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Session 1
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• Epilogue: Whither AI?
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Who Are They ? (My GenAI Pet Hates)
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PetHate #1
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Geoff Hinton
Nobel Prize (2024)
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BIG Claims
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Obscene Money…

PetHate #2
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HOW IT WORKS

In 2025, $1B every day, 25% of World R&D Budget! 
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Dangerous… PetHate #3
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Arrogance…

PetHate #4
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File This Under Arrogance…

• Realising the worst form of Neo-Capitalism…as well 
a New (Technological) Colonialism

• One encounters many “Young Men in a Hurry”: 
arrogance in blind pursuit of tech, ignoring 
personal/social/societal consequences

• No Checks Required: Guardrails not Regulation 
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Unscientific…

PetHate #5
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Unacceptable Standards …

• Unrefereed papers published on blogs, cited heavily … 
often subsequently deleted, without explanation !

• The details of these systems are trade secrets and are not 
revealed; ends up being look-ma-no-hands claims 

• Blah-blah claims: Chat-GTP-4 will make Chat look stupid !

• No ethical clearance in study scandals…

• Benchmark driven discovery can become superficial
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Dangerous…

Look Ma No Hands...
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Draw a Unicorn?

   

Bubeck, S., Chadrasekaran, V., Eldan, R., 

Gehrke, J., Horvitz, E., Kamar, E., ... & Zhang, 

Y. (2023, March). Sparks of artificial general 

intelligence: Early experiments with gpt-4.
(4k GoogleScholar citations)

Wha…?
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Unacceptable Scientific Standards

• Unrefereed papers published on blogs, cited heavily … often 
subsequently deleted, without explanation !

• The details of these systems are trade secrets and are not 
revealed; ends up being look-ma-no-hands claims 

• Blah-blah claims: Chat-GTP-4 is stupidest ever…

• No ethical clearance in study scandals or lax ethics*…

• Benchmark-driven discovery can become superficial

©Mark Keane * Skin colour in beauty product recommendation; Facebook’s  positive/negative news feeds… 



What is Creativity?



Properties of Creative Products

• Standard Definition of Creativity mentions 
originality and effectiveness (novel-useful, new-value, 
unique-utility and so on)

• Originality: product should be unusual, novel, unique 
(not mundane, commonplace, conventional)

• Effectiveness: product should be useful, fit or 
appropriate, has some artistic/practical value

• Originality is not sufficient (in itself), nor Effectiveness

Runco, M. A., & Jaeger, G. J. (2012). The standard definition of creativity. Creativity research journal, 24(1), 92-96.
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https://quoteinvestigator.com/2013/06/17/good-original/©Mark Keane



A Few More Properties …

Recent definitions mentions intentionality and authenticity 

• Intentionality: creator intends/originates the product, finds 
the problem; choices from an intrinsic motivation (incl. 
problem finding/definition, formulation, construction)

• Authenticity: product is an expression of self, of desires, 
motives, ideals and beliefs (AI can’t do this?)

Some argue for: (Macedo & Cardoso 2002; Richie, 2007) 

• Surprisingness: creative product will be surprising

• Non-Typical: creative product will be non-normative

Runco, M. A. (2023). AI can only produce artificial creativity. Journal of Creativity, 33(3), 100063.
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Big-C creativity: unprecedented, 

renowned, great works of art and 

science, domain changing; eg. Darwin, 

Picasso, Kahlo, Curie

Little-c creativity: takes place on a daily 

basis, novel-to-the-solver solutions to 

minor problems; eg. combining 

ingredients from the fridge to make a 

quick meal, lab studies, jokes

Types of Human Creativity: Cs…

Kozbelt, Beghetto & Runco (2010). Theories of creativity. The Cambridge Handbook of Creativity, 2, 20-47.
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Types of Creativity

Margaret Boden
(1936-Present)

• Normal Thinking is search in a 
problem space defined by its 
operators, constraints, representations

• Creative Thinking changes the 
operators, constraints, representations 
(can be a type of meta-search)

Boden, M. A. (2004). The Creative Mind: Myths and Mechanisms. London: Routledge.©Mark Keane
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• Fundamental postulate of human thought (Newell, 1990)

• State representation, operators, heuristic/brute search 
thru states from initial to a goal state (search strategy 
can do sub-goal creation; means-ends analysis )

• Problem solving is state-space search (memory may 
have prior states, metrics to evaluate state goodness, 
constraints such as no-returning)

Newell, A., & Simon, H. A. (1972). Human problem solving (Vol. 104, No. 9). Englewood Cliffs, NJ: Prentice-hall.
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Tower Space
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Types of Creativity

Margaret Boden
(1936-Present)

• Normal Thinking is search in a 
problem space defined by its 
operators, constraints, representations

• Creative Thinking changes the 
operators, constraints, representations 
(can be a type of meta-search)

Boden, M. A. (2004). The Creative Mind: Myths and Mechanisms. London: Routledge.©Mark Keane



Creative Thinking

Bambi Thug
(1993-Present)

• Combinatorial combines existing ideas 
to create something new (Bambi Thug)

• Exploratory, smart trial and error in a 
space of ideas, playful, brainstorming

• Transformational genuinely novel ideas, 
changing paradigms, ways of thinking, 
changing spaces, constraints, ops

Boden, M. A. (1998). Creativity and artificial intelligence.

Artificial intelligence, 103(1-2), 347-356.©Mark Keane



Transformational Examples

Les Demoiselles D’Avignon
(Pablo Picasso, 1907)

• Einstein’s Relativity Theory, perhaps 
all paradigm changes are it

• Cubism with geometric abstraction, 
multiple perspectives and collage

• Atonality in Arnold Schoenberg’s 
music, dropping the home-key 
constraint

Boden, M. A. (2004). The Creative Mind: Myths and Mechanisms.
©Mark Keane



Avoiding Turing Bombs…



Imitation & Mimicry

Let’s avoid the 
“My AI Can Do That” argument…

©Mark Keane



Caveat Emptor…Turing Test

As a veteran of the
Turing-Test Wars 
of the 1980s… 

I accept that anything 
that can be specified can 
probably be done in a machine…

Tho’, it is a product-not-process-test 
and verbally biased…

Alan Turing
(1912-1954)
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Chinese 
Room 
(John Searle)

Searle, J. R. (1980). Minds, brains, and programs. Behavioural and Brain Sciences, 3(3), 417-424.
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Argument By Fiat

• Imitation Game: two entities with the same 
inputs and outputs may be different inside 
(and this matters?)

• Computer programs are syntactic, symbol 
manipulators that can never mean/understand

• Brains are neuro-meat-machines, inherently 
semantical systems that by-definition understand

Dictator Ruled by Fiat: an arbitrary decree, by a person, having absolute authority to enforce it.

©Mark Keane



But…Note

• Runco contrasts Turing v Lovelace Test, testing the 
what versus how (product v originating) 

• People tend to impute human abilities to others that 
“look” like them (eg. consciousness, intelligence)

• Surely, this is not a firm basis on which to claim 
Creativity in AI Systems?

• But, Chatbots have cynically exploit this weakness

©Mark Keane



A Half Truth 
Is Worse than 
a Whole Lie !
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Hallucinations 
are Worse
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Oh yes, 
I forgot …
that’s what it is!
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Creativity can’t (just) be in the eyes of beholder …

Runco, M. A. (2023). AI can only produce artificial creativity. Journal of Creativity, 33(3), 100063.
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What I Will Do…



What I Would Like to Do…

… is sketch some aspects of human cognition 
when we see people being 
creative/insightful/inventive

… point to how these processes differ from current 
AI systems engaging in similar acts 

…ask you to reflect on what AI would have to do to 
have more human-like abilities

©Mark Keane



Core Issue for Me…

• GenAI is claiming super-human abilities soon…

• Human Creativity occurs in a very different architecture, 
and fundamentally depends on those differences

• Current AI does not parallel what people do when they are 
being creative (so what!)

• GenAI may well realise its own form of creativity, 
but that creativity will not be the same as human creativity

©Mark Keane



We Are Fallible, but Fantastic…

©Mark Keane

…(big critique) AIs lack a Human Context,
they are poor as Sense-Making Entities in 
the World, using Diverse Representations and 
Creative Cognitive processes in an 
opportunistic way…



Human v Machine 
Dance-Off

Mark T. Keane, University College Dublin, Ireland
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https://www.perplexity.ai/page/openai-s-5-steps-to-agi-STzklF5SSQ6JOiBTaV.cfA  (July, 2024)

**close to level #2

©Mark Keane
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What We Are Not…

• GenAI claims it will do everything; superintelligence, 
whatever, beyond humans capabilities in 2 years

• Yet, we took millions of years to evolve our abilities, 
in much richer environments with richer data  

• Why should a recent-human-artefact learning from a 
degraded-data environment do better?

• Rationally, the proposition doesn’t stack up !

©Mark Keane



Human v Machine…

Worlds Apart 

Roots of Intelligence

Intentional Autonomy

Semantic Flexibility

NLP Leverage

Cognitive Opportunism

©Mark Keane



Worlds Apart

Millions of years of biological evolution
 in a rich physical environment  and 
thousands of years of cultural evolution 
shaping  our cognitive, social, societal skills, 
abilities and competences.

100-200 years of human designed
development using data fed by us,
with poor sensing of physical world
or other intelligent entities. 

©Mark Keane



Human v Machine…

Worlds Apart 

Roots of Intelligence

Intentional Autonomy

Semantic Flexibility

NLP Leverage

Cognitive Opportunism
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Roots of
Intelligence

Human intelligence is a rationalist-empiricist
program, understanding the innate bases 
for human learning and how they interact 
with the encountered world.

Artificial intelligence is an empiricist program,
the machine’s blank slate is written on by 
machine learning methods acting on text, 

image, video and other data 

©Mark Keane



Roots of
Intelligence

Human intelligence is rich interplay
of nature and nurture.

Nature: evolved genetic 
inheritance of humanity supplies
deep schematic knowledge; informs
us about the world gives expectations
that aid in constrained learning.

Nurture: The knowledge of  
the world built up empirically from
experiential and vicarious learning.

Artificial intelligence is all nurture 
with little nature.

Nature: Machine is given little other
than the learning method, base data,
and fills that blank slate; few
“inductive biases”, so causal learning 
remains an issue.

Nuture: Is the machine learning done,
over datasets to build-up knowledge 
empirically from experiential learning.

©Mark Keane



Chomsky’s LAD v Skinner’s Slate

©Mark Keane

Chomsky Skinner
Because children have an innate ability to 
develop language, it will happen naturally.
(tho note critical periods)

Children need stimulus to develop their 
language.

Children are not influenced by ‘adult’ 
language use. Their pattern of development 
will be the same.

The language used around children will 
determine how they develop their 
language.

The adult role is not so importance, as, even 
if children are corrected, they will still 
develop language in the same way.

The adult role is critical to support 
language through correction and 
reinforcement.

Language is distinct ability/module, may be 
dissociated from intelligence.

Language is just another human ability 
learned through conditioning.

From rpi.chubut.gov.ar



Human v Machine…

Worlds Apart 

Roots of Intelligence

Intentional Autonomy

Semantic Flexibility

NLP Leverage

Cognitive Opportunism
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Intentional Autonomy

“I chose to dance…” do(x, dance52.pr)
©Mark Keane



Intentional 
Autonomy

www.helfulprofessor.com www.happyiom.com
©Mark Keane



Autonomy

We appear to be self-directed entities, 
goal-driven, but responsive to 
changing environments.

They are entities directed by goals 
(given by us) and can be brittle in 

changing environments.

©Mark Keane



Why iid matters

Geirhos, R., Jacobsen, J. H., Michaelis, C., Zemel, R., Brendel, W., Bethge, M., & Wichmann, F. A. (2020). 

Shortcut learning in deep neural networks. Nature Machine Intelligence, 2(11), 665-673.©Mark Keane



Geirhos, R., Jacobsen, J. H., Michaelis, C., Zemel, R., Brendel, W., Bethge, M., & Wichmann, F. A. (2020). 

Shortcut learning in deep neural networks. Nature Machine Intelligence, 2(11), 665-673.
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AlphaGo 
is hugely 
impressive …
and looks 
creative in 
its play…

©Mark Keane



AlphaGo

Silver, D ... & Hassabis, D. (2016). Mastering the game of Go with deep  neural networks

and tree search. Nature, 529(7587), 484-489.©Mark Keane



But…

AlphaGo is …

   … given goals 

of game

   … starts from 

human games

   … uses 

human 

evaluations

   and can’t 

make a cup of 

tea
©Mark Keane



Training to Given Goals…is not Creative

Runco, M. A. (2023). AI can only produce artificial creativity. Journal of Creativity, 33(3), 100063.©Mark Keane



• ML typically 

optimizes on a single-

goal/objective, like 

swifts eating bugs

• Multi-objective 

learning is a hot topic, 

cos of challenges 

juggling >1 goal

Like Swifts…

©Mark Keane



We’re More 
Like Tits…

• People maintain multiple 

goals at different levels 

(bodily, social,existential)

• Parus Major is an 

opportunistic feeder, 

eats everything, and 

plans accordingly

©Mark Keane



We Are Intensionally Autonomous…
©Mark Keane



Human v Machine…

Worlds Apart 

Roots of Intelligence

Intentional Autonomy

Semantic Flexibility

NLP Leverage

Cognitive Opportunism
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Semantic Flexibility

©Mark Keane

Primary, sensed representations, 
structure-preserving plus natural language

Secondary, non-sensed  representations,
 often NLP derived (e.g., text)



Meaning from Diverse  
Representations…

• We know the world through all our 
senses; meaning what we see, hear, 
smell, touch and proprioception

• Semantic flexibility relates these senses 
to  one another, crossmodally to
represent objects in multi-dimensions

• “bowl” is not just the text token bowl

©Mark Keane



Water 
Carriers 

• Diverse representations allow 

us to flexibly re-conceptualize 

objects…

• A multi-sensed world can be 

re-interpreted to meet goals, 

and creative solutions …

©Mark Keane



Ballet Dancers, 
& Rugby Players

©Mark Keane



Pollack’s Art…
…is as much about movement as it is about paint, color and form….

©Mark Keane



Semantic Flexibility in Human Creativity comes from
the Interplay ‘tween Diverse Sensory Representations

©Mark Keane



Human v Machine…

Worlds Apart 

Roots of Intelligence

Intentional Autonomy

Semantic Flexibility

NLP Leverage

Cognitive Opportunism
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©Mark Keane

For us language is a separate 
representational system for 

communication, description, and
reflection…a mental lingua franca.

It can leverage creativity…

For them its often the sole 
representational code,  

ungrounded symbols in a  
processing vacuum…

©Mark Keane



Words & The World

• We know words do not describe everything…

• A picture paints a thousand words

• Emotions: “I could not describe how I felt…” 
(use metaphors, bursting)

• Poetry tries to express the inexpressible

• Language is usefully vague… the same words can 
describe many different real-world states…

©Mark Keane



B…B..Bowl

BOWL as a multi-sensed object referred to by the word “bowl”
©Mark Keane



B…B..Bowl

BOWL as the text token bowl
©Mark Keane



“The Cat Sat on the Mat.”

©Mark Keane



Every Sentence…

Describes a near infinity of states !

©Mark Keane



Every Sentence…

An infinity of different specific cats 
sitting in different ways on an infinity 
of different specific mats in different 

contexts at different times…

©Mark Keane



Words & Knowledge

• So, why should text analysis yield knowledge?

• At best, it may be selective

• At worse, it may be misleading or biased

• Yet, GenAI treats text as sufficient for:

• World Knowledge

• Artificial General Intelligence 

• SuperIntelligence

©Mark Keane



Plus … Ambiguity !

I shot an elephant in my pajamas.

…many very different states 
may be indicated … 

©Mark Keane



Think of Ambiguity
©Mark Keane



• I shot an elephant in my pajamas

• I shot (an elephant) in my pajamas

• I shot an elephant (in my pajamas)

• I shot (an elephant in my pajamas)
©Mark Keane



What’s World Knowledge…

• It’s our basic knowledge about things, people, 
places and their relative properties in the world

~ elephant is too big to fit in the leg of my pjs
~ elephant is too big to wear my pjs
~ shooting elephants is supported…

©Mark Keane



And Yet…

• LLMs assume that a co-occurrence analysis of 
“mere” words will deliver all the language, 
knowledge, and intelligence people show….

• Why would/could/should this work ? And, if it 
appears to work, what are the things it doesn’t 
work for?

• Indeed, we know it can fail on world knowledge…

©Mark Keane



For Us, NLP Can Leverage Creativity

• Because we know words can be ambiguous, 
meaning is not fixed…

• There is a gap between words and what they 
can mean, interstices that can be exploited

• I can syntactically re-arrange words to create 
new meanings, concepts I have never thought of 
before (Cavan Fever)…

©Mark Keane

Keane, M. T. (2010). Creativity: a gap analysis.  
International Conference on Cognition, Experience & Creativity, IIT Gandhinagar, India.



Human Creativity Leverages
Language Indeterminacy
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Human v Machine…

Worlds Apart 

Roots of Intelligence

Intentional Autonomy

Semantic Flexibility

NLP Leverage

Cognitive Opportunism
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Foraging
Opportunism

©Mark Keane



Cognitively
Opportunistic

©Mark Keane

• Blessed are scavengers for they shall find ideas

• People are opportunistic in their creative acts 

• We benefit from accident and serendipity

• Facing a problem, I may reason a bit, generalise 
the case, use an analogy, self-explain what I am 
doing…or just let the world suggest something !



“that’s funny”

Discovery 
in Science

©Mark Keane



Serendipity Really?

• First antibiotic (penicillin); saw antiseptics 

kill injured soldiers in WWI, noticed 

tears/lysozyme killed (some) bacteria…

• Agar plate left in low temp for months, 

rare mold grew, on cleaning “That’s funny!”

• Others not interested, 9 yrs after Florey & 

Chain revisited (for Nobel)

Alexander Fleming
(1881-1955)©Mark Keane



“Chance favours the prepared mind…”

Gillies, D. (2006). Kuhn on discovery and the case of penicillin. Contemporary perspectives in philosophy and methodology of science, 47-63.

©Mark Keane



Cognitively
Opportunistic

©Mark Keane

• We realise that the environment is important

• Hanging goals, amongst the many other goals…

• Memory is organized around environmental cues

• Permits us to survive as limited capacity processors

• It also makes us very responsive to chance/accident



Human Creativity fundamentally 
depends on the World that we 
evolved to live in, and how we 

make sense of that World  
and understand it…

©Mark Keane



Intent & Motive in Art

Mark T. Keane, University College Dublin, Ireland

©Mark Keane
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Human Creativity Has Intentional Autonomy
©Mark Keane



Runco Again

“Creativity does not rely on chance - 

large number of choices, decisions, 

judgments that creative individuals 

make depend on intentions and … 

systematic efforts..”

Mark Runco (1957-present) Runco (2007)
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Is this Art ?

©Mark Keane



Conceptual  
Blending:

chicken-man
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Is this Art ?
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Is this Art ?
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DALL-E prompted picture in the style of …

©Mark Keane



Van Gogh 
defined the 
style !

©Mark Keane



Is this Art ?

©Mark Keane



Dali
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DALL-E
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What’s the 
difference 
between Dali 
and DALL-E

©Mark Keane



AI Prompted Pics

DALL-E DALI

US not copyrightable!
©Mark Keane



Artists Can 
Intend to be 
Random!

©Mark Keane



Bowie’s “Cut Up” Technique 

https://www.youtube.com/watch?v=m1InCrzGIPU&t=3s

©Mark Keane



But, is it Art !

©Mark Keane



J. Pollock (1948) No. 23©Mark Keane



Much Dripping…

No. 23
(J. Pollock, 1948)

• Jackson Pollock’s drip paintings as 
Abstract Expressionism

• Actor defines inputs, actions, chosen 
colours, constraints, evaluations

• Expressing a new space adding action, 
emotion, spontaneity to abstract art 

• Pollock is realising an art movement

©Mark Keane



Fractal Analysis of 
Pollock…

Taylor, R. P., Micolich, A. P., & Jonas, D. 

(1999). Fractal analysis of Pollock's drip 

paintings. Nature, 399(6735), 422-422.

©Mark Keane



Intending to be Random can be an 
Inherent Motivation 

for One’s Art

©Mark Keane



Pablo Picasso (1881-1973)

What Was 
Picasso Doing?

©Mark Keane



Guernica (Pablo Picasso, 1937)
©Mark Keane



Runco Again

“Creativity does not rely on chance - 

large number of choices, decisions, 

judgments that creative individuals 

make depend on intentions and … 

systematic efforts..”

Mark Runco (1957-present) Runco (2007)
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“Picasso’s sketchbooks are 

replete with false starts and wild 

experiments” (Simonton 1999)

“placed in the context of his career and 
in the history of art … [the] creation of 
Guernica was based on what one might 
call a simple or direct extension of his 
work at that time” (Weisberg 2004, p. 24)

©Mark Keane



Many Old Oppositions

Intentional, Planned, Top-Down Random, Blind Chance, Trial & Error

Rationalist
(innate traits)

Empiricist
(all experiential learning)

Gestalt Psychology
(thinking as insight, restructuring)

Behaviourist Psychology
(thinking as trial & error, learned responses)

Good Old Fashioned Logic-Based AI
(inductive biases as axioms)

Neural to Deep Learning Networks
(learning from patterns in data)

Pre-Loaded Evolved Adaptations Blank Slate (Tabula Rasa)

People have many goals, free will and an 
ability to decide their destiny..

People are conditioned by environment, 
responding to the latest cue…

©Mark Keane



Trial & Error…

Dean Simonton

• Art is Blind Variation

• Free Association with 
Selective Retention…

• Remote Association and 
Artistic muddling thru’

©Mark Keane



Robert Weisberg

Systematic & Driven

• Directed Exploration 
(composition v character)

• Few false starts; the structure & 
characters are there at start 

• Kernel idea from earlier work…

©Mark Keane



Guernica Sketches

• Picasso numbered and 
dated 45 sketches

• Sketches are composition 
and character studies

• Sketching starts May 1st 
and ends June 4th, painting 
May 11th to early June

©Mark Keane



Guernica Sketches

• Picasso numbered and 
dated 45 sketches

• Sketches are composition 
and character studies

• Sketching starts May 1st 
and ends June 4th, painting 
May 11th to early June

©Mark Keane



Similar patterns of 
development of 
character…

Focused on small 
set, not exploration 
of whole universe…

Characters …

©Mark Keane
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Minotauromachy (Picasso, 1935)
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Kernel ...
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Conceptual  
Blending

chicken-man

©Mark Keane



In the Style of … Van Keane !

• CNNs have been used for Nice Pictures…
with prompting people call them Creative !

• This type of conceptual blending, is a form of 
Combinatorial Creativity

©Mark Keane



McCaig, G., DiPaola, S., & Gabora, L. 
(2016, June). Deep Convolutional 

Networks as Models of Generalization 
and Blending Within Visual Creativity. 

In Proceedings of the Seventh 
International Conference on 

Computational Creativity.

Image
Blending

©Mark Keane



Complex CNN Model…

©Mark Keane



McCaig, G., DiPaola, S., & Gabora, L. (2016). Deep Convolutional Networks as 
Models of Generalization and Blending Within Visual Creativity.  ICCC-16.

choice of 
guide image
matters…
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McCaig, G., DiPaola, S., & Gabora, L. (2016). Deep Convolutional Networks as 
Models of Generalization and Blending Within Visual Creativity.  ICCC-16.

choice of 
layers
matters…

©Mark Keane



dataset 
drives 
features…

Dumbbells !!!

©Mark Keane



“dog faces
everywhere”
problem

“dog faces
everywhere”
problem

©Mark Keane



Critique of Chicken-Man

• A generic, generative process with with human-given 
goals and decisions (no novelty?)

• Human choices of inputs/layers/datasets affect 
outputs and are human-judged (no autonomy?)

• Has a very specific task/domain focus (so it lacks 
generalisation?)

• Creative product cannot (purely) in the  eyes of 
the beholder (not good enough; hit rate?) and 
needs to be intended by the creator…

©Mark Keane



Human Creativity Has Inherent Motivation
©Mark Keane



Intrinsic Motivation…to Find Problems

[Telling robots] …to formulate hypotheses…dramatically 

detracts from their autonomy, at least during the problem 

finding stage of the creative process. Actual problem finding on 

the part of AI would involve allowing them to scrape the web for 

information, and then simply leaving them to their own devices 

(pun intended)…

Runco, M. A. (2023). AI can only produce artificial creativity. Journal of Creativity, 33(3), 100063.©Mark Keane



Schmidhuber’s RL Suggestion….

Intelligent agents can become more effective learners by being 
intrinsically motivated to explore unknown, interesting, or surprising 
aspects of their environment. Rather than relying solely on external 
rewards, these curiosity-driven rewards push agents to seek new 
information, resulting in learning and adaptation even when 
traditional rewards are sparse or unavailable…agents can become 
highly efficient learners with minimal external guidance, driven by 
the intrinsic motivation to learn and understand.

Schmidhuber, J. (2010). Formal theory of creativity, fun, and intrinsic motivation (1990–2010).

IEEE transactions on autonomous mental development, 2(3), 230-247.©Mark Keane



Comes Back To…

For people, the motivation comes from who they 

are…the creative act becomes fundamental to their 

expression of one’s “self” (hmmm…)*

How do you decide what is interesting, what is the 

thing that grabs you, that becomes the target for your 

motivation…  (not solved?)

Pollock…Van Gogh…Kahlo...had to create…

©Mark Keane

Runco’s Authenticity: product is an expression of 
self, of desires, motives, ideals and beliefs 



Humans intend to create in many different ways; they are inherently 
motivated to create, often in the face of overwhelming odds…

©Mark Keane



Creative Cognition in People

Mark T. Keane, University College Dublin, Ireland

©Mark Keane



Creative Thinking

Bambi Thug
(1993-Present)

~ Combinatorial combines existing ideas 
to create something new (Bambi Thug)

~ Transformational genuinely novel ideas, 
changing paradigms, ways of thinking, 
changing spaces, constraints, ops

~ Exploratory, smart trial and error in a 
space of ideas, playful, brainstorming

Boden, M. A. (1998). Creativity and artificial intelligence.

Artificial intelligence, 103(1-2), 347-356.©Mark Keane



Creative Thinking

Bambi Thug
(1993-Present)

~ Combinatorial combines existing ideas 
to create something new (Bambi Thug)

~ Transformational genuinely novel ideas, 
changing paradigms, ways of thinking, 
changing spaces, constraints, ops

~ Exploratory, smart trial and error in a 
space of ideas, playful, brainstorming

Boden, M. A. (1998). Creativity and artificial intelligence.

Artificial intelligence, 103(1-2), 347-356.©Mark Keane



Leveraging Language to Create New Meanings

©Mark Keane



THEY ARE 
 BAMBI THUG !

Concept Combination

©Mark Keane



Creative Language Extension

• People  use language to extend the 

meanings in the language; concept 

combination for new products 

(laptop computer, bum bag)

• So, it can be Big-C and Little-C 

creative; I suffered from Cavan 

Fever, when I moved to the country !

• Depends on specific, creative 

cognitive processes that combine 

existing knowledge in new ways

©Mark Keane



Costello, F. J., & Keane, M. T. (2000). Efficient creativity: Constraint‐guided conceptual combination. Cognitive Science, 24(2), 299-349.

Concept Combination (of Nouns)

©Mark Keane



Finger CUP

Costello, F. J., & Keane, M. T. (2000). Efficient creativity: Constraint‐guided conceptual combination. Cognitive Science, 24(2), 299-349.©Mark Keane



FINGER
cup

Costello, F. J., & Keane, M. T. (2000). Efficient creativity: Constraint‐guided conceptual combination. Cognitive Science, 24(2), 299-349.

©Mark Keane



Pragmatic Constraints

Hearer expects Speaker to obey these conversational rules:

• Diagnosticity, given words are sufficient to understand 

the idea and use diagnostics features (eg. cactus fish is 

“prickly fish”, not a “green fish”)

• Informativeness, new information must be conveyed 

(eg. head hats and pig pork seem odd)

• Plausibility, needs to be something more-or-less known 

(eg. shoveler duck, bird pig)

Costello, F. J., & Keane, M. T. (2000). Efficient creativity: Constraint‐guided conceptual combination. Cognitive Science, 24(2), 299-349.

©Mark Keane



Diagnosticity

Cactus Fish
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Pragmatics Constraints

Hearer expects Speaker to obey these conversational rules:

• Diagnosticity, given words are sufficient to understand 

the idea and use diagnostics features (eg. cactus fish is 

“prickly fish”, not a “green fish”)

• Informativeness, new information must be conveyed 

(eg. head hats and pig pork seem odd)

• Plausibility, needs to be something more-or-less known 

(eg, shoveler duck, bird pig)

Costello, F. J., & Keane, M. T. (2000). Efficient creativity: Constraint‐guided conceptual combination. Cognitive Science, 24(2), 299-349.
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Informativeness

Pig Pork
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Pragmatics Constraints

Hearer expects Speaker to obey these conversational rules:

• Diagnosticity, given words are sufficient to understand 

the idea and use diagnostics features (eg. cactus fish is a 

“prickly fish”, not a “green fish”)

• Informativeness, new information must be conveyed (eg. 

head hats and pig pork seem odd)

• Plausibility, needs to be something more-or-less known 

(eg. shoveler duck, angel pig)

Costello, F. J., & Keane, M. T. (2000). Efficient creativity: Constraint‐guided conceptual combination. Cognitive Science, 24(2), 299-349.

©Mark Keane



Plausibility

Angel Pig

©Mark Keane



Plausibility is Important

• Plausibility is a knowledge-driven judgement about whether 
something fits with prior experience  (C&K, 2006); note, 
how different sense-sources like shape, motion, visual 
attributes are exploited flexibly

• GenAI computational ideas about it are poor:

~ Falling within a distribution (fine if well modelled)

~ Is the product is close to things we know already?

• Ironically, GenAI is now cautiously poor at it (ChatGTP 3.5)

Connell, L., & Keane, M. T. (2006). A model of plausibility. Cognitive Science, 30(1), 95-120.©Mark Keane
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Older CC Work Does Better !

Pereira, F. C., & Cardoso, A. (2006). Experiments with free concept generation in Divago. KBS, 19(7), 459-470.

Fish-tail Desk

©Mark Keane



Latest on LLMs

See also: Ichien, N., Stamenković, D., & Holyoak, K. J. (2023). Large 

language model displays emergent ability to interpret novel literary 
metaphors. arXiv preprint arXiv:2308.01497.

©Mark Keane



Moving Between Domains
©Mark Keane



ANALOGICAL 
THINKING
Koestler’s “Bisociative Thought”

Koestler, A. (1964). The Act of Creation. Penguin, NY ©Mark Keane



Structured 
Mappings of 
Knowledge

Arts and Science use 
analogies to think about 

unfamiliar things or 
create new conceptual 

perspectives

SpeechPauses::Music 
Atoms::Solar-systems

Snake-Biting:BenzineRing 

2D::3D

©Mark Keane



Inter-Domain 
Transfer

• Most current GenAI works within an 

albeit large, defined, single domain 

(eg. AlphaGo), with IID and OOD

• People also learn within single 

domains but also creatively transfer 

between domains 

• Notating the tempo of pauses in 

language, as if it were music !

Samuel Beckett

Igor Stravinsky

©Mark Keane



Analogical Thinking

• Analogies are quintessential creative process; allows 

cross-domain projecting of old knowledge into new area

• Analogies allow us to think about things we don’t know 

anything about, on the assumption they are 

relationally/structurally similar (which may not hold)

• Peirce called it abductive reasoning; Koestler, bi-

sociative thought (in creativity, humour, science)

©Mark Keane



Graph Matching & Maps

Falkenhainer, B., Forbus, K. D., & Gentner, D. (1989). The structure-mapping engine. Artificial intelligence, 41(1), 1-63.©Mark Keane



Word Embeddings & Small Analogies

Mikolov, T., Yih, W. T., & Zweig, G. (2013). Linguistic regularities in continuous space word representations. In ACL-13

Word embeddings (ala Word2Vec) got word analogies:

~          Man : King : : Woman : ?    Queen

~          Paris : France : : London : ?   Britain

Fournier, L., Dupoux, E., & Dunbar, E. (2020). Analogies minus analogy test. In CoNLL-20 (pp. 365-375).

Allen, C., & Hospedales, T. (2019, May). Analogies explained. In ICML-19 (pp. 223-231). PMLR.

©Mark Keane
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Word Embeddings & Small Analogies

Mikolov, T., Yih, W. T., & Zweig, G. (2013). Linguistic regularities in continuous space word representations. In ACL-13

Word embeddings (ala Word2Vec) got word analogies:

~          Man : King : : Woman : ?    Queen

~          Paris : France : : London : ?   Britain

But, complex issues around whether it really works and why it 

seems to work… (paraphrase, offsets, pairings)

Fournier, L., Dupoux, E., & Dunbar, E. (2020). Analogies minus analogy test. In CoNLL-20 (pp. 365-375).

Allen, C., & Hospedales, T. (2019, May). Analogies explained. In ICML-19 (pp. 223-231). PMLR.

©Mark Keane



Creating Small Analogies Hard

• Building databases of previous 

analogical-matches: 

composes->writes

• Using ChatGPT to find 

meta-relations (CEO~President = 

Head_Of_Organization)

• Still only partially works!

Yuan, S. et al. . (2023). Analogykb: Unlocking analogical reasoning of language models 

with a million-scale knowledge base. arXiv:2305.05994.©Mark Keane



Dodgy Type-Hierarchy Problem

Veale, T. (2006) An analogy-

oriented type hierarchy for linguistic 

creativity. Knowledge-Based 

Systems, 19.

©Mark Keane



GenAI 
Challenges

• Making small analogies still hard

• Co-ordinating large analogical 

mappings, runs into planning 

issues for GenAI (not GOFAI)

• This is before you consider 

existing OOD issues, waiting in 

the long grass

©Mark Keane



How Do People Do It?

• People do large analogies really fast (spatial scaffolding?)

• They can create new meanings between entities using 

slippage and flexible relations…(metaphorical kicks)

• Must depend on between multiple sense codes and 

representations; unclear that purely text can do this…

©Mark Keane



Opportunistic Insights
©Mark Keane



Context Sensitive, Contingent, Opportunistic

• Insight shows a pre-disposition to opportunism, 
using accidental info that arises…serendipity

• Creativity system seems to be waiting and 
watching; insights can arise from hanging goals

• Again, this makes sense as we are context-
sensitive entities in a complex, contingent 
World with limited knowledge access

©Mark Keane
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People Have Lots of Goals ! 

• We maintain several levels of goal-directed behaviour 

every day; needing a sandwich, getting to work, 

worrying about family, research ideas, and so on… 

• Some, “Ah Ha!” experiences occur after unconscious 

working out (incubation) or maybe even forgetting…

• But, other insights realise hanging goals; we have a 

“watching brief” for things of interest (eg Fleming)

©Mark Keane



Two String: Insight Problem

Maier, N. R. (1931). Reasoning in humans. II. The solution of a problem and 

its appearance in consciousness. Journal of Comparative Psychology, 12, 181.©Mark Keane



Two String: Insight Solution

Maier, N. R. (1931). Reasoning in humans. II. The solution of a problem and 

its appearance in consciousness. Journal of Comparative Psychology, 12, 181.©Mark Keane



Swinging Hints…

• Part of the problem is overcoming the usual uses of 
objects in the world (functional fixedness on scissors)

• But, part is realising that the string can swing…

• Experimenter gave subtle hints, walking across the 
room and (accidentally) brushing off the string

• Many people solved problem soon after…fabricating 
other sources for the solution (not noticing hint !)

Maier, N. R. (1931). Reasoning in humans. II. The solution of a problem and its appearance in consciousness.

Journal of Comparative Psychology, 12, 181.

©Mark Keane



Swinging 
Hints…

Something in the World is captured by a 

hanging goal, instituting access to a new 

problem space (of weights and swinging 

objects) that in turn delivers the operators 

needed to solve the problem…

©Mark Keane



Hanging Goals…Admit 
Accident
• Meta-cognition for insight problems shows no feeling 

of closeness to solution, sudden and unpredicted

• Unresolved hanging goals show an opportunistic 
mind prepped for accident and serendipity

• Exploiting opportunities seems to be a modus 
operandi for the system, not a epiphenomenon

• World is used as a cue access to solve problems; we 
are always poised and watching…

©Mark Keane



SOAR

• State Operator And Result (SOAR)

• Search in problem, operator, 
memory spaces when impasses 
occur create a new space 
(find-new-operator space)

• Ohlsson’s Insight theory says 
changing the representation can 
change the whole problem

Laird, J. E., Newell, A., & Rosenbloom, P. S. (1987). Soar: An architecture for general intelligence.

Artificial intelligence, 33(1), 1-64.

Allan Newell
(1927-1992)

Stellan Ohlsson

©Mark Keane



Whither AI & Creativity?
Mark T. Keane, University College Dublin, Ireland



Whither AI & Creativity?

•  Hard to argue that GenAI will never be 

creative…

•  But, if it develops a different 

SuperHuman Creativity, how would we 

know?



We Differ from LLMs

• What is ChatGTP’s intrinsic motivation? Its high-
level goals for survival? How does it adapt to its 
environment?  How does it respond to past 
experience?

• We are multi-sense, multi-representational 
opportunistic learners with complex goal-tracking, 
goal-selection, problem-definition



Harnad, S. (2024). Langauge Writ Large. ArXiv 2402.02243



• Autonomy: creators use their knowledge/skills to frame the 
problems and judge the products produced

• Intentional & Motivated: creative act is directed, intentional, 
and motivated; not brute search, not random or side-effect

• Diverse Processes: are used in creative act (eg. 
experimentation, explaining, evaluating) as well as some 
specialised, creative ones (analogy, counterfactuals)

• Meaning: relies inherently on multi-sensed representations

• Surprise, Insight & Accident: are an inherent part of the 
creative process not just things that happen to happen

Human Creativity: Desiderata



Human Stance

• People have an inherent need to 
make sense of the world and are 
partially successful at it !

• The human stance notes 
discrepancies, anomalies, oddities 
and tries to explain them

• We also keep a “watching brief” on 
issues of concern to be resolved 
(with hanging goals)



Different Architectures

• GenAI and Human Architectures are very different 

• People are fallible creatures evolved to deal with a 

messy, ill-defined, contingent (and dangerous) World

(like small birds we are opportunistic idea feeders)

• GenAI has not really been exposed to that sort of 

World (yet) and typically works off single-goals in an 

internalised Virtual World (its data, lots of it)



Human Creativity fundamentally 
depends on the World that we 
evolved to live in, and how we 

make sense of that World  
and understand it…

©Mark Keane



Human Stance

• People have an inherent need to 
make sense of the world and are 
partially successful at it !

• The human stance notes 
discrepancies, anomalies, oddities 
and tries to explain them

• We also keep a “watching brief” on 
issues of concern to be resolved 
(with hanging goals)
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