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From Lovelace (and Turing)...

All started with the so-called Lady Lovelace’s objection:
«The Analytical Engine has no pretensions to originate anything. It can do
whatever we know how to order it to perform» [Menabrea and Lovelace, 1843]

Then, [Turing, 1950] recast it as «machines cannot take us by surprise».

[Menabrea and Lovelace, 1843] L. F. Menabrea and Ada Lovelace. 1843. Sketch of The Analytical Engine Invented by Charles Babbage. In
Scientific Memoirs. Vol. 3. Richard and John E. Taylor, 666—731
[Turing, 1950] A. M. Turing. 1950. Computing Machinery and Intelligence. Mind LIX, 236:433—460



From Lovelace (and Turing)...




...And Sci-Fi Too...
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..To the Large Language Model Era

Until the dreams (or fears) became apparently real with the advent of generative deep
learning and, particularly, large language models (LLMs).
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Defining Creativity

«Creativity is the ability to come up with ideas or artefacts that are new,
surprising and valuable.» [Boden, 2003]

« Value quality + appropriateness
* Novelty for the creator (P-) or for the entire history (H-creativity)

« Surprise  unexpected result due to: re-combination of concepts
(combinational), exploration of space of solutions (exploratory), or
transformation of the space itself (transformational creativity)

[Boden, 2003] M. A. Boden. 2003. The Creative Mind: Myths and Mechanisms. Routledge, London, UK



Defining Generative Al

«Generative modeling is a branch of machine learning that involves training a
model to produce new data that is similar to a given dataset.» [Foster, 2019]

There are various generative deep learning algorithms, but the underlying idea is
always the same: being capable of generating something that is convincing enough
as a novel example of that specific domain of interest.

[Foster, 2019] D. Foster. 2019. Generative Deep Learning. O’Reilly, Sebastopol, CA



Generative Modeling: From Self-Supervised...

The training commonly relies on
self-supervision: the model is
tasked to reconstruct the target
artifact from a compressed, latent
vector, from a noisy version, or
one piece at a time given the
precedent ones.

GANSs are a notable exception: the
generator is tasked to produce
outputs that are recognized as
original by a discriminator.
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... To Reinforcement Learning
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[Franceschelli and Musolesi, 2024] G. Franceschelli and M. Musolesi. 2024. Reinforcement Learning for Generative Al: State of the Art,
Opportunities and Open Research Challenges. Journal of Artificial Intelligence Research, 79:417-446.



RL for Mere Generation

RL helps learn generative models when the classic generative learning would not be
possible:

* GANSs for sequences (discriminator signal not differentiable for each single token
of the generated sequence)

 Domains that cannot be defined in terms of differentiable losses (e.g., stroke
paintings)

Even if RL is used as a «trick» for classic generative learning, it can provide
additional advantages (e.g. hierarchical RL, intrinsic motivation -> curiosity and
exploration, etc).



RL for Objective Maximization

In addition to classic generative modeling, RL can help optimize for quantifiable
objectives by just considering as rewards: test-time metrics, domain-specific target
properties, etc.

This moves generative Al from learning to produce a good example of a given
domain to learning to produce the best possible example according to a given
numerical objective.

In other words, if we have a way to quantify creativity, we can use that measure as
our reward in an RL framework!



RL for Quality Optimization

Apart from quantifiable properties, RL can also help optimize for non-quantifiable
properties (like helpfulness, fairness, or... Creativity!):

 Inverse RL
« RLHF
« RLAIF

This means we can use RL to train/tune a model to produce outputs that
someone/something finds as creative.



The Actual Generation

To actually generate an output, we just sample a random latent vector and feed it
into the model, or we start from a given user prompt (or even an empty prompt)
and let the model auto-complete it.

Either way, the generation requires to select a point from the space of possible
solutions and to make the model samples the corresponding output, or to set an
initial condition and to make the model samples the most likely completion
according to the learned space of solutions.

[Franceschelli and Musolesi, 2021] G. Franceschelli and M. Musolesi. 2021. Creativity and Machine Learning: A Survey. ACM Computing Surveys
56(11), 283:1—41.



Creativity-Oriented Sampling

It is possible to increase the chance of getting a creative generated output at
sampling time:

 We can increase the probability of unlikely tokens (potentially after excluding
incorrect ones), or sample from under-explored regions of the latent space

* We can rely on quantifiable creativity metrics and perform a best-of-N sampling

« For LLMs, we can ask the model to choose the most creative solution among
several generated ones



Are Generative Al Outputs Creative?

 Value/Effectiveness: Yes, as long as the generative model has learned to
model positive examples properly

» Novelty/Originality: Yes, as long as the generative model does not merely
regurgitate training data

 Surprise: Yes, but... The generative model is trained to best approximate
the reference data and the output is sampled from inside that distribution,
so we can get combinational and exploratory -creativity, but not
transformational acts!



How to Reach Transformational Creativity?

Transformational creativity is about to do something that transform the current
space, that violates it — we need a way to learn a transformed or shifted space, or a
way to abstract the current space to a broader one.

But... How? Some ideas:

* Modify the training paradigm to include divergent/transformative objectives or
avoid relying on training data (e.g., AlphaGo!)

« Learn from more general data to induce a larger, more abstract space (not only of
the same source, but also from multimodalities, physical sources, etc.)

* Define a completely different architecture that allows for sampling from outside
the learned space (i.e., that also performs hyperpolation and not only
interpolation or extrapolation)



Is This Enough?

We have seen that RL (and other techniques as well) can be used to make the
generation diverge or more likely to be considered as creative.

But...

Can we say the producer has been creative because their product is creative?



Beyond Observable Properties of Creativity

Product is only one of different possible facets of creativity.

It is now broadly accepted that there are four P’s [Rhodes, 1961] defining creativity:
Product

Process

Press

Person

[Rhodes, 1961] M. Rhodes. 1961. An analysis of creativity. The Phi Delta Kappan, 42(7):305—310



Creative Process
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[Amabile, 1983] T. M. Amabile. 1983. The social psychology of creativity: A componential conceptualization. Journal of Personality and Social
Psychology, 45(2):357-376

[Franceschelli and Musolesi, 2024] G. Franceschelli and M. Musolesi. 2024. Creative Beam Search: LLM-as-a-Judge For Improving Response

Generation. Proc. of the 15th International Conference on Computational Creativity (ICCC’24)



Creative Press
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[Csikszentmihalyi, 1988] M. Csikszentmihalyi. 1988. Society, culture, and person: A systems view of creativity. In The nature of creativity:
Contemporary psychological perspectives, 325—339. Cambridge University Press.



Creative Person

Creativity should be attributed to persons that act intentionally and put (some of)
their personality, beliefs, experiences etc. into the product.

Al in general is by no means close to reach the consciousness and self-awareness it
would require!

[Gaut, 2003] B. Gaut. 2003. Creativity and imagination. The Creation of Art: New Essays in Philosophical Aesthetics, 148—173. Cambridge
University Press.



Toward Generative Agents
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[Franceschelli and Musolesi, 2026] G. Franceschelli and M. Musolesi. 2026. On the Creativity of AI Agents. arXiv:2604.13242 [cs.CY]



Creative Process — An Update
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Going Further: Exploring and Discovering

While still an open issue, it is possible to foresee some promising directions to
overcome the remaining limitations:

- Curiosity-based RL and intrinsic motivation to search for more divergent and
interesting solutions

- Problem reframing and discovery (i.e., really going back from decision to task
motivation)

- More creativity-oriented generation strategies to simulate creativity-relevant
skills



Creative Press — An Update
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Going Further: Improving and Socializing

Here as well, it is possible to foresee some promising directions to overcome the
remaining limitations:

- Continual learning to really change based on experiences and environmental
influences

- Multi-agent RL to study and simulate the social dynamics behind creative
societies



Easy and Hard Problems in Creativity

The previously mentioned limitations are easy problems, i.e., they have been or can
be solved by correcting the underlying training and optimization processes.

The person perspective requires instead to consider a series of aspects related with
consciousness and self-awareness: they are hard problems [Franceschelli and
Musolesi, 2025] ...

... Or, back to [Turing, 1950] and this time The Argument from Consciousness, a
machine should «not only write it but know that it had written it».

[Franceschelli and Musolesi, 2025] G. Franceschelli and M. Musolesi. 2023. On the Creativity of Large Language Models., AI & SOCIETY 40(5),

3785-3795
[Turing, 1950] A. M. Turing. 1950. Computing Machinery and Intelligence. Mind LIX, 236:433—460



(No) Creativity and Machines

To sum up: generative agents can appear to be creative and can simulate many
aspects of creativity, but they are not truly, ontologically creative!

Still... Does it really matter?



Yes, It Matters!

Knowing (and studying) the limits of generative Al is crucial to deal with the
ethical, legal, and practical issues it raises: for users, it is relevant to know its
limitations and capabilities so as to make the most of it; for researchers, it is
relevant to understand where there is still room for improvement and what
problems we need to deal with.



Opportunities of Generative Al for Creativity

 Certain parts of tasks can be delegated to Al, freeing authors and workers to
spend more time validating news or thinking

« The same output can be adapted for different audiences

« Authors can co-create with Al at different stages (brainstorming ideas; role-
playing characters; making (more) interactive fictions)



No, It Does Not Matter...

Usually, we don’t bother questioning whether what we see/read/hear is creative, or
whether its producer has been creative; we are only interested in whether it works,
it is useful, beautiful, or if we just like it.

Therefore, knowing that generative Al is not truly creative will not impact how
much it is used!

Still, this can help us understand which risks we might have to face.



Risks of Generative Al for Creativity

Since the cost for getting an output is minimal:

« Certain workers might be replaced (especially when timeliness is more
valuable than accuracy), and

 Certain artists might be threatened (especially when cost is more valuable
than quality)

* Ideas or styles from human authors might be stolen and reused for free,
potentially risking a semantic saturation that deprive original works of meaning

 Biases and prejudices can be (unintentionally) propagated, and people can be
easily manipulated thanks to the quality of such outputs

« Human and AI products might be indistinguishable, causing convergence and
conformism (and obscuring minorities)

 Big companies can manipulate scientific research and policymaking thanks to the
increasing request of better (and larger) models



From Ethics to Law

The opportunities and risks we have seen are about what we should or should not
do, but does not answer the question of what we can or must not do!

The legal aspects of generative AI are equally important (and perhaps more
complex).



Legal Challenges

The most important issues regard Copyright:
« Can we use protected artworks to train a generative model?

« What if the generative model produces an output that is similar to an existing
work?

« Who is the copyright owner of an Al-generated work?

But these are not exhaustive — think about privacy and data protection in training
data, legal responsibility, ecc.



Using Protected Works for Training

Using a protected work during training requires to make copies of that work (to be
moved on GPU cluster, for example), and this can violate the reproduction right of
that work.

In the European Union, it is now lawful to use a protected work for Al purposes by
a research institute and for non-economic purposes; and it is also lawful to do the
same by a company (or anyway for economic purposes) if the rightsholders have
not explicitly reserved such right in an appropriate way (so called opt-out right).

In the US there is no specific rule, and the companies are claiming it is lawful under
fair use doctrine (which merely specify the principles we need to consider when
assessing if a use is lawful) — we need to wait for interpretations...



Discovering Protected Works for Training

An interesting research path nowadays is how to discover whether a specific work
has been used during training.

Several techniques exist, but, as the generative model itself, they are only
probabilistic...

Anyway, the very recent AI Act requires the deployers of general-purpose
generative Al to make it publicly available a detailed summary of the content used
during training (but the provided template is quite high-level...)



Output Plagiarism

Since the generative model has been trained on existing works, it is perfectly logic
to assume that it can also reproduce those very same works.

When the reproduced portion is substantial (i.e., it clearly uses relevant parts the
original work), this infringes the reproduction right.

However, only the original content in that expressive form is protected: ideas and
styles are not protected, thus an output in the style of X is totally lawful (even if
arguably unethical).



Protection of AI-Generated Works

Copyright laws aim to protect the human creativity behind the originality of an
artwork: if it is possible to attribute a substantial role to a human, then it can be
considered its author; otherwise there cannot be any protection and the work falls
into the public domain.

The US Copyright Office has recently released some guidelines in this sense:

Prompt Output Prompt Output

2 3 2 % . o
(1) Generate (2) Selectand  (3) Use Freehand (4) Generate (5) Select and
Candidate Images Upscale Image  Editing Tool to Candidate Images Upscale Image
with Prompt: Select Region with Prompt:
meadow trail meadow stream
lithograph lithograph
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“a young cyborg woman
(((roses))) flowers coming
out of her head,
photorealism, cinematic
lighting, hyper realism, 8k,
hyper detailed.”

professional photo, bespectacled cat in a robe
reading the Sunday newspaper and smoking a
pipe, foggy, wet, stormy, 70mm, cinematic,
highly detailed wood, cinematic lighting,
intricate, sharp focus, medium shot, (centered

image composition), (professionally color
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https://www.copyright.gov/ai/Copyright-and-Artificial-Intelligence-Part-2-Copyrightability-Report.pdf
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