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Optimization problem
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Decision variables
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Search space

[0 Search space is the m-dimensional space that
determined by the boundaries of variables.

[0 Agents search this space to find the best
settings for variables.
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Optimization

[0 Methods of optimization
m Derivative based methods (gradient base)
B Derivative free
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Classic Optimization

[0 Let © be an unknown parameter vector and J (O ) the corresponding
cost function to be minimized. Function J (O ) 1s assumed to be
differentiable.

0 Gradient descent algorithm

The algorithm starts with an initial estimate ©(0) of the
minimum point and the subsequent algorithmic iterations
are of the form:

O(new) = @lold) + A0 (C.D

aJ(#)

AP = —u (C.2)

a6 #=81{erl)
where y> 0. If a maximum is sought, the method is known
as gradient ascent and the minus sign in (C.2) is
neglected.




Gradient descent algorithm
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FIGURE C.1: In the gradient descent scheme, the correction of the parameters
takes place in the direction that decreases the value of the cost function.
[0 The new estimate ©6(new) is chosen in the direction that decreases J(6).

[0 The parameter p is very important and it plays a crucial role in the
convergence of the algorithm.

O If it is too small, the corrections A6 are small and the convergence to the
optimum point is very slow.

O if it is too large, the algorithm may oscillate around the optimum value and
convergence is not possible
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Gradient descent algorithm

J(G}‘
/ However, if the parameter is
properly chosen, the
algorithm converges to a

|\ Y S stationary point of J (6 ),
= which can be either, a local

{ minimum (© 1) or a global

! minimum (©) or a saddle

3 \ point (62).

N it converges to a point where
6, 6 6, 6 the gradient becomes zero.

FIGURE C.2: A local minimum, a global minimum and a saddle point of J(8).

To which of the stationary
points the algorithm will
converge depends on the
position of the initial point,
relative to the stationary
points
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Random search
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Heuristic algorithms: Examples

- Evolutionary algorithm LSS i, &)

- Genetic Algorithm (GA) 850,

- Simulated annealing o3 s jlw 4l &,

- Ant colony search algorithm (ACSA) / (ACO)

OB a ) se Curan (5 saia 2y ) S

- Particle Swarm Optimization (PSO) <3 Cures 5 3bs 4iie

- Tabu search U s i

- Scatter search 38, s saiua

- Immune system (el sl

- Gravitational search algorithm (GSA) il 8 (s saian oy &
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[here are two types of metaheuristic
optimization algorithms:

v'i) single-point search algorithms

v'ii) population based search
algorithms.
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heuristic algorithms are
classified to

nature-inspired

v'bio-inspired algorithms

v physics/chemistry based algorithms
non-nature-inspired

[wo famous bio-inspired algorithms
are

vswarm intelligence (SI)-based

v'evolutionary algorithms 16
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Population

19



e oo plssl OPErators o, sla Sloe oS 4 o clacl oy

Syl ool lae (golass o ,s5l 4o
(alasd by 1 ,55) 598 0 ouab tiME G L iTEration o 1S5 o ol owiad ) S5 o o5

20



General form of the population based
heuristic search algorithms

. Settings .l Random

initialization
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Optimization

Search algorithms
Heuristic algorithms
Population based (Agents)
Iterative search

Random search

Parallel search
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Convergence
Exploration / diversification
Exploitation / intensification
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Evaluation
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Comparison

Experiments and comparison
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Various Versions of algorithms

p—

Single objective 48w SS
Multi-objective 48x xia
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Un-constraint s.b
Constraint s«

Real 2=~
— O Binary st
Discrete 4iwl8
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