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GUIDELINE®S

You don't need to memorize
what will be mentioned.
Instead, try to understand

Fach PowerPoint
Presentation will be available
as PDF tile on Google Drive
Folder of the Course



THE CLASSIFICATION OF SEARCHING ALGORITHMS
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KEY CONCEPTS OF META-HEURISTIC
ALGORITHMS (RECAP)

@ Inspired from Artificial Intelligence rather than pure math, which means they are not based on algebraic models
There is no theoretical, which means lack of proofs

Capability of addressing both discrete and continues optimization problems

Efficiently explore the search space in order to find near-optimal feasible solutions

Provide no guarantee of global or local optima (BEST BENEFIT) which can lead to computational complexity

They balance exploration and exploitation, and incorporate randomness to avoid getting stuck in local solutions

« Meta-Heuristic: high-level, problem-independent strategies or frameworks designed to
solve



[Exploration }

e Searching new, unexplored areas of the solution space.
e Discover diverse solutions and avoid local optima.
e Randomness, diversification, and wide search space

coverage.
EXPLORATION e May explore unnecessary regions, increasing
AND computational cost.
EXPLOITATION [Epritation }
(RECAP)

e Refining known good solutions to improve performance.

e Optimize the best-known solutions for higher quality
results.

e Focused, intensification, and local optimization.

e May get trapped in local optima and miss the global
best solution.



GENETIC ALGORITHM
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CENETIC ALCORITHM 1N

Genetic Algorithm (GA) is a method for solving optimization and search problems by mimicking
the process of natural evolution. It's especially useful when the search space is huge, complex,
or poorly understood.
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Genetic Algorithm (GA) is a method for solving optimization and search problems by mimicking
the process of natural evolution. It's especially useful when the search space is huge, complex,
or poorly understood.

The Genetic Algorithm (Mainly all meta-heuristic algorithms) uses multiple climbers in parallel
to find the global optimum

GA's are useful for solving multidimensional problems
containing many local maxima (or minima) in the
solution space.



COMMON PROBLEM®S TO SOLVE

S-O=an Proolenn

placing eight chess queens on an 8x8 chessboard so
that no two queens threaten each other




IMPLEMENTATION

8-Queen Problem
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Columns as indices
(i.e. queen 1 atcol 0)

claés ﬂl_q|~ , 2 | 0 | 4 | 1 | 7 | = | b | 3
def init (self, population size, crossover probability, mutation probability, num of generations):
self. population size = population size
self. crossover probability = crossover probability
self. mutation probability = mutation probability
self. num of generations = num of penerations

self. population = []
ong_individual - [8] * 8
for 1 in range(self._population size):
copy = one_individual.copy()
for j in range(8):
copy[j] = random.randint(0,7)

| will represent (encode) each individual as 8-
indices as ,each index will be the
sglfl_pwulatim.append(mp!'r] number of which the queen exists
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def calculate fitness(self):
fitness_wvalues - []
for individual in self. population:
penalty = @
for queen in range{len{individual)):
for threat in range({len{individual)):
if gueen threat:
continue
queen

individual[ gueen]
abs(1i - J)
if individual[threat] in [r, r-d, r«d]:
penalty 1
fitness wvalues.zppend(-penalty)

i
j = threat
r
d

return fitness_wvalues
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Ezch threzit will loe consiciereel as penality Wilich
ot e eean: 15 THE NUM D Cjseyimalisie] <o

fitness_wvalues - [] S 6 7
for individual in self. population: 0
penalty = @ EE—
for queen in range{len{individual)): 1 u'_
for threat in range({len{individual)): 2 i
if gueen threat: 3
continue T |
i - gueen (r) 4 :W I A
j = threat 5 B
: TT?;?ldu?l[queen] & d
abs(i - 3) |
if individual[threat] in [r, r d, r-d]: 7 m

penalty 1 _
fitness_values.zppend(-penalty) (1) ()

return fitness_wvalues

Wewill rntltply escn penalty 9y =1 to inclicste thait reters to mistalkes



To change the interval of the penality = fitness = penalty + aos(minimumm) + |

def  selection(self, fitness vals):
Fitness values - fitness vals. o)
minimn fitness = s(rin(fitness values)) + 1
scaled fitness - [value - mininum fitness for value 10 Fitness valies,

st of Fitness = <un(scaled fitness)
robabilities - [value sun of fitness for value in scaled fitness]

selected population = random, choices(self, populztion, K = self. population size, velghts-probabilities)
retlrn selected population

Wee neecled to clo that to keep the oest inclivicual
Wit hignest fithess = Mesinnize
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Sinmuleriine) rezlity, tnere is & cnance et CRromMOSOMIES

colle] crossovel anel it mey ot tnen copy tne genes o Palrenits
def  crossover(self, parentl, parent?, probability): |
r = random.random() |fr<PC e|59
if r < probability:
middle point = random.randint(@,7) |
offspringl - parent1[:middle point] + parent2[middle point:] parent Chil 1 parent chil 1

offspring? - parent2[:middle_point] + parent1[middle point:]

glse: [> [>
offspringl = parentl.copy()

offspring? - parent2.copy()

parent2 Chla2 nareit? Child 2

return offspringl, offspring?




Rehmemloer thet mutEition naopens RARELY

[t nneans et the cenes colld oe neelitieed)
def mutation(self, individual, probability):
ind = individual.copy()
r = random.random()

if r < probability:

random_neuclutide = random.randint{@,7)

ind[ random_neuclutide] = random.randint{@,7)
return ind

5215|013 |1 2 |5245D312



EIGHT QUEENS CLASS (CROSSOVER-MUTATION METHOD)

EVelly tWo parents snould produce two cpiliefs
Each chilc can be mutated or not

—>{ mutation}|—{

I I
selected_pop new_pop new_pop
(after crossover) (after mutation)




def  crossover mutation(self, crossover probability, mutation probability):

new_population = []

for index in range(®, self. population_size, 2):
childl, child? = self. crossover(self. population[index], self. population[index+1], crossover probability)
new_population.append{childl)
new_population.append{child2)

for index in range{self. population size):
new_population[index] - self. mutation{new _population[index], mutation_probability)

self. population = new_population.copy()




def solution{self):
best_fitness _owerall = None
best_individual = MNone
for peneration in range{self._ num_of_generations):
fitness_values = self. calculate_fitness()
index_of best_fitness = fitness_wvalues.index{max{fitness_wvalues))
best_fitness - fitness values[index_of best fitness)
if best_fitness owverall is WNone or best fitness : best _fitness_owverall:
print{f"\riNo. of generation: {gemeration:®6} Best fitness (negative)={-best_fitness:83}", end=-""})
best_individual = self. population[index _of best fitness)

if best_fitness == @:
print{"\nFound optimal Solution")
return best_individual
self. population = self. selection(fitness walues)
self. crossover mutation(self. crossover probability, self. mutation_probability)

return best_indiwvidual




Tnis methee only to simulEte due el Seluton

def display grid{self, sol):
1st = [© o
representation = []
for 1 in range(8):
represemtation.append{lst.copy())

for col in range{len{sol}):
representation[sol[col]][col] = ™ O "
row_linme = "+" + ("---+' ¥ §)
for row in representation:
print{row_line)
print(™|" + "|".join({cell for cell in row) + "|")
nrint{row 1line}




my_problem - eight gueens{population size-6, crossover probability-0.65, mutation probability-2.1, num of gpenerations-18808)
sol = my_problem.solution()
print(sol)

No. of generation: @8@128 Best fitness (negative)=008
Found optimal Solution
[6, 8, 2, 7,5, 3,1, 4]
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my problem.di=play grid=sold)}
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