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Abstract 

This paper begins by briefly looking at two of the dom-
inant perspectives on computational creativity; focusing 
on the creative artefacts and the creative processes re-
spectively. We briefly describe two projects; one fo-
cused on (artistic) creative artefacts the other on a (sci-
entific) creative process, to highlight some similarities 
and differences in approach. We then look at a 2-
dimensional model of Learning Objectives that uses in-
dependent axes of knowledge and (cognitive) processes. 
This educational framework is then used to cast artefact 
and process perspectives into a common framework, 
opening up new possibilities for discussing and com-
paring creativity between them. Finally, arising from 
our model of creative processes, we propose a new and 
broad 4-level hierarchy of computational creativity, 
which asserts that the highest level of computational 
creativity involves processes whose creativity is compa-
rable to that of the originating process itself.  

Introduction 
Creativity is frequently seen through the “search space” 
metaphor (Boden, 1992; O’Donoghue and Crean, 2002; 
Wiggins, 2006; O’Donoghue et al, 2006; Ritchie, 2012; 
Veale, 2012; Pease et al, 2013). The space of possible 
products is represented as physical space, where each loca-
tion represents a different product. Other search processes 
have been through this space previously, so a creative 
search process attempts to focus on regions of this space 
that have not yet been explored. The space of all search 
products carries different, often unpredictable values (in-
cluding novelty). Boden (1992) identified three levels of 
creativity with improbable creativity exploring regions of 
this search space that are unlikely to have been visited pre-
viously. Exploratory creativity deliberately attempts to 
explore the boundaries of that search space. Transforma-
tional creativity attempts to identify and explore new 
search spaces, to identify products that did not exist in the 
original search space. 
 Viewing computational creativity through this search 
space metaphor, we can see that many artistic forms of 
creativity are adequately described. Artistic styles of crea-
tivity can be seen to explore the space of possible creative 
artefacts from one of the traditional creative domains like 
art, music, creative writing etc. (as used in Carson et al, 
2005). Highly creative individuals transform accepted 

search spaces to create new possibilities – such as impres-
sionism or cubism.  
 Creative artefacts and creative processes are generally 
discussed quite separately, with creative products/artefacts 
attracting the most attention. One criticism often levelled at 
the discipline of computational creativity, is that it is over-
ly focused on creative products – paying too little attention 
to the process (Stojanov and Indurkhya, 2012; 
O’Donoghue and Keane, 2012). Analogy, metaphor are 
often seen as the dominant approaches to processes centred 
creativity, though evolutionary computing approaches are 
also popular. These creative processes appear to be gener-
ally associated with creativity within scientific or engineer-
ing types of disciplines. Thus, the starting point for this 
paper concerns the two distinct perspectives on computa-
tional creativity, focusing on artistic products and scien-
tific processes. Later in this paper we shall use an educa-
tional assessment framework to cast both perspectives into 
a common framework, in order to bring resolution to these 
apparently conflicting perspectives.  
 It should be noted that even the basic distinction be-
tween artistic creativity and scientific creativity is not uni-
versally accepted. The noted 18th century mathematician 
(and poet) W. R. Hamilton regarded mathematics “as an 
aesthetic creation, akin to poetry, with its own mysteries 
and moments of profound revelation” (from Hankins, 
1980). Mathematicians have also compared the aesthetic 
beauty of various equations, with Euler’s identity (eiπ + 1 = 
0) ranked the most beautiful equation in mathematics 
(Wells, 1990). Conversely, the process of analogical rea-
soning is generally seen as a driving force of scientific cre-
ativity (Brown, 2003), but at least one study has shown that 
analogical reasoning appears to play a part in some con-
temporary artistic creativity (Okada et al, 2009). Despite 
these overlaps, we shall proceed with the two basic catego-
ries of creative products and creative processes for the pur-
poses of this paper.  

Creative Products and Creative Processes 
We briefly compare and contrast creative products (or arte-
facts) and creative processes using two projects that serve 
to highlight some commonalities and help identify some 
differences. The first is ImageBlender that creates new 
images using complex transformations of two given input 
images. The second RegExEvolver represents simple pro-



cesses (a finite automaton) as regular expressions, creating 
new regular expressions from that expression.  

Another criticism often levelled at computationally crea-
tive systems is that “Most of them are given, in advance, a 
detailed (hardcoded) description of the domain” (Stojanov 
and Indurkhya, 2012). The two models presented in this 
paper make minimal assumptions about their relevant 
problem domains. ImageBlender is based on the assump-
tion that the inspiring set contains images - regardless of 
what those images depict. RegExEvolver assumes only that 
the input is a valid regular expression – again with no addi-
tional limits. Additionally, both models take a very small 
inspiring set of two and just one items respectively.   
 Both systems use the search and evaluate strategy of 
evolutionary computation to explore the space of possible 
outputs. Both adopt a multi-objective selection strategy 
(Luke, 2013) to promote the emergence of high quality 
outputs. Multi-objective evaluation uses several independ-
ent objective functions to evaluate individuals in the popu-
lation. Evolution then proceeds under the guidance of a 
Pareto-optimal selection strategy.  
 Finally, both projects use interesting-ness as one of the 
objective functions to guide evolution towards the creation 
of solutions. In both cases interestingness is estimated by 
the Kolmogorov complexity of the created output. This use 
of Kolmogorov complexity is slightly different to that dis-
cussed by McGregor (2007). Other metrics are used to en-
sure that the results have some measurable novelty com-
pared to the given inspiring set – by measuring the dissimi-
larity between an evolved output and the given input(s).  
 These two metrics of interestingness and novelty are 
used as simple, general purpose estimates of the quality 
and novelty (Ritchie, 2001) that are sought by creative sys-
tems. We shall now see if these minimal assumptions can 
prove useful for computational creativity – in the absence 
of more detailed information on the problem domain.  

Creative Artefacts from ImageBlender ImageBlender 
creates new images by combining two given input images. 
Well known techniques exist for combining two images 
using techniques like; super-positioning those images; se-
lecting and combining sub-regions of the images using 
image manipulators like rotation, translation, scale, reflec-
tion etc. Many such techniques can be considered as col-
lage generation that selectively combine parts of (two or 
more) given images.  
 However, ImageBlender does not operate directly upon 
the images but explores the space of possible images pro-
duced by combining transformed representations of those 
images. This process might be considered transformational 
in that it explores a space of possible images that has not 
been explicitly explored before (as far the authors can as-
certain). ImageBlender currently focuses on the Fast Fou-
rier Transform (FFT) of those images, creating a new im-
age by combining portions of the phase and frequency in-
formation from those images. ImageBlender explores the 
space of possible images produced by various combina-
tions of FFT’s and then using the inverse transform (FFT-1) 
to produce the resulting image. No restrictions are placed 

on the input images – other than those inherent to the FFT 
transform. Thus images may be black and white, greyscale, 
or colour; representing geometric figures, paintings, photo-
graphs etc. or any combination of these. 
 ImageBlender uses evolutionary computation to produce 
creative images, guided by a Pareto-optimal selection strat-
egy. Among the metrics used are a number of estimates of 
the Kolmogorov complexity of the output image – ensuring 
there is some appropriate level of interestingness associat-
ed with the output images. Other metrics favour new imag-
es that are different from both input images.  
 Interestingly, some of these measures also have a role in 
assessing the beauty of images. Forsythe et al (2010) found 
that visual complexity can be adequately assessed using 
GIF compression and that the fractal dimension of an im-
age often appears to be an adequate predictor of people’s 
judgements of beauty.  
 Figure 1 shows two input images formed from black and 
white pixels only; a “checkerboard” of alternating black 
and white pixels (top left) and a black circle on a white 
background (top right of Figure 1). The grey appearance of 
the first image is caused by the low resolution reproduction 
of alternating black and white pixels. The final image was 
formed by combining the phase information from one im-
age with the frequency information from the other, forming 
the third (bottom) image in Figure 1. Surprisingly, the out-
put image has a far higher Kolmogorov complexity than 
either input image, suggesting a more interesting product. 
We argue that this output is creative in that it has the prop-
erties most frequently associated with creativity, it is: nov-
el, interesting, unexpected and (arguably) has some aes-
thetic if geometric beauty. Appexdix 1 contains a few more 
sample images created by ImageBlender.  
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 

Figure 1: The two input images (above) and the new image (be-
low) formed by blending the FFT of these images. 



Creative Processes with RegExEvolver Computational 
creativity has addressed process centred creativity under 
three main categories: traditional GOFAI (Good Old Fash-
ioned Artificial Intelligence) search processes, evolution-
ary search and analogy/metaphor/blending (Veale and 
O’Donoghue, 2000) approaches. However, instead of fo-
cusing on specific processes we look instead at general 
Turing Machine models of computational processes.  

In this section we consider the case of creating outputs 
that are themselves processes. Creating a process rather 
than an “artefact” shouldn’t in principle be that much of a 
change since computational processes are easily represent-
ed as strings of characters, parse trees or other structures. 
Such representations can allow “traditional” creativity e 
search to explore the space of possible artefacts/processes. 
In fact, evolutionary programming, genetic programming 
and grammatical evolution regularly output new programs 
in some executable programming language, though their 
focus in not normally on creative outputs. This situation 
where the creative output is itself a process also underpins 
the later section (below) that integrates creative processes 
and products through a theory of Educational Assessment.  

A number of previous project have looked at creating 
outputs that are themselves processes. Procedural content 
generation (Togelius et al, 2011) is an emerging area de-
voted to the creation of game content for playable comput-
er games. Cook et al (2013) discuss the Mechanic Miner 
system that generates the game mechanics for platform 
games using evolutionary computation. However Mechan-
ic Miner and other procedural content generators are very 
focused on the domain of platform games and not on gen-
eral purpose software development.  

The Arís model (Pitu et al, 2013) creates formal specifi-
cations (in Spec#) for a given implementation (in C#) us-
ing analogical reasoning. Due to the creative and arguably 
unreliable nature of analogical reasoning, Arís uses a theo-
rem prover to validate the inferences it automatically ac-
cepts. But unverified specifications may also spur the 
workaday little-c creativity (Gardner, 1993) of human 
specification writers. Finally, we note that Arís is also (po-
tentially) capable of operating in the reverse direction, cre-
ating new source code (a process) for a given specification.  
 Many practitioners of computational creativity use the 
concept of inspiring sets to describe both the creative do-
main and (a sample of) the artefacts that have already been 
generated within that domain. In this section we briefly 
look at the creation of simple computational processes, as 
represented by Regular Expressions (RegEx).  Each regular 
expression defines a language, and any regular expression 
can be converted to a Finite State Machine (FSM) that rec-
ognises strings from this language. The RegExEvolver 
project uses just one regular expression for its inspiring set 
and attempts to create new and potentially useful expres-
sions from it.  
 As a simple example, a regular expression for the regis-
tration numbers of Irish vehicles before 2013 would be: 
 [0-9]{2}[A-Z]{1,2}[0-9]{1,5} 

After this date, a new system was introduced conforming 
to the following regular expression:  
 [0-9]{2}[1-2]{1}[A-Z]{1,2}[0-9]{1,5}  
As a second example we consider the rules for valid pass-
words used in a computer system. Valid passwords may be 
specified by a regular expression, with different 
“strengths” associated with different expressions. A weak 
expression might accept any combination of letters and 
numbers, but a stronger expression might require at least 
one of each of: a lower case letter, an upper case letter and 
a digit. RegExEvolver could also be used to create a new 
password specification given a pre-existing expression.   

The process is similar to that used in fuzz-testing (God-
fried et al, 2012), a software engineering technique used to 
find bugs in a program. One approach to ('black-box') fuzz 
testing involves analysing existing test inputs and then 
generating different, new inputs that may expose previous-
ly unknown vulnerabilities. A more sophisticated ('white-
box') approach involves analysing the program's source 
code in order to generate test inputs that cause unexpected 
combinations of the program's flow of control.  Common 
to both approaches is the goal of creating new combina-
tions that had not been previously envisaged by the testers. 

RegExEvolver uses evolutionary computation tech-
niques to guide formation of the new RegEx under the 
guidance of a Pareto-optimal selection technique. The ob-
jective functions focus on the original and evolved expres-
sions and also assess the languages that are generated by 
these expressions. To this end RegExEvolver uses the Xe-
ger tool to generate random strings for any given RegEx. 
This is achieved by employing standard algorithms to con-
vert the RegEx to an equivalent FSM and then choosing 
random transitions through this machine. Although repeti-
tion (denoted by the Kleene Star '*') in a RegEx can theo-
retically generate a string of infinite length, this is not an 
issue in practice as it would require the same transition to 
be chosen every time.  

In addition to evaluating the generated strings (products) 
we also evaluate the processes themselves. The generated 
RegEx is compared to the original (input) RegEx by calcu-
lating the intersection of their corresponding FSM using 
the dk.brics.automaton package.  In this way, eval-
uation of the new process (RegEx) itself ensures it overlaps 
the input expression, while also ensuring it contains some 
novelty compared to the input expression. However, in the 
absence of a problem domain, we do not evaluate the use-
fulness quality of the generated expressions. 

RegExEvolver is focused on generating novel and poten-
tially useful “processes” at level 3 of the Chomsky hierar-
chy. However, it is easy to see that other computationally 
creative processes could generate creative processes at any 
level from the Chomsky Hierarchy. It has been shown that 
the set of regular languages corresponding to regular ex-
pressions (or produced by a regular grammar) at level 3 are 
a subset of the set of context free languages at level 2, 
which in turn are a subset of the set of content sensitive 
languages at level 1, and that these in turn are a subset of 



the set of recursively enumerable languages at level 0 
(Chomsky, 1959). 

Evaluating Creativity 
Both ImageBlender and RegExEvolver create new outputs 
without the benefit of any specific context or the con-
straints and values that frequently arise from such contexts. 
Thus, evaluating their outputs can be considered all the 
more difficult. While this might be seen as a weakness, we 
see it as positive support for the generality of our approach. 
That is, some creativity is possible without making detailed 
assumptions about the target domain – without committing 
to some low level detail that will later limit the breadth or 
flexibility (Guilford, 1950) of our creative system. 
Defeasible Creativity Newell, Shaw and Simon (1963) 
highlighted that one criterion for creativity is that a given 
answer should cause us to reject an answer that we had 
previously accepted. From this perspective computational 
creativity should place its highest value on creativity that 
contradicts some existing belief, leading to the “shock and 
amazement” often associated with H-Creativity.  
 Evaluation plays a central role in computational creativi-
ty. We identify two distinct types of evaluation: Subjective 
evaluation and Objective evaluation. Subjective evaluation 
is carried out by a computationally creative process to en-
sure the quality and novelty of the output. However that 
real value of a creative output can only ever be truly de-
termined by an independent group of evaluations. A true 
determination of the qualities of novelty and/or quality can 
only ever be made by an independent adjudicator. 
 Objective evaluation relies heavily on consensus reality 
and thus on some target population of evaluators – either 
the general public or some target group of critics.  To this 
end, a comprehensive model of computational creativity 
must incorporate a model of the beliefs of that target 
group.  Thus a creative system must either implicitly or 
explicitly, incorporate a model of the beliefs of that target 
group of evaluators. Thus, a Theory of Mind (ToM) is a 
fundamental issue in computational creativity – be that 
either an explicit theory or one implicitly instantiated in the 
model and its use of data (such as the inspiring set). Any 
ToM will suffer inaccuracies and other problems, especial-
ly when it is used within the context of creative reasoning. 
Thus, we conclude that a defining characteristic of compu-
tational creativity is that the output can only be truly evalu-
ated and assessed by an independent adjudicator. 
 In effect, the objective metrics used in the two projects 
described above implicitly incorporate a simple ToM in 
terms of the interestingness value estimated by multi-
valued pareto-optimal values, including the Kolmogorov 
complexity of the created products.  
Integrating Creative Products and Creative 
Processes  
Creative products and creative processes appear to bring 
different perspectives to computational creativity. Often, it 
appears that these perspectives are almost irreconcilable in 
terms of their values and objectives. We now explore one 

means of resolving the apparent differences between the 
product and process perspectives of computational creativi-
ty. The integration we explore is at the cognitive level, but 
it also bares relevance to other levels of creativity; from the 
neurological to the sociological.  
 In this section we review some work on education, as 
this is another discipline that values the creativity of its 
outputs – promoting the creativity of students produced by 
educational systems. Bloom’s (1956) taxonomy of Learn-
ing Objectives (top of Figure 2) tried to get away from 
simple rote learning and promote higher forms of learning 
such as evaluating and analysing. The taxonomy was pri-
marily aimed at informing education and assessment ac-
tivities. The taxonomy was aimed at supporting objective 
assessment of educational activities and thus focuses on 
measurable and quantifiable properties.  
 While rote learning was seen as the lowest form of edu-
cation attainment, synthesis and evaluation were seen as 
the highest achievements in the original (1956) taxonomy. 
“Creation” was only included in this original taxonomy as 
part of the “Synthesis” category and surprisingly, Synthesis 
was seen as a lower level of attainment than “Evaluation”. 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
  

Figure 2: Bloom’s Revised Taxonomy (below) places greater 
emphasis on the role of creativity in educational attainment 

Bloom’s Revised Taxonomy A subsequent revision of this 
taxonomy (Anderson and Krathwohl, 2001) (bottom of 
Figure 2) introduced a number of changes as moving from 
noun based to a verb based form and other changes. One of 
the most significant changes involved the introduction of 
“Create” as the highest level of educational attainment and 
a “demotion” of Evaluation below the Create level.  
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Learning Objectives Matrix  
As noted by Krathwohl (2002) the unidimensional hierar-
chy of Bloom’s Revised Taxonomy incorporated both 
noun/knowledge and verb/process and thus was essentially 
dual in nature. Anderson and Krathwohl (2001) overcame 
this problem by separating the noun (knowledge) dimen-
sion from the verb (process) dimension.  

This resulted in a two dimensional matrix, with one axis 
called The Knowledge Dimension representing the noun 
related information. The other axis is called The Process 
Dimension and this represents verb related information. 
Towards the origin of this array are found some of the 
simplest forms of educational attainment, involving rote 
learning and the listing of facts. Furthest from the origin 
then, are the highest forms of educational attainment - no-
tably including "create".  

 At this point we should acknowledge that Krathwohl's 
original diagram was a simple 2D matrix. However, in 
Figure 3 we depict a representation due to Rex Heer’s 
model1 that uses the third dimension to highlight the differ-
ence between the simpler and higher forms of educational 

attainment. Thus, the simpler forms of learning are depict-
ed with the least height, while the highest forms of learning 
are depicted by greater heights. Heer’s model and this pa-
per make the assumption by using the third dimension that 
the Cognitive Process and Knowledge Dimensions are rep-
resented to the same scale. However, relative heights are 
merely suggestive of the levels of educational attainment.  

Learning Objectives are typically stated in the form “The 
learner will be able to do X with Y” where X is a verb rep-
resenting the relevant cognitive process and Y is a noun 
representing the corresponding knowledge. Of course, both 
the X and Y are sourced from the two axes of Figure 3. For 
example, “The learner will be able to remember the law of 
supply and demand” where X is “remember” and Y is “the 
law of supply and demand”. The nouns and verbs on the 
two axes, along with the verbs contained in each vertex of 
the matrix, provide a terminology and reference points to 
describe and discuss different creative systems.   
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 3: A 3D representation1 of Krathwohl’s 2D Matrix of Educational Assessment. This is used to view the artefact and 

process perspectives of computational creativity within a common framework. 

                                                 
1 This image has been reproduced from: A Model of Learning Objectives–based on A Taxonomy for Learning, Teaching, and Assessing: A Revision of 
Bloom's Taxonomy of Educational Objectives by Rex Heer, Center for Excellence in Learning and Teaching (CELT), Iowa State University.  



We propose an adaptation of this taxonomy for the pur-
poses of informing work on computational creativity. 
Adapting the typical statement of Learning Objectives to 
the domain of computational creativity, we suggest that we 
read this as “A computationally creative system should be 
able to do X with Y”, where X and Y are identified from 
the diagram in Figure 3.  

Of course, we acknowledge that adopting this matrix is 
contingent upon accepting some similarity between an ar-
tefact and the knowledge that it embodies. We feel that 
allowing this comparison may provide a new and useful 
perspective on computational creativity.  

The Knowledge Dimension Firstly we look at the 
Knowledge Dimension of Figure 3. This we liken to the 
artefact perspective of computational creativity, as both are 
concerned with the production of new ideas in the form of 
knowledge or artefacts that represent that knowledge.  
Factual: Knowledge of the basic elements of the disci-
pline, essential facts, terminology and details. Factual 
knowledge details the basic elements required to function 
in some discipline – music, art, maths etc. 
Conceptual: knowledge of classifications, categories and 
generalisations; knowledge of theories, models, and struc-
tures. Knowledge about how factual elements can be relat-
ed and combined to form low level structures; this might 
include ontological and other knowledge (warm colours, 
emotive words). 
Procedural: knowledge of genre-specific skills, algo-
rithms and techniques, knowledge of criteria for determin-
ing when to use appropriate procedures, details how to do 
something; skills, algorithms, techniques and method, in-
cluding their use. 
Metacognitive: strategic knowledge, knowledge about the 
cognitive tasks including appropriate contextual and condi-
tional knowledge, self-knowledge, and awareness of one’s 
own cognition (or the systems own cognition).  

The Cognitive Process Dimension depicted in Figure 3 
highlights different levels of cognitive processes. While 
simple cognitive process are identified (like remember and 
understand), our concern is with the create level. Figure 3 
depicts “create” as the highest level of cognitive process. 
However, it is interesting to note that creative and evaluate 
are seen as distinct regions on the cognitive dimension, 
given their joint roles in many creative systems.  

We shall examine how the creative process interactions 
with (or relies upon) the previous four levels of 
knowledge: factual, conceptual, procedural and metacog-
nitive.  

Cognitive Processes and “Create” 
Before we look at the “create” level of Cognitive Processes 
Dimension, we note that the adjacent level of process is 
“evaluate”. This would appear to highlight the close rela-
tionship between creation and evaluation. For example, at 
the metacognitive level of evaluation we see the “reflect” 

verb – with reflection often being seen as a precursor to 
creativity. However, this paper is focused on the differing 
levels of the “create” cognitive process.  

Generate: Create Factual Outputs  
While we may not frequently think of producing new facts 
as a creative challenge, we can see creativity as sometimes 
being involved - even when there is a known technique to 
help generate these facts. Let us consider the domain of 
prime numbers, whole natural numbers divisible only by 
themselves and 1. Prime numbers play an important role in 
cryptography and other domains. A non-creative process 
may simply list the known prime numbers. However, look-
ing at the creative dimension we can see that “generating” 
a new prime number might be considered a creative task. 
Let us restrict the set of numbers even further to the set of 
Mersenne primes – that is, a prime number that is also a 
Mersenne number of the form (Mn = 2n − 1). While this 
equation looks like it can “generate” arbitrary prime num-
bers, in fact most Mersenne numbers are not prime. The 
“Great Internet Mersenne Prime Search” project is devoted 
to discovering ever larger Mersenne prime numbers. 
Among the reasons for considering this to be a creative 
task is the enormity of the space of numbers and Mersenne 
numbers and the enormity of verifying that a given candi-
date is actually prime.  

Assemble: Create Conceptual Outputs Creating new 
concepts might be achieved by combining previously exist-
ing concepts, by appropriately assembling a new construct 
using the lower factual level of knowledge. This could in-
volve finding or creating new similarities between existing 
knowledge. Here the creation process is already known or 
relatively straightforward, with the focus being on the con-
cepts and their creation. That is the “assembly” process is 
already known and is used to create the new knowledge.  
 Many creative systems appear to produce artefacts that 
introduce new concepts and facts, using systems that do 
not change while that artefact is being created. Even pow-
erful systems like analogical reasoning and evolutionary 
computation typically create new concepts in an “assem-
bly” like manner. 

Design: Create Procedural Outputs The next level of 
creativity aims to design new procedures that might oper-
ate on existing or new facts. This level of creativity intro-
duces additional flexibility and creative power, in that the 
range of possible outputs and artefacts is greatly increased 
upon the lower level.  
 Analogical reasoning, evolutionary computation and 
other approaches might be seen as involving metacognitive 
creation were they to reflect upon their own processes – 
and use this reflection to guide further progress (while evo-
lutionary strategies take their progress into account through 
strategies like adaptive mutation and others, reactions do 
not (usually) take the form of metacognitive or reflective 
modifications to the creative process).  



Create: Create Meta-Cognitive Outputs These often 
involve self-knowledge and reflection on that knowledge. 
The authors are not aware of any computational models 
addressing this level of computational creativity. Metacog-
nitive and reflective processes may well encompass a The-
ory of Mind (ToM) as mentioned earlier. However, meta-
cognitive aspects are generally not made explicit in most 
creative systems.  

Levels of Computational Creativity 
In this section we build on this joint perspective of 
knowledge/artefacts and processes. We begin by re-visiting 
computational creativity, but bearing in mind that creativi-
ty is also valued among thinking, processing students.  

Creating Outputs that themselves Create Artefacts One 
significant feature of the generated RegEx is that it has a 
dynamic productive quality. The created product is itself, 
capable of generating products. In this case the created 
regular expression is at the lowest level of the Chomsky 
hierarchy, however a similar approach can in principle be 
adopted to generate automata at any level from the Chom-
sky hierarchy. 

Interestingly, from a creativity perspective it is relatively 
straightforward to generate an output process that is at a 
more complex level that the input expression. That is an 
FSA can be easily transformed into a pushdown automaton 
by introducing an additional rule from a higher level au-
tomaton or by introducing higher level rules that overlap 
with the pre-existing grammar.  
 While there has been some discussion on the Turing 
Test and its potential use and adaptation for computational 
creativity (Boden, 2010; Pease et al, 2012), there have 
been surprisingly few references to Turing Machines in the 
various discussions on computational creativity. 
 What limits can we see on the artefacts that are produced 
by a computationally creative process? Similarly, what 
limits can we see in the creative processes generated by a 
creative system? Let us consider a creative system that 
outputs new and interesting Turing Machines. Earlier in 
this paper we saw a creative system that created a very 
simple Turing Machine (a regular expression). Is it possi-
ble to generate a creative Turing machine whose output 
could be (or at least include) a creative Turing Machine?  
 Turing Machine TM1 can be considered creative only if 
it generates an output string that was not produced by other 
machines in its inspiring set. Or alternatively, it produced 
the same output but did so using a different grammar. That 
is, either the language or the grammar must be different in 
some novel and useful way.  
 We now look at four levels of computationally creative 
system that arise from our focus on creative processes.   

1. Direct Computational Creativity (DCC): In direct 
computational creativity the outputs (artefacts or process-
es) display the novelty and quality attributes associated 
with creativity. This category includes the majority of 

work in computational creativity where the (direct) output 
of the computational process is seen as creative. The di-
rectly created output might be an image, a poem, a piece of 
music, a recipe, or it might be a computational process 
such as a regular expression or an evolved program. 
 In terms of the search space metaphor, direct computa-
tional creativity searches through the space of novel and 
useful outputs.  

2. Direct Self-Sustaining Creativity (DSC): In direct self-
sustaining creativity, the outputs are added to the inspiring 
set and serve to drive subsequent creative episodes. Sup-
porting this type of creativity involves two distinct factors. 
Firstly, the process must be capable of generating multiple 
creative artefacts and secondly the quality of the creative 
outputs must be adequately judged before inclusion in the 
inspiring set.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4: Levels and Limits of Computational Creativity 

 
3. Indirect Computational Creativity (ICC): Indirect 
computational creativity outputs a creative process and that 
creative process is creative. That is, ICC outputs processes 
and those creative processes can be considered as computa-
tionally creative systems. We see this as a form of indirect 
computational creativity, where we attribute creativity to 
the created process.  
 We do not see these created processes as simple variants 
on some successful template – outputting a family of close-
ly related creative models. But instead, the ICC should also 
itself display an ability to produce processes with the at-
tributes of novelty and quality.  

4. Recursively Sustainable Creativity (RSC): This is a 
further restriction on the previous level, where the created 
process itself creates processes at the level of RSC. This 
would appear to be a very challenging level of computa-
tional creativity, creating highly creative processes. RCS 
represents the most significant challenge for computational 
creativity arising from this discussion. It would appear that 
techniques like evolutionary and genetic programming are 
best suited to producing such creative models.   
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Conclusion 
The search space metaphor pervades most work on compu-
tational creativity but appears to have led towards a divide, 
between a focus on creative artefacts and less of a focus on 
the creative processes. Two projects are briefly described 
to highlight some differences between artefact centred and 
process centred computational creativity. ImageBlender 
creates new images by combining two input images in 
complex mathematical transformation of those images. 
RegExEvolver takes just one regular expression as its input 
and creates new expressions that differ from their expres-
sions, either in terms of the language it produces or in 
terms of the expression itself.  

Kolmogorov complexity and other general purpose 
compression algorithms appear to offer very useful and 
widely applicable mechanisms for assessing the quality of 
output artefacts. In particular they offer a means of as-
sessing the interestingness of creative outputs. In recent 
work it has been shown that interestingness as estimated by 
the fractal dimension has been closely correlated with 
judgements of artistic quality (Forsythe et al, 2010).  

To help clarify the apparent friction between artefact and 
process centred creativity we turned to educational assess-
ment – as this is another discipline that values creativity 
among its outputs. We suggest that the 2-dimensional 
model of Learning Objectives by Anderson and Krathwohl 
(2002) can offer guidance in comparing creative artefacts 
and processes. Among its advantages are its 2D matrix, 
elucidating different levels of attainment achieved along 
the “Cognitive Process Dimension” and the “Knowledge 
Dimension”. We argue that these two dimensions can be 
seen as loosely analogous to the “Creative Process” and the 
“Creative Artefact” perspectives that are common to com-
putational creativity. Four increasing levels of creative 
process were identified, described using the verbs; gener-
ate, assemble, design and create. Each of these four levels 
impacts on increasing levels of the knowledge (or artefact) 
dimension. 
 Finally, our focus on computationally creative processes 
allowed us to identify a four-level hierarchy of computa-
tional processes. We suggest that the majority of work on 
computational creativity is at the level of “Direct Computa-
tional Creativity” and arguably some work approaches the 
level of “Direct Self-Sustaining Computational Creativity”. 
However, we also define two higher levels, the first being 
“Indirect Computational Creativity” that outputs processes 
that themselves are creative. The final level we call “Re-
cursively Sustainable Computational Creativity” and only 
this highest level is capable of outputting creative process-
es that are akin in their creative potential to the originating 
process.  
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Appendix 
This appendix contains a small sample of the images creat-
ed by ImageBlender. 

 

 

 
 


