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Soft computing became a formal area of
study in computer science in the early 1990s.
Prof. Lotfi Aliasker Zadeh has defined soft
computing as a number of techniques and
methods that deal with real-world situations
in the same way that people deal with them.
In computer science, soft computing
(sometimes referred to as Computational
Intelligence - CI) is the use of inexact
solutions to computationally hard tasks such
as the solution of NP-complete problems, for
which there is no known algorithm that can
compute an exact solution in polynomial
time. Soft computing differs from
conventional computing in that, unlike hard
computing, it is tolerant of imprecision,
uncertainty, partial truth, and approximation.
In effect the role model for soft computing is
the human mind.

Soft computing forms the basis of a
considerable amount of machine learning
techniques. The principal constituents of soft
computing are fuzzy logic, evolutionary
computation, and neural networks. Generally
speaking, soft computing techniques
resemble biological processes more closely
than traditional techniques, which are largely
based on formal logical systems. Soft
computing techniques are intended to
complement each other.

Soft computing se stal oficidlni oblasti studia
informatiky na pocatku 90. let. Prof. Lotfi
Aliasker Zadeh definoval soft computing
jako fadu technik a metod, které fesi realné
situace stejnym zpusobem, jakym by je fesili
lidé. V informatice je soft computing (nékdy
nazyvany vypocetni inteligence -
Computational Intelligence CI) pouzivan pro
nepiesna feSeni vypocetné naro¢nych ukolu,
jako je feSeni NP-uplnych problému, pro
které neexistuje zaddny znamy algoritmus,
ktery by dokazal vypocitat pfesna feSeni V
polynomialnim case. Soft computing se lisi
od konvencnich vypoctl tim, ze na rozdil od
nich je tolerantni k nepfesnosti, nejistote,
caste¢né pravd¢ a priblizeni. Modelem pro
soft computing je ve skutecnosti je lidska
mysl.

Soft computing tvofi zdklad znacného
mnozstvi metod strojového uceni. Hlavni
komponenty soft computingu jsou fuzzy
logika, evolucni vypocty a neuronové site.
Obecné feceno, techniky soft computingu se
podobaji biologickym procesim vice nez
tradicnim technikdm, které jsou zejména
zalozeny na formalnich logickych systémech.
Techniky soft computingu se vzijemné
dopliuji.

Fuzzy logic. Fuzzy logic is based on the
theory of fuzzy sets, which is a
generalization of the classical set theory.
Classical logic only permits conclusions
which are either true or false. In fuzzy logic
the truth values of variables may be any real
number between 0 and 1 inclusive.
Therefore, the membership function is a
curve that defines how each point in the input
space is mapped to a membership value
between 0 and 1. The input space is referred

Fuzzy logika. Fuzzy logika je zalozena na
teorii fuzzy mnoZin, coZz je zobecnéni
klasické teorie mnoZin. Klasicka logika
povoluje pouze zavéry, které jsou bud
pravdivé, nebo nepravdivé. Ve fuzzy logice
mohou byt pravdivostni hodnoty
proménnych libovolna redlna ¢isla mezi 0 a 1
vcetné. Proto je funkce pfisluSnosti prvku
k fuzzy mnoziné definovana jako kfivka,
ktera urcuje, jak je kazdy bod ve vstupnim
prostoru mapovan na hodnotu mezi 0 a 1.




to as the universe of discourse. The universe
of discourse X is a continuous space, we
usually partition X into several fuzzy sets.
These fuzzy sets, which usually carry names
that conform to adjectives appearing in our
daily linguistic usage, such as "large",
"medium” or "small" are called linguistic
variables.

Vstupni prostor je ozna¢ovan jako univerzum
diskurzu. Univerzum diskurzu proménné X
je spojity prostor a obvykle jej rozdélujeme
do nc¢kolika fuzzy mnozin. Tyto fuzzy
mnoziny se nazyvaji jazykové proménné,
protoze maji piifazeny ndazvy, které
odpovidaji pfidavnym jméniim objevujicim
se v nasem pfirozeném jazyce, napi. "velké",
"stiedni" nebo "malé".

Creating a system with fuzzy logic contains
four steps:

1. Rule base: It contains the set of IF-
THEN rules provided by the experts

to govern the decision making
system, on the basis of linguistic
information.

2. Fuzzification: It is used to convert
inputs i.e. crisp numbers into fuzzy
sets.

3. Inference engine: It determines the
matching degree of the current fuzzy
input with respect to each rule and
decides which rules from the rule
base are to be fired according to the
input field.

4. Defuzzification: It is used to convert
the fuzzy sets obtained by inference
engine into a crisp value.

Tvorba systému s fuzzy logikou probihd ve
¢tyfech krocich:

1. Baze pravidel: Obsahuje mnozinu IF-
THEN pravidel, které zahrnuji
jazykové promeénné. Tuto bazi
navrhli experti v dané oblasti.

2. Fuzzifikace: Pouziva se k prevodu
vstupll, tj. presnych cisel, na fuzzy
mnoziny.

3. Interference: Urcuje odpovidajici
stupen piislusnosti aktualniho vstupu
k fuzzy mnozing€ s ohledem na kazdé
pravidlo v bazi pravidel a rozhoduje o
tom, kterd pravidla maji byt dale
pouzita.

4. Defuzzifikace: Pouziva se k prevedeni

vysledné fuzzy mnoZiny na realnou
hodnotu.

Evolutionary computation. In computer
science, evolutionary computation is a family
of algorithms for global optimization
inspired by biological evolution. In technical
terms, they are a family of population-based
trial and error problem solvers with a
metaheuristic or stochastic optimization
character. In evolutionary computation, an
initial set of candidate solutions is generated
and iteratively updated. Each new generation
is produced by stochastically removing less
desired solutions, and introducing small
random changes. In biological terminology, a
population of solutions is subjected to natural
selection (or artificial selection) and
mutation. As a result, the population will
gradually evolve to increase in fitness, in this

Evoluéni vypocty. Evolucni techniky patii
do rodiny algoritmii pro  globalni
optimalizaci  inspirovanych  biologickou
evoluci. Z technického hlediska se jednd o
stochastické optimalizac¢ni algoritmy
zalozené na populacich. V evoluénim
vypoctu je pocatecni populace kandidatskych
feSeni ndhodn& generovana a iterativné
aktualizovana. Kazda nova generace se
vytvaii stochasticky odstraiiovanim méné
zddanych feSeni a pfijimanim malych
ndhodnych zmén. V biologické terminologii
populace podléha ptirozenému vyberu (nebo
umg¢lé selekci) a mutaci. V disledku toho se
populace postupné vyviji, aby se zvysila
vhodnost (fitness) svych feseni.




case the chosen fitness function of the
algorithm.

Evolutionary computation techniques can
produce highly optimized solutions in a wide
range of problem settings, making them
popular in computer science.

Evoluéni vypocetni techniky mohou nalézt
optimalni feSeni pro Siroké spektrum
problémi, coz je vinformatice ¢ini
oblibenym nastrojem.

Evolutionary computation proceeds in the
following steps:

1. Test each chromosome to see how
good it is at solving the problem at
hand and assign a fitness score
accordingly. The fitness score is a
measure of how good that
chromosome is at solving the
problem to hand.

2. Select two members from the current
population. The chance of being
selected is proportional to the
chromosomes fitness. Roulette wheel
selection is a commonly used method.

3. Dependent on the crossover rate
crossover the bits from each chosen
chromosome at a randomly chosen
point.

4. Step through the chosen
chromosomes bits and flip dependent
on the mutation rate.

Repeat step 2, 3, 4 until a new population has
been created.

Evolu¢ni vypocet pracuje v nasledujicich
krocich:

1. Otestujte kazdy chromozom v
populaci, abyste zjistili, jak je pfi
feSeni problému dobry a podle toho
mu piifad’te fitness hodnotu.

2. Vyberte dva jedince z aktudlni
populace. Moznost vybéru je imérna
hodnoté fitness kazdého
chromozomu.

3. Aplikujte operator kiiZeni v zavislosti
na pravdépodobnosti operace kiizeni.

4. Aplikujte operator mutace v zavislosti
na pravdépodobnosti operace mutace

Opakujte kroky 2, 3, 4, dokud nebude
vytvofena nova populace.

Artificial neural networks. Artificial neural
networks are computing systems inspired by
the biological neural networks. The neural
network itself is not an algorithm, but rather
a framework for many different machine
learning algorithms to work together and
process complex data inputs. Such systems
"learn” to perform tasks by considering
examples, generally  without  being
programmed with any task-specific rules.

An artificial neural network is based on a
collection of connected units or nodes called
artificial neurons, which loosely model the
neurons in a biological brain. Each

Umélé neuronové sité. Umé¢lé neuronové
sit¢ jsou vypocetni systémy inspirované
biologickymi neuronovymi sitémi.
Neuronova sit’ sama o sob¢ neni algoritmem,
nybrz ramcem pro mnoho rtiznych algoritmt
z oblasti strojové uceni, které spolecné
pracuji a zpracovavaji slozité datové vstupy.
Tyto systémy se "u¢i" vykonavat ukoly na
zaklad¢ predkladanych ptikladii, aniz by byly
naprogramovany podle specifickych
pravidel.

Umeéla neuronova sit’ obsahuje uzly nazyvané
umeélé neurony, které volné modeluji neurony
v biologickém mozku. Kazdé spojeni mezi




connection, like the synapses in a biological
brain, can transmit a signal from one
artificial neuron to another. An artificial
neuron that receives a signal can process it
and then signal additional artificial neurons
connected to it.

neurony, stejné jako synapse v biologickém
mozku, miize pienaset signal z jednoho
neuronu do druhého. Neuron, ktery pfijima
signal, jej dokaze zpracovat a poté poslat
dalsim neurontim, s nimz jsou spojeny.

In common implementations, the signal at a
connection between artificial neurons are a
real number, and the output of each artificial
neuron is computed by some non-linear
function of the sum of its inputs. Artificial
neurons and edges typically have a weight
that adjusts as learning proceeds. Typically,
artificial neurons are aggregated into layers.
Signals travel from the first layer (the input
layer), to the last layer (the output layer).

The original goal of the ANN approach was
to solve problems in the same way that a
human brain would. However, over time,
attention moved to performing specific tasks,
leading to deviations from biology. Artificial
neural networks have been used on a variety
of tasks, including computer vision, speech
recognition, machine translation, noise
filtering, playing board and video games and
medical diagnosis etc.

V béznych implementacich je signal na
spojenich mezi neurony realné ¢islo a vystup
z kazdého umeélého neuronu je vypocitdn
podle nékteré nelinearni funkce ze souctu
jeho vazenych vstupt. Spojeni mezi neurony
maji pfifazenou vahovou hodnotu, ktera se
ptizpusobuje u¢enim. Neurony jsou typicky
uspotadany do vrstev. Signaly se pohybuji od
prvni vrstvy (vstupni vrstvy) az po posledni
vrstvu (vystupni vrstva).

Pivodnim cilem umélych neuronovych siti
bylo feSit problémy stejnym zplsobem,
jakym by je fesil lidsky mozek. V pribchu
Casu se vSak pozornost presunula na feseni
specifickych tkoll, coz vedlo k odklonu od
biologie. Um¢lé neuronové sité¢ byly pouzity
na feSeni Gloh z oblasti poc¢itatového vidéni,
rozpoznavani feci, strojového prekladu,
extrakci Sumu, hrani her a videoher a
1ékatské diagnostiky atd.
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Soft computing became a formal area of study in computer science in the early 1990s. Prof.
Lotfi Aliasker Zadeh has defined soft computing as a number of techniques and methods that
deal with real-world situations in the same way that people deal with them. In computer
science, soft computing (sometimes referred to as Computational Intelligence - CI) is the use
of inexact solutions to computationally hard tasks such as the solution of NP-complete
problems, for which there is no known algorithm that can compute an exact solution in
polynomial time. Soft computing differs from conventional computing in that, unlike hard



computing, it is tolerant of imprecision, uncertainty, partial truth, and approximation. In effect
the role model for soft computing is the human mind.

Soft computing forms the basis of a considerable amount of machine learning techniques. The
principal constituents of soft computing are fuzzy logic, evolutionary computation, and neural
networks. Generally speaking, soft computing techniques resemble biological processes more
closely than traditional techniques, which are largely based on formal logical systems. Soft
computing techniques are intended to complement each other.

Fuzzy logic. Fuzzy logic is based on the theory of fuzzy sets, which is a generalization of the
classical set theory. Classical logic only permits conclusions which are either true or false. In
fuzzy logic the truth values of variables may be any real number between 0 and 1 inclusive.
Therefore, the membership function is a curve that defines how each point in the input space
is mapped to a membership value between 0 and 1. The input space is referred to as the
universe of discourse. The universe of discourse X is a continuous space, we usually partition
X into several fuzzy sets. These fuzzy sets, which usually carry names that conform to
adjectives appearing in our daily linguistic usage, such as "large"”, "medium" or "small" are
called linguistic variables.

Creating a system with fuzzy logic contains four steps:

1. Rule base: It contains the set of IF-THEN rules provided by the experts to govern the decision
making system, on the basis of linguistic information.

2. Fuzzification: It is used to convert inputs i.e. crisp numbers into fuzzy sets.

3. Inference engine: It determines the matching degree of the current fuzzy input with respect to
each rule and decides which rules from the rule base are to be fired according to the input
field.

4. Defuzzification: It is used to convert the fuzzy sets obtained by inference engine into a crisp
value.

Evolutionary computation. In computer science, evolutionary computation is a family of
algorithms for global optimization inspired by biological evolution. In technical terms, they
are a family of population-based trial and error problem solvers with a metaheuristic or
stochastic optimization character. In evolutionary computation, an initial set of candidate
solutions is generated and iteratively updated. Each new generation is produced by
stochastically removing less desired solutions, and introducing small random changes. In
biological terminology, a population of solutions is subjected to natural selection (or artificial
selection) and mutation. As a result, the population will gradually evolve to increase in
fitness, in this case the chosen fitness function of the algorithm.

Evolutionary computation techniques can produce highly optimized solutions in a wide range
of problem settings, making them popular in computer science.

Evolutionary computation proceeds in the following steps:

1. Test each chromosome to see how good it is at solving the problem at hand and assign a
fitness score accordingly. The fitness score is a measure of how good that chromosome is at
solving the problem to hand.

2. Select two members from the current population. The chance of being selected is proportional
to the chromosomes fitness. Roulette wheel selection is a commonly used method.



3. Dependent on the crossover rate crossover the bits from each chosen chromosome at a
randomly chosen point.
4. Step through the chosen chromosomes bits and flip dependent on the mutation rate.

Repeat step 2, 3, 4 until a new population has been created.

Artificial neural networks. Artificial neural networks are computing systems inspired by the
biological neural networks. The neural network itself is not an algorithm, but rather a
framework for many different machine learning algorithms to work together and process
complex data inputs. Such systems "learn" to perform tasks by considering examples,
generally without being programmed with any task-specific rules.

An artificial neural network is based on a collection of connected units or nodes called
artificial neurons, which loosely model the neurons in a biological brain. Each connection,
like the synapses in a biological brain, can transmit a signal from one artificial neuron to
another. An artificial neuron that receives a signal can process it and then signal additional
artificial neurons connected to it.

In common implementations, the signal at a connection between artificial neurons are a real
number, and the output of each artificial neuron is computed by some non-linear function of
the sum of its inputs. Artificial neurons and edges typically have a weight that adjusts as
learning proceeds. Typically, artificial neurons are aggregated into layers. Signals travel from
the first layer (the input layer), to the last layer (the output layer).

The original goal of the ANN approach was to solve problems in the same way that a human
brain would. However, over time, attention moved to performing specific tasks, leading to
deviations from biology. Artificial neural networks have been used on a variety of tasks,
including computer vision, speech recognition, machine translation, noise filtering, playing
board and video games and medical diagnosis etc.



