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Influence Maximization on Multiple Social Networks
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Abstract  Influence Maximization aims to identify 4 nodes from a network such that the influence
spread invoked by the # nodes is maximized. It has various real applications in viral-marketing
areas and has been extensively studied by the academic and industrial communities. We observe
that existing works all focus on a single network, which identifies # nodes that has the maximal
influence spread on one given network; however, with the popularization of social networks, a
variety of social platforms are emerged to fulfill various social needs, which leads that social
populations will not be confined to a social network, and they will be distributed in different
social networks. The direct issue is that the viral-marketing based applications, such as the product
promotion on a single network can’t meet the breadth demands of current marketing promotion,
it’s probably that the whole user of the network can’t reach the number of targeted population,
or the advertisers expect to maximize the influence spread on multiple social networks with %
users. Compared with single network, more challenges come forth. It is challengeable to find %
users that have the maximal influence spread on the multiple social networks, since it has been

proven that influence maximization problem is NP hard. It is more complex to evaluate the
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influence strength between nodes, since the information propagation is more intricacy among
multiple social networks. Besides, entity recognition has to be considered when analyze influence
on multiple social networks, since it is normal for a person to have multiple social network
accounts. With regards to these, in this paper, we study the influence maximization problem on
multiple social networks. In summary, we study the differences of influence maximization
between single network and multiple social networks carefully, and propose the self propagation
property of entity to build relation among different networks. Later, we propose the influence
calculation model to model the influence strength between nodes. We extend the tree-based algorithm
model to adapt the multiple social networks situation, based on the proposed influence calculation
model and the extended tree-based algorithm model, and we propose multiple optimized strategies to
promote performance, such as by further exploring the submodular property to avoid redundant
computation, to accelerate seed selection by using the upper influence marginal benefit to approximate
the accurate benefit, etc. Finally, numerical experimental studies on real datasets demonstrate

the proposed algorithms outperform existing methods significantly, and detailed experimental
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studies from influence spread and running time have been illustrated respectively.
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Xof A S A F S e E 3R L AR TS AR g, B AT
K (6).

o(S)=>1pp(Sse.) (6)
e €FE

6 pp(See) LA AIES S ML e
B S {48 A2 [ T L T2 () A 2

pp(Sie) =1—[] (1—pp(S.vle,. G, Hrh
i=1

PP (Ssvle, G, ) FXRER S XA vle, .G
SN SR L [RIRE I X T A v ey s Gy ) B SEZ 0 AN E
WL ES S FEASX v e, .G, 1R WAL
BLUHNES S ST v e, .G ) B KRG B
BERES. NI AP R IE TR S A A ok
fif iz 5 ) .

TR B FIE B Y A o R RHAR L BT A e
BE AT A o AR B T SR S i i Y Rl
747 05 W IR TR A v 9 B A% 37 6 A58 3 1) Ay i —
RRAR. T T A B AS 52 0 2 0 o 1995 85— 8 7E LA
v R B de U ) L A A L G, W DLAR AR
LDIE pp(S,vle, .G IH -

1’ ‘UES

Pﬂsﬂozlk{nX1—pﬂSw%pﬂka,v&S
cec,

(7

s | A R, XD d 6 o ok fi R R
v(e, Gy ) s Hit C, 7R LU v Cey s Gy ) R0 G 52 K
WAL RE R P vCe, GO LT S ES. X HEFE
BRI LR RAE LS ve, Gy, ) KRG B K
) AL R B AT X TR A w e, G S AR
i OCule, GO FN T (uCe, G4y B3R T A B
Mule, s G 52 15 55 A A BE 8% 52 i
uCe, GO A I O] 0, 76 1 5 B K AL 5
B BT LIRS OCue, s G,)) o T 16 K 8 e A
[ A% B A (1) B i 1T L3RS TCuCe, »GO) W HH O 0 T
R Jr . O FoR A 2B JE (Outgoing) o I 37K N 17
48 J& (Ingoing).

4 BETERNEEMRNK

B S 3 0T 24 6T — /15 4
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T A R4 A A REE ™ A= fi K52 M 3 [ 1
it A E RN T — A5 5L 2 OCue, .G
OCv(e,,G)) = DB RR I ule, »G)H T vie,,G))
AT H 5] 52 Wi A9 79 R, 75 W) 2 R T F 5 g ] 3
[F) 532 Wi ) 740 ) 0 A 3. 22 4% I 1) 52 T [T 34
i A X8 BT RE S e 2 1 S AR I 1 5. T e
AN RIS I E R L SRS B R A ST B e 1
fii » PR o) A — A e b 1 A S AT R
A SRTE Y HFh 75 T B m AL,y 1k
BB ICR A EMs (EM 37K entity map)
Ml NMs(NM 7R node map) 53 5l G 7 Ff 5~ 35 s %
TEAS SRS 5 S IR A AR SRR 1 Ay 6 1k A
T u EMAFFES S L m Y &5 5 f2 L
Hou il HIE w e, .GOITRSERD.
&%1. gain(u,S.EMs,NMjy).
A AR T A w M TS S, EMs , NM;
it < LR AL w BOSEIRIG 25 gain (ul S)
WG AL EMsy, =EMs
WEAL gain(ul S)=0.0;
FOR(EACH v IN O(u)){
IF (v NOTIN NMs.keyset()){
IF (v.entity NOTIN EMs.keyset()){
EMsy,[v.entity]= pp(u.v);
}
ELSE{
EMs ., [v.entity]=1— (1—EM;[ v.entity]) X
(I—ppu,v));
}
}
ELSE{
nppCusv)=pp(SUu.v);
nval=1—(1—EM;s[ v.entity ) X (1—npp(u,v))/
(1—NMs[v]);
EMs . [ v.entity | =nval;

}
FOR(e IN EMsy,.keyset()){
IF(e IN EMs) THEN({
gain(u|S)+= EMsy,[e] —EMs[e];
}
ELSE({
gain(ulS)+= EMsy,Le]l;
}
}
RETURN gain(u|S);
S TR TR TR « EE A T RS
S ERgm g TR AR BRSPS G
g Z TSRS (SUw X A S B 52 i 5L AR 5

INALEEAS SR B 39 25 EAE WG w 7E2EH/ S B
WS AR LA R B A K
70 FL 3 5 1 W R R A DR O E. 2 FAT
ORI vy =7 N ST < SR N ST o NS e
TR TH 5 1 AR S e S [ AR S R TR A
SR G SR A A RE SR AR, WR T o AR A S Alu
[R5 L T EEAR R X 7)) SRR S R I Y
nppCuyo) BF . AN 25w R s 43 F 0 37 9 5% )
o W w Al s Xt o WIER AR 1— pp (uyv) X
poCsso) s 5 FE AR 4 =X (7 11 H 6 mT A 52
AR B AR pp (wlU sy o) R TR 4
KO FFEME B RO E T H wUs [ 5 m
AR ER o . a0 R AR B S S v iy B A 0 R
v (e, s GOERMALTLM N EEH S X v e, s GO BT
WL pp(S,vle, GOME (8 E.
1, vES

pp(s’”)zll—]_[u—pp(u,v)), vgs
ueS

RISy Yo 552 PR B 5 M AR 3 S AR AR 2 AR AR
(1 BT R AR R (O AT LIS A S Xk e,
8 5% W A 8B =X (9).

pp(Sie)=1— ] A—pp(S.v)) (D

v.cmity:eu

R e FA7E n AR 0T A w FEES
S R F X SEAR e, 195 W 3 25 R gain (ulS.e.) s
MW gain(u|S.e)=pp (SUu,e,)—pp(S.e). KL
D) XY 5 1E gain (u|Sye ) H U THER:
gain(u|S,e,)=pp(SUuse,) —pp(S,e,)

=1—[[(A—=pp(S.v,) X (L—pplusv,) —pp(S.e,)
i=1
=1—[] A=pp(S.on X[ A—ppu.v,)—pp(S.e,)
i=1 i=1
=1——pp(S.e N X || A—pplusv,)—pp(S.e,)
i=1

=U—pp(SeN X (1=]] A—=ppu.v,))
i=1

=(1—pp(S.,e,)) X pplu,e,).

MG, A R w FER B S B 8 45 B A

gain(u|S) K (10)
({{ain(u|S):E;}ain(ﬂs,eﬂ) (10)

e, €E

X RSV PR A s ATH UL
BB XA SR 2 W B AT AT AE map HLL K
EM, . A A FHES S B EL Y 5w 1
AR E -l WL DK RPAA
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&% 2. Uppergain(u,EM, ,EM).

A EEFF w, EM, R EM s

iy AR w BRI £ B gain (u] S)

WEAL gain (u] S)=0.0;

FOR (e, IN EM, .keyset()){

IF (e, IN EMS.keyset()){
gain(ul S)+=gain(ul|S,e,);

}

ELSE{
gain(u|S)+=EM,[e,]}

}

RETURN gain(u|S);

AR AR IR A RS MR 1 £ 2 T H A Y
RPN 45 b5 IR 237 st N — AR
L TG B A B A3 A5 A 5 I e A A S i
B R UE H O 447 41> 35 s AR G A5 B 5 7] I 4l
By Fp 5 e . RO N TR S 3 MR
RAFE B RN node) H 552 WS B (FR O spread)
ALY A5 WA G B 53 R S (BR A status).,
) ik B 5 HE 39 5 )52 W Y ] spread g A5
M 46 52 e 30 B Cff 2 (D 115D L IR A status #)
WAL H 0. 53 3 (BlendedIMMS) filiid T Z M4 T
T4 top-k A~ 52 W 3 3 A R B R T AR 35

ik 3. BlendedIMMS.

BN DTG Gy (Vi ED e G (VL ED s T

B ks 52T 5 B E @ 5 B RAL SR AR U (E 0

Btk KA R R TAES S

XEGVH IR fu BUHRHOGW , 1w so(w) FIEM, 5

HAL IR AR KT H

WitEth S=J . EMs=& , NMs=& ., UM = ;

FORGi=0; i<<k;i+-+){

UM = ;

Node tnode= H.top() ;

WHILE (tnode.status! =1) {

gain=0.0;

IF (tnode.node NOTIN UM) {

gain=Uppergain(tnode.node, EM, , EMS) ;

UM/ tnode.node]= gain;
SET tnode.spread= gain;
}
ELSE({
gain=gain(tnode.node,S, EMs , NMs) ;
IF(UM( tnode.node | >0 & & (gain/UM [ tnode.node ] >
o)

tnode.spread= gain;

BREAK;

tnode.spread= gain;
tnode.status=1;

}
H.sort();
tnode= H.top() ;

}

tnode= H.pop(Q) ;

S=SUtnode.node;

UPDATE EM; il NMs ;

H.sort();

}

RETURN S;

Tk 3 PR Ay n A AE W E% T kL 1
BB KN R R TES S HRX e AR5 5
1) 5 W A4 15 31 [l Je KAk, WIFF 4 B /s e 1A
B w 9 O G I Cuw) EM, R 46 5 i 15
o Cu). FAE oG AL IFF R IR AL K TidE H. Z )5 . %)
AR 75 E S map EMs.map NMg k=5 4, [a] I
8 map UM 2% 1 45 %8 e 3 F 75 5009 52 ) 1Y 25
EAME A R SR R R AT 7 30 SR 2 T AR K.
BV ik UM b= . 2B/ TR
tode, MRHETICE tnode WIARZSAE g . 0 580 1 HE
BOCRIFEMA 745 S . By (AR RAE Y
T HE T b A 2 e S L 8 A (R AR R — S TR
WERREAE SRR E I Hae g My Z 504
AT HETH, DU 58 BT 325 5 RE 8 7 AR B R B T Y L
B A5 0 L A ) 5 ) TR Y R R 2 A 7E map UM
B AR ATE S 2 R HE T £ tnode 1Y
S O L a5 b AL 0 B GEAFAE UM [R) I 35 8 4 Tt
JLE tnode W) spread Ry 25 | B AR tnode 1E
map UM HL, WA 5030 1 31 5508 o i 19 52 ) 3 25
{BL» 205 B HE TYY /Y spread {8y HE iy 16 45 {F
R B E AR status N @ {H. I )5 #EHE T IE 3R 15
HETICZ  FOR T I . B Al B L B T
kBT

S 3 25 b S LU VR A S e B AR S 2
UG AT DA s A B a0 SR E A R 1 3RS
TR R T 1 45 5 00 R 380k 2 11 e e 1 45 B
B R HOAEAE — 7 B AE Y 3 TA € 24 Fi s i 59 s R
— DR AR A R o KOs I BIE. T
T A (a], BAAR R AR S SR 3 p s R A
HLER 73 1 A28 B T B 3 24 i 19 R A ME A 4 4
ZJa R e s ERUE R T 0, JF HoERS 1Y 55 (H
)3 £5 b SR T B ¢ i 2 1 WHILE f§ 35,
S ST AR T — DR AL

B A SCHE 3 01, S e 3 g5 b B L S 4
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i (LR 3 2ok ol P 4 5 1 10 20 =0T LR 0 e A
S A b SRR RS RE RO I ALk R
B M BAT S A AL 0 g5 AEAE D A
Folt 74 s 08 4 B O 0. 0 A S G ) I o A 5
T3 A R F A 22 2 0. B 4y oE Al T R
g5 B AER TR R
&£ 4. BoundBasedIMMS.
BA:n ARG G (Vi ED .G, (V, E) s Bl T
ML ks
s RN R IR HEA S
MRV RN A« BHTHOG 1w oG FTEM, 5
NI IR R T H 5
Witk S= . EMs=J;
FORGi=0; i<k;i+-+){
Node tnode= H.top() ;
WHILE (tnode.status! =1) {
gain=0.0;
gain= Uppergain(tnode.node, EM, , EMS) ;
gain=gain(tnode.node,S,EM; ,NM;) ;

tnode.spread= gain;

tnode.status=1;

H.sort();

tnode= H.top() ;

}

tnode= H.pop() ;
S=SU tnode.node;
UPDATE EMs;
H.sort();

}

RETURN S;

Sk 4 RS R By X EFE top-k
BT A R B TR 2 TSR Y R
WA 5 b A IF TR HE Y R status g 4, spread {H
EE g b FUE . B HE T RAY status O 7 B
WA RIFBRIMER TS S o RE A R RIEAL
ik [\ Ff eSS,

5 % I

A SCA3 ) S BT R e v 4R b AU A B
% BlendedIMMS LA K fifi i 52 4 52w 39 i 1 5 A9 55
# BoundBasedIMMS Wi # J5 32 , 3 S B0 T FH HE#
B 25 1 BT 1 GXOHL 3R OR Oy IMMES,, BIV 58 42 fif T 5% 1
25 K PR Al gk A B S E 4 P gain=
Uppergain(tnode.node, EM, , EMS) 3 ¥t} gain=
gain(tnode.node, S, EMs, NMs) , 1 T 55 i A R A
HER). 55 A& 4 HA4E DBLP, Citeseer, Aminer

A Linkedin 8804 4 b AT 5250 B BT 52 55 12 ) 24
AR Se 1 1 W R B PMIA™Y AL IRTEN™ iE 47 He
B 43 NGB AT I [ 05 v 31 BBl A O T VA 5
YERE 2= 5. B T PMIA Al IRIE 3& HI 7 5 0 45 (1)
SR e R AR TR R, O S X A 1) 22 I 2% 36 3ot il
A1 3R LR B — > T 2% 8 AR (] S8 4R 1 45 A
g, 9 ALK O AR (W] 22 9 28 A ). e I A 4R AN []
VR T B 1 A TR IR R 1 22 P 2% b i SR
ISR 5 2 B 5 i Y L

501 HIEL

Z W 2% L2 R ) 3 B s 2 RO ) R 2% b
AT ) S A e 5 U0 0] L EROAR A I LR
iff e 22 W0 2% B AR SR BE B (H 2 2 IR B A
Jia) B0 & AV ek PR 555 K 5 — — Xof 7 1) 404 4 DBLP®
F Citeseer® L f Linkedin®™* #1 Aminer®?”,

DBLP F1 Citeseer Sy FHIFE & W 4, W 4 F 1Y
AR S A4 L A SOR B A F) 44 7 1 7 SR AR
] — AN SR AN ) 9 28 1 0 1 R A5 8 T A 44 A
5 ® %% 1D #4747, Linkedin Al Aminer 2 3 #""
ST T FA et AR 25 B A2k iy S 19 A 1 5 A Ik 55 4
A2 I SR LR A

X7 F DBLP F1 Citeseer ${¥E £ , [6] — 1~ R 2% 1N
5 et [R] B 52 e M 3 AR 2 2 TR A AR SR &Rt
AL AEHAADITR .

Nda,b)
N(a)

KA P pla—>b) TR/ a X4 H b B
R NCan0) R EH o Mo B E 1 REL
N RAEH a BILHF R B 2Rk w4
YR Z IR G AR B £ IR 4 Ml 1] 22 18] A 5. Y 5%
Wi AR 42 A B 5. XF T+ Aminer I Linkedin, $ 7] 48 ]
W 1/ d Co) VS 75 5 TR] At S I56 9 i 22 1] 14 52
W 5 3 L H P d Co) T A 0 AR,

Z AW 4 b SR B AL R8T DUAR 5 45
SETELZ AW ERAT RSB Bl e A
ARG 1 & A0 T 100 Z& 4l o 10 S548%% &
F T AANM S Oxcweino. renrey = 0. 1. F T DBLP Fl
Citeseer,Aminer Fl Linkedin ffi #£ [ — SZR 09 B 1%
ML LRI M 3 B {6l T B L 2R O O SE AR 1
) BRI, 1 W B AR B A M 28 E R 3L R Y
SAENRESE 7= A B AL A 3 0 S A4 L SR 5 B X B A

pla—>b)= (1)

http://en. wikipedia. org/wiki/ DBLP

http://en. wikipedia. org/wiki/CiteSeer
https://www. linkedin. com/

http://cs. aminer. org/network_integration # b2855

©ee6
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SEARA B 0-1 W) S BUPE S A AL SR, th TR A 1Y 16 ‘ ‘
" o . . S IMMS
""" Oun Se
{50 0990 S 23 TR . 5 PMIA
DBLP #f Citeseer, Aminer 1 Linkedin ¥ b S s et e s &
] 9 2%, BLR P EcE L e E B gk 1 s g L., -
150 L H
% 1 DBLP #0 Citeseer ${IEEWMEZ R ﬁ
FEES et W EHME AR SR B
DBLP 1436596 12311706  8.57
1574809 73131
Citeseer 138368 754316 5.45
Aminer 1056941 7859752  7.44 783931 sou1 ) ‘ ‘ ‘
Linkedin 6726290 38721380  5.76 ’ ’ d.o1 0.02 &Jﬁg 0.04 0.05

5.2 LBHR

A 43 B DBLP F1 Citeseer, Aminer Al
Linkedin % 4 %405 48 Fiv ¥4 )50 95 2H 19 4% 53 51 Lo
&7 IMMS., BlendedIMMS, BoundBasedIMMS H1
PMIA . IRIE, SPM (i CELF % ¥ o i) 1 SP1IM
(f CELF B3 MG 3X 5 F B ik (1 SE g 20O, Horp
PMIA .IRIE.SPM HiI SP1M fj Chen % A4
=5 T A USRS, B F SPML SPIM 5% 9 Ff 47 .0 24
BT E] o K, 7F DBLP, Citeseer B M %% | 5
20 AT SAER 29 53 h TAE 52 WA 8 [ E W] IRIE,
PMIA FIA SO 2 TCIL .  TAR G 200 ik
FERF R4S, SE BG4 HO6E IRTE F PMIA iE 47X LE.

XF L 52 55 M 3z A7 B E] A5 e 3 ] (Influence
Spread) ¥ > Jy [ 5 5t 5 3 9 PERE. R T 4k B A
FEEA AR ST G A R JE Ak B R ) 5 R R U
PR PEAL T SR A 1Y 52 e [ 2 2R AR E] —
A SR s OTE HRESEAE — R (H AT DL 2 IR
WO AT ARG AT 20000 YRSERE R IS AR AUAL
ok % L f Ja 08 F A AR o B A b 7 2 6 19 52 3
Bl T 1T 43 590 DS Wi 91 [ R 5 4 B () 56 Bl AN [R] 53 9%
TE 22 W48 T 1Y 52 ) ) Je KAk 1) PR B R 2.

5.2.1 352mE A (Influence Spread)

SE Sy A R T AR [ E A AR B LT L I
KA 1 B AR BB 0 43 53124 0. 01,0. 02,0. 03,0. 04
0. 05 Bf IMMS, BlendedIMMS, BoundBasedIMMS
1 PMIA X 4 Fp 5 35 By s2ma i . & 3 FiEl 4 R 7E
DBLP #1 Citeseer ¥4 5 43 5] [& & Fp %k H >4 50
100 MMF LT 4 P 7 EETEAS [ BIAE T 1Y 52 il f%
WL B 5 HTE Aminer 1 Linkedin 05 & | #p
TAECN 100 BT BEE T 4 P52

M 3 & 4 FHEl S AL BEE E 0 35K, ik
JUAN J5 vk 0 5% e 30 16 24 52 BT R e X ORI 0
SRy e KA R AR 1) 1R P R 45 o A 5T Y SR
FEABIE . 5 KAL 3G B 12 B RSB /N T 0, % %

& 3 DBLP&Citescer B4 b By 5 i i B 45

(k=50 B, WA [E 5 B {E 0 1955 5D

26

[S]
(2]
T

FEMAE /X 1000
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e~
T

—— IMMS

=% Blended IMMS (¢=60% )
% BoundBased IMMS

~El PMIA
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B 4 DBLP& Citeseer $44E I 1Y 5 0 70 [ 45 5
(k=100 K , 5 M9 71 Fil 5 B (H 0 f 5 2D

—+— IMMS
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% BoundBased IMMS
& PMIA
g
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bR
2 L
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HRE
5 Aminer&-Linkedin 304845 b 45 i 78 B 45 5B

(k=100 I, B2 L [ 5 B 0 1958 )

(Y R SO AN R Sy SRS I [ B = RO O B
/N T LS 5 T L (R B R A Y R A [
T o Bl B 50 0 3500, 52 W 3 B e 2 1 . JF
H 4 Ry R 0% 38 B — & B AL 46 10 1, AR AR
FA T 4 B IMMS, BlendedIMMS F1 Bound-
BasedIMMS KK AH 2, I #F 22 0% AL T PMIA. X &
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E & IMMS, BlendedIMMS FiI BoundBasedIMMS
TE 15305 ) 0 BT 3 2 1) N i 2 AR S 1 1 45 11
XA 2 N 2% [f) B — W) 2% 1 AN [) 2 4b s — A S 44 AT
REAEFE T 2 AW 4%, 1 25 10 T 53 75 22 e IR S 4R 3
WA T

T IRIE [A] 0 AAHC, B 6 FE 7 A T 1
R AL # B A2 B E 0 9 0.01 (X PMIA, IMMS,
BlendedIMMS # BoundBasedIMMS X 4 # J5 ¥ 1M
SOWE AT RCH k2R 20,40,60,80 Fl 100 Hf
5 PR LAY SR . b 6 2 DBLP Al Citeseer
WA 2% Epggh 5, |’ 7 S Aminer 1 Linkedin %
DM ER SR AT LR AR EE k1
B, 5 5k B e 3 FEL AR 2 G OF B2 AN R
FH A T A SO 2 7 R TR 45 R B RE % [A) PMIA
IRTE % J5 A — 3ok,

27

+ MS
BlcndeIMMS (9=60%)

24 ilﬁ BoundBased IMMS

~E PMIA

IRIE
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—_
oo
T

CUEE T /X 1000
—
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i
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20 10 60 80 100
AR T

& 6 DBLP&.Citeseer 5154 b Y5 i 3t Bl 45
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300 N8 1 e o S e N DRSS 1 = I
AR A O X B ) 5 5% e CEE X PMIA L IMMS,
BlendedIMMS #I BoundBasedIMMS X 4 Ff J5 #:).

&l 8 FEl 9 e HdE 4 DBLP #1 Citeseer [+, 7E [& &
FOFHCH & 4 50 A1 100 BRI B 0 F 4 Ry ik i
BAT AL B 10 h 76 804G £ Aminer fll Linkedin
Btk b A ECH & 100 1 BIE VS FE7E 0. 01~
0. 05 | 4 Ffr AN [F) 5303k A9 52 Wi ¥ ] 245 2R
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AT / X 1000
—
<

Z

= Lo ~E PMIA
SR T SO TS Forerrrrrnrmnrnsasriniens ;
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B0

& 8 DBLP& Citeseer Ui 4E iz 17 I ] 45 5
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BT A R B, 3R R O BE A BE 0 11K B3B8

U/ W N R W WA (75 v i S
WA B A7 B ) B A< Y Ay ol T o A 5 el 1 4 3 BA T
IMMS, H¥& Jfli i BlendedIMMS ) 5, 2 )5 N
PMIA iz 17 B} [8] 5 F8 09 o 56 & 2% T g b 5
BoundBasedIMMS, iz 17 i 8] 1R %2 & 7+ H — H 4
e 1 B 22 47, tb PMIA @& 70 £ (i B 4 L
IMMS FI BlendedIMMS 4t 2 > %4 4.

B 11 FE 12 R T 7E R E B 0 2 0. 01 B,
AT FFECH kT 5 FRE LR 1T B ] 25 R .
HhE 11 MESIE 4 DBLP F1 Citeseer W ™ M 4%
g R, K 12 % HESE Aminer A1 Linkedin P4~
Mg ErxT L g . W 11 12 Rl LA . Bl
HRFECRE M. B T e RS KL T E R
() 32 A7 B B) f 4K 9 B iy A& TRIE 53:3% . PMIA R 81
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LRSS ST B AT IR T, ek T
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AT B ) b PO e o AE 20 AT 35 B g 1 5 i 3
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