Chapter 2

Review

Abstract One of the ﬁrst challenges researchers in artiﬁcial intelligence (AI) tried
to conquer was programming a computer to play chess that could compete on the
same level as humans. It took almost 50 years but once achieved, they had to ﬁnd
other ways of proving the value of AI. Of particular interest was the idea or concept
of programmable general intelligence that the human brain possessed. Naturally,
other sub-ﬁelds spawned and looked into different aspects of general intelligence
that were hoped would come together synergetically. Popular culture embraced AI
with its utopian and dystopian ideas of highly advanced machines and robots
working for, but usually eventually against, their human creators. Expectations
therefore grew and AI researchers found themselves struggling to keep up and ﬁnd
funding for their proposals. Computational creativity, among other sub-ﬁelds of AI
such as artiﬁcial life, artiﬁcial consciousness and machine ethics even made us
question what it means to be human. In this chapter, we briefly review the path AI
has taken, the factors that may have influenced it and the importance of advances in
computational creativity in the second millennium.
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Sternberg and Kaufman (2010) offer a good coverage of the concept and theories of
creativity across various disciplines (primarily psychology) but these are not particularly relevant here. The concept of creativity with regard to artiﬁcial intelligence
(AI) , however, is pertinent. It was mentioned in the proposal that lead to the
famous 1956 Dartmouth Summer School often remembered as the birth of the ﬁeld
(Boden 2009). Even so, the ﬁeld was in its infancy back then and challenges
speciﬁc to creativity as opposed to the ‘mere’ mechanization of tasks requiring
human intelligence were generally unheard of (McCorduck 2004; Levy 2006; Ekbia
2008; Warwick 2011). Put simply, getting a computer to play good even though
bland chess was enough of a challenge then than trying to make it play good and
creatively, e.g. in a way that would surprise even the most stylistic human grandmasters such as the late Mikhail Tal. Analogously, generating a relatively simple
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painting was enough of a computational challenge than creating a masterpiece
(Cohen 1999).
With the defeat of then-world chess champion Garry Kasparov to IBM’s Deep
Blue supercomputer in 1997 (Newborn 1997) and the general successes of AI in
many small but signiﬁcant ways in other ﬁelds (e.g. medical diagnosis, law, stock
trading), demand and expectations from machines grew. Even with the resounding
success of computer chess today such as computer programs running on smartphones that play at the grandmaster level and computers being indispensable in the
training of human grandmasters, some experts still wonder, where is it going?1 The
many popular science-ﬁction ﬁlms such as Colossus: The Forbin Project (Sargent
1970), Blade Runner (Scott 1982), Terminator 2 (Cameron 1991), The Matrix
(Wachowski and Wachowski 1999) and A.I. (Spielberg 2001) depicting intelligent
and lifelike machines may also have had an influence on societal expectations from
the ﬁeld, regardless of their generally dystopian outlook.
These productions are becoming more common and are dealing with even more
sophisticated issues related to AI such as human-machine social interaction in the
ﬁlm, Her (Jonze 2013; Saunders et al. 2013) and the transcendence of genuine
human existence into the digital domain such as in the motion picture,
Transcendence (Pﬁster 2014). Computational creativity therefore began to receive
more serious attention from academia at the turn of the second millennium (Colton
and Steel 1999; Buchanan 2001) perhaps to address some of these expectations and
new challenges, in particular those related to the burgeoning Internet (Battelle
2006). While most applications in this area are generally small and task-speciﬁc as
is also the case with traditional AI, others are far more ambitious and aim to
replicate the workings of the entire human brain.
These would include projects that hope to ‘give rise’ to creativity and perhaps
even what is known as the technological ‘singularity’ (Holmes 1996; Seung 2012;
Kurzweil 2012). This is when AI supposedly will overtake human intelligence and
radically alter the world we live in. Even an attempt to mimic the functioning of a
cat’s brain (Ananthanarayanan et al. 2009) was mired in controversy about its actual
performance (Shachtman 2009) so we can be fairly skeptical. There are also approaches that lie somewhere between traditional AI and computational creativity
such as IBM’s Watson supercomputer which is apparently capable of extracting
information and determining proper context; in English, at least. In short, it can
‘read’ and answer questions meaningfully (Chandrasekar 2014). However, it cannot
create any novel content of its own, such as producing a book like this.
In principle, many of the fundamental approaches or techniques2 that have been
developed in AI such as artiﬁcial neural networks, genetic algorithms and evolutionary computation (McCulloch and Pitts 1943; Box 1957; Fraser and Burnell
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demonstrable applications beyond a single domain or task. Note that being task-speciﬁc is even
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1970; Back et al. 1997) can and have been applied to varying degrees in computationally creative systems (Abe et al. 2006; Terai and Nakagawa 2009; Correia
et al. 2013; Machado and Amaro 2013). Such systems may also take the approach
of combining information or knowledge from within the same domain using
mathematical logic, statistical modeling or some form of machine learning, which is
also used in mainstream AI (Cope 2005; Eigenfeldt and Pasquier 2013). A tempting
idea is for a computationally creative system to also learn from its own ‘experience’, much like humans are thought to do (Iqbal 2011; Grace et al. 2013).
However, the methods these systems use tend to be domain or task-speciﬁc as
well. There is nothing inherently wrong with this if the system performs well but it
is certainly not any kind of general intelligence or ‘creativity machine’ that the
human brain is; some brains more so than others.
In summary, the arsenal of approaches and techniques available in mainstream
AI have trickled down to computational creativity and given rise to new types of
applications that apply them somewhat; examples include those that generate creative objects, and assess beauty or ‘interestingness’ (Iqbal et al. 2012; Pérez and
Ortiz 2013). At the same time, computational creativity researchers have found new
ways to adapt mathematical logic and existing AI to suit their purposes. However,
we could not ﬁnd any approach documented in the literature that was able to
successfully integrate discrete information from two or more unrelated domains so
as to produce viable creative output in either one of the original sources. This is
different from producing simultaneous outputs in more than one domain based on a
particular set of inputs and with the help of an AI engine (Benghi and Ronchie
2013). The successful integration of discrete information from multiple, unrelated
domains for computational creativity purposes may be important if one subscribes
to the notion that creativity in a particular domain can be borne out of ‘inspiration’
obtained from more than one domain.
Take, for example, a musical piece composed that the composer says was
inspired by the photo or memory of a beautiful companion. Whether or not such
information in the brain is aggregated through systematicity (Phillips 2014;
Clement and Gentner 1991) is presently unproven and therefore not assumed to be
something our approach should be based on. So is codiﬁcation of context-speciﬁc,
high-level concepts really necessary for this or do low-level ‘mindless’ mathematical interactions sufﬁce? The process of biological evolution is said to be a
mindless and semantic-independent one that actually produces minds and even ‘free
will’ (Dennett 1996)3 even though there is much debate regarding the nature of the
latter, particularly in association with the notion of ‘consciousness’ (Chalmers
1995; Harris 2012).4 This is worth noting because consciousness and free will are
often held by many as prerequisites to creativity.
The idea held by many dualists is that ‘genuine’ (and general) creativity cannot
be described in terms of a computable, and hence fundamentally mathematical or
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algorithmic, process. In the speciﬁc case of chess problems there has never, to our
knowledge, been an approach to automatic composition that relied on a ‘creative
process’ that was independent of human involvement and that could also, in
principle, be applied to other areas. Iqbal (2008, Sect. 2.4) provides a more detailed
review of the main approaches in this regard that have been used in the past.
In the following chapter, we nevertheless present our novel approach to computational creativity as applied to chess problems. We have intentionally left out the
numerous other techniques in AI and computational creativity to compare against to
retain focus on the main subject matter of this book and more importantly, because
they are fundamentally different to the one we propose even though they may be
applicable to the same problem discussed. Ours, however, not only works given the
aforementioned problem of quality automatic chess problem composition but is also
scalable, in principle, to other domains. We therefore present our research in the
practical spirit of fundamental science in that if something can be shown to work—
even in a limited domain initially—why it works is of secondary importance. In
fact, we readily concede there are open questions of this nature which are briefly
discussed in Chap. 6.

References
Abe K, Sakamoto K, Nakagawa M (2006) A computational model of metaphor generation process.
In: Proceedings of the 28th annual meeting of the cognitive science society, pp 937–942
Ananthanarayanan R, Esser SK, Simon HD, Modha DS (2009) The cat is out of the bag: cortical
simulations with 109 neurons, 1013 synapses. In: High performance computing networking,
storage and analysis, proceedings of the conference on IEEE, pp 1–12
Back T, Hammel U, Schwefel HP (1997) Evolutionary computation: comments on the history and
current state. Evol Comput IEEE Transac on 1(1):3–17
Battelle J (2006) The search: how google and its rivals rewrote the rules of business and
transformed our culture. Penguin Group (USA) Inc, Portfolio
Benghi C, Ronchie G (2013) An artiﬁcial intelligence system to mediate the creation of sound and
light environments. In: Proceedings of the fourth international conference on computational
creativity, p 220
Boden MA (2009) Computer models of creativity. AI Magazine 30(3):23
Box GE (1957) Evolutionary operation: a method for increasing industrial productivity. Appl Stat,
pp 81–101
Buchanan BG (2001) Creativity at the metalevel: AAAI-2000 presidential address. AI Magazine
22(3):13
Cameron J (Director) (1991) Terminator 2: judgment day [motion picture]. Carolco Pictures,
United States
Chalmers DJ (1995) Facing up to the problem of consciousness. J Conscious Stud 2(3):200–219
Chandrasekar R (2014) Elementary? question answering, ibm’s watson, and the jeopardy!
challenge. Resonance 19(3):222–241
Clement CA, Gentner D (1991) Systematicity as a selection constraint in analogical mapping.
Cogn Sci 15(1):89–132
Cohen H (1999) Colouring without seeing: a problem in machine creativity. AISB Quarterly
102:26–35

References

9

Colton S, Steel G (1999) Artiﬁcial intelligence and scientiﬁc creativity. Artif Intell Study Behav Q
102
Cope D (2005) Computer models of musical creativity. MIT Press, Cambridge
Correia J, Machado P, Romero J, Carballal A (2013) Evolving ﬁgurative images using
expression-based evolutionary art. In: Proceedings of the fourth international conference on
computational creativity, p 24
Dennett DC (1996) Darwin’s dangerous idea: evolution and the meanings of life. Simon and
Schusterm, New York
Eigenfeldt A, Pasquier P (2013) Considering vertical and horizontal context in corpus-based
generative electronic dance music. In: Proceedings of the fourth international conference on
computational creativity, p 72
Ekbia HR (2008) Artiﬁcial dreams: the quest for non-biological intelligence. Cambridge
University Press, Cambridge
Fraser A, Burnell D (1970) Computer models in genetics. McGraw-Hill, New York
Grace K, Gero J, Saunders R (2013) Learning how to reinterpret creative problems. In:
Proceedings of the fourth international conference on computational creativity, p 113
Harris S (2012) Free will. Simon and Schuster, New York
Holmes B (1996) The creativity machine. New Scientist, pp 22–26
Iqbal MAM (2008) A discrete computational aesthetics model for a zero-sum perfect information
game, Ph.D. thesis. University of Malaya, Kuala Lumpur, Malaysia. https://www.researchgate.
net/publication/230855649_A_Discrete_Computational_Aesthetics_Model_for_A_Zero-Sum_
Perfect_Information_Game
Iqbal A (2011) Increasing efﬁciency and quality in the automatic composition of three-move mate
problems. In: Anacleto J, Fels S, Graham N, Kapralos B, Saif El-Nasr M, Stanley K
(eds) Entertainment computing—ICEC 2011, lecture notes in computer science, vol 6972,
pp 186–197. 1st edition, 2011, XVI. Springer, Berlin. ISBN 978-3-642-24499-5
Iqbal A, van der Heijden H, Guid M, Makhmali A (2012) Evaluating the aesthetics of endgame studies:
a computational model of human aesthetic perception. IEEE Trans Comput Intell Al Games: Spec
Issue Comput Aesthetics Games. 4(3):178–191. ISSN 1943-068X. e-ISSN 1943-0698
Jonze S (Director) (2013) Her [motion picture]. Annapurna Pictures, United States
Kurzweil R (2012) How to create a mind: the secret of human thought revealed. Penguin, New York
Levy DN (2006) Robots unlimited: life in a virtual age. AK Peters, Wellesley
Machado P, Amaro H (2013) Fitness functions for ant colony paintings. In: Proceedings of the
fourth international conference on computational creativity, p 90
McCorduck P (2004) Machines who think: a personal inquiry into the history and prospects of
artiﬁcial intelligence. AK Peters Ltd, Natick
McCulloch WS, Pitts W (1943) A logical calculus of the ideas immanent in nervous activity. Bull
Math Biophys 5(4):115–133
Newborn M (1997) Kasparov vs. Deep Blue: Computer Chess Comes of Age. Springer, New York
Pérez RPY, Ortiz O (2013) A model for evaluating interestingness in a computer-generated plot.
In: Proceedings of the fourth international conference on computational creativity, p 131
Pﬁster W (Director) (2014) Transcendence [motion picture]. Alcon Entertainment, United States
Phillips S (2014) Analogy, cognitive architecture and universal construction: a tale of two
systematicities. PLoS ONE 9(2):e89152
Sargent J (Director) (1970) Colossus: the forbin project [motion picture]. Universal Pictures,
United States
Saunders R, Chee E, Gemeinboeck P (2013) Evaluating human-robot interaction with embodied
creative systems. In: Proceedings of the fourth international conference on computational
creativity, pp 205–209
Scott R (Director) (1982) Blade runner [motion picture]. Warner Bros, United States
Seung S (2012) Connectome: how the brain’s wiring makes us who we are. Houghton Mifflin
Harcourt, United States
Shachtman N (2009) Darpa’s simulated cat brain project a ‘scam’: top scientist. Wired Magazine.
http://www.wired.com/2009/11/darpas-simulated-cat-brain-project-a-scam-top-neuroscientist/

10

2 Review

Spielberg S (Director) (2001) A.I. [motion picture]. Warner Bros, United States
Sternberg RJ, Kaufman JC (eds) (2010) The Cambridge handbook of creativity. Cambridge
University Press, Cambridge
Terai A, Nakagawa M (2009) A neural network model of metaphor generation with dynamic
interaction. In: Alippi C, Polycarpou M, Panayiotou C, Ellinas G (eds) ICANN 2009, Part I.
LNCS, 5768. Springer, Heidelberg, pp 779–788
Wachowski A, Wachowski L (Directors) (1999) The matrix [motion picture]. Warner Bros, United
States
Warwick K (2011) Artiﬁcial intelligence: the basics. Routledge, London

http://www.springer.com/978-3-319-28078-3

