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what will be mentioned.
Instead, try to understand
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Particle S warm Optimization (Recap)

O Particle Swarm Optimization (PSO): a nature-inspired optimization algorithm based on how
birds flock or fish school while searching for food. It's commonly used to solve continuous and
numerical optimization problems, where particles (solutions) adjust their positions by learning
from their own experience and the swarm'’s best-known positions to find the optimal solution
among many possibilities.

d In other words, Particle Swarm Optimization is inspired from nature social behavior and
dynamic movements with communications of insects, birds and fish.
)
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The motivation behind Particle Swarm Optimization (PSO) was to develop a simple and efficient algorithm
that can balance exploration and exploitation, avoid getting trapped in local optima, and handle complex
non-linear problems. To achieve this, PSO relies on a population of candidate solutions (particles) that move
through the search space by updating their velocities and positions based on both their own best
experience and the swarm'’s global best, enabling the algorithm to efficiently reach near-optimal solutions
without complex control mechanisms.
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Particle S warm Optimization (Recap)

O Particle Swarm Optimization (PSO): a nature-inspired optimization algorithm based on how
birds flock or fish school while searching for food. It's commonly used to solve continuous and
numerical optimization problems, where particles (solutions) adjust their positions by learning
from their own experience and the swarm'’s best-known positions to find the optimal solution
among many possibilities.

d In other words, Particle Swarm Optimization is inspired from nature social behavior and
dynamic movements with communications of insects, birds and fish.

U Particle Swarm Optimization (PSO) is a population-based, swarm intelligence and
imitation-based algorithm because it operates using a group of insects (particles) that
collectively explore and exploit the search space, where solutions are improved through social
interaction, shared information, and coordinated movement. enabling the system to refine
solutions collaboratively rather than relying on a single solution evolving independently.
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The Three Pillars of Navigation (Recap)
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The concept of the Algorithm -
(Recap) \

d PSO uses a number of agents '
(particles) that constitute a swarm
moving around in the search space
looking for the best solution.

O Each particle in search space
adjusts its flying according to its
(i) own flying experience as well
as (ii) the flying experience of
other particles.




Movement of a Particle (Recap)

Xid+1 — de ES Vid+1

Position in Position in Velocity in
day d+1 day d day d+1
d+1
Vi — + Cqrq (X;PPest - Xid)+ C, 1, (X;Cbest- X.d)

- ) ¢ @

Inertia Cognitive Social



Common Problem to Solve

o

Linear Regression Problem (LRP)

Linear regression in machine learning is a supervised learning problem
where the goal is to model the relationship between one or more input
features and a continuous output by fitting a linear equation to observed
data.

Given a set of training examples, the model learns coefficients (weights) for each feature and a bias
term so that the predicted values are as close as possible to the actual targets. This is typically
achieved by MINIMIZING AN ERROR FUNCTION —most commonly the Mean Squared Error—
which measures the average squared difference between predicted and true values. The result is a
line, plane, or hyperplane (depending on the number of features) that best represents the underlying
pattern in the data.
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Linear Regression Problem (LRP)
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Linear Regression Problem (LRP)

We want to find aset ofi weiights
W= Wi, W W e W]

Where to formulate a fitted linear line that achieves

MINIMAL error betweenitheractual targetiand produced:
output fromithe line
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Implementation

Linear Regression Problem



Example to Implement
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Notes

We will use Mean Squared Error (MSE)
as objective function for LRP

As the dataset contajins 3 featulres (x;,X,,X3) solit. means
that the linear equation would be

Y = WaXak Wzlzw

As bias (b)is a constant, itis multiplied by 1 > bix 1




Notes

We will use Mean Squared Error (MSE)
as objective function for LRP

As the dataset contajins 3 featulresi (x;,X,,X3) solit. means
that the linear equation would be
Y= WX+ WoXo Hwe X+ b3 wieights/dim's)

As bias (b)is a constant, it iss multiplied by 1" > bix 1
which means that LR now contains 4 FEATURES
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Obijective Function

Mean Squared Error (MSE):




Importing Libraries

import random
import numpy as np




LR class (Initialize Parameters)

# Represent Linear Regression Problem (LRP)
class LR:
def init (self, iters=None, lb=None, ub=None, population size=58, inertia=1, cl=1.5, c2=1.5):
# Initialize the parameters of P50
self. inertia = inertia
self. ¢l =cl
self. 2 = c2
self. pop size = population size
self. 1b = 1b
self. ub = ub

self. epsilon = 1*(18**-188) # If No. of iterations is not used, an epsilon is taken in consideration

self. iters = iters

All 5 parameters of PSO is initialized in the
constructor

”
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LR class (Initialize method)

det initialize(self, dims):
# Initiaglize the solutions (Positions, Velocities ... etc)
if self. 1b is not None and self. ub is not None: # If not constrained
self. pop

np.random.uniform(self. 1b, self. ub, size=(self. pop size, dims))
else:

self. pop = np.random.rand(self. pop size, dims)
self. v = np.random.rand{self. pop size, dims)

self. fx = self. objective function()

self. pbest = self. pop.copy()

self. pb fx = self. fx.copy()

self. gbest = self. pop[np.where(self. fx==min{self. +Fx))]|[@
self. gb fx = min(self. +x)

The initialization of solution construction such as positions,
P — velocities, p. and g«

I 18



LR class (Objective Function method)

def _objective function(self):
# For Effective performance, matrix operations are used instead of Loops
# Mean squared error is used in the Objective function
#MSE=1/n*I(y -y )2
#y o= wl*x0 + wi*x1l + w2*x2 + ... + wn*xn | Where W = {w@, wl, w2, ... , wn} are weight coefficients (dimensions)
y_hat = self. X @ self. pop.T
return (1/self. X.shape[@]) * np.sum((self. vy - y hat)**2, axis=8)

Mean Squared Error (MSE):

19



LR class (Objective Function method)

def _objective function(self):
# For Effective performance, matrix operations are used instead of Loops
# Mean squared error is used in the Objective function
#MSE=1/n*I(y-y )2
#y o= wl*x0 + wi*x1l + w2*x2 + ... + wn*xn | Where W = {w@, wl, w2, ... , wn} are weight coefficients (dimensions)
y_hat = self. X @ self. pop.T
return (1/self. X.shape[@]) * np.sum((self. vy - y hat)**2, axis=8)

To compute y we must use the LR equation y = wgx, + w, X, ....

20




LR class (Objective Function method)

def _objective function(self):
# For Effective performance, matrix operations are used instead of Loops
# Mean squared error is used in the Objective function
#MSE=1/n*3 (y-y )2
#y = wo*x8 + wi*x1 + w2¥2 + ... + wn*xn | Where W = {w8, wl, w2, ... , wn} are weight coefficients (dimensions)
y_hat = self. X @ self. pop.T
return (1/self. X.shape[@]) * np.sum((self. vy - y hat)**2, axis=8)

So, we will use the weights/positions that each particle has, and
multiply the features of the dataset (x,,x,,x;) to the weights

(w1 lw21w3)
GD

”
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LR class (Objective Function method)

def _objective function(self):
# For Effective performance, matrix operations are used instead of Loops
# Mean squared error is used in the Objective function
#MSE=1/n*3 (y-y )2
#y = wo*x8 + wi*x1 + w2¥2 + ... + wn*xn | Where W = {w8, wl, w2, ... , wn} are weight coefficients (dimensions)
y_hat = self. X @ self. pop.T
return (1/self. X.shape[@]) * np.sum((self. vy - y hat)**2, axis=8)

For effective performance, we will utilize the matrix operations
in NumPy to perform matrix multiplication instead of looping

”
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LR class (Objective Function method)

def _objective function(self):
# For Effective performance, matrix operations are used instead of Loops
# Mean squared error is used in the Objective function
#MSE=1/n*I(y-y )2
#y o= wl*x0 + wi*x1l + w2*x2 + ... + wn*xn | Where W = {w@, wl, w2, ... , wn} are weight coefficients (dimensions)
y_hat = self. X @ self. pop.T
return (1/self. X.shape[@]) * np.sum((self. vy - y hat)**2, axis=8)

[W1]
[X:X2,%X3] X [W,] = x,w; + xX,W, + X3W5
[W3]

23
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Evaluate the objective function for \
each particle

Particle Swarm)
Optimization
Update Gbest for the entire S'I'e Ps

Update Pbest for each particle

population

Update each particle’s velocity

Update each particle’s position ‘

24
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LR class (fit method)

def fit(self, X, y):
# Same as sklearn, this function to fit the dataset into the model for training
# As the Llinear regression equation is defined as:
#y = wl*x1 + w2%x2 + ... + wn*xn + b
# You may notice that b is a bias -noise- and considered as WEIGHT
# b is MULTIPLIED BY 1
# b*1
bias = np.ones((X.shape[©8],1))
self. X np.hstack({(X,bias)) # concat the ones with the dataset to be --> x1, x2,
self. vy y.reshape((y.shape[8], 1))
self. initialize(self. X.shape[-1])

. XN

# Save best solution of the previous iteration

F

old gb fx = self. gb fx

# Check if iterations is defined by user or not
if self. iters is not None:

iterations = self. iters
else:

iterations = 18088666

¥

bias (ones)

— The same method “fit” of sklearn is used here to
” train the LR on the dataset (X features and y
targets)

25



Y 4

LR class (fit method)

def fit(self, X, y):
# Same as sklearn, this function to fit the dataset into the model for training
# As the Llinear regression equation is defined as:
#y = wl*x1 + w2%x2 + ... + wn*xn + b
# You may notice that b is a bias -noise- and considered as WEIGHT
# b is MULTIPLIED BY 1
# b*1
bias = np.ones((X.shape[©8],1))
self. X np.hstack({(X,bias)) # concat the ones with the dataset to be --> x1, x2,
self. vy y.reshape((y.shape[8], 1))
self. initialize(self. X.shape[-1])

. XN

# Save best solution of the previous iteration

F

old gb fx = self. gb fx

# Check if iterations is defined by user or not
if self. iters is not None:

iterations = self. iters
else:

iterations = 18088666

¥

bias (ones)

” — As mentioned before, the LR equation has (bias)

term which is a weight b that multiplied by one

26
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LR class (fit method)

def fit(self, X, y):

7

# Same as sklearn, this function to fit the dataset into the model for training
# As the Llinear regression equation is defined as:

#y = wl*x1 + w2%x2 + ... + wn*xn + b

# You may notice that b is a bias -noise- and considered as WEIGHT

# b is MULTIPLIED BY 1

# B

E

concat the ones with the dataset to wes » Xxn , bias (ones)

# Save best solution of the previous iteration

F

old gb fx = self. gb fx

# Check if iterations is defined by user or not
if self. iters is not None:

iterations = self. iters
else:

iterations = 18088666

@=®  s0, we added a column of ones into the dataset in

which we add another dimension/feature that is
Wy

27



LR class (fit method)

def fit(self, X, y):
# Same as sklearn, this function to fit the dataset into the model for training
# As the Llinear regression equation is defined as:
# Yy = wl®x1 + w2%x2 + ... + wn*xn + b
# You may notice that b is a bias -noise- and considered as WEIGHT
# b is MULTIPLIED BY 1
# b*1
bias = np.ones((X.shape[©8],1))
self. X = np.hstack((X,bias)) # concat the ones with the dataset to be --> x1, x2,
self. = y.reshape .shapef@], 1
self. initialize(self. X.shape[-1])

¥

# Save best solution of the previous iteration
old gb fx = self. gb fx

# Check if iterations is defined by user or not
if self. iters is not None:

iterations = self. iters
else:

P The rest of the method is preparing PSO to be
performed

XH

¥

bias (ones)

28



LR

class (fit method) -Cont.

# Steps of Particle Swarm Optimization Algorithm

for iters in range(iterations):
# Step (1): Evaluate objective functions
self. fx = self. objective function()

# Step (2) and (3): Update pbest for each particle, and gbest for the entire population
for particle in range(self. pop size):
# Update pbest for each particle
if self. fx[particle] < self. pb fx[particle]:
self. pbest[particle] = self. pop|[particle].copy()
self. pb fx[particle]| = self. fx[particle]

# Update gbest for the entire population

if self. fx[particle]| < self. gb fx:

self. pgbest = self. pop[particle].copy()
self. pgb fx = self. fx[particle]

29



LR class (fit method) -Cont.

# Steps of Particle Swarm Optimization Algorithm

for iters in range(iterations):

# Step (1): Evaluate objective functions Step (1 ): Evaluate f(X) of all particles

self. fx = self. objective function()

# Step (2) and (3): Update pbest for each particle, and gbest for the entire population
for particle in range(self. pop size):
# Update pbest for each particle
if self. fx[particle] < self. pb fx[particle]:
self. pbest[particle] = self. pop|[particle].copy()
self. pb fx[particle]| = self. fx[particle]

# Update gbest for the entire population

if self. fx[particle]| < self. gb fx:

self. pgbest = self. pop[particle].copy()
self. pgb fx = self. fx[particle]

30



LR class (fit method) -Cont.

# Steps of Particle Swarm Optimization Algorithm

for iters in range(iterations):
# Step (1): Evaluate objective functions
self. fx = self. objective function()

Step (2): Update Pbest of each
particle

for particle in range(self. pop size):
# Update pbest for each particle
if self. fx[particle] < self. pb fx[particle]:
self. pbest[particle] = self. pop|[particle].copy()
self. pb fx[particle]| = self. fx[particle]

# Update gbest for the entire population

if self. fx[particle]| < self. gb fx:

self. pgbest = self. pop[particle].copy()
self. pgb fx = self. fx[particle]

31



LR

class (fit method) -Cont.

# Steps of Particle Swarm Optimization Algorithm

for iters in range(iterations):

# Step (1): Evaluate objective functions Y e
self. fx = self. objective function() Step (3)° Update ci‘bt?slt of the entire
popuiation

# Step (2) and (3): Update pbest for each particlg
for particle in range(self. pop size):
# Update pbest for each particle
if self. fx[particle]| < self. pb
self. pbest|[particle] = se
self. pb fx[particle] elf. fx[particle]

# Update gbest for the entire population
if self. fx[particle]| < self. gb fx:

self. pgbest = self. pop[particle].copy()
self. pgb fx = self. fx[particle]

32



LR class (fit method) -Cont.

# For effective performance, Matrix operations are used instead of Lloops
# Step (4): Update velocities

#FV=wVa+cl *rl?®* (pbest - X) + c2 * r2 * (gbest - X)

rl = np.random.rand()

r2 = np.random.rand()

inertia = self. inertia * (iterations-iters)/iterations # Decay of inertia --> More exploration at beginning and vice versag
self. v = inertia * self. v + self. cl1 * rl * (self. pbest - self. pop) + self. c2 * r2 * (self. gbest - self. pop)

# Step (5): Update positions
self. pop = self. pop + self. v

# If boundaries are constrained, any position that exceeds the boundary should be CLIPPDPS
if self. 1b is not None and self. ub is not None:
self. pop[self. pop » self. ub] = self. ub

Step (4): Update Velocities
self. pop[self. pop < self. 1b] = self. 1b o -

4
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LR class (fit method) -Cont.

# For effective performance, Matrix operations are used instead of loops

# Step (4): Update velocities

#FV=wVa+cl *rl?®* (pbest - X) + c2 * r2 * (gbest - X)

rl = np.random.rand()

r2 = np.random.rand()

inertia = self. inertia * (iterations-iters)/iterations # Decay of inertia --> More exploration at beginning and vice versa
self. v = inertia * self. v + self. cl1 * rl * (self. pbest - self. pop) + self. c2 * r2 * (self. gbest - self. pop)

# Step (5): Update positions
self. pop = self. pop + self. v

# If boundaries are constrained, any position that exceeds the boundary should be CLIP
if self. 1b is not None and self. ub is not None:

self. pop[self. pop » self. ub] = self. ub Step (4): Update V(-':*Iocities
self. pop[self. pop <« self. 1b] = self. 1b o o
. _— A tricky move is performed here, since inertia is

responsible of Exploration in which it depends on
Y the current direction of the particle only. 34



LR class (fit method) -Cont.

# For effective performance, Matrix operations are used instead of loops
# Step (4): Update velocities

#FV=wVa+cl *rl?®* (pbest - X) + c2 * r2 * (gbest - X)

rl = np.random.rand()

# Step (5): Update positions
self. pop = self. pop + self. v

# If boundaries are constrained, any position that exceeds the boundary should be CLIPPED
if self. 1b is not None and self. ub is not None:

self. pop[self. pop » self. ub] = self. ub

self. pop[self. pop <« self. 1b] = self. 1b

D Inertia decay: reducing the value of inertia over
” iterations to increase exploitation toward best
Y solutions in late iterations. 35



LR class (fit method) -Cont.

# For effective performance, Matrix operations are used instead of Lloops
# Step (4): Update velocities

#FV=wVa+cl *rl?®* (pbest - X) + c2 * r2 * (gbest - X)

rl = np.random.rand()

r2 = np.random.rand()

inertia = self. inertia * (iterations-iters)/iterations # Decay of inertia --> More exploration at beginning and vice versa
self. v = inertia * self. v + self. cl1 * rl * (self. pbest - self. pop) + self. c2 * r2 * (self. gbest - self. pop)

# Step (5): Update positions
self. pop = self. pop + self. v

Step (5): Update Positions

# If boundaries are constrained, any position that exceeds the boundary should be CLIPPED
if self. 1b is not None and self. ub is not None:

self. pop[self. pop » self. ub] = self. ub
self. pop[self. pop < self. 1b] = self. 1b
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LR class (fit method) -Cont.

# For effective performance, Matrix operations are used instead of loops

# Step (4): Update velocities

#FV=wVa+cl *rl?®* (pbest - X) + c2 * r2 * (gbest - X)

rl = np.random.rand()

r2 = np.random.rand()

inertia = self. inertia * (iterations-iters)/iterations # Decay of inertia --> More exploration at beginning and vice versa
self. v = inertia * self. v + self. cl1 * rl * (self. pbest - self. pop) + self. c2 * r2 * (self. gbest - self. pop)

# Step (5): Update positions
self. pop = self. pop + self. v

# If boundaries are constrained, any position that exceeds the boundary should be CLIPPED
if self. 1b is not None and self. ub is not None:

self. pop[self. pop » self. ub self. ub
self. pop[self. pop < self. 1b self. 1b

— If the problem is constrained (other than LRP) so
” we may use the upper and lower bound and clip
the positions that exceeded the limits 37




LR class (fit method) -Cont.

# Print the result

print(f"\rIteration: {iters+1:008000] and gbest = {self._ gb fx}", end="")

# If iterations is not defined by user, no difference stopping criteria is used
if abs{old gb fx - self. gb fx) < self. epsilon and iters > 188 and self. iters is None:
break

old gb fx = self. gb fx

For diversity, if maximum iterations stopping
criteria is not used. Instead, another one can be
applied that is epsilon difference, so if the
y — changes are too small, the algorithm will
terminate

38



LR class (fit method) -Cont.

# Print the result

print(f"\rIteration: {iters+1:00000 and gbest = [self. gb fx}", end="")

# If iterations is not defined by user, no difference stopping criteria is used
if abs{old gb fx - self. gb fx) < self. epsilon and iters > 188 and self. iters is None:

break
old gb fx = self. gb fx

For diversity, if maximum iterations stopping
criteria is not used. Instead, another one can be
applied that is epsilon difference, so if the

’ changes are too small, the algorithm will

terminate
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LR class (predict method)

det predict(self, X):
# Same as Sklearn, predict function to obtain the result on samples of data
bias = np.ones((X.shape|[8], 1))
new X = np.hstack((X,bias))
#y =wl*xl + w2¥x2 + ... + wn*xn + b | use the W coefficients of the found positions in PSO

predicted = new X @ self. gbest.T
return np.reshape(predicted, (predicted.shape(@], 1))

The same as Sklearn, the model has a method
“predict” to get a test sample and obtain the answer
Y = W.Xq + W,oX, + WaXs + b

o but now we got the optimal Weights (g,,...)

40



LR class (score method)

def score(selft, X, v):
# Use RZ2 Score as evaluation metric of the model
R2 = 1 - (55residual J/ S5total)
SS5residual = EZ(y - y )2
S55total = EF{v - mean)"2
= yv.reshape((y.-shape|[&].1))
v _hat = self.predict(X)

avg = sum{y)}Slen(y)

< % % H

S5residual = sum(({y-v _hat)®*2)
S55total = sum{{y-avg)®¥*2)
rz = 1 - (SSresidual/sSstotal)

return r2

In order to assess the model’s performance, we used
” R? score for regression tasks, it gives a measurement
similar somehow to Accuracy

41



dataset = np.loadtxt("multivariate linear regression_ 188 samples.csv”, delimiter=","', skiprows=1}

dataset
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® Reading
the dataset
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&~ =
X = dataset[:,:-1] # 5plit the features into variable X \

y = dataset[:,-1] # Split the target into variable y

model = LR{iters=58866, cl=2, c2=2, population size=28)
model . fit(X,v)

Iteration: 5686888 and gbest = 8.7884646181621596

TESTING
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EVALUATING THE MODEL USING R’

print{“The model achieved R2 Score= " ,model.score(X,y)[@] * 168, "&")

model.get best()
The model achieved R2 Score= 99.78531681432164 %

(array([4.93694715, 2.93813932, 2.00445684, 4.64253663]),

B.78846461081621596)
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Let’s see if it is true answer ?

The original line formed this dataset is:
y =5Xx, + 3Xx, +2x5; + 4

Our solution is [4.93694715,2.93813932, 2.00445684, 4.64253663]
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Let’s see if it is true answer ?

The original line formed this dataset is:
y =5Xx, + 3Xx, +2x5; + 4

Lets {est witlh unseen sanple |

Our solution is [4.93694715,2.93813932, 2.00445684, 4.64253663]
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Let’s see if it is true answer ?

The original line formed this dataset is:
y =5Xx, + 3Xx, +2x5; + 4

(458, =2y 3]

Our solution is [4.93694715,2.93813932, 2.00445684, 4.64253663]
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Let’s see if it is true answer ?

The original line formed this dataset is:
y =5Xx, + 3Xx, +2x5; + 4

v = B(48) & 3(-2) + 2(3) <= 4

Our solution is [4.93694715,2.93813932, 2.00445684, 4.64253663]
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Let’s see if it is true answer ?

The original line formed this dataset is:
y =5Xx, + 3Xx, +2x5; + 4

V B 206

Our solution is [4.93694715,2.93813932, 2.00445684, 4.64253663]
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Let’s see if it is true answer ?

The original line formed this dataset is:
y =5Xx, + 3Xx, +2x5; + 4

V B 206

Wihat is eur mecel answer %

Our solution is [4.93694715,2.93813932, 2.00445684, 4.64253663]
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Let’s see if it is true answer ?

The original line formed this dataset is:
y =5Xx, + 3Xx, +2x5; + 4

EE"F]'E IIF'EI IE}“{ ':_J 2’ 3 }

print("Model answer's: ", model.predict(sample)[8,8])
print("The original relationship is y = 5x1 + 3x2 + 2x3 + 4 , so the test sample must be (", 5%(4.5) + 3*(-2) + 2*%(3) + 4, ")")

Model answer's: 26.99589867796987
The original relationship is v = 5x1 + 3x2 + 2x3 + 4 , so the test sample must be ( 26.5 )

Our so Is [4.93694715,2.93813932,2.00445684,4.64253663]
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Let’s see if it is true answer ?

The original line formed this dataset is:
y =5x; +3x, +2x; + 4

SRUORS
sample = np.array([[4.5, -2, 3]1])

print(“Model answer's: ", model.predict(sample)[8,8])
print(“The original relationship is y = 5x1 + 3x2 + 2x3 + 4 , so the test sample must be (", 5%(4.5) + 3*%(-2) + 2*%(3) + 4, ")")

Model answer's: 26.99589867796987
The original relationship is v = 5x1 + 3x2 + 2x3 + 4 , so the test sample must be ( 26.5 )

' 4
Y 4

Our solution is [4.93694715,2.93813932,2.00445 563]
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Behavior of Particles

array([[4.93604715, 2.93813932, 2.808445684, 4.64253663],
[4.93604715, 2.93813932, 2.80445634, 4.64253663],
[4.93604715, 2.93813932, 2.808445684, 4.64253663],
[4.93694715, 2.93813932, 2.808445684, 4.64253663],
[4.936094715, 2.93813932, 2.88445634, 4.64253663],
[4.93694715, 2.93813932, 2.808445684, 4.64253663],
[4.936094715, 2.93813932, 2.8084456384, 4.64253663],
[4.93604715, 2.93813932, 2.88445684, 4.64253663],
[4.93604715, 2.93813932, 2.80445684, 4.64253663],
[4.93604715, 2.93813932, 2.808445684, 4.64253663],
[4.93694715, 2.93813932, 2.808445684, 4.64253663],
[4.936094715, 2.93813932, 2.88445634, 4.64253663],
[4.93694715, 2.93813932, 2.808445684, 4.64253663],
[4.936094715, 2.93813932, 2.8084456384, 4.64253663],
[4.93604715, 2.93813932, 2.88445684, 4.64253663],
[4.93604715, 2.93813932, 2.80445684, 4.64253663],
[4.93604715, 2.93813932, 2.808445684, 4.64253663],

D [4.93694715, 2.93813932, 2.808445684, 4.64253663],
[4.936094715, 2.93813932, 2.88445634, 4.64253663],
[4.93604715, 2.93813932, 2.808445684, 4.64253663]])
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Behavior of Particles

.93813932,
.93813932,
.93813932,
.93813932,
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.93813932,
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. 08445684,
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.88445684,
. 884456384,
.884456384 ,
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. 08445684,
. 88445684,
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. 884456384,
.884456384 ,
. 884456384,
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.64253663],
.64253663],
.64253663],
.64253663],
.64253663],
.64253663],
.64253663],
.64253663],
.64253663],
.64253663],
.64253663],
.64253663],
.64253663],
.64253663],
.64253663],
.64253663],
.64253663],
.64253663],
.64253663],
.642536631])
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The classification of Searching Algorithms

Scarch Algorithms

Bllcia Hounstic

Brological

E vl WECHIATY

Swarmm iniclligence based

Crravitatsomnal Scarch, Harmaooy
Search, Sumulated Anmealing

CGrenetic Algorithem,
Blemectic Algorithim

Sign-bascd Tritation hascd

Cuckoo Oiptinvization Algosithm, Pasticle Swarmm Optineiczaiao,
Imperialist Competitinee Adgornithm, Bat Algonthm, ShaiTled
Froe-Leaping, Cat Swarm Optimiceation, Lion Pridc Oplimizcr

Ant Colony Optimization. Termite Coloaw

OptumizEation, Arailficial Bee Colony




The classification of Searching Algorithms

Scarch Algorithms

Bllcia Hounstic

Evolutionary

Crravitatsomnal Scarch, Harmaooy

CGrenetic Algorithem, - -
Search, Sumulated Anmealing

Blemectic Algorithim

Tmratiom basod

Cuckoo Oiptinvization Algosithm, Pasticle Swarmm Optineiczaiao,
Imperialist Competitinee Adgornithm, Bat Algonthm, ShaiTled
Froe-Leaping, Cat Swarm Optimiceation, Lion Pridc Oplimizcr

Ant Colony Optimization. Termite Coloaw
OptumizEation, Arailficial Bee Colony




The classification of Searching Algorithms
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End of Course
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