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An Application of Tabu Search to the Graph Partitioning Problem and its Experimental
Analysis
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In this paper, we report on an application of tabu search to the graph partitioning problem which has
applications on circuit board wiring and program segmentation. We discuss how to adapt tabu search to the
graph partitioning problem and compare the performance with simulated annealing, another variant of local
search incorporating randomized technique. Numerical experiments show that our algorithm dominates the
simulated annealing algorithm in accuracy of solutions and speed on both uniform and geometric instances.
In particular, our tabu search implementation works much better than the simulated annealing algorithm on
structured (geometric) instances. We also investigate how to tune up our implementation and to optimize

the various parameters via extensive numerical experiments.

00000 : Tabu Search, Simulated Annealing, 0000000, 0000

1 0000

000000000OANP-UOO0O0O0O0OO0O0OD0O0OO0O0O0OO0O0O0O0OOOOOODOOOOOO VLSIOOOOO
00o000o0o0o0o0oOoUoOoooUoOoooooOoooo b,7, 1010
gboooboooboobboobboobbooboob



(Doooooo)
00000 G=(V,E) (VO OOED 0O O0O0ODODO0O0OOR=|V|0DD0O0O0O0)00000000OLNR=0
,LUR=V 00000 (L,R)0 VOOOOOOOLO O0OO0OORO 0000000O0000|L| =|R|
=n/2000 (L,R) 0000000000 O0O0ODOO0O OO0O0ODO¢L,R)={L0O ROOOODOOOO
0}0000000000 (L,ROOOOODOOOOO

0000000000000 0000000000 Johnson et al. [5] D 000000000 Johnson et al.
000000000 O Simulated Annealing [8] 000 00 OKernighan and Lin [7) 00000000000
goooooooooog

0 O O Simulated Annealing 00000000000 0000000O00O00OO0O0OQO Tabu Search [1, 2]
O000Taoand Zhao [9) 00000000000 DOOOODO Tabu Search, Simulated Annealing,

Kernighan and Lin 000 0000000000000 00O00ODO0OO0OO0O0O0O0OOOODOOOO 11)0O
goood

000 Tabu Search OO0 00000 DOOODODOODOOOODODOODODODOOOODOOOODODOO
000000000000 0000000000000000000000DO00O0O0O00 Tabu Search OO
0000000000000 000000D000000000000000D00000DOJohnson et al.[5
OO00000O00D0ODOOO0O00D0O0O0 Simulated Annealing 0 Tabu Search 000000000

2 Tabu Search OO [

000000000000000000TabuSearch 000000000
00000000 min{e(z) |z€ X} (00O ¢: X -RO0D0D0000000,X000000000)0
O0D000000D000D0O0O0O0DO
N:X —2%

ocoooooooo NODOOOOOOODOOOODOOOODOOOO0ODO,00D000000000004Tabu
Search 0 Glover [1,2]00000000,00 NOOOUOOOOOODOODODOOODOOUODO (oooao,
00000000000000)0000000000000000000000000000000 TLO
oOo0ooOooO0oOoOo0O0,00o000boo00oo00ooo0DObOO00OoOooODOOTabu Search OO
gboooboo 000000000000,0000000 meovedOODOO

' ife(a’) <ely) forally € N(x)\ TL

() = =°
TN g #N@\TL=0

procedure Tabu Search
1t:=0

2 x := some initial solution



TL:= 10
Tabu_Length := a positive integer

while stopping-criterion # yes do

3

4

5

6 Tyr1 := move(zy)

7 TL:=TLU{x} \ {Z¢t—TabuLength }
8 t:=t+1

9

return x
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00000000000000000000000000

READ_INSTANCE(): 00O0O0000000000000000000 TabuLengh (0000000
0), Stop_Time (0000), Clear Count (00 00000000)00000000000000
INIT_.CALC(): 0000 i0000 SG) 0 DGE)00000000

UPDATE.SD() 000000000000000000S(G) 0 DE)OO0O0O0OO

MOVELR(): 000 LOO0OO0 (0000000000000000)RO0OOO0O0OO0O0OO00OO
000000000000 ROOOOOO

MOVE_RL(): MOVELR()OOOOOROO LOOOOOOOO

BACKUP DATA(): 00000000000000000000000S(G), D(G) 000000
RESTORE DATA(): 00000000D000SG), D()000000

CLEAR_LIFESPAN(): 00000 LSOO0OO0O0O0OO0O

TIME_PROCESS(): 00 timeD0 0000000000000000000Otme 000000
000D00000000000 TabuSearch 0000000

procedure 00000000000 Tabu Search
1 READ_INSTANCE()
INIT_CALC()
swapmode ;=2 (2-move 0 l-move 00 0O00O0)
time := bestcount := 0
bestcut ;=00 (0OO00OOODOOOODOOOONO)
while time < Stop_Time do
movecount := 0
while movecount < swapmode do
MOVE_LR()
UPDATE_SD()
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movecount := movecount + 1

—_
[\

movecount := 0

—
w

while movecount < swapmode do



14 MOVE_RL()

15 UPDATE_SD()

16 movecount 1= movecount + 1
17 if ¢(L, R) < bestcut then

18 bestcut := ¢(L, R)

19 bestcount := 0

20 time :=0

21 BACKUP_DATA()

22 else

23 bestcount := bestcount + 1

24 if bestcount > Clear_Count then

25 bestcount :=0

26 RESTORE_DATA()

27 CLEAR_LIFESPAN()
28 if swapmode := 2 then
29 swapmode := 1

30 else

31 swapmode := 2

32 TIME_PROCESS()

33 return bestcut
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Figure 1: The evolution of the cost function during Annealing?2.
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Figure 2: The evolution of the cost function during Tabu Search.
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Table 1: Effect of Re-annealing on the average, maximum, minimum cost function.

5—SA 000 SA
goo-0o0 go oo 0Od go oo 00
0oogd-500 213.6 227 206 2104 215 206
OoO00O-1000 33979 3447 3382 3386.9 3402 3382
0oogd-500 252.8 456 178 226.3 432 178
goo0o-1000  40.1 66 22 30.7 42 16
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Figure 3: Effect of Tabu_Length on the cost function (without using other parameters).
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Figure 4: Effect of Tabu_Length on the cost function (Clear_Count = 2000).
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Figure 5: Effect of Tabu_Length on the cost function (BIAS = 2).
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Figure 6: Effect of Tabu_Length on the cost function (BIAS = 2, Clear_Count = 2000).
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Table 2: Average Cost Function for 16 Random Graphs

p(n—1)
n 2.5 5.0 10.0 20.0 Algorithm
124 13.2 63.6 178.5 454.4 Annealing?2
13.0 63.0 178.0 449.0 Tabu Search
250 309 115.1 358.6  829.9  Annealing2
29.5 114.2 357.7 828.2 Tabu Search
500  55.0 2225 630.4 1749.9 Annealing2
51.2 2194 628.9 1745.2 Tabu Search
1000 105.1 456.8 1373.0 3389.3 Annealing2
102.6 451.6 1366.3 3387.8 Tabu Search

03:160000000000000000((@)000
Table 3: Average Running Times in Seconds for 16 Random Graphs

p(n—1)
n 2.5 5.0 10.0  20.0 Algorithm
124 23.3 17.8 11.4 15.7 Annealing?2
0.9 1.9 1.8 1.5 Tabu Search
250 57.3 70.2 81.8 67.2  Annealing2
6.3 9.6 8.6 19.7  Tabu Search

500  253.5  239.0 230.1 181.0 Annealing2
180.0 117.1  68.7 54.3 Tabu Search
1000 1288.7 1206.5 681.5 905.0 Annealing2
458.1  265.8 158.6 98.3 Tabu Search
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Table 4: Average Cost Function for 8 Geometric Graphs

nrd?
n 5 10 20 40 Algorithm
500 18.2 50.2 220.6 693.6  Annealing2
2.2 26.0 178.0 412.0 Tabu Search
1000 34.0 92.4 350.5 1081.2 Annealing2
2.7 39.0 222.0 737.0 Tabu Search
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Table 5: Average Running Times in Seconds for 8 Geometric Graphs



nmd?
n 5 10 20 40 Algorithm
500 184.2 181.0 101.7 133.2 Annealing2
89.2 40.4 25.3 7.7 Tabu Search
1000 987.4 1163.4 662.7 337.2 Annealing2
265.3 156.5 49.7 10.2 Tabu Search
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Table 6: Best Cost Function for 16 Random Graphs



p(n—1)
n 2.5 5.0 10.0 20.0 Algorithm
124 13 63 178 449  Annealing?2
13 63 178 449  Tabu Search
13 63 178 449  best known
250 29 114 357 828  Annealing2
29 114 357 828 Tabu Search
29 114 357 828  best known
500 51 218 626 1744  Annealing2
49 218 626 1744 Tabu Search
52 219 628 1744  best known
1000 100 450 1364 3382  Annealing2
96 449 1362 3382 Tabu Search
102 451 1367 3389  best known

O7.80000000000000000O0O0O00O003
Table 7: Best Cost Function for 8 Geometric Graphs

nmd?

n 5 10 20 40 Algorithm
500 10 26 178 449  Annealing2
2 26 178 412 Tabu Search

26 178 412  best known

1000 18 55 222 742  Annealing2
1 39 222 737 Tabu Search

3 39 222 737 best known
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