Introduction to Intelligent 1
Systems

In which we &'Qr what it means to be intelligent and %
machines & be such a thing. é,

1.1 Intelligent M

Philos@rs have been trying for stand and ere two
big questions of the universe: how
have minds? However, these questi .

Some philosophers have picke nal approach originated
by conwer scientists and accep achines can do thing
that hu s can do. Others have osed this idea, claimin%at such

highly sephisticated behaviour as reative discovery and moral ice will
always b%nd the scope of any

The nat f philosophy allo r disagreements to rem nresolved.
In fact, eng@s and sc1entists‘ already built mach that we can
call ‘intelligen at does the word ‘intelligence’ QLet us look at a
dictionary deflnl& “

1 Someone’s 1nte111ge N nderstand and learn things.
2 Intelligence is the ability to think and understand instead of doing things
by instinct or automatically.

Sam p |@swwrd@d)vmary, Collins, London, 2020)

Thus, according to the first Jz%ﬁt'fc?r? Qﬁ&zﬁiggnce is a quality possessed by
humans. But the second definition suggests a completely different approach and
gives some flexibility; it does not specify whether it is someone or something
that has the ability to think and understand. Now we should discover what
thinking means. Let us consult our dictionary again.

Thinking is the activity of using your brain to consider a problem or to create
an idea.

(Essential English Dictionary, Collins, London, 2020)
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So, in order to think, someone or something has to have a brain or, in other
words, an organ that enables someone or something to learn and understand
things, to solve problems and to make decisions. So we can define intelligence as
‘the ability to learn and understand, to solve problems and to make decisions’.

The very question that asks whether computers can be intelligent, or whether
machines can think, came to us from the ‘Dark Ages’ of artificial intelligence
(during the late 1940s and early 1950s). The goal of artificial intelligence (AI) as
a science is to make machines do things that would require intelligence if done
by humans (Boden, 1977). Therefore, the answer to the question ‘Can machines
think?” was vitally important to the discipline. However, the answer is not a
simple ‘Yes’ or ‘No’, butratlier a vague or fuzzy one. Your,everyday experience
and common sensé would have told you that. Some people@re smarter in some
ways than others#Sometimes we make very intelligent deciSiof’s but sometimes
we also make"very silly mistakes. Some of us deal with compl€x<mathematical
and engineering problems but.aré moronic in,philosophy and¢history. Some
people arevgood at making money, while others ate better at spending it. As
humans; we all have the ability to learn and understand, to solve preblems and
to make decisions; however, our abilities are not equal and lie in different areas.
Therefare, we should expect that if machines can think, some of themymight be
smarter than others in some ways.

One of the earliest and most|significant papgrs on machine intelligence,
‘Computing machinery and intelligence’, .was written by the British
mathematician Alan Turing over 70 years ago (Turing, 1950). Howewver, it has
stood upswell to the test of time, and Turing’s approach remains universal.

Alan Twfing began his scientificicareer in the early 1930s by rediscoyering the
Central Limit Theorem. In 1937 he"wrote a paper on computable‘ntimbers, in
which he propesed the concept of aminiversal machine. Later, duringthe Second
World War, hewas a key player in deciphering Enigma, the german military
encoding machine. After the war, Turing designed the ‘Automatic Computing
Engine’. He also wrote the first program capable of playing a complete chess
game; it was later impletnented on the Manchester University computer. Turing’s
theoretical concept of the tmiversal computer and his practical experience in
building code-breaking systems equipped him to approach the key fundamental
question of Al. He asked: Is there thought without experience? Is there mind
without communication?.Is there language without living? Is there intelligence
without life? All these questions,~as”you’ can~se€e, are just variations on the
fundamental question of Al: Can®machines think?

Turing did not provide definitions of machines and thinking. Instead, he
avoided semantic arguments by inventing a game, Turing’s imitation game.
Instead of asking, ‘Can machines think?’, Turing said we should ask, ‘Can
machines pass a behaviour test for intelligence?’ He predicted that by the
year 2000, a computer could be programmed to have a conversation with a
human interrogator for five minutes and would have a 30 per cent chance of
deceiving the interrogator that it was a human. Turing defined the intelligent
behaviour of a computer as the ability to achieve human-level performance
in cognitive tasks. In other words, a computer passes the test if interrogators
cannot distinguish the machine from a human on the basis of the answers to
their questions.
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Figure 1.1 Turing@tion game: phase 1

The imi@ game proposed i iginally include@ phases. In
the first p , shown in Fi I, a man an oman are
each plaén separate ly via a neutral medium
such as a ote termij to work ou o is the
man a ho is the w
the ma ould attempt to decei e is the wo , while
the woman has to convince the i € woman.

In the second phase of the ga i .2, the man is replaced
by a computer programmed to de as the man di would
even be programmed to make mi e fuzzy answers in way a
humanvo 1d. If the computer ca he interrogator as often as t an did,
we may éhis computer has pas e intelligent behaviour test

Physica?nulation of a human is not important for intellige %ence, in
the Turing w e interrogator dog see, touch or hear the %uter and is
therefore not& nce or voice. Howev * interrogator

nced by its ap
is allowed to ai‘&questions, even provocative W der to identify
1

the machine. The tor may, for example, ask e human and the
machine to perform c pli t aﬁ Q‘Cﬂﬁat ns, expecting that the
computer will provide a correcglm do it faster than the human.
Thus, the computer will need to know when to make a mistake and when to
delay its answer. The interrogator also may attempt to discover the emotional

Sample provided via
Fe¥rso m

Figure 1.2 Turing’s imitation game: phase 2
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nature of the human, and, thus, he might ask both subjects to examine a short
novel or poem or even painting. Obviously, the computer will be required here
to simulate a human’s emotional understanding of the work.

The Turing test has two remarkable qualities that make it universal:

e By maintaining communication between the human and the machine via
terminals, the test gives us an objective standard view on intelligence. It
avoids debates over the human nature of intelligence and eliminates any bias
in favour of humans.

e The test itself is quit 1ndeDgt NG tails of the experiment. It
can be conducte ér as a two-phase game-as é escribed, or even as
which the interrogator needs ose between the
achine from the beginning of the test. interrogator is
any question in any field and can concent ))lely on the

also free

conten&&ﬁe answers provi é
Turing I&ved that it would be%ible to
progra@digital com’

age processing and Al;
d convmcmgly mulate

end of the 20th ce
r to pla

Can modern computers pass th
There have been remarkable advani
however, achieving a machine th
human versation across a wide .
nitively passed the Turing

Altho modern computers s not pass the Turing test, i vides a
basis for rification and validation of knowledge-based syste program
thought intelligent in some narro‘ of expertise is evaluate, comparing
its performan ith the performa f a human expert.

Our brain st equlvalent of over 1018 bits and cawess information

at the equivalent o 015 bits per second. By 20 rain will probably
be modelled by a chip d ar aps by then there will
be a computer that can pla)l ﬁlﬁl ﬁqmg imitation game. However,
do we really want a machine to perform mathematical calculations as slowly
and inaccurately as humans do? From a practical point of view, an intelligent
machine should help hugg?ﬁ ‘make Se\ﬂsa)éa 9] ﬁarch for information, to
control complex objects and finally to understand the meaning of words. There is
probably no point in trying to chieVethd Asfdd and elusive goal of developing
machines with human-like intelligence. To build an intelligent computer system,
we have to capture, organise and use human knowledge in some area of expertise.

1.2 The History of Artificial Intelligence, or from the ‘Dark
Ages’ to Deep Learning

Artificial intelligence as a science was founded by four generations of researchers.
Some of the most important events and contributors from each generation are
described next.
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1.2.1 The ‘Dark Ages’, or the birth of artificial intelligence (1943-1956)

The first work recognised in the field of Al was presented by Warren McCulloch
and Walter Pitts in 1943. McCulloch had degrees in philosophy and medicine
from Columbia University and became the Director of the Basic Research
Laboratory in the Department of Psychiatry at the University of Illinois. His
research on the central nervous system resulted in the first major contribution
to Al: a model of neurons of the brain.

McCulloch and his co-author Walter Pitts, a young mathematician, proposed a
model of artificial neural netwozks (ANNs)in which each neuron was postulated
as being in a binary stategthat is,dn eitheran on.or 0ff condition (McCulloch and
Pitts, 1943). They demenstrated that their neural network model was, in fact,
equivalent to the Turing machine, and proved that any «omputable function
could be computed by some network of connected neurons. McCulloch and
Pitts also shewed that simple networkssteuctures could learn.

The neural network modelstimulated both theoretical and experimental work
to modelthebrain in thedaboratory. However, experiments clearly demonstrated
that the binary model/of neurons was not correct: In fact, a neuron has highly
non-lingar characteristies and cannot beé considered as a simple two-state device.
Nonethetess, McCulloch, the second ‘founding father” of Al after Alan Turing,
had created the cornerstone of neural computing'and ANNs. After a decline
in the 1970s, the field of ANNs was revived in the late 1980s and is currently
experiencing remarkable progress.

The 'third founder of Al was John von Neumann, the brilliant Hungarian-
born mathematician. In 1930, hejoined the Princeton University, leeturing in
mathematieal physics. He was a colleague and friend of Alan TuringsDturing the
Second Wogld'War, von Neumann played a key role in the Manhattdn Project that
built the nuelear bomb. He also became an adviser for the Electrenic Numerical
Integrator andgCalculator (ENIAC)™project at the University® offPennsylvania
and helped to desigfivthe Electronic Discrete Variable Atitomatic Computer
(EDVACQ), a stored progragmachine. He was influencediby,McCulloch and Pitts’s
neural network model. When Matvin Minsky and Dean' Edmonds, two graduate
students in the Princeton mathematicsidepastment, built the first neural network
computer in 1951, von Neumann encouraged and supported them.

Another of the first-generation researchers was Claude Shannon. He graduated
from Massachusetts Instituteyof) lechnotogyr(MiT)/and joined Bell Telephone
Laboratories in 1941. Shannomshared Alan.Turing’s ideas on the possibility of
machine intelligence. In 1950, he published a paper on chess-playing machines,
which pointed out that a typical chess game involved about 10'?° possible
moves (Shannon, 1950). Even if the new von-Neumann-type computer could
examine one move per microsecond, it would take 3 x 10 years to make its
first move. Thus Shannon demonstrated the need to use heuristics in the search
for the solution.

Princeton University was also home to John McCarthy, another founder of
Al. He convinced Marvin Minsky and Claude Shannon to organise a summer
workshop at Dartmouth College, where McCarthy worked after graduating from
Princeton. In 1956, they brought together researchers interested in the study of
machine intelligence, artificial neural nets and automata theory. The workshop
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was sponsored by IBM. Although there were just 10 researchers, this workshop
gave birth to a new science called Al For the next 20 years the field of Al would
be dominated by the participants of the Dartmouth workshop and their students.

1.2.2 The rise of artificial intelligence, or the era of great expectations
(1956-late 1960s)

The early years of Al are characterised by tremendous enthusiasm, great ideas
and very limited success. Only a few years before, computers had been introduced
to perform routine mathematical ‘calculations; but now Al researchers were
demonstrating that computets eould do more*than that. It was an era of great
expectations.

John McCarthypOne of the organisers of the Dartmouth’workshop and the
inventor of thesterm ‘artificial intelligence’, moved from Dagtmiouth to MIT.
He defined‘the high-level language LISP'=sone of the oldestgprogramming
languages/ (FORTRAN is just two years older), which is still in cugrent use. In
1958, M¢Carthy presentéd a paper, ‘Programs with common sense’, in.which he
proposed a program called the Advice Taker to search for solutions_te general
problemssof the world (McCarthy, 1958). McCarthy demonstratedshow his
program could generate, for example, a plan to drive to the airport, based on
some simple axioms. Most importantly, the program was designed to accept new
axioms, or in other words new knowledge, in different areas of expertise without
being repfogrammed. Thus the Advice Taket was the first complete knowledge-
based system incorporating the central principles of knowledge representation
and reasoning.

Anotheforganiser of the Dartmiouth workshop, Marvin Minsky, also moved
to MIT. Howeyer, unlike McCarthyswith his focus on formal,logic, Minsky
developed aft afiti-logical outlook lon knowledge representationjand reasoning.
His theory of framtes (Minsky, 1975) was a major contributien to knowledge
engineering.

The early work ont'meutal computing and ANNs started by McCulloch and
Pitts was continued. Learning metheds wetel improved and Frank Rosenblatt
proved the Perceptron Convergence Theorem, demonstrating that his learning
algorithm could adjust the connection strengths of a perceptron (Rosenblatt,
1962).

One of the most ambitious'projects' of ‘the'era’ of great expectations was the
General Problem Solver (GPS) (Newelt and Simom;, 1961; 1972). Allen Newell and
Herbert Simon from the Carnegie Mellon University developed a general-purpose
program to simulate human problem-solving methods. GPS was probably the
first attempt to separate the problem-solving technique from the data. It was
based on the technique now referred to as means-ends analysis. Newell and
Simon postulated that a problem to be solved could be defined in terms of states.
The means-ends analysis was used to determine a difference between the current
state and the desirable state or the goal state of the problem, and to choose and
apply operators to reach the goal state. If the goal state could not be immediately
reached from the current state, a new state closer to the goal would be established
and the procedure repeated until the goal state was reached. The set of operators
determined the solution plan.
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However, GPS failed to solve complicated problems. The program was based
on formal logic and therefore could generate an infinite number of possible
operators, which is inherently inefficient. The amount of computer time and
memory that GPS required to solve real-world problems led to the project being
abandoned.

In summary, we can say that in the 1960s, Al researchers attempted to simulate
the complex thinking process by inventing general methods for solving broad
classes of problems. They used the general-purpose search mechanism to find a
solution to the problem. Such approaches, now referred to as weak methods,
applied weak information aboutthe problem domain; this resulted in weak
performance of the pregram§ developed.

However, it was @lse a time when the field of Al attracted@reat scientists who
introduced fundamental new ideas in such areas as knowledge*representation,
learning algofithims, neural computing and computing with wétds. These ideas
could not beiimplemented then. because of the'limited capabilities’oft.computers,
but two decades later they have led to the development of real-life, practical
applications.

It is interesting to fote that Lotfi Zadeh, a professor from the University of
California at Berkeley, published his famous paper ‘Fuzzy sets’ also ingthe 1960s
(Zadeh, 1965). This paper is now considered the foundation of fuzzy set theory.
Two decades later, fuzzy researchers have built hundreds of smart machines and
intelligent systems.

By 1970, the euphoria about Al was gone, and most government funding for
Al projects*was cancelled. Al was still a relatively new field, academic in nature,
with fewgptactical applications apatt from playing games (Samuel, 1959; 1967;
Greenblatt etyal., 1967). So, to the outsider, the achievements would'be seen as
toys, as no'Al system at that time cetild manage real-world problems.

1.2.3 Unfulfilled premises, or the impact of reality (late £960s—early 1970s)

From the mid-1950s,“Al researchers were making promiises to build all-purpose
intelligent machines on a human-scale knowledge base by the 1980s, and to
exceed human intelligence by the year'2000:By 1970, however, they realised that
such claims were too optimistic. Although a few Al programs could demonstrate
some level of machine intelligence in one or two toy problems, almost no Al
projects could deal with-a“wider 'selection’ ot tasks ‘or*more difficult real-world
problems.
The main difficulties for Al in the late 1960s were:

e Because Al researchers were developing general methods for broad classes
of problems, early programs contained little or even no knowledge about
a problem domain. To solve problems, programs applied a search strategy
by trying out different combinations of small steps, until the right one was
found. This method worked for ‘toy’ problems, so it seemed reasonable that, if
the programs could be ‘scaled up’ to solve large problems, they would finally
succeed. However, this approach was wrong.
Easy, or tractable, problems can be solved in polynomial time: that is, for a
problem of size n, the time or number of steps needed to find the solution is
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a polynomial function of n. On the other hand, hard or intractable problems
require times that are exponential functions of the problem size. While a
polynomial-time algorithm is considered to be efficient, an exponential-
time algorithm is inefficient, because its execution time increases rapidly
with the problem size. The theory of NP-completeness (Cook, 1971;
Karp, 1972), developed in the early 1970s, showed the existence of a large
class of nondeterministic polynomial problems (NP problems) that are
NP-complete. A problem is called NP if its solution (if one exists) can be
guessed and verified in polynomial time; non-deterministic means that no
particular algorithm is followed to/make the guess. The hardest problems in
this class are NP-complet€. Even with faster computets and larger memories,
these problems (@rej hard to solve because the algorithms for solving them
have exponential time complexity. This means that as the size of the problem
grows, the igrie taken to solve it increases exponentially.

e Many of the problems thatAl attempted tosolve were too broad and too
difficult A typical taskfor early AT was machine translation. For example, the
National, Research Gouncil, USA, funded the translation of Russian“scientific
paperssafter the launch of thegfirst artificial satellite (Sputnik)y*in 1957.
Initially, the project team tried simply replacing Russian words with English,
using an electronic dictionary. However, it was soon found that translation
requires a general understanding of the subject{to choose the correct words.
This task was too difficult. In 1966, all translation projects funded by the US
government were cancelled.

e In 1971, the British government also suspended support for Al research. Sir
James Lighthill had been commissioned by the Science Research,Council of
Great Btitain to review the current state of Al (Lighthill, 1973), He did not
find any m@ajer or even significant results from Al research, and therefore saw
no need to'have,a separate science’called ‘artificial intelligence?’.

1.2.4 The technology“of expert systems, orithe key to success
(early 1970s-mid-1980s)

Probably the most important development in the 1970s was the realisation
that the problem domain for intelligent. machines had to be sufficiently
restricted. Previously, Al Tesedrchers had-believed that'clever search algorithms
and reasoning techniques could=bel invented’to'emulate general, human-like,
problem-solving methods. A general-purpose search mechanism could rely
on elementary reasoning steps to find complete solutions and could use weak
knowledge about the domain. However, when weak methods failed, researchers
finally realised that the only way to deliver practical results was to solve typical
cases in narrow areas of expertise by making large reasoning steps.

The DENDRAL program is a typical example of the emerging technology
(Buchanan et al., 1969). DENDRAL was developed at Stanford University to analyse
chemicals. The project was required to determine the molecular structure of
Martian soil based on the mass spectral data. Edward Feigenbaum (a former student
of Herbert Simon), Bruce Buchanan (a computer scientist) and Joshua Lederberg (a
Nobel prize winner in genetics) formed a team to solve this challenging problem.
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There was no scientific algorithm for mapping the mass spectrum into its molecular
structure. However, analytical chemists, such as Lederberg, could solve this problem by
using their skills, experience and expertise. They could enormously reduce the number
of possible structures by looking for well-known patterns of peaks in the spectrum, and
thus provide just a few feasible solutions for further examination.

Feigenbaum’s job was to incorporate the expertise of Lederberg into a computer
program to make it perform at a human expert level. Such programs were later
called expert systems. To understand and adopt Lederberg’s knowledge and
operate with his terminology, Feigenbaum had to learn basic ideas in chemistry
and spectral analysis. However it} becameapparent, that Feigenbaum used not
only rules of chemistyygbut”also his own heuristics, /o) rules-of-thumb, based
on his experience, @nd even guesswork. Soon Feigenbaum i@entified one of the
major difficulties#in the project, which he called the ‘knowledge acquisition
bottleneck’ —“héw to extract knowledge from human expetts’ to apply to
computers. To articulate his knowledge, Lederberg even needed t0_study basics
in computing. Working as a team, Feigenbaum, Buchanan and Lederberg
developed DENDRAL, the first successful knowledge-based system. Lhe key to
their success was mapping all the relevant theoretical knowledge fromsits general
form to'highly specific rules (‘cookbook recipes’) (Feigenbaum et al., 1971).

DENDRAL marked a major ‘paradigm shift’ in Al: a shift from general-purpose,
knowledge-sparse, weak methods to domain-specific, knowledge-intensive
techniques.

Thepnext major project undertaken by Feigenbaum and others at™Stanford
Universityswas in the area of medical diagnosis. The project, called MYCIN, started
in 1972. Tdater became the PhD thesis of Edward Shortliffe (Shortliffe, 1976)f MYCIN
was a rulebased expert system for the“diagnosis of infectious blood diseases. It also
provided a docter with therapeutic adviee in a convenient, user-friendlymanner.

MYCIN'’s knowledge consisted 'of about 450 IF-THEN rulessand was clearly
separated fronl ¢lge reasoning mechanism. The system developer could easily
manipulate knowledgerin the system by inserting or_deleting some rules. For
example, a domain-independent version of MYCINf\called EMYCIN (Empty
MYCIN) was later producedat Stanford University (van Melle, 1979; van Melle
et al., 1981). It had all the features of the MYCIN system except the knowledge
of infectious blood diseases. EMYCIN facilitated the development of a variety of
diagnostic applications. System developers just had to.add new knowledge in the
form of rules to obtain a new @pplication.

MYCIN also introduced a few @ewfeattirésiRules incorporated in MYCIN
reflected the uncertainty associated with knowledge, in this case with medical
diagnosis. It tested rule conditions (the IF part) against available data or data
requested from the physician. When appropriate, MYCIN inferred the truth of a
condition through a calculus of uncertainty called certainty factors. Reasoning
in the face of uncertainty was the most important part of the system.

Another probabilistic system that generated enormous publicity was PROSPECTOR,
an expert system for mineral exploration developed by the Stanford Research Institute
(Duda et al., 1979). The project ran from 1974 to 1983. Nine experts contributed
their knowledge and expertise. To represent their knowledge, PROSPECTOR used a
combined structure that incorporated rules and a semantic network. PROSPECTOR
had over a thousand rules to represent extensive domain knowledge.
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In exploration geology, important decisions are usually made in the face
of uncertainty, with knowledge that is incomplete or fuzzy. To deal with such
knowledge, PROSPECTOR incorporated Bayes’ rules of evidence to propagate
uncertainties through the system. PROSPECTOR performed at the level of an
expert geologist and proved itself in practice. In 1980, it identified a molybdenum
deposit near Mount Tolman in Washington State. Subsequent drilling by
a mining company confirmed the deposit was worth over $100 million. You
couldn’t hope for a better justification for using expert systems.

The expert systems mentioned so_far have now become classics. A growing
number of successful applications 'of ‘expeit systems in the late 1970s showed
that Al technology cemld move successfully from thejresearch laboratory to
the commercial engiroriment. A 1986 survey reported a gemarkable number of
successful expertssystem applications in different areas: chiemistry, electronics,
engineering, ‘gedlogy, management, medicine, process controliand military
science (Waterman, 1986). Although Watermanfound nearly 200 expert systems,
most of the@applications wete in the field of medical diagnosis. Seven'years later a
similar stizvey reported over 2500 developed expert systems (Durkin; 1994). The
new growing area was(business and manufacturing, which accountedsfor about
60 per cent of the applications. EXpert system technology had clearly matured.

Are expert systems really the Key to success in any field? In spite of a great
number of successful developments and implementations of expert systems in
different areas of human knowledge, it would bé a mistake to overestimate the
capability of this technology. The difficuities are rather complex and li€jin both
technical-and sociological spheres: They include the following:

e Expertgsystems are restricted t@'a” very narrow domain of eXpertise. For
example,,MYCIN, which was deyeloped for the diagnosis of infeéetious blood
diseases, lacks any real knowledge of human physiology. If a patient has more
than one diSease, we cannot rely on MYCIN.

e Because of the nartéw domain, expert systems are nat'‘as,robust and flexible
as a user might ‘want. Furthermore, expert systems can have difficulty
recognising domain bounidaties. When(given a task different from the typical
problems, an expert system might fail in rather unpredictable ways.

e Expert systems have limited explanation capabilities. They can show the sequence
of the rules they applied to, reach ,a splution, but,cannot relate accumulated,
heuristic knowledge to any dgeper understanding of the problem domain.

e Expert systems are also difficult to validate. No general technique is available
for analysing their completeness and consistency. This makes the task of
identifying incorrect, incomplete or inconsistent knowledge difficult.

e Expert systems have no ability to learn from their experience. They are built
individually and cannot be developed fast. It might take from five to ten person-
years to build an expert system to solve a moderately difficult problem (Waterman,
1986). The large effort would be difficult to justify if improvements to the expert
system’s performance depended on further attention from its developers.

Despite all these difficulties, expert systems have made the breakthrough and
proved their value in a number of important applications.
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1.2.5 How to make a machine learn, or the rebirth of neural networks
(mid-1980s onwards)

In the mid-1980s, researchers, engineers and experts found that building an
expert system required much more than just buying a reasoning system or expert
system shell and putting enough rules in it. Disillusion about the applicability
of expert system technology even led to people predicting an ‘Al winter’ with
severely squeezed funding for Al projects. Al researchers decided to have a new
look at neural networks.

By the late 1960s, most of the,baSic ideéas and concepts necessary for neural
computing had alreadyqbeen formulated*(Cewan, 1990). However, only in
the mid-1980s did she,solution emerge. The majorfteasén for the delay was
technological: thereswere no PCs or powerful workstations, to model and
experiment with ANNs. The other reasons were psychologicaldand financial.
For exampleminy 1969, Minsky and_Papeit.had mathematically démonstrated
the fundamental computational limitations of one-layer perceptrons (Minsky
and Papeit, 1969). Theyralso said there was mo reason to expectrthat more
complex multilayer perceptrons would represent much. This certainly woeuld not
encourdge anyone to work on pereéptrons and, as a result, most Al rescarchers
deserted-the field of ANNs in the 1970s.

In the 1980s, because of the need for brain-like information
processing, as well as the advances in computer technology and progress
in neuroscience, the field of neural networks experienced a ,dramatic
resurgence. Major contributions to both theory and design were'made on
several fronts. Grossberg established a new principle of self-organisation
(adaptivegresonance theory), which provided the basis for a new class of
neural networks (Grossberg, 1980). Hopfield introduced neukal“networks
with feedba€kj Hopfield networks, which attracted muech attention in
the 1980s (Hopfield, 1982). Kohonen published a paper gn self-organised
maps (Kohonen; 1982). Barto, Sutton and Anderson ptiblished their work
on reinforcement leafning and its application dgm control (Barto et al.,
1983). But the real breakthroughycame in=1986 when*the back-propagation
learning algorithm, first intreduced by#Bryson and Ho in 1969 (Bryson
and Ho, 1969), was reinvented by Rumelhart and McClelland in Parallel
Distributed Processing: Explorations in the Microstructures of Cognition
(Rumelhart and McCleland, [1986). Atsthessame time, back-propagation
learning was also discoveredpby-Rarker. (Rarker, 1987) and LeCun (LeCun,
1988), and since then has become the most popular technique for training
multilayer perceptrons. In 1988, Broomhead and Lowe found a procedure
to design layered feedforward networks using radial basis functions, an
alternative to multilayer perceptrons (Broomhead and Lowe, 1988).

ANNs have come a long way from the early models of McCulloch and
Pitts to an interdisciplinary subject with roots in neuroscience, psychology,
mathematics and engineering, and will continue to develop in both theory
and practical applications. However, Hopfield’s paper (Hopfield, 1982) and
Rumelhart and McClelland’s book (Rumelhart and McClelland, 1986) were
the most significant and influential works responsible for the rebirth of neural
networks in the 1980s.

11
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1.2.6 Fuzzy logic, or computing with words (late 1980s onwards)

Classic expert systems are especially good for closed-system applications with
precise inputs and logical outputs. They use expert knowledge in the form of
rules and, if required, can interact with the user to establish a particular fact.
A major drawback is that human experts cannot always express their knowledge
in terms of rules or explain their line of reasoning. This can prevent the expert
system from accumulating the necessary knowledge, and consequently lead to
its failure. To overcome this limitation, expert systems must learn how to deal
with incomplete and imprecise knowledge and-data.

Most methods of handling impreeision in classic expert systems are based on
the probability concepta MY CIN, for example, introduced cértainty factors, while
PROSPECTOR ineorporated Bayes’ rules to propagate uneertainties. However,
experts typically do not think in terms of probability values; rathér, they express
their knowledge using qualifiers suchsassoften, generally, sometimesyp occasionally
and rarelys To handle these.qualitative terms effectively, anothef technology
is required, — the technology of fuzzy logic. Fuzzy logic is concerned with the
use of fuzzy values that capture the meaning of words, human reasoning and
decisiori making. As a method to encode and apply human knowledge i a form
that accurately reflects an expert’s understanding of difficult, complex problems,
fuzzy logic provides the way to break through the computational bottlenecks of
traditional expert systems.

At the heart of fuzzy logic lies the concept.efa linguistic variable. The-values of
the linguistic variable are words rather than numbers. Similar to expert.systems,
fuzzy systems use IF-THEN rules to incorporate human knowledgembut these
rules are fuzzy, such as

IF speed isgshigh THEN stoppingfdistance is long
IF speed is 1owgTHEN stopping_distance is short

Fuzzy logic, or fuzzy set theory, was introduced bBy*Professor Lotfi Zadeh,
Berkeley’s electrical engineering department chairman, in 1965 (Zadeh, 1965).
It provided a means of computing with words. However, acceptance of fuzzy set
theory by the technical community was slow and difficult. Part of the problem
was the provocative nameg — ‘fuzzy’ — which seemed too light-hearted to be taken
seriously. Eventually, fuzzy theory, ighored in thie West, was taken seriously in
the East — by the Japanese. It has-been tsed ‘sticcessfully since 1987 in Japanese-
designed dishwashers, washing machines, air conditioners, television sets,
copiers and cars.

The introduction of fuzzy products gave rise to tremendous interest in this
apparently ‘new’ technology first proposed in the mid-1960s. Hundreds of
books and thousands of technical papers have been written on this topic. Some
of the classics are Fuzzy Sets, Neural Networks and Soft Computing (Yager and
Zadeh, eds, 1994); The Fuzzy Systems Handbook (Cox, 1999); Fuzzy Engineering
(Kosko, 1997); Expert Systems and Fuzzy Systems (Negoita, 1985); and also the
best-seller science book Fuzzy Thinking (Kosko, 1993), which popularised the
field of fuzzy logic.
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Most fuzzy logic applications have been in the area of control engineering.
However, fuzzy control systems use only a small part of fuzzy logic’s power of
knowledge representation. Benefits derived from the application of fuzzy logic
models in knowledge-based and decision-support systems can be summarised as
follows (Cox, 1999; Pedrycz and Gomide, 2007; Turban et al., 2010):

e Improved computational power. Fuzzy rule-based systems perform faster
than conventional expert systems and require fewer rules. A fuzzy expert
system merges the rules, making them more powerful. Lotfi Zadeh believes
that in a few years most expert (systems willyuse fuzzy logic to solve highly
non-linear and compdtationally difficult preblems.

e Improved cogditiveé modelling. Fuzzy systems allowsthe encoding of
knowledge insapform that reflects the way experts thinkgabout a complex
problem. They*usually think in such imprecise terms as high@nd low, fast and
slow, heavy and light, and theyralso use such, terms as very oftensand almost
never, tisually and hardly” ever, frequently and occasionally. In order, to build
conventional rules, we need to define the crisp boundaries for these terms, thus
breaking down the éxpertise into fragments. However, this fragmentation leads
to the-poor performance of conventional expert systems when theyrdeal with
highly complex problems. In contrast, fuzzy expert systems model imprecise
information, capturing expertise much more closely to the way it is represented
in the expert mind, and thus improve cognitive modelling of the problem.

e Thelability to represent multiple experts. Conventional expett systems
are bwilt for a very narrow domain with clearly defined expertise. It makes
the sy8tem’s performance fully dependent on the right choice 0f experts.
Althoughfa,common strategy is to find just one expert, when a miote complex
expert systetn is being built or #when expertise is not well défined, multiple
experts might'be needed. Multiple experts can expand the défain, synthesise
expertise ands¢liminate the need for a world-class expesty Who is likely to be
both very expehsive and hard to access. However,multiple experts seldom
reach close agreements; there,are often differences in opinions and even
contlicts. This is especially”true in areas sueh as business and management
where no simple solution exists and conflicting views should be taken into
account. Fuzzy expert systems can help to represent the expertise of multiple
experts when they have.opposing views.

Although fuzzy systems allowcexpfessionéflexpert knowledge in a more
natural way, they still depend on the rules extracted from the experts, and thus
might be smart or dumb. Some experts can provide very clever fuzzy rules — but
some just guess and may even get them wrong. Therefore, all rules must be
tested and tuned, which can be a prolonged and tedious process. For example, it
took Hitachi engineers several years to test and tune only 54 fuzzy rules to guide
the Sendai Subway System.

Using fuzzy logic development tools, we can easily build a simple fuzzy
system, but then we may spend days, weeks and even months trying out new
rules and tuning our system. How do we make this process faster or, in other
words, how do we generate good fuzzy rules automatically?
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In recent years, several methods based on neural network technology have
been used to search numerical data for fuzzy rules. Adaptive or neural fuzzy
systems can find new fuzzy rules, or change and tune existing ones based on the
data provided. In other words, data in - rules out, or experience in — common
sense out.

1.2.7 Evolutionary computation, or learning by doing
(early 1970s onwards)

Natural intelligence is a productiof évolution. Therefore, by simulating biological
evolution, we might expéct t6 disCover how livinig Systems are propelled towards
high-level intelligefice.'Wature learns by doing; biologi€al systems are not told
how to adapt t@sa,Specific environment - they simply cempete for survival.
The fittest species'have a greater chance to reproduce, and thei€by to pass their
genetic material to the next generation.

The evolutionary approach to Al is based on the computational models of
natural selection and genetics. Evolutionary computation works by simulating
a population of individuals, evaluating their performance, generating a new
population, and repeating this process a number of times.

Evolutionary computation combines three main techniques: genetic
algorithms, genetic programming and evolutionary strategies.

The concept of genetic algorithms was introduced by John Holland in
the eanly 1970s (Holland, 1975). He developed an algorithm for manipulating
artificial ‘chromosomes’ (strings of binary digits), using such genetic operations
as selection, crossover and mutation. Genetic algorithms are based on a solid
theoreticalfoundation of the SchemaTheorem (Holland, 1975; Goldberg, 1989).

Geneticyprogramming represents,an application of the gemetic model of
learning to programming. Its goal is to evolve not a coded répresentation of
some problem butgather computer code that solves the problém. That is, genetic
programming generates computer programs as the solution.

The interest in genletic/programming was greatly stimulated by John Koza in
the 1990s (Koza, 1992; 1994)+He usedigéneticoperations to manipulate symbolic
code representing LISP programs. Genetic programming offers a solution to the
main challenge of computer science — making computers solve problems without
being explicitly programmed.

In the early 1960s, independently of'Holland’s' @enetic algorithms, Ingo
Rechenberg and Hans-Paul Schwetels; studentsiof the Technical University of
Berlin, proposed a new optimisation method called evolutionary strategies
(Rechenberg, 1965). Evolutionary strategies were designed specifically for solving
parameter optimisation problems in engineering. Rechenberg and Schwefel
suggested using random changes in the parameters, as happens in natural
mutation. In fact, an evolutionary strategies approach can be considered as an
alternative to the engineer’s intuition. Evolutionary strategies use a numerical
optimisation procedure, similar to a focused Monte Carlo search.

Both genetic algorithms and evolutionary strategies can solve a wide range
of optimisation problems. They provide robust and reliable solutions for highly
complex, nonlinear search and optimisation problems that previously could not
be solved at all (Holland, 1995; Schwefel, 1995).
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Another group of nature-inspired optimisation algorithms was introduced
in the early 1990s. This group included ant colony optimisation and particle
swarm optimisation. Both algorithms draw their inspiration from the collective
behaviour of social organisms, and both involve multiple agents working
together in exploring the solution space and iteratively improving the quality of
solutions. In this sense, ant colony optimisation and particle swarm optimisation
share the same fundamental properties with evolutionary computation.

The ant colony optimisation algorithm was originally proposed by Marco
Dorigo in the early 1990s (Dorigo, 1992). He realised that ants have natural
capabilities of optimising their toutes and proposedithe concept of artificial ants.
Each artificial ant represents an”agent that simulates the foraging behaviour of
a real ant. Just likefreal ‘ants deposit and follow pheromofieftrails, artificial ants
deposit and updategpheromone information.

Artificial ants®make their decisions using pheromone information as well as
problem-specific heuristics. The.devel of pheromone defines thefprebability of
selecting aparticular path.By moving through the problem space, artificial ants
construct, solutions. High-quality solutions receive higher performance levels.
As a result, the algorithm tends to converge towards an optimal or near-optimal
solution«(Dorigo and Stiitzle, 2004).

Ant colony optimisation has an/advantage over genetic algorithms in scenarios
where the problem space can change dynamically. dn such cases, the ant colony
algorithm can run continuously, rapidly adapting to changes. This adaptability is
particularly advantageous in network routing and transportation problems.

The particle swarm optimisation algorithm was proposed in the 1990s by
Russell Ge#Eberhart and James Kennedy (Eberhart and Kennedy, 1995; Kennedy
and Eberhast, 1995). They argued that sharing information amongia group of
individualsineseases their chances fomsurvival.

A swarm reptesents a group of patticles or homogeneous agents,such as bees,
birds, ants or fish, Fhese particles interact with the environment'bypmoving through
a multi-dimensional)sgarch space in order to find an_eptimal or near-optimal
solution to the problem {Theregs no centralised contrel i a’swarm.

The particle’s position represents a candidate solution. By iteratively updating
their positions, all particles collectively explore the search space and optimise
the solutions.

Compared with genetic algorithms, particle swarm optimisation has fewer
parameters to tune. However, in ‘a-high-dimensional ‘search space, the particle
swarm optimisation algorithmicenverges very'slowly and often fails to discover
the optimum solution.

Evolutionary computation techniques, along with ant colony optimisation
and particle swarm optimisation, represent rapidly growing areas of Al and have
great potential.

1.2.8 Deep neural networks, or the rise of a new era in Al
(mid-2010s onwards)

ANNs with a few layers of computational neurons have been applied since
the early 1990s. They serve as a universal model for representing non-linear
functions and demonstrated effectiveness in solving many practical problems.
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However, when confronted with more complex problems or larger data sets,
traditional or shallow neural networks perform poorly.

Image recognition has proven to be a particularly challenging task for machine
learning. To solve this task, we need to collect much larger data sets and use more
powerful models. Before the 2000s, image data sets were relatively small (tens of
thousands of images), and simple recognition tasks could be solved by neural
networks with a small number of layers. But objects in a realistic environment
vary greatly, so we need much larger data sets with millions of high-resolution
images. And we need a model with a much larger learning capacity.

As a challenging problem, firnage recognitiom has attracted many Al
researchers and evengmotiVated a competition?‘The MimageNet Large Scale
Visual Recognition{ Challenge’ (Russakovsky et al., 2013). (Fhe ImageNet data
set contains overs#4 million photos categorised into morethar 20,000 classes.
The competifien”established a standardised evaluation of object recognition
algorithms."The aim of the image recognitionsalgorithm is to generate labels
that identifysthe objects present in the images. This task is particularly difficult
because many ImageNet photos contain multiple objects. For example, a dog
chasing a soccer ball, @r @'bird’s nest on a telephone pole.

In 2010, a team of researchers from the University of Toronto trainedaneural
network using 1.2 million training examples. The network was then tested using
150,000 images. It achieved an accuracy of 84.7 pet cent, much higher than the
next-best entry to the competition. How did_the team from Toronto achieve
such athigh level of accuracy? They used a deep neural network with* 650,000
neurons(Krizhevsky, Sutskever and Hinton, 2012).

A deep™neural network is an ANN with multiple layers (Schmidhuber,
2015; Goodfellow et al., 2016). For example, a network developeéd by the
Microsoft team had 152 layers! Multiple layers allow deep nedral networks
to learn hierarchical representations of data, capturing complex,patterns and
features. Each laye€r in the network progressively extracts motemabstract features,
capturing complex,patterns in the data.

Deep neural networks dearn to perform tasks directly from images, sounds or
text. While neural networksfwith'a small number of layers perform poorly in
image and speech recognition tasks, networks with multiple layers can generalise
to tasks like these.

Although deep neural networks were initially introduced in the 1990s (LeCun
etal., 1989; LeCun et al., 1998), they were tegarded as arrart rather than a practical
Al technology. At that time deep'neural networks faced several challenges that
hindered their widespread adoption and acceptance as practical Al technology.
The key reasons why deep neural networks were not adopted as a practical Al
technology during that time include (Schmidhuber, 2015):

e Limited computational resources. Computers available in the 1990s were
significantly less powerful compared to today’s resources. Training neural
networks with many layers required substantial computing power, and the
limited resources available at that time made it difficult to train deep models.

e Vanishing gradients. Training deep neural networks involves back-
propagation, where gradients are used to update the network’s parameters. In
deep networks, gradients could become extremely small (vanishing gradients)
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during training, making it challenging to effectively update the parameters of
multiple layers.

e Lack of sufficient labelled data. Deep neural networks, especially those
used in image recognition, require large amounts of labelled data for training.
In the 1990s, obtaining large labelled data sets represented a considerable
challenge, limiting the ability to train deep models.

e Difficulty in architecture design. Designing the architecture of deep
neural networks, including determining the number and structure of layers,
was considered more of an ait than dfseéicnce. There was no guidelines for
designing deep architectuzes!

However, over,thelyears, advancements in hardware4nd*the availability of
large data sets havechanged the situation and transformed deep neural networks
into practical and powerful tools for various Al applications.

Google, for instance, decided to demonstrate the power of.deep neural
networks bydapplying them to the ancient board game Go — a game of strategy
even more, complex than chess. In October 201§, the program=known as
AlphaGe-achieved a ground-breakingwictory against Fan Hui, the European Go
champion. Subsequently, in March 2016, it won in a tournament against Lee
Sedol, the reigning world Go master. It is important to note that AlphaGo was
not developed specifically to play Go, but rather designed as a generic program
to learn how to win a game (Silver et al., 2016)s

Since the 2010s, many deep neural networks have been introdticed and
have alre@dy proved their effectiveness. The most popular architectures include
AlexNet"(Krizhevsky, Sutskever and Hinton, 2012), GoogLeNet (Szegedy et al.,
2015; Szege@y et al., 2016), ResNet (He et al., 2016a; He et al4 2016b) and
DenseNet (Huang, 2017).

Deep neural’'métworks are used imdriverless cars to enable safeé driving, detect
traffic lights andgegegnise road signs. They are also appliedyifiivoice-controlled
consumer devices ‘such as _phones, tablets, TVs and hands-free speakers. Deep
neural networks can reeognife images and identify people and objects. They
can automatically translate textifrom one language to another, learn to predict
earthquakes and forecast energy market prices.

It is also important to mention here the concept of transfer learning,
where pre-built and pre-trained.deep,neural networks.are adapted to new tasks.
The main idea behind transfer learning is to leverage knowledge captured in
the pre-trained neural network,thereby significantly reducing the size of the
training data set required to achieve satisfactory performance on a new but
related task. This approach is particularly useful in image recognition when the
number of available images could be limited.

Deep networks have demonstrated their astonishing abilities in both business
and research. But, are they immune to problems? In reality, as the depth of the
network increases, training becomes more challenging and demands substantial
computational resources. Deep learning models require large amounts of labelled
data for effective training, but obtaining and preparing such data sets is often
time-consuming. On the other hand, when dealing with limited data, deep
networks are prone to overfitting with a model performing well on the training
data but struggling to generalise to new, unseen data.
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Deep learning models can also amplify biases present in the training data. This
can lead to biased predictions, especially in applications like image recognition
and natural language processing (Zhao et al., 2017; Foulds et al., 2021; Zhao
et al., 2021). For instance, research studies have shown that facial recognition
systems, when trained on data sets dominated by images of white males, tend to
perform less accurately on darker-skinned individuals, especially females.

While the problem of biased predictions can be mitigated by training
networks with diverse data sets, an even more serious issue arises. Deep neural
networks are vulnerable to adversarial attacks, where small, carefully crafted
perturbations to the input can lead to misclassification. Professor Geoffrey
Hinton, regarded as the ‘godfather’ of deep learning, gmentioned in his speech
at the AAAI Conferén¢e'in 2020 that by adding a tiny bit@f@eise to an image, a
neural network éeald recognise it as something entirely different. In the field of
Al, these mariptitated images are known as adversarial examplés(Szegedy et al.,
2014). Adversatrial examples often cause deep.neural networksstoamisclassify
objects, every though to theé human eye, they appear identical tosthe original
images. Therefore, addressing the threat posed by adversarial examplesis critical
for the security of machine learning applications.

Despitethese challenges, ongoing research and developments in the field make
deep neural networks an increasingly powerful tool applicable to a wide range of
problems. Deep neural networks have also paved the way to generative Al

1.3 Generative Al

Generative Al can be defined as atype of Al that can produce various types of
new content including text, imagesfvideos and audio. Althoughdgenerative Al
has recently attracted a lot of attention as a new revolution in Al it is not a new
concept. In factygeénerative Al was introduced in the 1960s_ins€hatbots.

The first chatbet,) called ELIZA, was developed at MIT, Dy Professor Joseph
Weizenbaum in the mid-1960s (Weizenbaum, 1976). The*program used pattern
matching and substitution®techniques t0 mimic human conversations. The
ELIZA chatbot worked by pairing words entered by the user to a list of possible
scripted responses.

In the decades that. followed, chatbots strived for more human-like
interactions with the goal“of passing the Tuting test™"However, none of them
succeeded because the hardestipartiofithe TFaring test is that there is no limit on
the topics of human conversations.

Of course, the development of chatbots continued. In 2010, Apple introduced
Siri, an intelligent personal assistant that used a natural language interface. Siri
paved the way for a new generation of Al bots.

In November 2014, Amazon presented Alexa, a smart speaker equipped with
voice recognition capabilities. Since then, Alexa has been integrated in various
Amazon devices, and has become a widely used voice-activated assistant in
homes and businesses around the world.

In May 2016, Google launched Google Assistant, a virtual assistant designed
to provide users with a natural way to interact with their devices. Google Assistant
can perform a wide range of tasks including answering general knowledge
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questions, setting reminders and alarms, managing calendar events, sending
messages, making calls, checking the weather, providing directions, playing
music and media, controlling smart home devices through voice commands,
translating phrases and sentences into different languages, and more.

However, it wasn’t until the introduction of ChatGPT in January 2022
that generative Al could truly capture the public’s imagination. It took just
two months for ChatGPT to reach 100 million users! For comparison, Google
Translate took 78 months to reach 100 million users. According to OpenAl data,
in December 2023, ChatGPT had more that 180 million users.

So, what makes ChatGPT so popular?
We will let ChatGPT answer this question.
“ChatGPT has gained popularity for several reasons:

1. Natural'Language Understanding: ChatGPT demonstrates a stiong ability to
understand and generate human-like text. It can comprehend contextyengage in
coherent conversations, and provide relevant responses, making interdactions feel
more-uatural.

2. Large-Scale Training: ChatGPT is built on the GPT| (Generative Pre-trained
Transformer) architecture, specifically GPT-3.5. It has been trained on an extensive
and diverse dataset, enabling it to capture a broad range of language patterns and
information.

3. Versatility: ChatGPT is versatile and can be used for a wide range of tasks=-Users can
leverage,it for generating creative writing, answering questions, brainstorining ideas,
learning new topics, and more. Its\flexibility contributes to its widespredghadoption.

4. Accessibility: OpenAl has made GhatGPT accessible to the publiaithrough various
platforms, allowing users to interact with the model via API or through web-based
interfaces. This accessibility has contributed to its popularity ‘and widespread use.

S. Innovative UseiCases: Users have found innovativesahdiereative ways to apply
ChatGPT in differentdomdinsgfrom content creation te programming assistance.
The model’s general-purpose nature\encourages experimentation and exploration
of various applications.

6. Continual Improvement: OpenAl actively seeks user feedback and has a history
of refining and improving itsynodels based |onccommnunity input. This iterative
process helps enhance the capabilities of-ChatGRT over time.

7. Research and Development: OpenAl’s commitment to advancing the field of
artificial intelligence and language models has contributed to the popularity of
ChatGPT. The model is a result of ongoing research and development efforts.

8. Public Interest and Hype: The release of each new version of the GPT series,
including ChatGPT, tends to generate public interest and excitement. This, along
with media coverage, contributes to the model’s popularity.

It’s important to note that while ChatGPT has garnered attention and popularity, it
also has limitations, such as occasional generation of incorrect or nonsensical answers
and sensitivity to input phrasing. Users are encouraged to use the model responsibly and
be aware of its strengths and weaknesses.”
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What is the main technology behind ChatGPT?
One particular technology that played a critical role in the success of ChatGPT
and similar Al technologies is called transformers.

In 2017, Google researchers published the seminal paper ‘Attention is all
you need’ (Vaswani ef al., 2017), in which they introduced the concept of
transformers. Transformers are a type of deep neural network architecture
that consists of multiple layers or ‘transformer blocks’ (or just transformers).
Each transformer contains sub-layers, including self-attention mechanisms and
feedforward neural networks. The depth of the transformer architecture allows
it to capture complex hierarchical\irelationships aridsdependencies in sequential
data, making it particufarly stitable for natural languag&processing tasks.

How deep is thestransformer architecture?

The original trafiSformer model, introduced in the paper ‘Atténtion is all you
need’, had apptoximately 65 million trainable parameters for the.base model
and up to'218 million parameters for larger variants. Google researehers trained
transformers to perform English-to-German and English-to-French tsanslation
tasks and demonstratéd that transformers could outperform any other type of
neural networks in both accuracy and the time required for training. Mote recent
transformer models, such as OpenAl's GPT (Generative Pre-trained Transformer),
are significantly larger. GPT-3 has|17§ billion parameters in its full model. This
is 10 million times larger than the number of trainable parameters in the neural
networks.of the 1980s. But transtormers continue to grow. GPT-4 has(about 1.8
trillion parameters, over 10 times larger than GPT-3!

Howeyet), there is no point in having such large neural networksiunless we
can trainit with enough data. But,"Where can we get that trainingidata from?
Of course, from the World Wide WebB€hatGPT has been trainedsentaround 500
billion words including both text-based and code-based data. Semne speculations
suggest that additiénal sources like Twitter, Reddit, YouTube afidfa large collection
of textbooks have also/been used.

Transformers have (bgcome a cornerstone_in the, ‘development of large
language models (LLMs), providinga foundation for understanding language,
context and semantics.

What is a large language model? How does it work?
A large language model ¢an be defined as a type of Al"algorithm that uses deep
learning and very large data sets tocunderstand) summarise, generate and predict
new content. The training of a LLM usually begins with unsupervised learning
when transformers are exposed to unlabelled text from a wide range of sources
including websites, books, articles and more. The model learns to predict the
next word in a sequence. The self-attention mechanism in transformers enables
the model to capture important dependencies and relationships between words.

Once the transformers have been pre-trained, the LLM is fine-tuned for specific
tasks using labelled data sets. The fine-tuning approach is particularly powerful
because the pre-trained model has already acquired a general understanding of
language.

Large-scale pre-training followed by fine-tuning for specific applications has
become a standard practice in the development of LLMs. Pre-trained transformers
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has proven effective in text classification, sentiment analysis, machine translation,
text summarisation and many more. They have excelled in question-answering
tasks, where a chatbot must understand and respond to a user’s question by
extracting relevant information from a given context. Transformers have also been
highly successful in text generation tasks, such as content creation and creative
writing. Furthermore, transformers can represent relationships between different
modes of data. For example, they are used to align images and speech with text,
as well as to translate instructions given in natural language into images.

While transformers have excelled in natural language processing tasks by
capturing complex relationships and patterns inysequential data, generative
adversarial networkshave denionstrated their abilitiéS in generating new data,
including images, videéos and audio.

What are generative adversarial networks?

Generative adversarial networks, 0r'GANS fot shott, represent a machine learning
model whetestwo deep neural networks compete with each other to make more
accurate/predictions. The concept of GANs was developed by lan Goodfellow and
his colleagues at the Université de Montréal in the mid-2010s (Goodfellow et al.,
2014). The two networks, called the generator and the discriminator, arexdésigned
to generate new data samples that/closely resemble given data samples.

The generator produces new data samples by taking random noise as input.
Its goal is to create artificial data sarmples, such as images, that are indistinguishable
from real images.

The diseriminator evaluates the inputdata samples, attempting to disctriminate
between geal images in the given data set and artificial, or fake, images generated
by the generator. The goal of the diseriminator is to classify the presented images
correctly.

Both the"generator and the discriminator are trained simultaneously to
enable competitioni. The discriminator provides feedback tofthe generator, and
as a result of thisefecdback, the generator adjusts its parameters to improve
the quality of the fake{images. The discriminator_also%apdates its parameters
to enhance its own performange in discfiminating between real and artificial
images. The training process contintes until the generator produces images that
are indistinguishable from real images, and the discriminator cannot reliably
discriminate between real and generated images.

GANs have demonstratéd'remarkable ‘abilities in ‘gefterating realistic data and
have been successfully appliediievariots/doiains, including image generation,
computer vision, medical imaging, text-to-image synthesis, drug discovery,
anomaly detection and more.

Unfortunately, as is often the case with new Al tools, concerns are already arising,
particularly regarding deepfakes — digitally forged images and videos — as well as the
potential for malicious cyberattacks that realistically mimic real people.

Let us mention just a few notable deepfake examples that have attracted
public attention due to their realism.

In 2018, comedian and filmmaker Jordan Peele, in collaboration with
BuzzFeed, created a deepfake video featuring former President Barack Obama
delivering a fabricated speech. The video aimed to raise awareness about potential
dangers of deepfake technology.
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In June 2019, a deepfake featuring Mark Zuckerberg giving a sinister speech
about the power of Facebook was posted on Instagram.

During the 2020 presidential campaign in the USA, many deepfake videos
surfaced showing Joe Biden falling asleep during an interview, getting lost and
misspeaking — all bolstering rumours about his cognitive decline.

In 2021, Belgian visual effects artist Chris Umé created a series of realistic
deepfake videos featuring actor Tom Cruise. The videos were released on TikTok
and attracted tens of millions of views. They were so convincing that security
experts expressed their concerns.

In May 2023, a deepfake video of Vice President Kamala Harris speaking
gibberish went viral onpsocidl media.

It is important go'netice that while some deepfake £ofitent is created for
harmless entertaimment purposes, there are real concerns about the potential
misuse of this*™technology for malicious activities, including spreading
misinformation, identity theft and creating convincing hoaxes.@As.technology
advances,‘vigilance and awareness about the existence and implications of
deepfakes are becomingdnecreasingly important.

1.4 Summary

We live in the era of the knowledge revolution, when the power of a nation
is detetthined not by the number of soldiers in its army but the knowledge it
possessessScience, medicine, engineering and business propel nations towards
a higher gwality of life, but they also require highly qualified and skilful people.
We are now adopting intelligent machines that can capture the expeitise of such
knowledgeablespeople and reason imfamanner similar to humansy

The desire fomintelligent machines was just an elusive dreamiyuntil the first
computer was developed. The early computers could manipulate large databases
effectively by following prescribed algorithms, but could'mot reason about the
information provided: This gave rise to the question,of whether computers could
ever think. Alan Turing defined the intelligent behaviour of a computer as the
ability to achieve human-level performance in a cognitive task. The Turing test
provided a basis for the verification and validation of knowledge-based systems.

In 1956, a summer workshop at Dartmouth,College brought together 10
researchers interested in the study ofimachine intelligence, and a new science —
artificial intelligence — was born!

Since the early 1950s, Al technology has developed from the curiosity of a
few researchers to a valuable tool to support humans making decisions. We have
seen historical cycles of Al from the era of great ideas and great expectations
in the 1960s to the disillusionment and funding cutbacks in the early 1970s;
from the development of the first expert systems, such as DENDRAL, MYCIN
and PROSPECTOR, in the 1970s to the maturity of expert system technology and
its massive applications in different areas in the 1980s and 1990s; from a simple
binary model of neurons proposed in the 1940s to a dramatic resurgence of the
field of ANNSs in the 1980s; from the introduction of fuzzy set theory and its being
ignored by the West in the 1960s to numerous ‘fuzzy’ consumer products offered
by the Japanese in the 1980s and world-wide acceptance of ‘soft’ computing and
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computing with words in the 1990s. In the early 2010s, we witnessed the rise of
deep neural networks, an increasingly powerful tool applicable to a wide range
of problems. These networks paved the way for generative Al, truly capturing the
public imagination.

Table 1.1 summarises the key events in the history of Al and knowledge
engineering from the first work on Al by McCulloch and Pitts in 1943 to the
recent trends in Al

Table 1.1 A summary of the main“ren Ni@/i.Al
Keboie 0

Period vents

intelligence in Nervous Activity, 1943
(1943_195v Turing, Co nd Intelligence,

and Calculato g'ect (von
@ Playing Chessg850

on machine iritélfigence,
ry, 1956

The rise of artificial LISP (McCar

intelli

roject (Newell and @n)
(1956Iate 1960s) ,
roblem Solving, 1972

9 Minsky, A Fra k for Representing Knowledge, 1

The disiIIu@ent Cook, The Co ity of Theorem Proving Procecw,
in artificial ‘ 1971 ?
intelligence (I g) Karp, Reducibility Among Combinatorial Pro@ , 1972

The birth of art-i' McCulloch and Pitts, A Logical Calculus oq eas Immanent

The General
Newell and

1960s—early 19

’he Lighthill Report, 1971
The discovery of IQDM_ i uUﬂn& a:d Lederberg, Stanford
Univer

expert systems (early
1970s-mid-1980s)  \yCIN (Feigenbaum and Shortliffe, Stanford University)
PROSPECTOR (Stanford Research Institute)
Pémlﬁﬁ méﬂ\Qﬁﬁ% Va\iﬁuage (Colmerauer,
Rous§@eand kuypisid dance)

EMYCIN (Stanford University)
Waterman, A Guide to Expert Systems, 1986

The rebirth of Hopfield, Neural Networks and Physical Systems with Emergent
artificial neural Collective Computational Abilities, 1982
networks

; Kohonen, Self-Organized Formation of Topologically Correct
(mid-1980s onwards) Feature Maps, 1982

Rumelhart and McClelland, Parallel Distributed Processing, 1986
The First IEEE International Conference on Neural Networks, 1987
Haykin, Neural Networks, 1994

Neural Network, MATLAB Application Toolbox (The MathWorks, Inc.)
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Table 1.1 A summary of the main events in the history of Al (continued)

Period Key events

Computing with Zadeh, Fuzzy Sets, 1965
words (late 1980s Zadeh, Fuzzy Algorithms, 1969
onwards)

Mamdani, Application of Fuzzy Logic to Approximate Reasoning
Using Linguistic Synthesis, 1977

Sugeno, Fuzzy Theory, 1983
Japanese ‘fuzzy’_con er products (dishwashers, washing
machlp b PN Hrewsmn sets)
way System (Hitac 986

al's
e First IEEE International Conference @Systems, 1992

Qg Kosko, Fuzzy Thinking, 1993

v ets, Neural Networks i oft
Q i i igm Shift, 19% ‘
@ i Works, Inc.) m

Evolutionary j cial Systems, 1975

computation (early i ing: ogramming of the
1970s onwards) election, 1992

nd Natural Algorithms, @2
i Kennedy and rt, Particle Swarm Optimization, vS
9: Schwefel, Ev and Optimum Seeking, 1995 m

Fogel, Evoluti“Computatlon - Towards a Newlosophy of

/& Machine | nce, 1995

Deep neural (&The ImageNet Large Scale Visual Reco hallenge, 2010
networks and vsky Sutskever and Hinton, I$ Classification with
generative Al (mid- al Netwo 2012
2010s onwards) AlexNet. 2 Nn 6 ﬂ
Goodfellow et al., Generative Adversarial Networks, 2014
GoogLeNet 2015
mpj@ provided via
DenseNeP,Q@l?SOl"l.Com
Vaswani et al., Attention is all you need, 2017
Deep Neural Networks, MATLAB Toolbox (The MathWorks, Inc.)
ChatGPT, 2022
GPT-4, 2023

The most important lessons learned in this chapter are as follows:

e Intelligence is the ability to learn and understand, to solve problems and to
make decisions. Al is a science that has defined its goal as making machines
do things that would require intelligence if done by humans.
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e A machine is thought intelligent if it can achieve human-level performance

in some cognitive task. To build an intelligent machine, we have to capture,
organise and use human expert knowledge in some problem area.

The realisation that the problem domain for intelligent machines had
to be sufficiently restricted marked a major ‘paradigm shift’ in AI from
general-purpose, knowledge-sparse, weak methods to domain-specific,
knowledge-intensive methods. This led to the development of expert
systems — computer programs capable of performing at a human-expert
level in a narrow problem area. xpent systems use human knowledge and
expertise in the form, of specificurules,tand /are distinguished by the clean
separation of the knowledge and the reasoning mechanism. They can also
explain their reasoning procedures.

One of thefmain difficulties in building intelligent machinés, or in other
words ingamowledge engineering,dssthesknowledge acquisitigngbottleneck’ —
extracting knowledge from‘human experts.

Fuzzyflogic, or fuzzyfset theory, provides aimeans to comput€ imprecise
linguistic terms. It €oncentrates on the use of fuzzy values that capture the
meaning of words, human reaSoning and decision making, and pzoevides a
way of breaking through the [computational burden of traditional expert
systems.

Expert systems can neither learn nor mprove themselves through
expeétience. They are individually cteated and demand large éfforts for
theirjdevelopment. It can take from five to ten person-years to build even
a moderate expert system. Machine learning can accelerate this process
signifi€antly and enhance the quality of knowledge by adding/new rules or
changingincorrect ones.

ANNs, inspiréd by biological neural networks, learn fromi historical cases
and make it possible to model complex relationships within data. They can
identify patterns”andspredict trends. These capabilities” enables ANNs to
excel in such tasks aswpattefngecognition, dlassification, time series analysis,
forecasting and many more.

The evolutionary approach to Al is based on the computational models of
natural selection and genetics. Evolutionary computation works by simulating
a population of individaals) jevaluating their performance, generating a new
population and repeating this-process a number of times.

Another group of nature-inspired optimisation algorithms includes ant
colony optimisation and particle swarm optimisation. Both algorithms draw
their inspiration from the collective behaviour of social organisms, and both
involve multiple agents working together in exploring the solution space and
iteratively improving the quality of solutions.

ANNs, even with just a few layers of computational neurons, have been
successfully employed since the early 1990s. However, as the complexity
of the problem or the size of the data set increases, neural networks
with only a few layers tend to perform poorly. Deeper networks become
essential. Multiple layers enable deep neural networks to learn hierarchical
representations of data, capturing complex patterns and features.
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Deep neural networks learn to perform tasks directly from images, sounds
or text. While neural networks with a small number of layers may struggle
with image and speech recognition tasks, networks with multiple layers can
generalise to such tasks.

Deep neural networks are now used in driverless cars and voice-controlled
consumer devices. They can recognise images and identify people and
objects. Deep neural networks automatically translate text from one
language to another, and learn to predict earthquakes and forecast energy

market prices.
Deep neural networksghaye B Q1 NVOg e Al, a type of Al that

can produce varj s of new content 1nclud1 ges, videos and
audio. Howev& asn’t until the introduction of Ch %ﬂ January 2022
that gener I could capture the pubhc s imaginatio ook just two

atGPT to reach 1
logy that p

months

The te success of @tGPT and
simil rmers are a @ of deep
neural layers or 'tpﬂformer
blo s it to capture.ecomplex
hierarchical relationships and ntial data, making it
particularly suitable for natural

While transformers have exce
captwlg complex relationshi
adve?lal networks have de
data, ding images, videos

age processing tasks by
sequential data, rative

Unfort ly, as is often the case with new Al tools, concer e already
arising, ularly regarding creasing risks of the di ination of
fake news, ccurate and mis g information, digit. rged images
and videos, as the growing threat of malicio erattacks. With

advancing tech vigilance and awareness ﬁ he existence and

implications of deep es.tebcﬁn%cnsigl important.

Questions for Review

B W N B

Sample provided via

Define intelligence. What is t}péggwgea}\{)eeamr of a machine?

Describe the Turing test for Al and justify its validity from a modern standpoint.
Define Al as a science. When was Al born?

What are weak methods? Identify the main difficulties that led to the disillusion with
Al in the early 1970s.

Define expert systems. List the common characteristics of early expert systems such
as DENDRAL, MYCIN and PROSPECTOR. What are the limitations of expert systems?

What are the differences between expert systems and ANNs? Why was the field of
ANNs reborn in the 1980s?

What are the premises on which fuzzy logic is based? When was fuzzy set theory introduced?
What are the main advantages of applying fuzzy logic in knowledge-based systems?
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8 What is evolutionary computation? What are the main tools of evolutionary
computation?

9 In what scenarios does ant colony optimisation have an advantage over genetic
algorithms? What is the primary advantage of particle swarm optimisation in terms of
parameter tuning when compared to genetic algorithms?

10 What is a deep neural network? What are the main differences between deep neural
networks and shallow neural networks?

11 What is generative Al? What makes ChatGPT so popular? What are the main

technologies behind generative AI’? What risks are associated with generative Al?
12 What are transformers? What @ Tal networks? Which tasks are
more suitable for t rﬁers and WhICh ta swtable for generative

adversarial netwi
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