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calculate_fitness(x,y):

return power (x +2 ¥y - 7, 2)+ power (2 £ x +y - 5, 2)
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get_best (svarm):
let best_fitness equal infinity
let best particle equal nothing
for particle in swarm:
update fitness of particle
if particle fitness is less than best_fitness:
let best_fitness equal particle.fitness
let best_particle equal particle

return best_particle
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update_fitness(x,y):

let particle fitness equal the result of calculate_fitness(x,y)

if particle.fitness is less than particle.best_fitness:
let particle best_fitness equal particle.fitness
let particle best x equal x

let particle best_y equaly
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Particle(x,y, inertia, cognitive_constant, social_constant):
let particle x equal to x
let particle.y equal toy
let particle.fitness equal to infinity
let particle.velocity equal to 0
let particle. best_x equal to x
let particle best_y equaltoy
let particle best_fitness equal to infinity
letparticle.inertia equal to inertia
let particle.cognitive_constant equal to cognitive_constant

let particle.social_constant equal to social_constant
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generate_swarm (number_of_particles):
let particles equal an empty list
for particle in range(number_of_particles):
append Particle (random (10, 10), random(-10, 10), INERTTA,
COGNITIVE_CONSTANT, SOCIAL_CONSTANT) to particles

return particles
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Inertia component:

inertia * current velocity
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Cognitive compenent:

cognitive acceleration * (particle best position - current position)

cognitive acceleration = cognitive constant * random cognitive number





OEBPS/Images/CH04_UN01_Hurbans.png
Suppese we have the following sentence and want to find which words can be.
excluded or included to maintain a meaningful phrase using a gene tic algeri thm:

THE QUICK BROWN FOX JUMPS OVER THE LAZY DOG
Incerrect phrases
THE BROWN JUMPS OVER
QUICK FOX OVER THE
THE FOX THE LAZY
GCeorrect phrases
THE QUICK FOX
QUICK FOX JUMPS
THE BROWN FOX DOG
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THE QUICK LAZY DOG

“Punctuation s excluded.
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generate_initial_population (population_size, individual size)
let population be an empty array
for individual in range 0 to population_size
let current_individual be an empty array
for gene in range 0 to individual_size
let random_gene be 0 or 1 randomly
append random_gene to current_individual

append current_individual to population

return population
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the errer te each data peint.

Possible regression lines
Decision trees split data using questions until the dataset is

perfectly split inte categeries. The Key concept s reducing

uncer tainty in the dataset.
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Inertia cempenent:

inertia * current velocity
=0.1%3
=0.3

Cognitive component:
cognitive acceleration = cognitive constant * random cognitive number
=0.5%0.2

=01

cognitive acceleration * (particle best position - current position)
=0.1%([7,1]- (4.8])

=0.1%sqrt((7-4)"+ (1-8))

=0.1%7.616

=0.7616

Secial component:
social acceleration = social constant * random social number

=0.5%0.5
=0.25

social acceleration * (swarm best position - current position)
=0.25 % ([0.626,10] - (4,8])

=0.25 * sqrt ((0.626 - 4)°+ (10 - 8)")

=0.25+3.922

=0.981

New velecity:

inertia component + cognitive component + social component
=0.3+0.7616 + 0.981
=2.0426
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caloula

_inertia(inertia_constant, velocity)s

return inertia_constant * current_velocity

calculate_cognitive_acceleration(cognitive_constant):

return cognitive_constant * random number between 0 and 1

calculate_social_acceleration(social_constant):

return social_constant * random number between 0 and 1

calculate_distance (best_x, best_y, current_x,current_y):
return square_root (
power (best_x - current_x), 2) + power (best_y - current_y), 2)

)
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caloula

social(social_constant,
swarm_best_x, swarm_best_y
particle_current_x,particle_current_y):
let acceleration equal social_acceleration(social_constant)
let distance equal calculate_distance(swarm best x,
swarm_best_y
particle_current_x,
particle_current_y)

return acceleration * distance
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run_dfs(maze, root_point, visited_points

let s equal a new stack
add root point tos
while s is not empty
pop s and let current_point equal the returned point
if current_point isnot visited:
mark current_point as visited
if value at current_node is the goal:
return path using current_point
else:
add available cells north, east, south, and west to a list neighbors
for each neighbor in neighbors:
set neighbor parent as current_point
push neighbor to s

return “No path to goal”
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Artificial nevral netwerks are inspired by the brain and can be

seen as just another ML medel.

ANNs are based on the

idea of the Perceptren.
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Ferward propagation is used te
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and is alse used in training.

ANNs are flexible and can be
adapted te selve many

different problems.
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oY

coine

4

1950s

- The term “ar tificial intelligence” is ceined.

- Cencept of artificial nevral netwerk is
intreduced.

- Model of the Perceptron is invented.

- LISP programming language is invented

1960s

- ML medels fer predictien are intreduced.
- Unima te rebot werks on a car assembly line.
- Shakey the rebot has natural mevement
and preblem-solving abllities.
- Paper highlighting the flaws of Perceptrens
creates deubt abeut the concept.

1970s
- BKG wins at backgammon (with luck).
- Evelutienary algorithms are pepularized.
- Freddy the rebet s able o use
visual perceptien.
- Proleg pregramming language is Invented.

19808

- LISP machines for expert systems.

- Hepe for neural netwerks via the
Introduction f backprepaga tion.

- Swarm intelligence is pepularized,

19908

- TD-Gammen shows the power of
reinforcement learning

- Experiments with autenemeus cars.

- [BM's Deep Blue becemes a chess champien.

- Rise of Internet bots and search.

2000s

- Game of checkers is selved.

- Face recognition with nevral networks.

- [BM's Watson wins at Jeepardy.

- XBex Kinect's advanced motion detectien.
- mart velce assistants by tech giants.

- Google’s Alpha Ge becemes a Go champien.
- Al-specific hardware and [T devices.

- Tumor detection better than decters

- Belf-driving cars.
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ACO algerithms use pheremenes and heuristics.

N ACO is useful for eptimization preblems like
““Ska  finding shertest paths er optimal task

schedules.

a5

Ants have a cencept of
memery and perfermance, m Bost fitness.
and can perform actions.
Aotien

Welghtings between a heuristic and the pheremenes on paths are
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by i
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stgmoid(n): #xpis & mathematical constant called

Feturn 1/ (14 0xp(-%)) +——" suler’s number, approdmately 2.18aS.

sigmoid_derivative(x):
return sigmoid (x) * (1 - sigmoid (x))
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run_ga (population_size, number_of_generations, knapsack_capacity):
let best_global fitness equal@
let global population equal...
...generate_initial_population(population_size)
for generation in range (nunber_of_generations):

let current_best_fitness equal.

...calculate_population_fitness(global_population, knapsack_capacity)
if current_best_fitness is greater than best_global_fitness:

let best_global_fitness equal current_best_fitness
let the_chosen equal...

...roulette_whee:

selection(global_population,population_size)

let the_children equal
...xeproduce_children(the_chosen)

let the_children equal...

...mutate_children(the children)

let global_population equal...
...merge_population_and_children(global_population, the children)
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FEATURE_MIN = (0,0, 0

FEATURE_MAX = (120, 10, 360, 400000]
FEATURE_COUNT = 4

scale_dataset(dataset, feature_count, feature_min, feature_max):
let scaled_data equal empty array
for data in dataset:
let example equal empty array
for i inrange (0, feature_count):
append scale_data_feature(data[i], feature_min(i], feature_max(i])
to example
append exanmple to scaled_data

return scaled_data

scale_data_feature(data, feature_min, feature_max):

return (data - feature_min) / (feature_max - feature_min)
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Reinforcement learning is applicable when a geal is knewn but

examples te learn from are not.

RL can use classical metheds er deep

ANN metheds.
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Deey
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New velecity:

inertia component + social component + cognitive component
(inertia « current velocity)
(social acceleration * (swarn best position - currzent position))

(cognitive acceleration  (particle best position - current position))
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calculate_gini (examples):

let label_counts equal £ind_unique_label_counts(examples)

let uncertainty equal 1

for label in label_counts:
let probability of_label equal label counts(label]/ length(examples))
uncertainty equals uncertainty - probability_of_label *2

return uncertainty
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calculate_information_gain(left, right, current_uncertainty):
let total equal length(left) + length(right)
let left gini equal calculate_gini(left)
let left_entropy equal length(left) / total * left_gini
let right gini equal calculate_gini(right)
let right_entropy equal length(right)/ total * right_gini
let uncertainty_after equal left_entropy + right_entropy
let information_gain equal current_uncertainty - uncertainty_after

return information_gain
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Spoed Terrain Degree Total
quality of visien experience
65km/h 5/10 180° 80,000
Min: 0 Min: 0 Min: @ Min: 0
Max: 120 Max: 10 Max: 360 Max: 400,000
value - min 65-0 180 -0 80000 - 0
max - min 120-0 360-0 400000 - 0
Scaled value 0.542 0.5 0.5 0.2
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f£ind_unique_label_counts(examples):
let class_count equal empty map
for example in examples:
let label equal example(‘quality’]
if label not in class_count:
let class_count[label] equal 0
class_count[label] equal class_count[label]+1

return class_count
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Inertia cemponent:

inertia * current velocity
=0.2%2.295
=0.59

Cognitive component:

cognitive acceleration = cognitive constant * random cognitive number
=0.35%0.2  Note:We're not adjusting the random numbers for sase of understanding enly.
=0.07

cognitive acceleration * (particle best position - current position)
=0.07 * ([7,1] - (9.925,3.325])

=0.07  sqrt ((7 - 9.925)"+ (1 - 3.325)")

=10.07 * 3.736

=0.266

Secial component:
social acceleration = social constant * random social number

=0.45%0.3
=0.135

social acceleration * (swarm best position - current position)
=0.135 * ((0.626,10] - [9.925,3.325])

=0.135 * sqrt((0.626 - 9.925)"+ (10 - 3.325)")

=0.135 * 11.447

=1.545

New velocity:

inertia component + cognitive component + social component
=0.59+ 0.266 + 1.545
=2.401
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fit_regr

ion_line(carats, prices):
let mean_x equal mean(carats)
let mean_ ¥ equal mean(price)
let sun_x_squared equal 0
for i in range(n):
let ans equal (carats(i] - mean_X) ¥ 2
sum_x_squared equal sum_x_squared + ans
let sum_multiple equal 0
for i in range(n):
let ans equal (carats(i]-mean_X) ¥ (price(i] - mean_Y¥)
sum_multiple equal sum_multiple + ans
let bl equal sum_multiple / sun_x_squared
let b0 equal mean_¥ - (b1 *mean_X)
letmin_x equalmin(carats)
let max_x equal max(carats)
let ylequalbo+bl *min x

let y2 equal b0+ bl *max_x
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calculate_individual_fitness (individual,
Xnapsack_items,
Xnapsack_max_weight)
let total weight equal 0
let total_value equal 0
for gene_index in range 0 to length of individual
let current_bit equal individual(gene_index]
if current_bit equalsl
add weight of knapsack_items[gene_index] to total_weight
add value of knapsack_items[gene_index] to total_value
if total weight is greater than knapsack_max_weight
return value as 0 since it exceeds the weight constraint

return total_value as individual fitness
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Ant functions:
visit_attraction(pheromone_trails)
visit_random_attraction()
visit_probabilistic_attraction(pheromone_trails)
roulette_wheel_selection(probabilities)
get_distance_traveled()
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Q(state, action)= ‘The maximum value of all actiens en next state

(1 - alpha) * 9(state, action) + alpha * (reward + gamma * Q (next state, all actions))

Learningrate  Currentvalve Learningrate Discount.
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run_bfs(maze, current_point, visited_points):
let g equal a new queue
push current_point to q
mark current_point as visited
while g is not empty:
Pop g and let current_point equal the returned point
add available cells north, east, south, and west to a list neighbors
for each neighbor in neighbors:
if neighbor is not visited:
set neighbor parent as current_point
mark neighbor as visited
push neighbor toq
if value at neighbor is the goal:
return path using neighbor

return “No path to goal”
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update_particle(cognitive_constant, social_constant,particle_velocity,
particle_best_x,particle_best_y,
swarm_best_x, swarm_best_y,
particle_current_x,particle_current_y)
let inertia equal calculate_inertia(inertia_constant,
particle_constant)
let cognitive equal calculate_cognitive(cognitive_constant,
particle_best_x, particle_best_y
particle_current_x, particle_current_y)

let social equal caleulat

social(social_constant,
swarm_best_x, swarm_best_y
particle_current_x,particle_current_y)

let particle.velocity equal inertia + cognitive + social

let particle.x equal particle.x + velocity

let particle.y equal particle.y + velocity
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train_with_g_learning(observation_space,action_space,
number_of_iterations, learning_rate,
discount, chance_of_random_move):
let q_table equal a matrix of zeros [observation_space, action_space]
for i in range(number of iterations):
let simulator equal Simulator (DEFAULT_ROAD, DEFAULT_ROAD_SIZE_X,
DEFAULT_ROAD_SIZE_Y, DEFAULT_START_X,
DEFAULT_START_Y, DEFAULT_GOAL_X,
DEFAULT_GOAL_Y)
let state equal simulator.get_state()
let done equal False
while not done:

if random.uniform(0, 1) > chance_of_random_movs

let action equal get_random_move()
else:

let action max(q_table(state])
let reward equal simulator .move_agent (action)
let next_state equal sinulator.get_state()

let done equal sinulator.is_goal_achieved()

let current_value equal q_table[state, action]

let next_state_max_value equalmax(q_table(next_state])

let new_value equal (1 - learning_rate) « current_value + learning_rate *

(reward + discount « next_state_max_value)

let g_table[state, action] equal new_value

let state equal next_state

return g_table
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Seclal component:

social acceleration * (swarm best position - current position)

social acceleration = social constant * random social number
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update_pheromones (evaporation_rate, pheromone_trails, attraction_count):
for x in range(0, attraction_count):
for v in range(0, attraction_count):
let pheromone_trails(x](y]equal
pheromone_trails[x]y] ¢ evaporation_rate
for ant in ant_colony:

pheromone_trails(x](y]+=1/ ant.get_distance_traveled()
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sumof 0
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get_best (ant_population, previous_best_ant):
let best_ant equal previous_best_ant
for ant in ant_population:
let distance_traveled equal ant.get_distance_traveled ()
if distance_traveled < best_ant.best_distance:
let best_ant equal ant

return best_ant
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solve(total_iterations, evaporation_rate, number_of_ants_factor,
attraction_count):
let pheromone_trails equal setup_pheromones ()
let best_ant equal Nothing
for i inrange(0, total iterations):
let ant_colony equal setup_ants (number_of_ants_factor)
for r inrange (0, attraction_count - 1):
move_ants (ant_colony)
update_pheromones (evaporation_rate,
pheromone_trails,
attraction_count)

let best_ant equal get_best (ant_colony)
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minmax_ab_pruning (state, depth, min_or_max, last_move [alpha, beta):

let current score equal state.get_score
if current_score is not equal to 0 or state.is_full or depth is equal to 0:
return new Move (last_move, current score)
let best score equal tomin_or max multiplied by —eo
let best_move = -1
for each possible choice (0 £o 4 in a 5x4 board) as move:
let neighbor equal to a copy of state
execute current move on neighbor
let best_neighbor equal
minmax (neighbor, depth -1, min_or_max * -1, move,
if (best_neighbor.score is greater than best_score and min_or_max is MAX)
or (best_neighbor .score is less than best_score and min_or_max is MIN):

let best_score = best_neighbor .score

let best_move = best_neighbor move
if best_score >= alpha:

alpha = best_score
if best_score <= beta:

beta = best_score

if alpha >= beta:

break

return new Move (best_move, best_score)
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minmax(state, depth, min_or_max, last_move):
let current score equal state.get_score
if current_score isnot equal to 0 or state.is full or depth is equal to 0:
return new Move (last_move, current_score)
let best_score equal tomin_or_max multiplied by -
let best_move = -1
for each possible choice (0 to 4 in a 5x4 board) as move:
let neighbor equal to a copy of state
execute current move on neighbor
let best_neighbor equal minmax (neighbor, depth -1, min_or_max € -1, move)
if (best_neighbor.score is greater than best_score and min_or_max is MAX)
or (best_neighbor .score is less than best_score and min_or_max is MIN):
let best_score = best_neighbor .score
let best_move = best_neighbor move

return new Move (best_move, best_score)
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calculate_cost(origin, target):
letdistance_to_root equal length of path from origin to target
let cost to move equal get_move_cost(origin, target)

return distance_to_root + cost_to_move

move_cost (origin, target

if target is north or south of origin:
return s
else:

return 1
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run_astar (naze, root_point, visited_points):
let s equal a new stack
add root_point to s
while s is not empty
pop s and let current_point equal the returned point
if current_point isnot visited:
mark current_point as visited

if value at current_node is the goal:

return path using current_point
else:
add available cells north, east, south, and west to a 1ist neighbors
for each neighbor in neighbors:
set neighbor parent as current_point
set neighbor cost as caloulate_cost(current_point,neighbor)
push neighbor to s
sort s by cost ascending

return “No path to goal”
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etup_ants(attraction_count, number_of_ants_factor):
let number_of_ants equal round (attraction_count * number_of_ants_factor)
let ant_colony equal to an empty array
for i in range(0, number_of_ants):
append new Ant to ant_colony

return ant_colony
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Ant(attraction_count

let ant.visited_attractions equal an empty array
append a random number between 0 and

(attraction_count - 1) to ant.visited_attractions
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get_distance_travelled (ant):
let total_distance equal 0
for a in range(l, length of ant.visited attractions):
total_distance += distance between ant.visited attractions(a - 1]and
ant.visited_attractions(a]

return total_distance
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cost_movement (next_x, next_y):

if road(next_x](next_y)equals ROAD_OBSTACLE_PERSON:
return ROAD_OBSTACLE_PERSON_REWARD

else if road(next_x](next_y]equals ROAD_OBSTACLE_CAR:
return ROAD_OBSTACLE_CAR_REWARD

else if road(next_x](next_y]equals ROAD_GOAL:
Teturn ROAD_GOAL_REWARD

else:

return ROAD_EMPTY_REWARD

is_within_bounds(next_x,next_y):
if road_size_x >next_x >= 0 and road_size_y > next_y >= 0:
return True

return False

is_goal_achieved():
if agent_x equals goal_x and agent_y equals goal_y:
return True

return False

get_state():

return (road_size_x *agent_x)+ agent_y





OEBPS/Images/CH09_F04_Hurbans.png
Dendrites

Cell bedy ®





OEBPS/Images/CH06_F02_Hurbans.png
After 4 minvtes After 8 minutes





OEBPS/Images/CH06_F21_Hurbans.png
—

e





OEBPS/Images/CH06_F23_Hurbans.png





OEBPS/Images/CH09_F23_Hurbans.png
Cost

Weight

Cost

Weight





OEBPS/Images/CH09_F25_Hurbans.png
cost

Adjustment 1

Weight

cost

Ad justment 2

Weight

cost:

Ad justment 3

Weight





OEBPS/Images/CH04_F18_Hurbans.png
1 2
Encede Sot
solution algerithm
space. parameters)

M

. The next step is selecting parents that
will reproduce new individuals.

who will be the lucky candidates that

Select
parents.

Reproduce

Create Measure will spread their genes?
initial fitness of e 9@
population. individuals.
L 6 7 B

offspring.

Populate Measure
naxt‘ fitness of
generation, individuals.






OEBPS/Images/CH03_F21_Hurbans.png
Max

Min

Max






OEBPS/Images/CH06_UN10_Hurbans.png
(pheromones on path x)® * (1 / heuristic for path x)°

wniibie ((Pheromones on path n)® * (1 / heuristic for path n)?)
aestinations





OEBPS/Images/CH09_F02_Hurbans.png
1 2 3 4 5
c'dll“;t‘": Prepare Traina Test the Improve
un :;n'“ data. model. model. accuracy.

N
N






OEBPS/Images/CH09_F06_Hurbans.png
Inputs Weights Hidden nede Output

Moltiply inputs

~0.0125 ( and weights

Apply activation

Price 0.813 -3 functien
Max price

Size 0.312%5 chance of being rented
Max size =1.56

0.312 Sum weighted
inputs





OEBPS/Images/Shukla-MLTF-HI.png
MACHINE
LEARNING

sorfFlow






OEBPS/Images/CH03_F02_Hurbans.png
COST

0w 0O -

>t






OEBPS/Images/CH04_F16_Hurbans.png
Encede

selutien
space.

Set
algerlthm
lparame ters)

—

Create

Measure
fitness of

initial
popula tion.

individuals.|

N ——

4. The next step is. meas.unns the fitness
oF individuals in the population.

which solutions are performing well?

7 8

Seloct
parents.

Reproduce

offspring.

Populate Measure
next fitness of
generation individuals.






OEBPS/Images/CH03_F23_Hurbans.png
Rowrn e

Setvest

HEeies e e e of
irnin this sigaitn
Fecursivaly ith parametors:

PR

Simiatoty
sooing move

e state
e

i corrant
e 4 A

Setaphass

Hasnexs
Al nave






OEBPS/Images/CH06_UN12_Hurbans.png
roulette_wheel_selection(possible_indexes, possible_probabilities,
possible_attraction_count)s
let slices equal empty array
let total equal 0
for i inrange (0, possible_attractions_count):
append [possible_indexes(i], total, total + possible_probabilities(i]]
toslices
total += possible_probabilities(i]
let spin equal random (0, 1)
let result equal (slice for slice in slices if slice(1]< spin <= slice(2]]

return result





OEBPS/Images/CH09_F08_Hurbans.png
Size of property (m?)

80,

60

40

O Rented
X totrented

Discrininate
on the x-axis
| and the y-axis.
o
+ o
G o
+ x
o X
o x X
X
—
2,000 4,000 6,000 8,000

Price per menth (§)

Size of property (m?)

Linear problen:
classitied by a
straight line.

80

60

40

20

2,000 4,000 6,000 8,000
Price per month ()





OEBPS/Images/CH07_F18_Hurbans.png
£(7,1)= (7T+2(1)- 7)Y+ (2(7)+1-5) =104
£(-1,9)= (-1 +2(9) - 7)**+ (2(-1)+ 9-5) =104
£(-10,1)= (-10 + 2(1) - 7f+ (2(-10)+ 1 - 5)° =801
£(-2,-5)= (-2+2(-5) - 7)*+ (2(-2) - 5 -5)" =557





OEBPS/Images/CH09_F21_Hurbans.png
Inputs  Weights  Hidden nodes Output

S 0
Tl ¥a
Lies e
M pH
Speed vany
Terrain
quality
& Colliston?
Dogree
of vision
Total
experience o
wan)
o3
e






OEBPS/Images/CH09_F29_Hurbans.png
Step unit

Sigmeid

Hyperbelic
tangent

Rectified
linear unit (ReLU)

1





OEBPS/Images/CH07_F14_Hurbans.png
2 3 4
Sotvp Caloulate Update Caleulate
Hricid by fitness of positlons fltness of
particles. of particles. particles.
1. Create o swarm of particles with
eact X i
i particle’s position initialized to No /Roaches
random point, and set the particles’ L stopping
velocities +o zero. gonditien
?
Yes
6
Retorn
best

selution.






OEBPS/Images/CH07_F16_Hurbans.png
Sotop Caloolate < Calculate
par tioles. fitness of posi tions fltness of
B particles. of particles. particles.

a. Determine how well each particle
solves the problem using the $itness

Sunction. Yo Reached
g stepping

condition

ves

Return
best
selution.






OEBPS/Images/CH01_F10_Hurbans.png





OEBPS/Images/CH04_F12_Hurbans.png
1 2
o K
$4 $7
Capaoity limit: 9kg
3 4
&= 45 $1
5 )
;; Skg / 4kg
$4 $3
8
2Kg g 3Kg
$5 $1

7

1 23 456 78

[xTolxTeJefe[1]o] rteminciuded?

svcceopog
£2555t28
s82838<sa°
2Q0asd o™
o P A





OEBPS/Images/CH04_F14_Hurbans.png
2 3. The next concrete step in the genetic

Encode Set algorithm liecycle is creating an initial
selution algerithm 5
space. parameteres. population.

Generate some possible solutions!
4 Setting the algorithm parameters does

happen beSore this step, but we will get

Creoate Measure

initial fitness of o this a.bit later once a general
population. individuals. understanding of the li%e cucle has been

established,
NE 6 7 8
Populate Measure @
Select Reproduce
" next fltness of

parents. offspring. generation| individuals.






OEBPS/Images/CH07_F12_Hurbans.png
Current position

Best pesition

Velecity





OEBPS/Images/CH07_F10_Hurbans.png
——————————> Wabble inwind

Drag during lift
— :| Plastic

Aluminum

Good performance = Lew drag and less wobble in the wind





OEBPS/Images/CH07_F31_Hurbans.png
P80s find geed selutions in large search spaces.

Current pesition

Particles use their best pesition

Bost pesition

and the swarm’s best pesition to

move threugh the search space.
Velecity

e

Ad justing the particles’ velocity is .
the critical step of the PSO =
algerithm using iner tia, cognitive,

and secial influence. Cogettve nfvanse

New velecity:

inertia component + social component + cognitive component
(inextia « current velocity)
(social acceleration * (swarm best position - current position))

(cognitive acceleration * (particle best position - current position))

; Particles move through
:

< Y o the search space while

finding different geod
selutions and ideally
cenverging en a glebal
‘( best solution.






OEBPS/Images/CH04_F10_Hurbans.png
Encode
solution
space.

Sot
algorithm
lparameters|

e

Greate
initial
population

Moasure

fitness of
individuale.

Seleot
parents.

N

1 The First step in the genetic
algorithm lifecuycle is encoding the
solukion space.

Reproduce

7
Populate

of fopring.

next
generation)

Measure.
fitness of
individuals.






OEBPS/Images/CH03_F08_Hurbans.png
-

“ >0

&
Fo)






OEBPS/Images/CH03_F06_Hurbans.png
The next lewest-
cestnede (8K, a
child of E.

The next lewest-
cestnede ls H, a

child of C. . ﬂ‘ _
7[_ej zq 2 \
2|§é sl sl 7 h

Adirect child of
Alsvisited,
because it has
the lowest cost
of children of &
and children of
all ether nedes
visited.

Nodas that coat moTe than the current loweat-coat
Path £o the solution can be ignored, because paths
to a golution via those nodes will be more expensive.

Sequence of
processing the stack

s

>[o[m[-Tx
NN e oa

BREREE
on oo

s
>[o[o][~[~[=]=]

NN s e o W





OEBPS/Images/CH06_F08_Hurbans.png
Circus
8
. é
/ s\% Balloon
-

3 0—0
Ferris  f
wheel @ af
[/

Bumper
cars





OEBPS/Images/CH06_F29_Hurbans.png
Set the probability of ants choesing a random attraction to visit (0.0 - 1.0) (0% - 100%)
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3
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NeuralNetwork (features, labels, hidden_node_count):
let input equal features
letweights input equal a random matrix, size: features ¥ hidden node count

let hidden equal zero array,

ize:hidden_node_count
let weights_hidden equal a random matrix, size: hidden_node_count
let expected_output equal labels

let output equal zero array,size: length of labels

forward_propagation():
let hidden_weighted_sum equal input -weights_input
let hidden equal sigmoid (hidden_weighted_sum)
let output_weighted_sum equal hidden - weights_hidden

let cutput equal sigmoid (output_weighted sum)
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Calculate update for weights between hidden nedes and eutput nede:
hidden * (3 * cost * sigmoid_derivative (output))

0.74859 « 2%
=0.74859 ¢ 2%
265

84274 « sigmoid_derivative(s.84274))
84274 % 0.210)

Calculate update for weights between input nedes and hidden nedes
input ® (2 * cost * sigmoid_derivative(output) * hidden weight)  sigmoid_derivative(hidden)

0.562% (2%
42 (2%
360

84274 * sigmoid_derivative (0.84274) * 0.86) * sigmoid_derivative(9.74859)
84274 % 0.210 + 0.86) € 0.218
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NeuralNetwork (features, labels, hidden_node_count):
let input equal features
letweights_input equal a random matrix, size: features ¥ hidden node_count

let hidden equal zero array, size: hidden_node_count

let weights_hidden equal a random matrix, size: hidden_node_count
let expected_output equal labels

let output equal zero array,size: length of labels

back_propagation ():

let cost equal expected_output - output

let weights_hidden_update equal
hidden . (2 * cost * sigmoid_derivative(output))

let weights_input_update equal
input - (2 * cost * sigmoid_derivative(output) ¥ weights_hidden)
* sigmoid_derivative(nidden)

let weights hidden equal weights hidden+weights hidden update

let weights_input equal weights_input + weights_input_update
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run_neural_network (epochs):
let scaled_feature_data equal
scale_dataset(feature_data, feature_count, features_min, features_max)
let nn equal NeuralNetwork(scaled feature data,
scaled_label data,
hidden_node_count)
for epoch in range (epochs):
nn.forward_propagation ()

nn back_propagation ()
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NeuralNetwork (features, labels, hidden_node_count):
let input equal features
letweights input equal a random matrix, size: features ¥ hidden node count
let hidden equal zero array, size:hidden_node_count
let weights_hidden equal a random matrix, size: hidden_node_count
let expected_output equal labels

let output equal zero array,size: length of labels

letnn equal NeuralNetwork(scaled feature data,
scaled_label_data,

hidden_node_count)
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mutate_individual (individual, chromosome_length)
let random_index equal a random number between 0 and chromosome_length
if gene at index random_index of individual isequal to1:
let gene at index random_index of individual equal 0
else:
let gene at index random_index of individual equal 1

return individual
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£ind_best_split(examples, number_of_features):
let best_gain equal @
let best_question equal None
let current_uncertainty equal calculate_gini(exanples)
for feature_index in range(number_of_features):
let values equal [example[feature_index] for example in examples]
for value in values:
let question equal Question(feature_index, value)
let true_examples, false_examples equal
split_examples(examples, question)

if length(true_examples) I= 0 or length(false_examples) I=

let gain equal calculate_information_gain

(Lrue_examples, false_examples, current_uncertaintly)

if gain >= best_gais
best_gain, best_question equal gain, question

return best_gain, best_question
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build_tree(examples, number_of_features):

let gain, question equal £ind_best_split (examples, number_of_features)

if gain==10:
return ExamplesNode (examples)

let true_examples, false_examples equal split_examples(examples, question)

let true_branch equal build_tree(true_examples)

let false_branch equal build_tree(false_examples)

return DecisionNode (question, true_branch, false_branch)
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set_probabilities_of_population (population)
let total fitness equal the sum of fitness of the population
for individual in population
let the probability_of_selection of individual...

...equal it’s fitness/total_fitness

roulette_wheel_selection(population, number_of_selections):
let possible_probabilities equal
set_probabilities_of_population (population)
let slices equal empty array
let total equal 0
for i in range (0, number_of_selections):
append [i, total, total + possible_probabilities(i]]
to slices
total += possible_probabilities(i]
let spin equal random (0, 1)
let result equal (slice for slice in slices if slice(1]< spin <= slice(2]]

return result
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one_point_crossover (parent_a,parent_b, xover_point)

let children equal empty array

let child_1equal genes 0 to xover_point £rom parent_a plus...

.genes xover_point to parent_b length £rom parent_b

append child_1tochildren

let child_2 equal genes 0 to xover_point from parent_b plus

...genes xover_point to parent_a length from parent_a

append child_2 to children

return children
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(pheromones on path x) * (1 / heuristic for path x)~

1S4 ((pheromones on pathn)? * (1 / heuristic for pathn)®)
avmviaasion

((pheromones on path x)* « (1 / heuristic for path x)°) Apply this to each

attraction.
Ferriswheel: 11 (1/4)" =0.688
swings: 8% (1/6)° =0.222
Carousel: 10* (1/4)° =0.625
Bumper cars: 7% (1/7)° =0.143

Balloons: 5% (1/8)" =0.078

245 ((phezonones on path )* + (1 / heuristic for pathm)®) = 1.756 & Sum of all
arecinavion

Ferriswheel: 0.688 / 1.756
Swings: 0.222 / 1.756
Carousel: 0.625 / 1.756
Bumper cars: 0.143 / 1.756
Balloons: 0.078 / 1.756

& Highest prevability:
39.2%

& Bligh probatility
35.6%
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8plit_examples(examples, question

let examples_true equal empty array
let examples_false equal empty array
for example in examples:
if question.filter (example):
append example to exanples_true
else:
append example to examples_false

return examples_true, exanples_false
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3431 =c + 3.139x
3431 = c + 391.5594
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Complete regression line:

y = 3039.4406 + 0.3186x
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Inertia compenent:

inertia * current velocity
=0.2%0

=0

Cognitive compenent:
cognitive acceleration = cognitive constant * random cognitive number

=0.35%0.2
=0.07

cognitive acceleration * (particle best position - current position)
=0.07 x ((7,1]- (7,1])

=0.07*0

=0

Secial compenent:

social acceleration = social constant * random social number
=0.45%0.3

=0.135

social acceleration * (swarm best position - current position)
=0.135 * ((-10,1] - (7,1])

=0.135 * sqre ((-10 - 7)+ (1 - 1)) Distance formula: sqri((x1 - x2)%+ (y1 - y2)
=0.135%17

=2.295

New velecity:

inertia component + cognitive component + social component
=0+0+2.295
=2.295
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Uses fer artificial intelligece algerithms

Depth-first search
Useful when selutiens in a tree are knewn te be deep in the search space,
and possibly searching every branch of the tree is computationally feasible

Breadth-first search
Useful when selutiens in a tree are knewn te be shallew in the search space
and pessibly searching every branch ef the tree is computationally feasible

A* search
Useful in finding selutiens in a tree when a heuristic can be created to
guide the search and eptimize computation

Min-max search
Useful In selving adversarlal preblems where anether agent s competing
to find good selutions

Genetic algerithm
Useful when pessible selutions can be enceded as chremesemes and a fitness
function can be created to accurately score the perfermance of solutions

Ant colony eptimization
Useful in selving preblems where the solution censists of a sequence of
actiens er cheices, and when a “goed eneugh” selutien is suitable

Particle swarm eptimizatien
Useful in searching massive search spaces with many dimensions in the
selution space, and when an abselute best selution is net required

Linear regression
Useful to make predictions based on correlations between twe or more
featuresinadataset

Decision tree
Useful in categorizing examples in a dataset based on their features and
when the features are directly related to the categories of the examples

Artificial neural netwerk
Useful when making predictions based on a dataset when the data is
unstructured and there’s little understanding of deeper correlations

Q-Learning
Useful in selving preblems where an agent acts in an envirenment and
learning must happen threugh trial and error rather than histeric data
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Apply this to each

o euristic £or path x)”
((pheromones on path x)* * (1 / heuristic for path x)") attraction
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simulator (road, road_size_x, road_size_y,

agent_start_x, agent_start_y, goal_x, goal_y):

move_agent (action):
if action equals COMMAND_NORTH:
let next_x equal agent_x - 1
let next_y equal agent_y
else if action equals COMMAND_SOUTH:
let next_x equal agent_x +1
let next_y equal agent_y
else if action equals COMMAND_EAST:
let next_x equal agent_x
let next_y equal agent_y +1
else if action equals COMMAND_WEST:
let next_x equal agent_x
let next_y equal agent_y - 1
if is_within_bounds(next_x,next_y)equals True:
let reward_update equal cost_movement (next_x, next_y)
let agent_x equal next_x
let agent_y equal next_y
else:
let reward_update equal ROAD_OUT_OF_BOUNDS_REWARD

return reward_update
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visit_probabilistic_attraction(pheromone_trails, attraction_count, ant
alpha, beta):
let current_attraction equal ant.visited_attractionsf-11
let all_attractions equal range (9, attraction_count)

let possible_attractions equal all_attractions - ant.visited attractions

let possible_indexes equal empty array
let possible_probabilities equal empty array

let total_probabilities equal 0

for attraction in possible_attractions:
append attraction to possible_indexes
let pheromones_on_path equal
math .pow (pheromone_trails(current_attraction]{attraction], alpha)
let heuristic_for_path equal
math.pow (1/attraction_distances(current_attraction](attraction], beta)
let probability equal pheromones_on_path * heuristic_for_path
append probability to possible_probabilities
add probability to total_probabilities
let possible_probabilities equal [probability / total_probabilities
for probability in possible_probabilities]

return [possible_indexes, possible_probabilities]
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calculate_cognitive(cognitive_constant,
particle_best_x,particle_best_y
particle_current_x,particle_current_y):
let acceleration equal cognative_acceleration(cognitive_constant)
let distance equal caloulate_distance(particle best x,
particle_best_y
particle_current_x,
particle_current_y)

return acceleration * distance
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