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dent cascade) 15 8 A1 4 % 8] {f (linear threshold)
B, Leskovec %5 0 $2 1 T S A 4k 1) 90 0 B VK
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K5 DegreeDiscount 577%. NewGreedy 5 2 &
S X 4% v 25 0 A% B IR R 3L, 193] — A
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Table 1. Important variables used in the paper.

RS Hiik RN Hiik
é -
Ef; m AR
. VA . it
T A el
s MEERMAAN ke W AURMEH
p IR ke RN
A gy AR
RO LKk O

2.1 FARKLBEEE X MTOEE

A E X BEMSG = (V,E) R
s < |V, VRRENESWE AT 5, B ARE
MEZ IR R, RV R T AN S,
P R I FE 45 5 ORROE 1T AN T = 6(9),
HATHEARS CVHIS| = s, 5L ETEH(S)
K.

KKT 5% U 45 7 S 7 5 KAk il i —
WO (EE LR M= EE IR,
H B IEREZ RN —A 280 & A5 m ) m)
W Ba, BRI s FIVIEERERM T4, B
ZAF SRR L (1 — 1/e) IR LB AR AR, Sk
s ARE R, BT ke

H1% 1 GeneralGreedy (G, s)

1: initialize S = @ and R = 10000
2: for i =1 to s do

3: for each vertex v € V\S do
4 : Sy =0

5: for i =1 toR do

6 : sg = 16(S U {v}|

7 end for

8: Sv = Sv/R

9: end for

10 : S = S U {argmax,cy\ gSv}
11 : end for

12 : output S.

2.2 ETEHNTRBEARE

H L JEE 2 0 BT A 2 X 48 R — A i B L A AN
M-S TRZ — Mg, 1R

R, 0 BH AT S O 2% 4 A ) o B R B R
Wi R R, 76 S 2% I 2 v DR B30 98 1) U 36 4%
AN K BEECT R B R Sk RSk, 2K —
ANMPRHETT IR, fEAE SR R AR A B At i 29,
W TTVE I — AR U R B A IR BRI A, A
LSS R IO R R0 X 2% LA N ARLSRAE B

, SO 22 B N R B A, T A BE DR IE fe 24 4
A, DegreeDiscount 5% 18] J2& %o} B #d A
R Mo, BEE AR AR S — A R w AR
& R — e S C AP IR RIAE T R, LR
T BT — A BB K B AU, R A P B R
Bk S T AT I S R R K B A AR
SEERSE R 5 T EIEMIR, THEA T AER TIRKER

- FOM R R OC LB BV IS AT I R B 2R
(N3 2 Fi7w).

2 SO B OR A  R SE fR T) 52 B L
Table 2. Time complexity of algorithms.

Sk

N ) 52 252 P

random heuristic algorithm
degree heuristic algorithm
degree discount algorithm

single discount algorithm

O(s)
O(m)
O(slog(n) +m)
O(slog(n) +m)

NewGreedy IC algorithm O(sRm)
CELF Greedy algorithm O(snRm/700+)
generalGreedy algorithm O(snRm)

2.3 FNARIEERE

XF T8 A 2% P RN SR P RIIR S, OEIR
BHRBIERES: H DWW R a2 7 ER, U
PRGOS R, 13 MY AR 7 . O O T
AR T R AFAEREIA, a0 SRS R0 0SS
(UEAN RS s l=R 2 S DI N e N O N - S E)
KL A F A AL T AR BOR RS B4R J& 15 K. AE Y
IR, R A S R AR B R A 4y
SEREL, BT LA e AL 22 I 2 /R F I AR A
R BOS R A A R R FR A A ALY
WURR, PR A% 438 A5 2R A R0 ) A% 478 I AR O e e A
R A AR B ROV AT, ST IR A 2 1 )
EBRY R BAL R I B AT A 2T k.

2.3.1 IMEZBIREAR
IC M (independent cascade model) [ J& 3

TR RGBT —ME B O, W] DL
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RN ARG G = (V, E) 1, W1 Vg4
T w FIE AR RS 05 v, B — 25 3% e(uv) TE1E, Duo
PN AE AL R w X8 5T Ao B RE IR ) (R,
Pup FIBUE RS, WERTERT ZI ¢, w2 W0 R
A, I AR v R RBOEH), 4w B DU
B pyp ZWT 0. MEXA SRR T, BATEL+1
I Z o LR T BOERAS. (HARAE RIS R, u
A ek B 2 BOE o, W o 7E ¢ B Z) R A 2 AN 4R
JE AL T HOE RS, AT S B0 o BT RAE =
. RGENVIESIT a6 48, BRBA B mm]
PABE S k.
2.3.2 SMBE{ARA

LT # % (liner threshold model) " J& 1% £ ¥
BRI Z O, TR EERMNEG =
(V,E)Hh, 58 CN (u) 7 riu BFIAEETS ARG #
WS B 2w AT JE T Ao AFTERE AN by, —
TR P T AR R SO AR A RN T T
LY v bue S L B AT MR
BIME 6, € [0,1], W ZUEN(U) buw = 0, T u B
. LTRSS A w SR B0E 1ok
PBOE A JE v B A DI, 5 R w X R v B2 )
buow BER B, X FE XS TH] A 2 55 A0 v 1)
WoE A TTERI, B2 Ao BB Uk R I AR 4
WX LT AR 2 AR 87 Rt iX 5 IC 1
RURANF .

3 HiEEA

FH 500 3 55 KA 17 & NP-hard F, i 1) 2
FRPE T, TSR HE L L T R X 2% ) 4 SR s BN
A3, SRTIT T fiAE 19X 6% 1) 8 R 65 g 5% 3R 0 7 M DA
R, WiEk 2 Fras, BEMLE & 3K (random heuristic)
B AAT I W) 52 2% e i, P2 b A R 3K (degree
heuristic algorithm) HVERS 8] 5 4% BE Je 45 REF G
e, (HALZ0 T i 2t xR 5 B 45 & H Tt ™
BILARHTT A N T (power law) FEAE 7347 1) o bR
JE 9 g D=3 LR o A AU AT Koy 1T
FOBRRUD, M08y A RERERE. H W%
HR AT AR 4T R 2 T 3 2 ) P 0 7 B 4 B 1 126
(six degree of separation), H.CL{EH:2E W44 HHgi ik
S, 4 Facebook N 4.74 J& 43 B& 271 Twitter N 4.67
FE o3 B 8L TR, B S At 2 R4 e FRATT 0 3E AT ]
N (15 L) 2D RE A AR AR R AS B — 2.

3.1 RMDN & xi=gl

BT DA EJR, FATER I T REHLY Rl K AR
J& (RDMN) SERBR, BEACEARRE: WEA n T
LI 2 R 2% R BE AL A R, AT R
Lo AT & 5 P A BE SRR B s R AT
T, —HBNEE s DAL IR T SOk
] gl TR SR 2 Bl

1% 2 RandomMaxDegreefNeighbor(G, s)

initialize S = ()
while len(S) < s do

random choise vertex u € V\S

S =SuU{u}

1
2
3
4: select u = argmaxDegree {u U neighbor(u)}
5
6 end while

7

output S.

3.2 REBRONES

X T BA n AT R TOhRE 26, B2 53 A i
JRRERRRAE, BOEEDN K BT A I A RE 208 py IE
T ck ™ 290 R G e A 5 (R B MEA i, HH
/ p(k)dk =1, B ¢ = (y — DEYL, BT &

kmin
FEH) I RAE kmnax H— DAL, B4

/:O p(k)dk:%, p(k) = k7. (1)

max

KHsie = (v — DELL RN (1) R, #15

/ p(k)dk:/ k7 dk
k k

max max

[ -k ar
k

max

& 1
—G-Dk [ Ed= @)

AT 45 5 KA b = K71, [F) AT D43
B B A 2 v BT B KBTS0 FUA Kgopos =
kmin(n/s)ﬁ.
321 METH RGN

R4 Newman B0 52 H 1) 4= f 1 25 (generat-
ing function), %% FE S k (1755 1340 A AE B R 3L

kIIlaX kI[laX
Go(x) = Z pex’ = Z ck™Vzk
kmjn kn n
1—~
= 3)
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Pr A MR EHON kI AP R ) 2 el 2
%A Go(1) = 1HI—NH &, "4

k
Go(x) = kppa*~',
k

kmax
Go(1) = D ki = (k).
k

min

3.2.2 HE EAEEWG S
KT8 N kR s, gk BE AL IE ) M
HA Py, IS4 I BET B u IR N P, (R
BE AL BT i 5 B L E D B S A E 1),
ﬁiﬁi@i&ﬂu%%?yz}&xk, b UE T — 16
k
]{;kak
; Gy (x)

=z
> kP Go(1)
k

: (4)

2 i BN 36 43— 1 AT R T AT S
Mol EECAm, ZHROREE 1, v g MR
NPy BrZu — v BIIAR, 35 Mo BIEEEE A m/,
m' = m — 1. BNWENSE n, 4w
Bl s EZE 9 1 /n, B4 v bR 25 w B vt I HE 2R
AN Py =P, —1/n, in — oo, 1/n — 0, I
P = Py, — 1/n = Pp,. 155 v B9340 A R E N

m m
’ X xr

§ Pm’xm = 5 F)m/ig g Pm77

m/’ m/’ r 4 z

m

Q

5 (1) KA 2 K07, B G (2) = Gé(“"i, B
0

(1
X AT R BRI P A0 e s R A e T

klnax kmax
Gi(z) = Z Pz = Z bm!'~Vz™,
kmin kmin
2—7
b= ———-+—. 5
kmar — ko) ©)

I B RS0 T B LR B B L AR
EEFEAT T LRI A

Ga() =Y pelGh(2)]" = Go(Ga ().
k

PATT AT CAHE S AT B R B A m AT R R
B

GO (2) = Go(x), m=1,
Gm=D(Gy(z)), m >2.

AT AN — AR JE AT M, HEF TR
FEATE T 2 AR R

V1 w2

V2

\ w3

T u v)_
~~ee
~~o
w
Vg—2 Vk—1

B BENLG ST i S AR T s R AT 2 Hros 2
Fig. 1. Schematic drawings of randomly chosen u and

which neighbor nodes.
3.2.3 FoRAEAEE 8 AT

FRATEE R (0 T B R 4% S 7 — R
R A2 2 W & L st TR R AE 2 7 I 4% b 1 K8 40 T
R FR DAY AR, A D B A (RO AR
W 5 Hubs) S5AEH 2 M1 s0EE:. 45 EHE A
SRELK IR, P(k) = ck— 291 A0t BRA 3R
RMDN 5%, g 4T R 2424 O(k log(n)). 4%
Pridfam . BT

(ky =" kp(k) = kek™"=c> P
P(k) = ckl_”*, 1 1 (6)
Ly > 20,
k) = ci k,yl_l < Ci’lf — dn(n),
n — oo, (7)

For (k) Rom W 28 15 s~ 2 FE . DR AR 98 4
ERERLIE IR /N s A6 9 fUER, TR T4 — K
BB L 32 B 190 5 R AT 8 2 A ) LA 4 U B
it LAIZ A7 I (B RS ] 3R 78N s(k) = scln(n), H4
RMDN Sk A 2% 9 O(slog(n)).
3.24 AEFT RALER R AR top-k AEE
BIE Prop-k 7E ML — 2512 H B B (115 U
R T4 T top-k (F PR XS 5 (Hubs)) AR
, Deop-k AR TR AER N

Kmax Kmax
popr = [ pndm = bm1 =7 dm

ktop—k ktOP’* k
k5o — ki

max top-k 8
= 2 (8)

T2 3 L s AN A& top-k B Hubs 19 &8 19 M
B 1= (1 — propx)’ RIELLEBIRHET, FRATIE
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U 2875 BN n = 10000, kyin = 1, 775 54
AR <5 <30, 2 <y < 3T T ARSI A HT
(G RANE 2 o), WEEBEEE ~ 3G OK, BENLIZHT) s
AN FRIR T 15 25 N I 2% BEAICA) top-k IR
BRI % B 1T s BIHEOR, A top-k (1)
MEZEABAERE .

1.0
0.9
0.8
0.7 F
0.6 |
0.5
0.4
0.3
0.2
0.1

0

2% 1 AT top- kIR 2

Ve PR AR LRI 54

B2 BENLE R — 0, FATE Y R e KO
top-k HIMEZEHEAN [ ~ K95 2% W4 45 7 A7 15 150
Fig. 2. The probabilityof a randomly chosen w being

a hub node when size of seed is k.

RMDN-++ & xR

B b 3.2.4 7 s B HE 5 o B R, B A G L
P77 S AT £, RDMN 535 & # top-k
19 Hubs 17 55 1) M 26 0 B 838 K, 7E AN 3 n ik
MBS R B % BE RS LT, RATIEAT — DR T
RMND++ HESER (5% 3 FiR), 2EA AR

3.3

5% 3 RandomMaxDegreeNeighbor+ + (G, k, o)
initialize S = 0
while len(S) < as do

random chose vertex u € V\S

select u = argmaxDegree {uU neighbor(u)}
S =SuU{u}
end while
T = argmaxDegree_ K{S} and |T| = s
output 7.

o N O Utk W N

63T RMND (I 2Eht B 556, 3 Ka(a > 1) 1%
ARSI T RS, R HMNas S

HhgE Y s AN FE U K BT AR v e A A R IR AT
W, FIE B RN (O(slog(n) + as)), 5
RMND #ifr, N 1 R$FFCERI G — 1, AP 5L
Ha = 2.

4 ER %R

2 L8 B [R] 41 2 9 28 28 BUAR SR A [ 1) Y 8%
A SRR, AT BB AT AR ~ 1) S2 B bk 25 A
ZE AT TR SR BEE I LL B i, S At L s AP
FERATA T REA W EE BT, R EEE
PR LA E T AER, A ICHA 5 1T #
MSELG, e KEEW I BOR 5 I BOR BT ) #83
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Table 3. The basic topological features of the four real networks.

Network Name n m (k) kmax kmin d 2
USAIir97 332 4252 25.61 139 1 2.738 1.821
Blogs 3982 6803 3.42 189 1 6.227 2.453
Facebook 4039 88234 43.69 1045 1 3.692 2.510
Twitter 554372 2402720 4.33 11443 1 9.827 2.638
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Fig. 3. Estimation the value of v with datasets in Table 3.
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Fig. 4. (color online) Influence spreads and running times of different algorithms on the collaboration graph
USAir97 under the independent cascade model (n = 332, m = 4252, p = 0.01, 1 < s < 30).
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Fig. 5. (color online) Influence spreads and running times of different algorithms on the collaboration graph
Blogs under the independent cascade model (n = 3982, m = 6803, p = 0.01, 1 < s < 30).
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Fig. 6. (color online) Influence spreads and running times of different algorithms on the collaboration graph
Facebook under the independent cascade model (n = 4039, m = 88234, p = 0.01, 1 < s < 30).
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Fig. 7. (color online) Influence spreads and running times of different algorithms on the collaboration graph
Twitter under the independent cascade model (n = 554372, m = 2402720, p = 0.01, 1 < s < 30).
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Abstract

Influence maximization modeling and analyzing is a critical issue in social network analysis in a complex network
environment, and it can be significantly beneficial to both theory and real life. Given a fixed number k, how to find
the set size k which has the greatest influencing scope is a combinatory optimization problem that has been proved to
be NP-hard by Kempe et al. (2003). State-of-the-art random algorithm, although it is computation efficient, yields the
worst, performance; on the contrary, the well-studied greedy algorithms can achieve approximately optimal performance
but its computing complexity is prohibitive for large social network; meanwhile, these algorithms should first acquire
the global information (topology) of the network which is impractical for the colossal and forever changing network. We
propose a new algorithm for influence maximization computing-RMDN and its improved version RMDN++. RMDN uses
the information of a randomly chosen node and its nearest neighboring nodes which can avoid the procedure of knowing
knowledge of the whole network. This can greatly accelerate the computing process, but its computing complexity
is limited to the order of O(klog(n)). We use three different real-life datasets to test the effectiveness and efficiency
of RMDN in IC model and LT model respectively. Result shows that RMDN has a comparable performance as the
greedy algorithms, but obtains orders of magnitude faster according to different network; in the meantime, we have
systematically and theoretically studied and proved the feasibility of our method. The wider applicability and stronger

operability of RMDN may also shed light on the profound problem of influence maximization in social network.

Keywords: complex network, influence maximization, information diffusion, greedy algorithm
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