splitter #=2%!

Network-splitter F7Y T Bl 3 ANERSr: 55 1 BB 7261 23 5 46 9 2% P 1) 2 1 (personal graph),
W IR A6 T rh 75 R P E AN R X B 2 A A 1T o 28 2 B0 2 skip-gram BERLKE T A
AT R 4 R B 2 3 A2 40 ] LSTM, BiLSTM, GRU Al BiGRU iX 4 AMH£: K
2%, B AR O EERRNSER D EER&ERE, ZEaMELS T AEARMA G
M5 . DMEA LSTM #h&2 /2% Jyfil, ] 1 &7 | network-splitter A58 1) H A4y i@t id 75
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BUTES: Network-splitter: — 3T 5 S [X A0 X 25 5 AE 1 B v R JHL 1A e s ) e ) o2

4.1 ABE

TEQIE A O BB B R 6 RN 85w, 20 W3 E 3RO M4, 3 S TR A R I AR E S At X
RILE L (1abel propagation algorithm) #4715 5 w FIAREXI S A MEX B0, FEREAN X R, # 2 4)
AN w BRI, HR IR GG B Y s 2 8] R S e B f b 7ROl A R, SRR A
FEANTR] A X B T AN RN Ff €1 0, (DR A 0 B R AN S QT I 0 RIE T, &R 5 IR an B R
FrARAR. FEE 1R B T A o B E RO RIS, TR A% AR TR AN A A X
DR R o BRI, AT M ORI ol AT a2 AETT A o IESE B A AR T A5 AR B AR
MG, FIRHIMEE G = (V,E) AT EE P = (Py, E).

4.2 Skip-gram {&##!

55 2 Fr A Word2vee H) skip-gram BURURE AR G RO B 4E R 1 S8 S B A
Pg = (Py,E) THAE "R v; (v € Py) MK, RABEHLIFE (random walk) 77 3EIE 29 5 19 5/
B ANAE R, IRRZ RSN ERENLIHE 5 W, b, BRI W, KRS T IOE R 1 MR A
vi IR RIBOIE S A 0T M2 P R — AN R v, B AR BN | EE RS W

Skip-gram AR H - 5 ARG 5 ACEE R, A A7 R OGBSO R AR S, R

(vo,v1,v2, .., o) MR v R BIEFF TN RUAL R E 7. FEREAN SRS b 20
HbxsZ

P,.(vi|vg,v1,v2, ..., 0—1). (7)

EFRRHRIE vo,v1,02,. .. v B 1D RKPGERIE, T 02 o IBFEANZD BT v
FoR R id TV, FrRASINB BB @ v € Py — RIPVIX G FRATS B Ny —A d 4k
. s, 30 (7) BIPeAE B AR T LS B

PT(Ul‘q)(UO)?(b(Ul)a(I)(UQ)"~'ﬂq)(vl—l))' (8)

THEAET R v (19 w T Y B Y AR RO B RO, e w B RS AE T BT L R AL 7 51
MR R AR TG B B w A9, I R MU B @ RITRTE, ARG f E T mX R
[F1) ..

mqin —10g Pr({Wi—ws -« » Vic1, Vit 1y -+« Vigw HP(01)). (9)

4.3 HEMEZIER

TET ) EE 3 HB R 28 2 BB IR I A a3 A AR R R 2 M 2 ) 13225 A
A RN SR, A T 4 Mg . LSTM, BiLSTM, GRU Al BiGRU, X 42 H Fifie i
DR R 25 A RSB ] BT LR RIS M. DL LSTM A, ‘B & — MU Rk R 2 2% (recurrent
neural network, RNN), B 2 &7~ TR AT a1 TAE ST LS. LSTM BEA n] SRom an +
N

fr =Wy - [hy—1, ] + by), (10)
iy = o (Wi - [he—1, z¢] + by), (11)
C’t = tanh(WC . [ht—l,mt] + bc), (12)
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h/
C/—l C;
X + I >
I tanh
I
fx ir X 0y X
o T
e e [Tt [ ]
2 R D B :
xl
> (WEMZE) LSTM &2
Figure 2 (Color online) LSTM model
Cy = fi* Croy +ir % Cy, (13)
Oy = J(WO . [htfhl't] —+ bo), (].4)
hy = o4 x tanh(C}), (15)

b, 20 (10) B8UETT, HHIHEAZDEE M i PcEs; 50 (1) M1 (12) AT, Bk
E T A Z/ARMEE; X (13) T AT <4iie mE S fdi 1T h=X (14) A (15) 4R, PE
SO RS ER AR MATIR S g . W RIS ST, b TR BTN REE, ¢, Ko
AT 4R IRES, heoy Fom ¢ — 1 I Z) <4 WS, o R ¢ W21 <4 B

GRU . LSTM M2 (45 K4 58I ] 8., 1245800 LSTM #4845 v OIS T TR N 45 8 SE 8
1, TSR — R 2005 B8 2 /D RE R B 2 4 ADIRES. EE T Tslil—m2IKE B 202
ZFF. AERAN LSTM A1 GRU #2228 G54, IR MRS AL A2 AT S5 far (9. CRERTT LSTM, 5
JG T LSTM, FRRFS 5 SRAHSE & sii il 7 X (¥ BILSTM #RZ8 £ 4584 [m] 3, T GRU, 55
[ GRU, 458 O ) BiGRU #Z W28 AR 2 ] 5 EL 3 W 22 28 A B 9 e )
IR 48 I 2 ST [ A 2 FTAT Y.

4.4 WEEZRE

Network-splitter B BI7E splitter [JIEAl I, 256 1 & M4, K15 5 19 2 A s 4 ) Il 2Rk
— A EYER R, Network-splitter H1ffi ] LSTM, BiLSTM, GRU Fl BiGRU 4 Fififi 4 i 4 45 4
B, 23 95 BEFR N network-LSTM, network-BiLSTM, network-GRU Fl network-BiGRU. 7E 575 HIHS
[ 52 7% & |, network-splitter 0 /" & M2 i) THEL, (HIZ BRI 5, 55 splitter AHEL, I 8] 5 0% 23
AR AEE B R, DL PPT 4R M1, 7004477 A5 B 64 4 s pITEHL T, IS47 I A0 B L 1.

£ 1 1, Network-BiLSTM HJIZ 47 I [A] & 4 A28 N 28 A5 Y Hh e K (1), Network-splitter [ [A]
BIRFERTLLRIRA O(n®/? + /nTp(n) + nmiw(d + dlog(n)) + Ty (d)). Hrh n Rox bl s,
Tp(n) FaF X R EER G —DNF n KL A O TR AL RIIT R, m RREETT B
FERIEL, | FoRBENLIFE KR, w RORE HIR/N, d FoRYERE, Tiv(d) Ron B AR HRORHIRRA N 2%
WGk d Yk [n) 5 75 ZEAE 2 I ).
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BHUT%E: Network-splitter: — T 58 B kb [X 14 I 28 R AIE B2 B9 e JHL 7 0 g YO+ P 92 A

#* 1 PPI #iE&h 64 #THSREBNAT network-splitter {EBIFYIEITATE]

Table 1 Running time of network-splitter model in 64-dimension-vectorizing PPI dataset

Model Running time (s)
Splitter 399.48(£44.28)
Network-LSTM 404.04(+44.13)
Network-BiLSTM 410.87(£43.74)
Network-GRU 403.80(+44.19)
Network-BiGRU 409.27(143.56)

*2 4 MEIWENELEMN

Table 2 Basic properties of the four real networks

Musae-Facebook Musae-Github PPI Power-grid
Nodes 22470 37700 3852 4941
Edges 171002 289003 20881 6594
Publication year 2017 2019 2008 1998
Average degree 15.21 15.33 9.85 2.67

5 SWRE

SERG I 4 NS EEESE, BAREME (BT S B0 BURE AT, UCF
FEE) W 2 B, NTHGAEXNX 4 N FE LM R4

(1) Musae-Facebook!). %M 4 4& Facebook [ KZYM TS, 7E 2017 4F 11 Hilid Facebook graph
APL IU4E. 5 fHRIR Facebook IIE 7 UL, JE 13K~ W T 2 (A7 AE Wb G 4. 1% 4% )8 T 4L &5
28, DU ) T BURF AL . FEATS H 45

(2) Musae-Github?. %M Github JF &N G RRAAZ L, T 2019 4F 6 M AIL APT IR
. WEFREDIH 10 MEMEE TR N R, EDFRRIF RN R B EER SRR, ZN%EET
FEAZ WL, FH P i )T RN A

(3) PPI?). iZMZ & AR EMSHFR, T 2008 SEAM. W ARRFEAM, ELRRSEAR
Z A MEAERRRR. iM% E T EYR 4.

(4) Power-grid®). 1% %% K n (172 55 [ P53 & M L P 4454, T 1998 AN, TR R %
# ARHLRTR FHL, SED R R AR R 2N R T N4

AR SZIG IS MhIH 2% Intel Xeon Silver 4114 CPU 2.20 GHz, W 1F 128 GB, #-1E &4 CentOS
7.5. AT SIS BT 10 WSEIGHCTEIIME, SR SRR @ AR kRO, SR TR ERAT
fiF 7 AUC, Precision Fl Accuracy 1 AR TN EAT 15 b5

TEHE B TOAT 55 0, W21 AU e X o 3 oy, o VE N S SR AR . AT
WML IR 9:1, 8:2, 7:3, 6:4 A1 5:5 HEATRISY, W4 45 s 1 R o A2 BEATL Y. 7RS4
T PR B FEE AT, ASAEAE (1 3% 300 110 328 B A A2 B AL ).

1) http://snap.stanford.edu/data/facebook-large-page-page-network.html.

2) http://snap.stanford.edu/data/github-social.html.

3) https://github.com/Complex-data/Network-Splitter /tree/main/Data/PPI.

4) https://github.com/Complex-data/Network-Splitter /tree/main/Data/Power-grid.
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== Label_prop —— Label_prop
0.96 | Connected_components 0.97 Connected_components
,I, [
0.95 g -
.2 0.96 T
%]
o
) S T
= Eo —
0.94 A fis
0.95
0.93 | I T 4
L1 0.94 L
0.92 1 1 1 1 1 I I 1 1 1

5:5 6:4 7:3 8:2 9:1
Train/test ratio

(a)

5:5 6:4 7:3 8:2 9:1
Train/test ratio

(b)

3 (MEHFE) PPI HiEEYF 64 £HaEEER TRMEXX2EEST network-splitter HIFNT
Figure 3
PPI dataset

(Color online) Influence of two community partition algorithms on network-splitter in 64-dimension-vectorizing

£ splitter 1 network-splitter Hy%EH, 55 1 B2 F AL X R 73 Bk Gl i A . AT EE 72T
FREAE RN AE B 4 X R ILEVE (label _prop) FIFRAER)ZEIE 5> 8% (connected_components) %153
S5 X FLVERE RS20 A TR PPT Bl 22 70 0% I8 5:5 2 9:1 BB 7> I R BRI 4R, Xf
b 7 AE BRI X R 73 53R, network-splitter 1] AUC Fl Precision, @& 3 Frax. &idXf b, IXPH
Tkt X K1) o3 BEVE B SR B0 45 AR, AERE T RIS, JATIEH 7R OL R R TARSEALFE I AE E B
FEIXOR IR TR 53 fa .

6 SCIRZER

6.1 EMTUNE XS IILL

AN BT G T AR G R B B TN B X 8 s o ) DR Bl ) B IO SRR AE 4 DR SR
FEIR L. TRATHE BRI 90% HIVIZREEFD 10% (PIRAE, (6 IR A i LB iR Rl AR A | Jdid 1%
Y Xof P B P Bt R AT TN AEAS TS S B h, FRATXA EL T network-splitter SV F1HAR 8 Bl %
1] AUC M Precision, J#45 tH 18N FVERE I IOARHEZE . FEAR SR IO BERR TR S0k, SRR 45 SRR AWK
B, RUILEA R P AREE. P25 S KB R 1 s B R e & X R
16 7R 64 iR EIIEAL. Wk 3 A1 4 FioR, L network-splitter BiER/RHZ LSTM, BiLSTM,
GRU 1 BiGRU 4 Fii A op 2 B fie (3 A 5925

W 3 1 4 92 BRI, F05 A L 64 HE N, 102 27 =T RS 1 R B T B
1% AUC Fl Precision fabrERHEIE A& G0 1 FE R PN 577%. Network-splitter SVE7E 4 AN 45 H [FG ff
JE A2 B v 1), 3 BHAZ 7 VA E A 1 T (%) R FH R R AR . Power-grid A2 4 N2 Fh e i 11, K840
BRI 7 AR XA RSB AR T 0.9, 1H2 network-splitter 7775/ AUC i3] T 0.903, Precision
EF|T 0.926. MrHEZE K, network-splitter FE#EM: K IF.

AV 05 BTG 8, 16, 32, 64 3 4 AR FILERERY [, JOR LS5 SR AN 4 TR, AT BLE
Hi T 215 Tl ) % 2 7 2 =) IR 50 1 7 B T B0 (R R A
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BHUT%E: Network-splitter: — T 58 B kb [X 14 I 28 R AIE B2 B9 e JHL 7 0 g YO+ P 92 A

*3 64 fEPHREEFATIITMEHEEN AUC Xttt

Table 3 AUC comparison of algorithms in 64-dimension-vectorizing networks

Musae-Facebook Musae-Github PPI Power-grid

AA ] 0.945 0.855 0.913 0.628

RA [13] 0.945 0.856 0.913 0.628

Jc [29] 0.944 0.802 0.912 0.628
Deepwalk [26] 0.957(=£0.00015) 0.903(+£0.00037) 0.926(+0.00044) 0.798(+0.00089)
Node2vec [28] 0.958(=£0.00021) 0.902(+£0.00014) 0.926(+£0.00011) 0.799(+£0.00049)
LINE [29] 0.923(+£0.00025) 0.854(+0.00024) 0.893(+0.00027) 0.773(+£0.00747)

) )

Graph-GAN [30]
Splitter [31]

Network-splitter

0.942(0.00029
0.958(+0.00112)

0.959(40.00098)

0.876(20.00038
0.886(+0.00308)

0.914(£0.00017)

0.936(-£0.00041)
0.937(-£0.00224)

0.955(+0.00392)

0.766(£0.00035)
0.849(40.01043)

0.903(+£0.00641)

F 4 64 HETEEEFATENMEFEELRN Precision Xttt

Table 4 Precision comparison of algorithms in 64-dimension-vectorizing networks

Musae-Facebook Musae-Github PPI Power-grid
AA) 0.945 0.864 0.914 0.628
RA [13] 0.946 0.864 0.913 0.628
JC 28] 0.944 0.727 0.913 0.627
Deepwalk [26] 0.956(£0.00027 0.918(+0.00033 0.922(+£0.00083) 0.800(+£0.00192)

Node2vec [28]
LINE [29]
Graph-GAN [30]
Splitter [31]

Network-splitter

0.958(+0.00012
0.931(£0.00022
0.945(40.00023
0.963(£0.00146)

)
)
)
)

0.966(+0.00117)

0.917(£0.00016
0.859(£0.00058
0.880(£0.00058
0.895(£0.00292)

)
)
)
)

0.924(+0.00045)

0.927(£0.00035)
0.824(+£0.00036)
0.926(£0.00048)
0.934(£0.00282)

0.965(+0.00377)

0.801(40.00057)
0.838(£0.00087)
0.747(40.00061)
0.887(£0.00693)

0.926(+0.00485)

6.2 AEBIEEXIDIEFHREIEMI

A/NTTHIEFE YN SRR (14 4] 3 b B B PO 25 0 2 PR o), R RS 2 A bt 22 . 3RAT
KN REAMNIRESL IR 9:1, 8:2, 7:3, 6:4 A1 5:5 [ ELFIEATRI 5.

FATXTEL T network-splitter HF A 4 oo 20 o9 26 B8 % UM VR AE 3 N SEH AUC, Precision #l1
Accuracy R HT7E Musae-Facebook FUHEEEH 4 FhEERIZE BRI, LA T A IR, X
B ST R M AR e AE 64 4E, XML R EREE] 5 .

A 5 KL, £ Musae-Github ZHE 5 H, network-BiGRU 5.v2: 1 F AN ] EL 1 1 Il Zx B2 A0 03 B2
Xl R B S i B v 76 PPT A 4B, MG ESMRELLE N 5:5 A 7:3 B, network-BiLSTM
F1 network-GRU WA & AE# #20T, network-BiGRU — BRI H ¢ 5 KRS 1 2 ;. power-grid A& 3 ML
R /N, BRI RS2 2R 8 5 MR R 3 IR R, 4 AN SRR IR i B2 #SBE A6 IR AR L
B3 KA BT, H, network-BiLSTM Al network-LSTM 7E power-grid {3 8 o (16 i 15 o8
. PIRSEIS R I XTI s B RCR IS, LAk S FIAE P 2%, gE A 2 4B GRU
A BIGRU 15 21 (1) P 25 54 e 3135757 U RUN R M 2%, L e Ty g, 456 w4 2 AR
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Figure 4 (Color online) Influence of different dimensions on the algorithms in the four real datasets. (a) Musae-Facebook;
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6.3 TRk

IX 53 SEI S T Zachary Karate Club (25 FIE{H AR H0) WREES), i 4 02 I 28 Rk 25 o 42 L)
Hlls, B34 AN R 78 SRAL L. Hirh 34 AN AT A0 4 2K N ER AT ZE SR, LA A Node2vec
Ji 50 network-splitter 7235 17 st WS B ) B 1) 45 RN 6 B, W48 3 2 = Bl () e e T
VR B Y R IR ok v A4 1) B S NS T ORE R AT RE B AR, 1) R BT T SRR AL BT
splitter 77 VA4 7 SRR 2 A ) B J5 , ASTT LB AT AT AR, DRI FRAT AR EE T splitter 777k
5 network-splitter J7VER] AUC. TEIZMZE | 35 SIS ik 64 4R &= 15T, splitter i) AUC /& 0.76,
1M network-splitter ] AUC I&E] 0.79. B45 R U] network-splitter I F| 1 splitter FITMIAEE, T H
A DATE n] A4k 5 R B Ji 7 1 AU 2 R L

AT SRS R A R — 2T A B R B s i A B R, FRATTXS L T network-splitter 52 Al
Node2vec J7VF44 77 s BRSR 1% m] 52 (1) TR AR 286 5. A FH B B2 Tl 077 V20 15 e R IRE 1 64 4 [ 2 J5 1EAT 1%
Y, 78 AL B AT AR AR SRR £ 5 ) T U 1 I I8 B S R 0K T RS kv A )
I, D0 F5 B B FOUIU 7 32 R A 4 P () 21 RS AE S B i s [A) vh . 7E ] 6 1, Node2vee J715%
S H 7 RS B AN R0 B fOA 0 — MR AP HI X 73, 4 AR s B o 3] 1 EH el
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5) https://github.com/Complex-data/Network-Splitter/tree/main/Data/Zachary-Karate.
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(Color online) Influence of data partition on the algorithms in the three real datasets.
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Network-splitter: a network feature extraction algorithm based
on overlapping community and its application in link prediction
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Abstract Link prediction is the task of forecasting the possibility of generating new links in a network based
on network structure and node attributes. It is a basic problem in network science and valuable both in theory
and practice. In recent years, deep learning methods are widely used for network representation to extract
complex network features, which greatly improves the results of link prediction. The nodes in real-world networks
have the phenomenon of local clustering; however, the current network representation learning methods focus
on extracting the global features of the network, ignoring the local information features. In order to solve
this problem, we propose a network-splitter model, which can learn the local feature representation of nodes in
different communities. The model uses the idea of overlapping community to create a role copy of a node in
each community and learns the feature representation of the role copy. Finally, the role copy information of the
node in different communities is synthesized through the neural network. Using this method, both the global
feature of the network and the local features of the nodes are summarized into the network representation, and
then are applied to the link prediction. The experimental results show that the network-splitter model has strong
competitiveness compared with the latest network representation learning methods.

Keywords link prediction, complex network, network representation learning, local node feature, overlapping

community
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