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Many evolutionary approaches have been proposed for the maximum clique
problem (MCP). To design a high-performance evolutionary algorithm for the
MCP, we first analize the landscape of local optima that can be obtained by
the k-opt local search (KLS) based on the variable depth search. The results
show that the search space is very pessimistic on many of the DIMACS ben-
chamrk graphs. This paper presents an effective memetic algorithm (MA) —
an evolutionary algorithm incorporating KLS — for the MCP, and shows the
effectiveness of the MA through comparisons of state-of-the-art evolutionary
approaches to the problem.
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p_hat1500-2 65 448 63407 46.50 51.91 —0.64 | —0.68
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Fig.1 Plot figures of landscape analysis.
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procedure MA( PopSize )

begin
1 for i =1 to PopSize do begin
2 Ppli] := Initialization( );
3 Ppli] := LocalSearch( Ppli] );
4  end;
5 repeat
6 for i = 1 to PopSize do begin
7 Pc[i] := Mutation( Ppli] );
8 Pc[i] := LocalSearch( Pc[i] );
9

end;

10  Pp := Selection( Pp, Pc);
11 until terminate = true;

12 return best individual € Pp;
end;

02 MCPOOOO MemeticOOOOOO
Fig.2 The flow of our memetic algorithm for MCP.
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KLS( CC,PA,0M,degg pa) )
begin
repeat
CCprev:=CC, D:=CCprev, P:={1,...,n}, :=0, gmaaz:=0;
repeat
if |[PANP|>0then // Add Phase
find a vertex v with maz,erpanpry{degapanpr)(v)};

S O W N =

if multiple vertices with the same max degree are found
then select one vertex v among them randomly;
CC:=CCU{v},g:=9g+1,P:=P\{v}

if g > gmaz then gmasr := g, CChest := CC}

//Drop Phase (if{ PAN P} = 0)

10 find a vertex v € {CC N P} such that

the resulting |[PA N P| is maximized;

0

9 else

11 if multiple vertices with the same size of
the resulting |[PA N P| are found

then select one vertex v among them randomly;

12 CC :=CC\{v},g:=9g—1,P:= P\{v};
13 if v is contained in CCprey then D := D\{v};
14 endif
15 update PA, OM, and degg(pa)(i),Vi € PAN P;
16 until D = (;
17 if gmax > 0 then CC := CCles else CC := CChrev;
18 until gyaz < 0;
19 return CC;

end;

03 MCPOUODO k-optdOQOQOO
Fig.3 The flow of k-opt local search for MCP.
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procedure Mutation( CC, PA, OM, degg(pa) )
begin
if all ¢ € CC are disconnected to all j € V\CC then
select a vertex v € V\CC randomly;
compute PA,OM, and degg(pa);
CC :=0; CC := CC U {v}; return new clique CC;
endif
find a vertex v € V\CC with the lowest edge number
to vertices of CC.
if multiple vertices with the same lowest edge number are found
then select one vertex v among them randomly;
8 drop vertices from C'C that are not connected to v;
// the dropped vertices are removed from P in Fig. 3 (line 2)
only for 1st iteration of the next KLS.
9 update PA,OM, and degg(pa);
10 return new clique CC;
end;

S UL W N

K}

04 OOOO0OOO
Fig.4 The flow of our mutation operator in MA.
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02 DIMACSOOOODOODOODODODOODOOO MAOHSSGAOOO EA/GOOOOO

Table 2 Comparison results of MA, HSSGA and EA/G on DIMACS benchmark graphs.

DIMACS benchmarks MA HSSGA 24 EA/G30)
Instance | BR Best Avg  Time(s) Best Avg Time(s) Best Avg  Time(s)
C125.9 34" 34 34.0 <e 34 34.0 0.017 34 34.0 1.3
C€250.9 44* 44 44.0 0.012 44 43.8 0.097 44 44.0 2.5
C500.9 57 57 57.0 1.464 56 54.2 1.190 56 55.2 4.8
€1000.9 68 68 67.8 54.568 66 64.1 4.073 67 64.4 18.0
C€2000.9 78 78 77.2 235.741 74 71.0 33.587 72 70.9 38.4
DSJC500.5 13* 13 13.0 0.037 13 13.0 0.202 13 13.0 4.0
DSJC1000.5 15* 15 15.0 11.780 15 14.7 2.106 15 14.5 10.3
€2000.5 16 16 16.0 21.060 16 15.4 7.855 16 14.9 24.3
C€4000.5 18 18 17.1 232.880 17 16.8 45.223 17 16.1 51.9
MANN_a27 126" 126 126.0 0.018 126 125.5 0.904 126 126.0 10.3
MANN_a45 345* 344 344.0 4.924 343 342.6 18.626 345 343.7 68.2
MANN_a81 1100 1100 1100.0 574.522 1095 1094.2 1140.894 1098 1097.2 705.1
brock200_2 12" 12 11.8 1.367 12 12.0 0.082 12 12.0 1.5
brock200.4 17" 17 16.3 0.872 17 16.7 0.325 17 16.5 1.7
brock400._2 29* 25 25.0 0.099 29 25.1 0.670 25 24.7 3.1
brock400.4 33" 33 26.6 1.074 33 27.0 0.787 33 25.1 3.3
brock800_2 24 21 21.0 4.092 21 20.7 3.060 21 20.1 7.6
brock800_4 26 21 21.0 15.083 21 20.1 0.867 21 19.9 7.6
gen200_p0.9.44 44* 44 44.0 0.024 44 43.1 0.305 44 44.0 1.8
gen200_p0.9.55 55* 55 55.0 0.003 55 55.0 0.082 55 55.0 3.3
gen400_p0.9.55 55 55 54.2 17.488 53 51.4 0.522 55 51.8 3.6
gen400_p0.9_65 65 65 65.0 0.030 65 63.8 0.488 65 65.0 3.6
gen400_p0.9.75 75 75 75.0 0.029 75 75.0 0.550 75 75.0 3.7
hamming8-4 16" 16 16.0 <e 16 16.0 0.002 16 16.0 1.7
hamming10-4 40 40 40.0 0.103 40 39.0 2.914 40 39.8 14.2
keller4d 11" 11 11.0 <e€ 11 11.0 0.002 11 11.0 1.3
keller5 27 27 27.0 0.011 27 26.9 1.153 27 26.9 9.1
keller6 59 59 59.0 3.417 57 54.2 89.820 56 53.4 53.6
p-hat300-1 8 8 8.0 0.001 8 8.0 0.005 8 8.0 2.0
p-hat300-2 25* 25 25.0 0.001 25 25.0 0.005 25 25.0 2.0
p-hat300-3 36" 36 36.0 0.009 36 35.9 0.051 36 36.0 2.3
p-hat700-1 11" 11 11.0 0.123 11 11.0 0.291 11 11.0 5.6
p-hat700-2 44* 44 44.0 0.008 44 44.0 0.054 44 44.0 7.6
p-hat700-3 62 62 62.0 0.017 62 61.7 0.573 62 62.0 11.1
p-hat1500-1 12* 12 12.0 34.519 12 11.5 4.173 12 11.1 16.8
p-hat1500-2 65 65 65.0 0.083 65 64.9 0.579 65 65.0 24.6
p-hat1500-3 94 94 94.0 0.301 94 93.1 0.830 94 93.7 29.2
Average 77.27 76.91 76.64 — | 76.54 75.71 — | 76.56 75.83 —

3715-3724 (Nov. 2008)
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Table 3 Comparison results of MA, R-EVO and ACO on DIMACS benchmark graphs.

DIMACS benchmarks MA R-EVO? ACO?5)
Instance | BR Best Avg  Time(s) Best Avg  Time(s) | Best Avg  Time(s)
C125.9 34* 34 34.0 <e€ 34 34.0 1.215 34 34.0 0.0
C€250.9 44~ 44 44.0 0.012 44 44.0 3.237 44 44.0 1.0
C€500.9 57 57 57.0 1.464 57 57.0 4.227 57 55.9 8.6
€1000.9 68 68 67.8 54.568 68 68.0 10.165 68 66.2 49.8
€2000.9 78 78 77.2 235.741 7 76.5 29.196 78 74.3 238.7
DSJC500.5 13* 13 13.0 0.037 13 13.0 1.573 13 13.0 1.4
DSJC1000.5 15* 15 15.0 11.780 15 15.0 3.732 15 14.3 7.8
€2000.5 16 16 16.0 21.060 16 16.0 6.833 16 15.3 40.6
C4000.5 18 18 17.1 232.880 18 17.1 15.729 18 16.8 257.6
MANN_a27 126* 126 126.0 0.018 126 125.8 7.991 126 126.0 44.8
MANN_a45 345* 344 344.0 4.924 343 342.5 46.859 344 342.9 749.4
MANN_a81 1100 1100 1100.0 574.522 1097 1096.7 438.570 — — —
brock200-2 12* 12 11.8 1.367 12 11.4 0.654 12 12.0 0.1
brock200_4 17" 17 16.3 0.872 17 16.1 1.249 17 16.8 1.7
brock400_2 29* 25 25.0 0.099 25 25.0 1.794 25 24.8 3.8
brock400-4 33 33 26.6 1.074 25 25.0 2.965 33 27.1 5.7
brock800_2 24 21 21.0 4.092 21 21.0 3.725 24 20.1 11.6
brock800_4 26 21 21.0 15.083 21 21.0 2.977 26 20.0 11.1
gen200_p0.9_44 44* 44 44.0 0.024 44 44.0 1.789 44 44.0 0.5
gen200_p0.9_55 55 55 55.0 0.003 55 55.0 2.026 55 55.0 0.3
gen400_p0.9.55 55 55 54.2 17.488 55 55.0 3.378 53 52.2 6.7
gen400_p0.9_65 65 65 65.0 0.030 65 65.0 3.744 65 65.0 2.3
gen400.p0.9.75 75 75 75.0 0.029 75 75.0 5.114 75 75.0 2.1
hamming8-4 16* 16 16.0 <€ 16 16.0 1.814 16 16.0 0.1
hamming10-4 40 40 40.0 0.103 40 40.0 8.110 40 39.3 29.3
keller4 11" 11 11.0 <€ 11 11.0 0.837 11 11.0 0.0
kellerb 27 27 27.0 0.011 27 26.8 3.680 27 27.0 12.3
keller6 59 59 59.0 3.417 55 53.7 34.573 57 55.1 549.2
p-hat300-1 8" 8 8.0 0.001 8 8.0 1.149 8 8.0 0.0
p-hat300-2 25 25 25.0 0.001 25 25.0 2.774 25 25.0 0.2
p-hat300-3 36* 36 36.0 0.009 36 36.0 2.194 36 36.0 0.7
p-hat700-1 11" 11 11.0 0.123 11 11.0 1.950 11 11.0 2.4
p-hat700-2 44~ 44 44.0 0.008 44 44.0 6.166 44 44.0 4.5
p-hat700-3 62 62 62.0 0.017 62 62.0 12.579 62 62.0 7.8
p-hat1500-1 12* 12 12.0 34.519 12 11.8 5.181 12 11.1 9.7
p-hat1500-2 65 65 65.0 0.083 65 65.0 18.577 65 65.0 35.2
p-hat1500-3 94 94 94.0 0.301 94 94.0 24.735 94 94.0 54.9
Average 77.27 76.91 76.64 — 76.45 76.30 — — — —

3715-3724 (Nov. 2008)
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Table 4 Comparison of the best and average results.

MA HSSGA
Best Avg Best Avg
36/37 | 33/37 | 29/37 | 14/37
MA EA/G
Best Avg Best Avg
36/37 | 35/37 | 31/37 | 19/37

MA R-EVO
Best Avg Best Avg
37/37 | 35/37 | 32/37 | 27/37

MA ACO
Best Avg Best Avg
34/36 | 33/36 | 34/36 | 22/36

05 0MAOR-EVOOOOOOOODO
Table 5 Comparison of the running times.
MA R-EVO
20/25 5/25
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