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Abstract 

Creativity is a fundamental feature of human 
intelligence, and a challenge for AI. AI tech­
niques can be used to create new ideas in three 
ways: by producing novel combinations of fa­
miliar ideas; by exploring the potential of con­
ceptual spaces; and by making transformations 
that enable the generation of previously impos­
sible ideas. AI will have less difficulty in mod­
elling the generation of new ideas than in au­
tomating their evaluation. 

1 Why AI Must Try to Model 
Creativity 

Creativity is a fundamental feature of human intelli­
gence, and an inescapable challenge for AI. Even tech­
nologically oriented AI cannot ignore it , for creative 
programs could be very useful in the laboratory or the 
market-place. And AI-models intended (or considered) 
as part of cognitive science can help psychologists to un­
derstand how it is possible for human minds to be cre­
ative. 

Creativity is not a special "faculty," nor a psycholog­
ical property confined to a tiny elite. Rather, it is a 
feature of human intelligence in general. It is grounded 
in everyday capacities such as the association of ideas, 
reminding, perception, analogical thinking, searching a 
structured problem-space, and reflective self-criticism. It 
involves not only a cognitive dimension (the generation 
of new ideas) but also motivation and emotion, and is 
closely linked to cultural context and personality factors 
(Boden, 1994] . Current AI models of creativity focus 
primarily on the cognitive dimension . 

A creative idea is one which is novel, surprising, and 
valuable (interesting, useful, beautiful...). But "novel" 
has two importantly different senses here. The idea may 
be novel with respect only to the mind of the individual 
(or AI-system) concerned or, so far as we know, to the 
whole of previous history. The ability to produce novel-

ties of the former kind may be called P-creativity (P for 
psychological), the latter H-creativity (H for historical) . 
P-creativity is the more fundam ental notion , of which 
H-creativity is a special case. 

AI should concentrate primarily on P-creativity. If 
it manages to model this in a powerful manner, then 
artificial H-creativity will occur in some cases. (In what 
follows , I shall not use the letter-prefixes: usually, it is 
P-creativity which is at issue.) 

2 Two Types of Creativity 

There are two main types of creativity, involving dif­
ferent ways of generating the novel ideas. Each results 
in surprises, but only one can (sometimes) lead to the 
"shock" of surprise that greets an apparently impossi­
ble idea [Boden , 1990] . Both types include some H­
creative examples, but the creators celebrated in the his­
tory books are more often valued for their achievements 
in respect of the second type of creativity. 

The first type involves novel (improbable) combina­
tions of familiar ideas. Let us call this "combinational" 
creativity. Examples include much poetic imagery, and 
also analogy - wherein the two newly associated ideas 
share some inherent conceptual structure. Analogies are 
sometimes explored and developed at some length, for 
purposes of rhetoric or problem-solving. But even the 
mere generation, or appreciation, of an apt analogy in­
volves a (not necessarily conscious) judicious structural 
mapping, whereby the similarities of structure are not 
only noticed but are judged in terms of their strength 
and depth. 

The second, and potentially deeper, type IS 

"exploratory-transformational" creativity. Here, the 
generation of novel ideas involves the exploration, and 
sometimes also the transformation, of structured con­
ceptual spaces. 

Many human beings - including (for example) most 
professional scientists, artists, and jazz-musicians - make 
a justly respected living out of exploratory creativity. 
That is , they inherit an accepted style of thinking from 
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their culture, and then search it, and perhaps super­
ficially "tweak" it, to explore its contents, boundaries, 
and potential. But human beings sometimes transform 
the accepted conceptual space, by altering or removing 
one (or more) of its dimensions, or by adding a new one. 
Such transformation enables ideas to be generated which 
(relative to that conceptual space) were previously im­
possible. 

The more fundamental the transformation, and/or the 
more fundamental the dimension that is transformed, 
the more different the newly-possible structures will be. 
The shock of amazement that attends such (previously 
impossible) ideas is much greater than the surprise oc­
casioned by mere improbabilities, however unexpected 
they may be. 

If the transformations are too extreme, the relation 
between the old and new spaces will not be apparent. 
In such cases, the new structures will be unintelligible, 
and very likely rejected. Indeed, it may take some time 
for the relation between the two spaces to be recognized 
and generally accepted. 

3 Computer Models of Creativity 

Combinational creativity is studied in AI by research 
on analogy. Most AI-models of analogy generate and 
evaluate analogies by taking advantage of the program­
mer's careful pre-structuring of the relevant concepts. 
This guarantees that their similarity is represented, and 
makes it likely that it will be found by the program [e.g. 
Forbus et al., 1994]. 

But some - broadly connectionist - AI-models allow 
for a more flexible representation of concepts. One ex­
ample is the Copycat program, which looks for analo­
gies between alphabetic letter-strings [Hofstadter, 1995]. 
Copycat's concepts evolve as processing proceeds, and 
the model allows a wide range of (more or less daring) 
analogies to be generated, and evaluated. The degree 
to which the analogies are obvious or far-fetched can be 
altered by means of one of the system-parameters. 

The exploratory-transformational type of creativity 
can also be modelled by AI-systems. For conceptual 
spaces, and ways of exploring and modifying them, can 
be described by computational concepts. Usually, this 
involves considerable domain-expertise - in music, for 
example [e.g. Cope, 1991], or graphic art [Cohen, 1995], 
or architecture [e.g. Koning and Eizenberg, 1981]. Oc­
casionally, a "creative" program is said to apply to a 
wide range of domains - as EURISKO , for instance, 
does [Lenat, 1983]. But to make a generalist program 
useful in a particular area, such as genetic engineering 
or VLSI-design, considerable specialist knowledge has to 
be provided if it is not to generate hosts of nonsensical 
(as opposed to merely boring) ideas. 
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Most current Al-programs focussed on creativity are 
concerned only with defining and exploring conceptual 
spaces. They may allow for highly constrained tweaking, 
but no fundamental novelties or truly shocking surprises 
are possible. This is true , for instance, of the BACON 
suite, whose heuristics for scientific discovery are care­
fully pre-programmed, and whose data are deliberately 
prestructured so as to suit the heuristics provided [Lan­
gley et a/. , 1987]. 

However, a few Al-systems attempt also to trans­
form their conceptual space, sometimes in relatively 
unconstrained ways. Transformational systems include 
AM and EURISKO (Lenat , 1983), and certain programs 
based on genetic algorithms- some of which have pro­
duced valued structures that the human experts say they 
could never have produced unaided. 

Most GA-programs only explore a pre-given space, 
seeking the "optimal" location within it . But some also 
transform their generative mechanism in a more or less 
fundamental way. For example, GA-work in graphics 
may enable superficial tweaking of the conceptual space, 
resulting in images whi<.;h, although novel, clearly be­
long to the same family as those which went before 
(Todd and Latham, 1992]. Or it may allow the core 
of the image-generating code to be lengthened and com­
plexified, so that the novel images may bear no family­
resemblance even to their parents, still less to their more 
remote ancestors (Sims, 1991]. Similarly, some work in 
evolutionary robotics has generated novel sensory-motor 
anatomies and control systems as a result of GAs that 
allow the length of the "genome" to be altered [Cliff et 
al., 1993] . 

4 The Evaluation of New Ideas 
A main reason why most current AI-models of creativity 
attempt only exploration, not transformation, is that if 
the space is transformed then the resulting structures 
may not have any interest or value. Such ideas are novel , 
certainly, but not creative. (We saw in Section 1 that 
"creativity" implies positive evaluation.) 

This would not matter if the Al-system were able to 
realize the poor quality of the new constructions, and 
drop (or amend) the transformation accordingly. A truly 
automatic AI-creator would have evaluative mechanisms 
sufficiently powerful to do this. At present , this is very 
rarely so (an exception is artificial co-evolution in which 
the fitness function evolves alongside the several species 
involved [Ray, 1992]) . Notoriously, AM produced many 
more useless items than powerful mathematical ideas, 
and although it did have heuristics of "interestingness" 
built into it, its evaluations were often mistaken by hu­
man standards. And some "adventurously" transforma­
tional programs embody no evaluative criteria at all, 
the evaluation being done interactively by human beings 



[Sims, 1991]. 
There is no reason in principle why future AI-models 

should not embody evaluative criteria powerful enough 
to allow them to transform their conceptual spaces in 
fruitfully creative (including H-creative) ways. But for 
such computerized self-criticism to be possible, the pro­
grammers must be able to express the values concerned 
sufficiently clearly for them to be implemented. Even 
if the values are not predetermined, being represented 
instead as an evolving fitness function, the relevant fea­
tures must be implemented in and recognized by the 
(GA) system. 

To some extent, this can be achieved implicitly, by 
defining a culturally accepted conceptual space so suc­
cessfully that any structure that can be generated by 
the program will be accepted by humans as valuable 
[Cohen, 1995; Koning and Eizenberg, 1981]. But the 
structures generated within newly transformed spaces 
will need types of evaluation different (at least in part) 
from those implicit within the original space, or previ­
ously provided in explicit form. 

It is even more difficult to express (verbally or com­
putationally) just what it is that we like about a Bach 
fugue, or an impressionist painting, than it is to recog­
nize something as an acceptable member of one of those 
categories. And to say what it is that we like (or even 
dislike) about a new, or previously unfamiliar, form of 
music or painting is even more challenging. 

Identifying the criteria we use in our evaluations is 
hard enough . Justifying, or even (causally) explaining, 
our reliance on those criteria is more difficult still. For 
example, just why we like or dislike something will often 
have a lot to do with motivational and emotional fac­
tors - considerations about which current AI has almost 
nothing to say. 

To make matters worse, human values - and therefore 
the novelties which we are prepared to approve as "cre­
ative" - change from culture to culture, and from time 
to time. In some cases, they do so in unpredictable and 
irrational ways: think of the fashion-industry, for exam­
ple, or of rogue memes like the back-to-front baseball­
cap. Nor are value-shifts confined to trivial cases ·such 
as these: even Bach, Mozart, and Donne were ignored 
and/ or criticized in certain periods. 

The scientific criteria of theoretical elegance and co­
herence, and of experimental verification, are less vari­
able than artistic values. But that's not to say they are 
easy to define, or to implement. 

Moreover, science too has its equivalent of fad and 
fashion. Even the discovery of dinosaurs was not a cut­
and-dried event, but the culmination of a process of sci­
entific - and political-nationalistic - negotiation lasting 
for several years [Schaffer, 1994]. The important point 
is that what scientists count as "creative", and what 

they call a "discovery", depends largely on unarticulated 
values, including social considerations of various kinds . 
These social evaluations are often invisible to scientists. 
For sure, they are not represented in AI-models. 

5 Conclusion 

Some H-creative ideas have already been generated 
by AI-programs, though usually by merely exploratory 
(or combinational) procedures. Transformational AI­
originality is only just beginning. 

Valuation, thus far, is mostly implicit in the gener­
ative procedures used by the program, or interactively 
imposed by a human being. Only a few AI-models can 
critically judge their own original ideas. And hardly any 
can combine evaluation with transformation. 

The ultimate vindication of AI-creativity would be a 
program that generated novel ideas that initially per­
plexed or even repelled us, but which was able to per­
suade us that they were indeed valuable. We are a very 
long way from that. 
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