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“It could be argued that evolutionary algorithms are not faithful
models of natural evolution. However, they certainly are a form of
evolution. As phrased by Dennett: “If you have variation, heredity,
and selection, then you must get evolution”.”1

Agoston E. Eiben and Jim Smith

1Agoston E. Eiben and Jim Smith. “From Evolutionary Computationto the
Evolution of Things”. Nature, 2015, p. 3.



1 Evolutionary algorithms
Genetic algorithms
Differential evolution

2 Swarm intelligence
Ant colony optimization
Particle swarm optimization



Evolutionary
algorithms



Evolutionary algorithms

Evolution

The evolution can be seen as an optimization process where living
creatures constantly adapt to their environment.

The fitters survive and propagate their traits to future generations.

Evolutionary algorithms are based on the evolution process.



Evolutionary algorithms

Genetic algorithms

In genetic algorithms there is usually a genotype representation of the
solutions (e.g., characteristic vector) and a genotype-phenotype mapping
(e.g., mapping from characteristic vector to actual solution).

The evolution process usually begins with an initial population of solutions and
and can be described by the following steps:

▶ Evaluation: associates to each solution of the current population a
fitness value.

▶ Selection: selects from the current population the parents of the next
generation.

▶ Crossover: combines the selected parents to obtain new solutions.
▶ Mutation: applies some mutations to the new solutions.
▶ Replacement: generates new population from the new solutions and the

original ones.



Evolutionary algorithms

Genetic algorithm

1. 𝑡 ← 0.
2. 𝑃0 ← Initial population of individuals.
3. 𝑏𝑒𝑠𝑡 ← best individual in 𝑃0.
4. While STOP CONDITIONS ARE NOT SATISFIED:
5. EVALUATE 𝑃𝑡.
6. 𝑃𝐴𝑅𝐸𝑁𝑇 𝑆𝑡+1 ← SELECT from 𝑃𝑡 parents of next generation.
7. 𝑂𝐹𝐹𝑆𝑃𝑅𝐼𝑁𝐺𝑡+1 ← CROSSOVER in 𝑃𝐴𝑅𝐸𝑁𝑇 𝑆𝑡+1.
8. If 𝑏𝑒𝑠𝑡 is worse than an individual in 𝑂𝐹𝐹𝑆𝑃𝑅𝐼𝑁𝐺𝑡+1, then:
9. 𝑏𝑒𝑠𝑡 ← best individual in 𝑂𝐹𝐹𝑆𝑃𝑅𝐼𝑁𝐺𝑡+1.
10. 𝑂𝐹𝐹𝑆𝑃𝑅𝐼𝑁𝐺𝑡+1 ← MUTATION in 𝑂𝐹𝐹𝑆𝑃𝑅𝐼𝑁𝐺𝑡+1.
11. If 𝑏𝑒𝑠𝑡 is worse than an individual in 𝑂𝐹𝐹𝑆𝑃𝑅𝐼𝑁𝐺𝑡+1, then:
12. 𝑏𝑒𝑠𝑡 ← best individual in 𝑂𝐹𝐹𝑆𝑃𝑅𝐼𝑁𝐺𝑡+1.
13. 𝑃𝑡+1 ← REPLACEMENT from 𝑂𝐹𝐹𝑆𝑃𝑅𝐼𝑁𝐺𝑡+1 and 𝑃𝑡.
14. 𝑡 ← 𝑡 + 1.
15. Return 𝑏𝑒𝑠𝑡.



Evolutionary algorithms

Evaluation

Computation and association of a numerical value (fitness) to
each solution, indicating the “quality” of the solution. Often
normalized to [0, 1].

Usually the fitness values are associated with the phenotype and
may depend on the objective value of the solution.

In order to diversify, the fitness can also consider “a distance” of
each solution to the other solutions in the population.



Evolutionary algorithms

Selection

Attempt to select “good” parents for next generation. The criterion for a
solution be “good” is usually dependent on the fitness value associated to each
solution. Typical methods for parent selection are:

▶ Fitness proportional selection (“roulette wheel selection”). The
individual 𝑥 is selected based on the probability value 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑥)

∑𝑦 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑦)
.

▶ Linear rank selection. The solutions are ranked being 𝜌 − 1 the rank of
the fittest and 0 the worst rank. The individual 𝑥 is selected on the
probability value 2−𝑠

𝜌
+ 2×𝑟𝑎𝑛𝑘(𝑥)×(𝑠−1)

𝜌2−𝜌
, where 1 ≤ 𝑠 ≤ 2 is a given

parameter.
▶ Uniform selection. All individuals have same probability of being

selected.
▶ Tournament selection. Randomly groups of candidates are considered,

executing tournaments on each group to select the winners.
▶ Truncation selection. The top individuals are selected.



Evolutionary algorithms

Crossover

Operation that mimics the crossover between genes to generate a new
one. Given two individuals 𝑥 and 𝑦, typical crossovers are:

▶ One point crossover. A cut position 𝑖 on the genome is randomly
selected and the new individuals are obtained by swapping the parts
after or before the cut (𝑥[1 … 𝑖]𝑦[𝑖 + 1 … 𝑛] or 𝑦[1 … 𝑖]𝑥[𝑖 + 1 … 𝑛]).

▶ Two points crossover. Similar to one point crossover, but
selecting two randomly cut positions.

▶ Uniform crossover. Each gene 𝑖 of the new solution have equal
probability of being equal to 𝑥[𝑖] or 𝑦[𝑖].

▶ Blend crossover. Commonly used on continuous optimization. The
new individual is obtained by a linear combination of 𝑥 and 𝑦.



Evolutionary algorithms

Mutation

Operation that resembles the mutation mechanism in which some
genome parts undergo random changes in nature. Given an
individual, typical mutations are:

▶ Bitflip mutation. Commonly used in binary genomes. Each
gene is probabilistically flipped.

▶ Random mutation. Generalization of bitflip mutation for
discrete genomes.

▶ Delta mutation. Usually used for real-number genomes.
Each gene can be probabilistically increased/decreased by a
predefined step Δ.

▶ Gaussian mutation. Similar to delta mutation. The
difference is that the step size is a random Gaussian number.



Evolutionary algorithms

Replacement (“Survivor selection”)

In order to reduce the memory used, given 𝑁 parents and 𝑀
offspring, 𝑁 individuals are selected for the new generation.
Typical strategies are:

▶ Age based selection. Oldest individuals are removed (e.g.,
first in first out, may also use some probability).

▶ Elitism selection. The fittest individuals are always selected.
▶ Tournament selection. Execute random tournaments and

select the solutions with most wins.

The above strategies are usually merged, e.g., to avoid local
optimum, select from the offspring the fittest individuals (age
based + elitism).



Evolutionary algorithms

Initialization and termination

The initial solutions are generally obtained by random procedures
that generates several and diverse individuals. These procedures
may may use greedy random generators and the initial solutions
may be improved by local search heuristics.

Usually the stop conditions of the algorithm are associated to a
maximum number of generations (iterations). However in some
context the fitness computation may be expensive and it can also
be used as a termination criterion.

Example of genetic algorithm over 2-wheels 2-dimensional cars

https://rednuht.org/genetic_cars_2/


Evolutionary algorithms

Differential evolution

Commonly used for continuous optimization problems.

The idea is to use individuals differences to execute a perturbation
instead of applying the crossover operator.



Evolutionary algorithms

Differential evolution

Define the crossover probability 𝜌 ∈ [0, 1] and the differential weight 𝜔 ∈ [0, 2]:
1. 𝑃 ← Initial population of individuals.
2. 𝑏𝑒𝑠𝑡 ← best individual in 𝑃.
3. While STOP CONDITIONS ARE NOT SATISFIED:
4. For each 𝑥 ∈ 𝑃:
5. 𝑦, 𝑤, 𝑧 ← Randomly selected individuals different from 𝑥.
6. 𝑝 ← a random position of 𝑥.
7. For each position 𝑖 of 𝑥:
8. 𝜌𝑖 ← uniform distributed number in [0, 1].
9. If 𝜌𝑖 < 𝜌 or 𝑖 = 𝑝, then: 𝑥′

𝑖 ← 𝑦𝑖 + 𝜔 × (𝑤𝑖 − 𝑧𝑖).

10. Else: 𝑥′
𝑖 ← 𝑥𝑖.

11. If 𝑥′ is better or as good as 𝑥, then: Replace 𝑥 by 𝑥′ in 𝑃.
12. If 𝑥′ is better than 𝑏𝑒𝑠𝑡, then: 𝑏𝑒𝑠𝑡 ← 𝑥′.
13. Return 𝑏𝑒𝑠𝑡.



Swarm intelligence



Swarm intelligence

What is swarm intelligence?

Strategy that emulates the behavior of a group of animals (e.g.,
ants, bees or birds).

Often the individuals of a group make decisions in a local and
decentralized way, but as a whole “intelligent” behaviors may
emerge.



Swarm intelligence

Ant colony optimization

Simulates the collective behavior of an ant colony, where:

▶ Ants can only “feel” locally and use pheromone trails while
searching for food.

▶ Ants select a path accordingly to the pheromone strength,
where the pheromone is stronger if more ants go along the
same path (reinforced by number).

▶ Also, the pheromone evaporates, implying that shorter paths
(best solutions) will have stronger pheromones.



Swarm intelligence

Ant colony optimization

Usually solutions are represented as paths, where each component
has associated a pheromone strength.

If an ant follows a path (a solution) then the pheromone strength
associated with the components is updated accordingly the path
length (solution quality).



Swarm intelligence

Ant colony optimization

1. Initialize pheromones.
2. 𝑏𝑒𝑠𝑡 ← ∅.
3. While STOP CONDITIONS ARE NOT SATISFIED:
4. For each artificial ant:
5. 𝑥 ← CONSTRUCT a path based on the pheromone trail.
6. If 𝑥 is better than 𝑏𝑒𝑠𝑡, then:
7. 𝑏𝑒𝑠𝑡 ← 𝑥.
8. UPDATE pheromones.
9. Return 𝑏𝑒𝑠𝑡.



Swarm intelligence

Pheromone representation

A solution to a combinatorial problem can be seen as an
attribution of values to 𝑛 discrete variables, where the possible
values of variable 𝑥𝑖 are in the discrete domain 𝐷𝑖.

Thus, each pair (𝑖, 𝑗) has a pheromone strength value 𝜎𝑖,𝑗
associated along the algorithm execution (1 ≤ 𝑖 ≤ 𝑛 and 𝑗 ∈ 𝐷𝑖).



Swarm intelligence

Path construction

The construction of a solution (path) can be done probabilistically,
depending on the pheromone values of the components, where the
probability of 𝑥𝑖 = 𝑗 for 1 ≤ 𝑖 ≤ 𝑛 and 𝑗 ∈ 𝐷𝑖 should be:

▶ proportional to 𝜎𝑖,𝑗.
▶ proportional to ℎ𝑖,𝑗, heuristic value that estimates the inverse of the

path length from (𝑖, 𝑗).

A formulae that has been proved effective is:

𝜌𝑖,𝑗 =
𝜎𝑎

𝑖,𝑗 × ℎ𝑏
𝑖,𝑗

∑𝑙∈𝐷𝑖∩𝒮 𝜎𝑎
𝑖,𝑙 × ℎ𝑏

𝑖,𝑙

Where 𝑎 and 𝑏 are constant to decide which importance is given for the
pheromone and the path length, and 𝐷𝑖 ∩ 𝒮 indicates the set of feasible
possible values of 𝑥𝑖 given that 𝑥𝑘 where already fixed for each 1 ≤ 𝑘 < 𝑖.



Swarm intelligence

Pheromone update

This operation should guarantee that:
▶ the pheromone strength values associated with “good” solutions are

increased (reinforcement).
▶ decrease the pheromone strength values associated with “bad”

solutions (evaporation).

If 𝑆 is a set of feasible solutions used to update the pheromone strength
values (path from current iteration or best paths along the whole
process) and a fitness value for each solution of 𝑆 calculated, then:

𝜎𝑖,𝑗 ← (1 − 𝑒) × 𝜎𝑖,𝑗 + 𝑒 × ∑
𝑠∈𝑆∧(𝑖,𝑗)∈𝑠

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑠)

Where 𝑒 ∈ (0, 1] is the evaporation rate factor.



Swarm intelligence

Particle swarm optimization

Instead of posting information in a board (as ant colony
optimization pheromones strength values), in this strategy the
individuals try to learn directly from their leader, which can be
local or global.

In that sense, this algorithms simulate a kind of non-Darwinian
evolution.



Swarm intelligence

Particle swarm optimization

Each particle 𝑥 (individual) of the swarm (population) has three
attributes:

▶ Current position 𝑝𝑥.

▶ Current velocity 𝑣𝑥.

▶ Best position found 𝑥𝑏𝑒𝑠𝑡.

For the whole swarm, the best particle is also recorded.



Swarm intelligence

Particle swarm optimization

1. 𝑆 ← Initial swarm.
2. EVALUATE particles of 𝑆.
3. 𝑏𝑒𝑠𝑡 ← best particle in 𝑆.
4. While STOP CONDITIONS ARE NOT SATISFIED:
5. For each particle 𝑥 ∈ 𝑆:
6. UPDATE VELOCITY of 𝑥.
7. UPDATE POSITION of 𝑥.
8. EVALUATE 𝑥.
9. If 𝑥 is better than its value in 𝑥𝑏𝑒𝑠𝑡, then:

10. 𝑥𝑏𝑒𝑠𝑡 ← 𝑝𝑥.
11. If 𝑏𝑒𝑠𝑡 is worse than some particle in 𝑆, then:
12. 𝑏𝑒𝑠𝑡 ← best particle in 𝑆.
13. Return 𝑏𝑒𝑠𝑡.



Swarm intelligence

Velocity and position update

The velocity of 𝑥 is updated as follows:

𝑣𝑥 ← 𝛼 × 𝑣𝑥 + 𝛽 × 𝜔1 × (𝑥𝑏𝑒𝑠𝑡 − 𝑝𝑥) + 𝛾 × 𝜔2 × (𝑝𝑏𝑒𝑠𝑡 − 𝑝𝑥)

Where, 𝛼, 𝛽 and 𝛾 are, respectively, the inertia weight and the
personal and social influence coefficients, while 𝜔1, 𝜔2 ∈ [0, 1] are
random number.

Then, the new position is updated depending on the velocity value:

𝑝𝑥 ← 𝑝𝑥 + 𝑣𝑥

* Usually the inertia weight coefficient increases linearly from .4 to .9, while values for personal and social influence
coefficients can be the same and equal to 2.
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