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PROCEDURE Initialisation(Z, D, g, p_size);
/* generates a p_size population of strings */
BEGIN

FOR j = 0 to (p_size-1) DO
population ß Generate(Z, D, g, j);

END
return(population);

END /* Initialisation */

PROCEDURE Generate(Z, D, g, j);
/* create string length = (fitness value+|Z| values+|Z| binary template values) */
BEGIN

FOR i = 1 to |Z| DO
population[j,i] ß Rand(1, | Di |);
population[j,(i+|Z|)] ß Rand(0, 1);
END

population[j,0] ß Fitness(g, population, j);
return(population);

END /* Generate */

PROCEDURE Reproduction(Z, g, population, p_size, elite);
/* biased selection of parents from the population for mating in Crossover */
BEGIN

matepool ß Elitism(Z, g, population, p_size, elite);
FOR j = elite to (p_size-1) DO

matepool ß Select(Z, g, matepool, population, p_size, j);
END
return(matepool);

END /* Reproduction */

PROCEDURE Elitism(Z, g, population, p_size, elite);
/* selection of elite best population members for matepool */
BEGIN

population ß Sort(population, ascending);
FOR j = 0 to (elite-1) DO

FOR i = 0 to (2 * |Z|) DO
matepool[j,i] ß population[j,i];
END

END
return(matepool);
END /* Elitism */

PROCEDURE Select(Z, g, matepool, population, p_size, j);
/* biased selection of  population member using roulette wheel selection */
BEGIN

FOR j = 0 to (p_size-1) DO
p_fitness ß p_fitness + Fitness(g, population, j);
END

target ß Random() * p_fitness;
member ß Rand(0, (p_size-1));
total ß 0;
REPEAT

total ß total + Fitness(g, population, member);
IF total ≤ target THEN member ß member + 1;
IF member = p_size THEN member ← 0;

UNTIL (total > target);
FOR i = 0 to (2*|Z|) DO

matepool[j,i] ß population[member,i];
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END
return(matepool);

END /* Select */

PROCEDURE Crossover(Z, D, C, g, matepool, p_size, n_ospring, hc_time);
/* each offspring is created by exchanging parents’ genetic material using their binary templates */
BEGIN

FOR j = 1 to n_ospring DO
matepool ß UAX(Z, g, matepool, p_size, j);
IF C ≠ {} THENmatepool ß Repair(Z, D, C, g, matepool, (p_size- j));
IF hc_time > 0 THEN matepool ß HC(Z, g, matepool, hc_time, (p_size-j));
END

return(matepool);
END /* Crossover */

PROCEDURE UAX(Z, g, matepool, p_size, j);
/* create offspring by exchanging two parents string values using their binary templates */
BEGIN

p1 ß Rand(0, (p_size-1));
p2 ß Rand(0, (p_size-1));
p ß p1;
FOR i = 1 to |Z| DO

IF (matepool[p1,(i+|Z|)] = matepool[p2,(i+|Z|)] AND p = p1) THEN p ß p2;
IF (matepool[p1,(i+|Z|)] = matepool[p2,(i+|Z|)] AND p = p2) THEN p ß p1;
offspring[i] ß matepool[p,i];
offspring[i+|Z|] ß matepool[p,(i+|Z|)];
END

offspring[0] ß Fitness(g, offspring, 0);
FOR i = 0 to (2 * |Z|) DO

matepool[(p_size-j),i] ß offspring[i];
END

return(matepool);
END /* UAX */

PROCEDURE Repair(Z, D, C, g, matepool, j);
/* make sure the correct number of each domain value in C are represented in offspring j */
BEGIN

FOR i = 1 to |Z| DO
values[matepool[j,i]] ß values[matepool[j,i]] + 1;
END

number_of_low_values = 0;
FOR k = 1 to |D| DO

IF values[k] < number of required cars of this type, as specified in C THEN
number_of_low_values ß number_of_low_values + 1;
under[number_of_low_values] ßk;
END

END
FOR k = 1 to number_of_low_values DO

FOR m = 1 to (number of required cars of this type -values[under[k]]) DO
b_pos ß 0;
FOR i = 1 to |Z| DO

IF values[matepool[j,i]] > number of required cars of this type THEN
val_over ß matepool[j,i];
matepool[j,i] ß under[k];
matepool[j,0] ß Fitness(g, matepool, j);
IF matepool[j,0] < b_fitness OR b_pos = 0 THEN

b_fitness ß matepool[j,0];
b_pos ß i;
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END
matepool[j,i] ß val_over;
END

END
values[matepool[j,b_pos]] ß values[matepool[j,b_pos]] - 1;
values[under[k]] ß values[under[k]] + 1;
matepool[j,b_pos] ß under[k];
matepool[j,0] ß b_fitness;
END

END
END /* Repair */

PROCEDURE HC(Z, g, matepool, hc_time, j);
/* for hc_time CPU seconds exchange expensive val_a's  with val_b's which reduce the offspring
fitness  */
BEGIN

WHILE hc_time > Elapsed()
pos_a ß Fitness(g, matepool, j);
b_pos ß 0;
FOR i = 1 to |Z| DO

IF matepool[j,i] ≠ matepool[j,pos_a] THEN
val_b ß matepool[j,i];
matepool[j,i] ß matepool[j,pos_a];
matepool[j,pos_a] ß val_b;
matepool[j,0] ß Fitness(g, matepool, j);
IF matepool[j,0] << b_fitness OR b_pos = 0 THEN

b_fitness ß matepool[j,0];
b_pos ß i;
END

matepool[j,pos_a] ß matepool[j,i];
matepool[j,i] ß val_b;
END

END
val_b ß matepool[j,b_pos];
matepool[j,b_pos] ß matepool[j,pos_a];
matepool[j,pos_a] ß val_b;
matepool[j,0] ß b_fitness;
END

END /* HC */

PROCEDURE Elapsed();
/* return the number of CPU seconds elapsed */

PROCEDURE Fitness(g, population, j);
/* return the g-value (g is the objective function) of the j-th member of the population  */

PROCEDURE Fitness(g, population, j);
/* return a high cost j string value  */

PROCEDURE Rand(lower, upper);
 /* return a random number between lower and upper */

PROCEDURE Random();
 /* return a random number between 0.00 and 1.00 */

PROCEDURE Sort(population, ascending);
/* sort population in ascending fitness order */
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Pseudo Codes for HR and Tabu:
 (Z, D, C) is a CSP; in our tests, IterationLimit was set to 100,000 and TabuLengthLimit was set to 1.

PROCEDURE TABU_CSP_1(Z, D, C, IterationLimit, TabuLengthLimit)
BEGIN

FOR each variable xi in Z (random order) DO
x ß any value from Dx;
Tabu[i] ß empty list;
END;

i ß 1;
REPEAT

S ß set of variables which label violates some constraints;
pick a random variable y from S;
v ß value currently assigned to y;
V ß set of values in Dy which are not in Tabu[y];
y ß the value which in V which involves in the least number of conflicts, break ties

randomly;
Make v the last element of Tabu[y];
IF (the number of elements in Tabu[y] ³  TabuLengthLimit)
THEN Remove the first element from Tabu[y];

UNTIL i ³  IterationLimit;
END     /* of TABU_CSP_1 */

When TabuLengthLimit = 0, TABU_CSP_1 becomes a HR algorithm;
when TabuLengthLimit = 1, TABU_CSP_1 is a one-state Tabu algorithm.
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