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Abstract

Online Social Networks (OSNs) maintain a huge amount of data, and how to sample the most rep-
resentative subgraphs at a lower cost becomes an important research topic. Most of the existing
sampling algorithms are only embodied in the unbiased characteristics of the sample list. In many
cases, the induced subgraphs constructed from the sampled samples are difficult to represent the
original graph structure. This paper proposes a new sampling method for various types of OSNs.
This algorithm recalculates the sampling jump probability on the basis of the original random walk
algorithm, and corrects the deviation of the sampling-induced subgraph, as a result, it can better
represent the original graph. At the same time, the sampling algorithm in this paper collects the
adjacent nodes by calculating the weight, eliminating the self-circulation process and greatly improv-
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ing the sampling efficiency. The experimental results show that the sampling algorithm proposed in
this paper is more close to the original image attribute structure in terms of degree distribution, clus-
ter, transitivity, and assortativity. Finally, in most cases, the algorithm perfects better than the ex-
isting sampling algorithm.
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1. 518

ITLEAESR, 7E 2452 M 4% (Online Social Networks, OSNs)E 9 AT H # 32 bR, 15 BRI EEF 4,
LT IR RS A AT R I AR R AP i B ) R 15 A 4R B . WE AL S I AR e, 20T 4158 I 28 1
o BONERATR TS . — Lot 505 % OSN L 5T &, WM Z BIEH, 7kt S 2% 1 52
Wi F3[1], TR ZE P25 1 R e (2] 670 38 JE IS 3290 OSN A& 4B VE R 5 &5 M e i, WF 98 AL $% A3
AT RSB JTTH[3]. Viswanath &5 A [4]8 5 [X 7 553 42 5 58 % 82 6T Facebook % 45 13 21 X 25 13
AT 7B P LBTT, IR o #1238 Bk 2R ot P A 2 B o5 B (B AR 55, SR T #1589 28 Rl A e B A A2
Al o WEFEALAS I ES I S5 R JB 1t AL R VE . AR DL - 2 (Rl A8 EL @ A [5], AT DAY A B A
TS 2, W AR s RTINS AT A S R [6] [7]

% 2021 4F 6 A 30 H, Facebook A JZiHEkH 7 (MAU)IEE] 29.0 12N, Twitter thH %3 L2+
JUE . SR DO At e R FK) OSN, - G SR B4t L AT BARAI 78, F2— MR R TREE. JFH, A
TRFHPANAER, 1RZ OSN 2 ) #R0 R 73 B 247 1 BRI V7 o] SEEFACRY . PR, EA BRI THER A
BRARZ T, A GesRE— MR 7 B4, HUMSEREE, ol B TR 7E 3 15 .

2. OSN X#f

JEEH OSN BN, H G = (V, BE)&mw, H, TiS%ES VRN OSN FIH, HESE
FoRH P Z R REGERE, IXRPCRARAE R E S A B S R SHFERE, T v ARET S
HERAT A VIR, Ko, veve XITAmE, & XA v RS R AT M BERZ A v IH
&, MHABAREETT s R A v T SEE R v N

NI A B RRYEMREAR, ZFAE G &R AT . — AR A B e &R
f5%(Breath First Search, BFS), Ahn %5 \[8]@ IS RAFIRAF M E% EIFHHNEE IR, 404 7 OSN o H P R Ag iR 5
R g . Ferrara 25 N[9]%f Facebook HfE SEEAT KA, ST FT 1AL X INEK I GETHRFAIE 5 NI 2.
[FIF, Chau 28 A[10]8F 78 HATICAT RAENLA], 7T DLKHREESE M2 243, SRR S S AN Re U R 45 R
PPl 2R FU[11] 8 BFS RSN T ISR =, fERFELLRA RN, FEAMAAERCRMRZE[12]. &6
I3 A% D P 1950 Kk 7792 (Uniform Sampling of User IDs, UNI), LAFRAS XS T R4 Tttt SR 2%
Fid IR 5 2 S ECRFE 0 b A M AR, HARE R4 - 552 Rp o S U SETHAR RN, STk
[13] [14]#2 i otk UNI BIERITVE, $REeREarh 3, M4 id FRBUMTA LRI T . Bl
JiiE7E H2:(Random Walk, RW)) VZig i T OSN RAf, FETHRENURLY: . U= G a5 2 75 T R
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HRH[15], 28T RW SRAEEIREUEN T B2 T BT R [16], 350070 23 et ek B A L e B 0 i B
FEARTTIES AT KA . Salehi S8 N[1714& HH— g i BEBRERER R 715, WM THEIX KI5y, SR)5 5>
FEREANAL CHEBENUIEE, F DA UM 48R, RR B2 5 T MR 4 S5 1 4 I SR 281 7 (R SREm [ 18] - SCHIR[19]
KPS B IB I0 R I ZSZ 1 J7i%, 3L TMEAL PageRank, 1 FIBENLIE A RAEHIE /04T . Gjoka 28 A[11]
(161 % Lt Il e 595 BRI B MLIE & 5797:(Re-Weighted Random Walk, RWRW). DL K ZE45F
2 BEHLIFAE (Metropolis-Hastings Random Walk, MHRW) S 4452 W25 BEIHEAT 1 RAEE S, A 7T R, X WA
T3 AT SAF— AN AEE REA H DU SR BS54, SR1 RW B G N R EE KR, MHRW BRI H
2, RWRW A0 FFIMEFE R TR . Dong 2 A[20]1# ] USRS SKAESHIE, BBk 2 Bk —3B 4015 s i
EIR RN FRLA AT i R T 0 BT, AR KRR, USRS AT 215 [l 4119 s AR AR
A IR I AR SRR A, THEH BRI, 1 AR ECN B A H 52 3 OSN T AR 1)
SN, Jin ZEN[211M8F AS RAESE, 75 MHRW SUEEERE BN T BENLBES SRnE, $&m T RFESCR, RN
TGN R BRI TG SR IR o SCHR[22] FH UD SRR I IR A7 X AT R AT s B 4 7Y%,
SEHURAFE AR 5, SRIMAE—LE OSN EIRAFERT, Frfs 27 B P B S TR R U238 & B 2 A I - Rezvanian
GN[23| R FLR R AR, BN ZS PN 1T 8, SRR AR T S (700 A0SR, SR e HEATHE 7 X 0
ITITE S 50T, DAEIREU LU FRIRE AR, R B A2 5 S SIEEIL N TE X 28 2851 DA B o R AR e B 2%

A UL RFEEES O L, AR, WRE AR, Flin, REESCE. B, 5k
HoRME. SEOTME. WSS, RS VEIN 5 e DA R 2 R AR M BE R [24] 0 SEBRXT OSN R
(R, AT e S22 W28 BRI U5 in] BRI, DA B X 253 SR T B 2 S BURFEME DL 2L . AR SCHE T
BEALINEE 515, O T IERE AR IE A5 57 7 SR (458 22 Wl B, A SCOGT 1T R IR B 4 A E BT AT 1 1,
PRAN T HEELIENL T, MHRW B0k B IR R G, 7R3 5 T RFESCR RN, RIBRFEREFRIAA
TREFrARERE, BeisIt R R .

3. HxWR
3.1. BEHLEE(RW)

BERLIFAE /2 H AT iZ3s T OSN HERFESRNE, s TAIAaM 75 55, SRE R AR, BB
MR AR —ANEREE T RUAER R — Nk 1 EAR, TR IR Lk, (k19 5 u BRI, e e A F
s if visa neighbor of u

pUV = ku (l)
0 otherwise

i B P B LT A VA RE S AE I Rl N M — MBS T, SR AR ISR A A2 I m) T /1 A i [11]
[16], FLREALIEE RAFEH LR MERR 7947 «

du

T

©2:g]|

BT BRI 5 R IE L, ZEVEIFAZ IO mAT, ST RO i1 s, BORAERI

i . SCRR[20]98 7, faT S BENLIE E AR B — D X TR sk PR Udu, 4BEET RS S, B

KA B AL AT 3 FE 05 TR B S 01 77 R B

)

Sk 3K
W= @

S
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Fob, K, FoRAH AR S FORRAERIMBEA, G FoRIR, d TR R T IR, N FR 1 AR
N R BRI (K) F SRR I 0 T R

3.2. B FTHEHIFE(MHRW)

5T Metropolis-Hastings i T-BEHLIFEE AT — Mottt . 1ZR0E ST SOTFaE, iR R
TERNEFRT A, 774 0~1 Z (B RBENLE p, & p AN T8 T 4001 mUEECS HAR T R L AR, T ki
EHPR AL B EESAY N, B LI HREEALT:

min[ki,ki), v is a neighbor of u

u 1

(11 4
1—Zm|n(k—,k—}v:u

v=u u vV

0, otherwise

FEARRN 20 t, G HTEE 205 R u I, LAY 5 v B (P, P, Pin)e 2 K <K I, P, =
ke K> K I, Py =1k, £ MHRW AR RS RS FERE T, BT T A s B0A 5 A v R
ZAN 1, JFHXTEIPRMESE A u My, B Py, = Py, SR DU SR BEREERIRY[20], 2t
BT IR, BT A FERAER M, K S AIET ny, = UV, HIREEIRE S MREAREDS
A A SR R B o0 A o BRI v BE O 2R DA S R, KR P AR T FRFER AR, MHRW Bk
HE WA AR AT T BRI R ARk, AR IEARAR L AR TR

4. RWSS &3k
4.1. [B]EER

AT o SR I ) PR i 22 DA B SR 30 I i e T WE
B, AT MHRW 532000 Twitter ZHE4RREATRAFE,  PUECRAE ST mi A8 J 18 (14 B2 73 A1 LA S LA B
T EE A

l(I)“ 1.(')1 162 10° 160 1;)1 1;)2 R 10%
node degree k node degree k
@) (b)
Figure 1. Degree distribution diagram of 10000 nodes in Twitter data set by MHRW algorithm: (a) Degree distribution dia-
gram of sample nodes in the original graph; (b) Degree distribution diagram of induced subgraph constructed by sample
1. MHRW BEE7E Twitter BIBERE—ATRNESHE: () ¥SEATNLSERETHESHE; (b) H#AMEES
STENESHE
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Figure 2. Degree distribution diagram of 10000 nodes in Epinions data set by MHRW algorithm: (a) Degree distribution di-
agram of sample nodes in the original graph; (b) Degree distribution diagram of induced subgraph constructed by sample

2. MHRW E£7E Epinions BEERFE—ATHRHNENHE: (@) #ATNRERETHESHE; (b) HARGE
BFTEIMES

X 1(a) E 1(b) 51 2(a) Bl 2(b) B AL, BEFUR I, MHRW (40 k5 A A BRAE 5 A
MEBCRE T, TR AR A B BE IR I 3 2 o, AR EM R S IR, 2B 3K EEFE
REMAT SRR AE IR, JRIR T @ A Y 2 AL TR B R, R SRR R LA
Kt B EER SRR Z A T, SREEREAFIWENES TR, AHFEARROMAERER, WK 3 pr
7N, X Epinions B8R Ale— @ LU BT RAE, WF I HCRAERCR S5 B R, SLIRST R, XK
Bl A8 s 1 R, SECRIE R FFSRMR, JF HREE AR BRI R, KA SR 215 N

USRS
r—r———o——g *—o
0.7 1
0.6 1
0.5 1
@ — sampling
& 047 —@— self-loop
0.3
0.2 1
0.1 1
1% 5% 10% 15% 20% 25%

Fraction
Figure 3. Sampling rate

Bl 3. REER

X MHRW S0 AEA K i1 B R b i e B 22, AR SCHR 7 — MR & Ak, B IE 1 B3
i % i 55.9% (Random Walk Subgraph Sampling, RWSS).
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e, EIEH

4.2. BEME

MR EIRBETCER, AT BN E R ZE ] B LA Sk, BT e R S AL
HURIELE, FEHRAEZRT, ARSI s B LR P (Pu,Poa,++ Pun)» Pui=/ky, BIER DL EHCN
B ALE BT, 15208 T 5 (Pur,Puzy o Pur)s P = kKo FHEREFE AKX N:

L if visa neighbor of u
P =1 Kiky (5)

0 otherwise

1071 4

10-2 4

107% 4

1075 4

node degree k node degree k
(a) (b)

Figure 4. Degree distribution diagram of induced subgraph constructed by sample: (a) Twitter; (b) Epinions
4. HAFRWESSFERESME: (a) Twitter; (b) Epinions

Kl 4 9fit A R G)VESUG B, RIE— 70 RUTR R IIZ RE, 1 4(a) o RFE Twitter 4 42
FIREAREHE S TR E SR, B 4(b) NRFE Epinions BEEREAIE S S FRES AR, WE
T DU, B O T B S IR, R EA ) TR SRR, TR AR R 1 A R AR R
RR, HIFEAREH T 255

ARG RW B KA I 22 BA S MHRW S0k ) e e, 32t — s A - 25 P 22 0 4% 1 1)
KFEEE, WA SCRFE IR A T 27 B, BA AR REFAARRNE, fe 5 52 A I 5 Rk
Mk, >k I, HBRENER 5 REEEE MHRW — (P, = 1/k,), 24k, <k, I, BT 26H7H MHRW &%
TEH B G I R Hp AR 2K BT AT 7 2 RE SRR, IR E R AR 5 T B A B e R
SRR, FONEANT SRR — k. HARATE, MHRW BYETE ky < ko BF, FLATEETY mi 1Bk d%
BN Py, = 1/kyo

R4 MHRW SR TO AR, A SO T AR S HIN T 240117 25 (kA ME 2R AT AU S 400
BPy=ak +(1—a)ky ac[01]. HEBBMEARXWT:

Lk sk,
% ©)
an =
ali(l-a)l K, <k,
3 K,
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4.3. BYHE

MA@, 2 a=0N, ZEEZEEEM THEN MHRW 503k, BE% o HIZHIA, HEEE
i 1) TR FZ O KRB . BEROR, ASCREIR IR — e o {8 X T— A 5g A T iRIE R4t
M BT 5, AETCiE ERARE EE B YRGS AT T, e R MHRW. S (e fhdks o, of Heidk
AT e R AL SRR BB A, SR H P REH

<k>=?2ki b (7)

KELA N AE N R SRR, (k) RSP IER p FOREEECN K BT R 4 Y R
AL BHI L

R4 o EEUEIEE, R XIE, BT 2 UCRAEINRE#E S, KRAENIE S TR (k) 58
(k) FEEREE, DISREURAE o fH, WIlE 5 fis, SKEUREES HUE.

H T AR A R 45 [ (1 JR R S A A — 4, DLRBREUCRAE KNS A, FEX 24N AT AS R L Bl A R
o B 52 B 8 ASA 7] FR A 52 190 2% P B [ — o 245 & 6 SR ELAT B2

—ori
—RWSS
18+
16
L
\
141
121
101 . , : , .
0.0 0.2 0.4 0.6 0.8 1.0

a

Figure 5. Test o parameter value

E 5 Wik o SHE

4.4. REEFRIE

RWSS Sampling

1 Input: Graph G = (V, E)

2 get S by MHRW

3 calculate average degree <k> by S

4 get a by <k>

5 Select a seed vertex u from V as initial node
6 Add u to the S

7 While stopping criterion not met Do

8 Select v by P, based on Formula (6)

9 Add v to the S’

10 u—v
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11 end
12 generate G’ by S’
13 output S’, G’

45. KiEmE

ASCAEH MHRW 5925 RWSS ik 5) BIFE Twitter 2045455 Epinions 254 % RE— AT AL T
BAATTR AT

P(k)

160 161 o 103
node dearee k node degree k

@) (b)

Figure 6. Degree distribution diagram of induced subgraph constructed by sample: (a) Twitter; (b) Epinions
6. HAFMEFESFERESE: (a) Twitter; (b) Epinions

K 6(a) IR FE Twitter B SEAIFEA, Frigi& i T 7 BRI A, 14 6(b)JyRAF Epinions i 41
FEAS, Priigids @ BB WEHR AT DE 1, AR VB IE S BRAESE, AMUEBON BN
FEAE 2% P BRI, 3T BRI CE IR 2 X 2% B (40 Twitter) 755 MHRW SVEARSESE . IF H.,
WL RS UL, FEEREARUENE 2, ASCHR RSO S R IUE LS -

5. W SCIE

S99 IR 245 ()35 8 P FH AR P 5 R R 6 T 20 By 2028 SRR TE 2 AN T A, A SOl
— BT R AR AT R R ROR [25]. B A T 2 A EREEESE, A0 T RW. MHRW BL &
RWSS Hik, Xf THRAYEESE, @il 8RR IR AR SdE A7 0 & Fh ) 2 B BEAT R A, I LRIV R
TFEIZER . ARSOHEAE W0 2% B BE o A i 72 (ks EARER) RIS R H(cluster). AL (assortativity) . %81
(transitivity)iE4T THEFENT b, FLEB A BdEENE 1 IR,

Table 1. Data set information

=1 BEERER

BAGIES T AL k4 KRR IR ic et
Twitter 81,306 1,342,310 0.5653 ~0.039 0.1706
Epinions 75,879 405,740 0.1378 -0.141 0.0399
Tvshow 3892 17,262 0.3737 0.5604 0.5906
Public_Figure 7115 100,762 0.1409 0.2022 0.1666
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5.1. MG BN

AR ks (BRI IBE 34T, ks & SVE TR AE T Y RUBE 20 A 5 W4T A SR vk BE 4 A R B M

LIPAS WP
~ max|F (x)—F, (x)|
ks = F ®)

Hob, FOOZIREE R MRS, FOOFERFETF BRI R EL ks AEBRMUFERFET B BE 53 A
5RO ATBRER, ez, WIS RAE T I8 5 R i B A 22 BRI K

R RBN R FTR— 248 B 45 U 1) SR, 6T B ANIT SR, BT A SR mU i TR R

RIAC M PR ik P o, A SR Ak 4 A ) T 55 A ) J B e (AR B o A SO P LB S
Bgh R

5.2. SCERIIF

JEHTI AT MHRW X LU U T AR B R L (BFS) . IR BRCRFESE . R R AL, B
REERNER, BT BFS MIm T Az, MHRW [RAESE AR K 2 BUE M T 20T BFES LU H:
BIERE. 47 b, RCAHESNE BFS DU H BB IR 4305 A H RWSS. RW. MHRW
=R T R E R A LR AT ARG AE, BEAAE R, TR B, AR ENE
(R &5 S48 S AR T JR S [ 4 A8 4 SRR S0 o BT A S A 1) RWSS 7E Twitter 208546 EIR S o
BUEN 0, UEEERAEFCRSEM T MHRW 53k . #OA P H 8 JE R Twitter 504 48 L AUEUE o = 0 $4E4E
{OEGIEE N

AR SCK F A RO 2 AL N4 B (2 1) BR SR AT FE 0 AT . SRR B [FICE DA S A i PR
FEVEI o X6 TR I, AR 12 BRI, 42 BB — 2 LB (91 RS, 50 WL, B HRE AR jifs 5 11,
FI 3R J@ Y T3 5 s AT L

IS0 45 SR A 7~9 o, Horfr, BEARAR A SRAE T S, () AL bR A BE 43 A7 2 ELPR B9 ks T3
B, E(b)MAALTNRIERFIME, E(C)MMNALFR Ny FIBCHEFAME, B (d) AR s I(E . ori
Skt L J B AU e

7R TR BB AR FIRCE. AL AR KA Epinions HOHE A TR B 4SS I 2% 18K
FEEER, HPh S8 o BUH 0.2, LI EIR, RWSS SREEHEIE 35BS TR 2E R AR IR Bz T

-——'\'\I\.\.\- —a—RW —
0.57 —o—MHRW 0.22] —on
0 —e—MHRW
) It e S "
W 0.20- | -
g
£ 0.3 m
50.181
- oa6] T
O N
2000 3000 4000 5000 6000 7000 8000 900010000 2000 3000 4000 5000 6000 7000 8000 9000 10000
o nodes
@) 4
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_________________________ —ori
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transitivity
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© 0.081
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0151 0.041
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(c) (d)

Figure 7. Epinions: (a) Degree distribution vertical distance ks; (b) Cluster; (c) Assortativity; (d) Transitivity
[& 7. Epinions: (a) ENMEHEIEE ks; (b) BEERY; (o) FEH; (d) HiEM

0.221 —=—RW 0.550 —O0ri
—e—MHRW —=—RW
0.204 ———RWSS 0.525 —e—MHRW

I e e
0.18; 0.5001 RWSS

0.161 £0.475
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" 3 W
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nodes nodes
(@) (b)
0.661
0.661 —0ri —0ri
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0.64 —e—MHRW —e—MHRW
|y .621 J—
0.621 RWSi 0 RWSS
> Z
IE 0.60] 50'60 —
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0.56 —< 0.56 SN S
""""""" /'/ \l\"/
054 - - 0.541 L
0524~ . , , , 052~ , , , ,
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© (d)

Figure 8. Tvshow: (a) Degree distribution vertical distance ks; (b) Cluster; (c) Assortativity; (d) Transitivity

8. Tvshow: (a) BENMEEIESE ks; (b) BEEH; (¢) REM; (d) HiEk
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Figure 9. Public_Figure: (a) Degree distribution vertical distance ks; (b) Cluster; (c) Assortativity; (d) Transitivity
9. Public_Figure: (a) EXMEHIEE ks; (b) BERERE; (o) REM; (d) HiEM

FGHIRAEREL, U TALEVE R RIS R BN . 14 8 B R 7P, KRR,
Betk AL e e i Tvshow B i e it AZ I E EERAE SR, o, 240 o HUE 0.12, RWSS
RIEFEESANTT I RIS TG R 5E, BBOV R RIE . &a, 9 BRFEas RIgR 1775
HUb . PR TR RBUBUKE Public_Figure Bt BT i (KL A2 M 2% EIER AR LS R, Horh, 28 a
A 0.05, RWSS SLAEE T, K RM. FECIE. MAIEVESE 7m0 TS eRpE 5%, o 2R
BRI NIE L, AT RRE B o 28 LR, A SO KRR IR K5 0L
& MDA S, BT TR, ORI EnEaL i .

6. B&

ASCAEAL G BELI A SFESEAE B, XPREEFEAMIE T 7 B R 2 R 1R 125k
FER BRI A5 R 28 BRAE T A& 5 118, AR BRI S BE AL AR 505, ST T I . ik
PR AT, ERRREFRE. FEYE. LB, I RS g B BT AT, R A
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