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Abstract

In order to more efficiently enumerate maximal clique from the uncertain graph, by studying the
existing algorithms of the maximal clique enumeration from the deterministic and uncertain
graph, and according to the relationship of the maximal clique from the deterministic graph and
the a-maximal clique from the uncertain graph under the same graph structure, an efficient enu-
meration algorithm of the a-maximal clique from the uncertain graph based on the subgraph par-
tition of the maximal clique from the deterministic graph with the same graph structure, called
D-MULE-D, is proposed in this paper. Experimental tests were carried out on different real data
sets to verify the feasibility and efficiency of the D-MULE-D algorithm, by comparing the running
time of the D-MULE-D algorithm with the MULE algorithm.
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TS HRAEAEID, H C HIBIMER K T4 T a, WA C A a . Hrb C HEHEZR LSS C s S 0HEE
Hh X I8 P4 320 R ASUATEL ) TR A

EX 6 (a e RKA): BEAHER G=(V,E,P)HBE{H a 0<a<l, HHAETSEEMcV, M Na
@, BAGFIE—ANTEveM, FEMOvEETE o B, BLHEMEE G HH— a tKH,

AR DA S, FRATTRT LUK e B AR K A 1) s S5 AN BT o BT o iR TR 8 US4
DR s

FH1: AEAHEE G=(V,E,P)MRME a, 0<a<1, HALE N a dl C LIRSS 5 HE M F K
R G =V, E)—41Hl.

EFEIEB

HEAHER G=(V,E,P)YMRME a» 0<a<1, WS5HMEALSEHHFER G =V, E).

X+ G R ERE—A o H C,

CREGHHall;

SRR E XS, C AR T R R AE AR 2 5

VG5 G AR, B AR 0TI SR

SAEGH, Cc Vv H CH R T AR A AR 1 s

SRIEE X 2, €GN

2 HEAHEEG=(V,EP)YFRME a, 0<a<1, HAEE A a WAE M XFTH 45K H 1)
#HEK G =(V,E), £ G FURFE—MKEIM oM .

EEAEHA

BEAHERG=(V,E,P)YHBEE a, 0<a<1, SHMAFALEHHHER G =(V, E).

X+ G FHRAERE—A o KE] M,

M2 G a KA

SARIEE 6, M2 G a [

DOI: 10.12677/csa.2020.106119 1152 MR 5 R


https://doi.org/10.12677/csa.2020.106119

VG G SR, E A A T R AL
SAEGH, MoV H M X TR R A A AR
SARAEEE 2, M2 G AN
SARGERE 3, AE G MK EIM oM .
3. Bk
MR BT e 3, BEAHERE G=(V,E,P)RB{H o, 0<a<l, HAEE— a HKH M X}
THAEMMFENTEK G = (V, E), £ GCTLBRFEPRKEM oM . Bl dnRX A E K et
177 BRIy, S 45 205 FLE R A R 0 12 BRI ORI, 735068 AN 7 1] ook 240 K [ & B2 A MULE 5503,
MRS AN 2 B o BRORHT, K RIESE S A e IR IR R0, PRI R) 52 2% B
FT UL EAH e B 7R s, AR T — R A E BRI Bz 5k D-MULE-D, %4
el Degeneracy SR AN E B HEAT T BRI Ty, R AN 58 T&1 4% AR [R) 45 7 F 1 5 1Rl 7 sl ok [
FISEA, SR X IR e AN 5 P BB K 1217 P 2050l N2 MUULLE B33, AT AR 24 H AN 5 T81 E9) o AR
P TR B PP e DE M 1 DB 3 O o AR, TS BB 2 o ORI EE & . b TR e ik
DB SRR AT A AR AR 5 AR LA ORI A TOUR AN O AT B PP A, FEIGURR X TV s B 5 TR 2B AT 0T, 4
Rl EHOE G, WHEE AR, BERESONCRE MR BIE G kR, BERIPrA TR ES e
B R R HR NN TE G5 o 1ZRME RENS SR I D AR O [, e 2 Bk D A R [ s DT sl 2 o 6 AR K AT ) TR
P IR .
Hi%E D-MULE-D
D-MULE-D(G(V, E, P), o)
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. o tRRKH MaxC;
{
Subgraph=Degeneracy(G(V, E));
/1181t Degeneracy HE LN AN 2 BT+ B4
MaxC=0Q;
e KE R & AT R
For(i=1:i<=num(Subgraph),i++)
MaxC=MaxC U MULE(Subgraphl[i], o);
113 - B R A MULE BE 2 o R KH:
DescendingOrder(MaxC);
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For(i=1:i<=num(MaxC);i++)
For(j=i+1;j<=num(MaxC);j++)
IfiMaxC[i] = MaxC[j])
MaxC=MaxC-MaxC[j];
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Return(MaxC);
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Figure 1. Uncertain graph G
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Figure 2. The subgraphs obtained by using Degeneracy algorithm
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Figure 3. The MULE algorithm is applied to subgraphs respectively
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Figure 4. The vertex size descending filtering strategy is applied
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Figure 5. The running time comparison between the MULE and D-MULE-D algorithm when
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Figure 7. The running time comparison between the MULE and D-MULE-D algorithm when
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Figure 8. The running time comparison between the MULE and D-MULE-D algorithm when
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