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Abstract

Large language models (LLMs), particularly when integrated into agentic systems,
have demonstrated human- and even superhuman-level performance across multiple
domains. Whether these systems can truly be considered creative, however, remains a
matter of debate, as conclusions heavily depend on the definitions, evaluation meth-
ods, and specific use cases employed. In this paper, we analyse creativity along two
complementary macro-level perspectives. The firstis a functionalist perspective, focus-
ing on the observable characteristics of creative outputs. The second is an ontological
perspective, emphasising the underlying processes, as well as the social and personal
dimensions involved in creativity. We focus on LLM agents and we argue that they
exhibit functionalist creativity, albeit not at its most sophisticated levels, while they
continue to lack key aspects of ontological creativity. Finally, we discuss whether it
is desirable for agentic systems to attain both forms of creativity, evaluating poten-
tial benefits and risks, and proposing pathways toward artificial creativity that can
enhance human society.

1 Introduction

Recent years have seen the rise of agentic systems (e.g., [39, 52, 71]), i.e., autonomous or
semi-autonomous software entities capable of reasoning, acting, and interacting with ex-
ternal environments!. These systems can plan multi-step solutions, invoke tools, retrieve
information, and adapt their behaviour based on feedback, enabling them to tackle com-
plex and dynamic tasks. At the core of many such systems lie large language models

IThe study of (multi-agent) agent systems has a long tradition in Computer Science, which is often unfor-
tunately overlooked (see, for example, [97, 110]). Early agent systems were primarily based on logic, and as a
result, their capabilities were inherently limited. However, these systems laid important foundations for the
advances we see today.



(LLMs), whose recent advancements are revolutionising several fields [17] due to their
remarkable emergent capabilities [107]. LLMs provide the underlying reasoning and
language understanding that make agentic behaviour possible. In particular, they can
solve complex and even previously unseen tasks through prompt engineering [82] and
in-context learning [19], i.e., by adjusting the input text or augmenting it with a few ex-
amples of expected outcomes. Building on these capabilities, modern agentic systems are
typically structured around an often fine-tuned LLM? that serves as the basis for both
acting (by generating textual commands to invoke tools) and perceiving (by incorporating
retrieved information or environmental state into its input prompt).

These LLM agents have evolved beyond plain text generation into fully fledged act-
ing systems capable of using tools and planning over complex tasks. For example, their
capabilities have progressed from producing programming code in a single pass [8] to
orchestrating more sophisticated workflows, in which tasks are decomposed into smaller
sub-problems and addressed iteratively. Within these workflows, systems can debug and
optimise generated code based on unit test performance, evaluate it at runtime, and return
a solution only once all specified requirements are satisfied [48].

Their widespread use in tasks traditionally associated with creativity and innovation
(not only in writing or coding, but also in academic research [98], scientific discovery
[29], and problem-solving [103]) has sparked intense debate over whether they can truly
be considered creative. Depending on the definition of creativity assumed [86, 105], the
psychometric tests employed [43, 54], the use cases considered [66, 50], and the level of
proficiency of human evaluators [79, 26], the research community is somewhat polarized
between those arguing that LLMs and LLM agents possess (truly) creative capabilities
and those who contest this view.

In this paper, we propose a dualistic framework that integrates both views, providing
a coherent way to discuss creativity. The framework differentiates a functionalist approach,
focusing on the observable traits of artefacts and ideas, from an ontological approach, which
explores the essential nature of the creative process itself. Grounding our analysis in the
mechanistic behaviour of LLM-based agentic systems, we explore how they can achieve
specific forms of functionalist creativity, yet remain limited with respect to deeper, onto-
logical aspects of creativity. We highlight the gaps in current agentic systems and consider
whether autonomous agents might reach higher creative capacities, proposing research
directions where enhancing creativity could simultaneously support societal benefits.

2 From Language Models to AI Agentic Systems

Large Language Models (LLMs) are autoregressive generative models built on the Trans-
former architecture [104]. They are described as large because they contain billions of

2We envisage the rise of agents based on multimodal foundation models. While this article focuses on
LLM agents, the ideas presented here naturally extend to this broader class of systems.



parameters, and as language models because they are trained on vast text corpora (e.g.,
almost the entirety of Web content) to learn the structure and patterns of human lan-
guage. Technically speaking, a f-parametrised autoregressive language model is a prob-
ability distribution pg(x) over a variable-length text sequence x = (x7...xt), where T
is the sequence length, and each token x; is in a finite vocabulary V of size N. A to-
ken can be a word, a sub-word, or even a single character, a punctuation mark, or any
other symbol or combination of symbols that appears in written form. The probabil-
ity distribution is factorized as pg(x) = [T\_; pe(xi|x<t), where xoy = x1...x;_ 1. The
language model is usually trained to maximise the likelihood of the true distribution
p*(x) for any x from a reference dataset (the training set). In other words, given an in-
put x<¢, the model learns to approximate the probability of each token from V being x;.
By sampling from these learned next-token probability distributions, we can use the LLM
to generate new sentences. Given a conditional input (the prompt) z = (z1...z1), we
can decode pg(x|z) as the continuation of z, i.e., through the factorized representation
po(x|z) = [T_1 pe(xi|x<t, z). Commonly, after maximising the likelihood of the training
set, the language model is subject to an additional, shorter training (called fine-tuning)
with reinforcement learning. Here, the 8-parametrised model is incentivized (or discour-
aged) to generate completions x that maximize (or minimize) human feedback [73] or
other desired properties such as correctness, completeness, and appropriateness given
the prompt z [35].

In essence, given a fragment of text, what an LLM does is to predict what is likely
to come next according to its model of the statistics of human language [94], which is
derived from training data and possibly tuned with human feedback. Then, the output
returned to the user is sampled according to these predictions by means of one of several
available sampling strategies, which might truncate certain tokens (e.g., [33, 47, 67]) as
well as sharpen [76] or flatten [100] their likelihood but still leverage the predicted next-
token probability distribution. However, LLMs are rarely used in isolation, particularly
outside the research community. Instead, they are typically integrated into larger agentic
systems, sometimes confusingly also referred to as “large language models”, even though
they are, strictly speaking, applications built around an LLM core [93].

LLM agents are systems where LLMs receive input in natural language from their en-
vironment and take autonomous actions to accomplish specific tasks [78]. Their basic
building block is an LLM enhanced with augmentations such as retrieval (i.e., the LLM
can generate its own search query, and the results are included in the next-step prompt)
[59], tools (i.e., the system can call tools by writing programming code, including prede-
fined APIs, that is executed in a container and whose response is returned as part of the
next-step prompt) [81], and memory (i.e., the system stores and maintains an evolving
memory state from prior interactions, and at each timestep the LLM input relies on ad-
ditional, relevant information retrieved from such a memory in addition to the current
observation and the original prompt) [49]. LLM agents can differ in terms of memory,
reasoning, and acting tools [106]. For instance, reasoning can happen due to a few-shot



chain-of-thought [108] or a zero-shot “let’s think step by step” chain-of-thought [55], and
acting can even involve physical robots [5]. Finally, agentic LLMs can interact not only
with the user, but also with each other, based on specific roles (as in simulated companies
[80, 112]) or even in open-ended settings where the LLM agents do not have predeter-
mined roles and interact semi-spontaneously, forming in-silico societies [74]. Regardless
of the tools and techniques they can dispose of, these systems can be built as workflows,
i.e., systems where LLMs and tools are orchestrated through predefined code paths and
the task is decomposed a priori by the developer into fixed parallel or consecutive steps
that involve LLMs in different ways; or as agents, i.e., systems where LLMs dynamically
direct their own processes and tool usage based on environmental feedback to accomplish
given tasks [90].

In other words, LLM-based agentic systems are programs where LLM outputs control
the workflow. While this might sound amazing (and it partially is), in practice, this is
done by running the very same LLM inference we mentioned before in a loop: at each
timestep, the input of the LLM is made of the user prompt, the last observation from the
environment, and a summary of the results of previous iterations; and at each timestep,
the output of the LLM is usually composed of two parts: first, the LLM “reasoning” on
what it should do (or, more correctly, predicting what is likely to come next after the
prompt and some “thinking” keywords), and second, the LLM writing actions as exe-
cutable code snippets that make use of one or more available tools (or, more correctly,
predicting what is likely to come next after the prompt, the generated “reasoning”, and
some “acting” keywords). Then, the program merely executes it and appends its output
to the LLM output as the “observation” from the environment. The final answer returned
to the user is simply the last LLM output (which does not contain any code snippet, as
it predicts it already has all necessary information) [85]. In this way, the LLM can solve
tasks from a great variety of domains, provided that it has access to the appropriate tools,
which definition plays a key role in the success of LLM-based agentic systems [111].

3 The Present of Creative AI Agents: A Theory-Grounded Tax-
onomy

The debate around creativity in Al is often fragmented and framed at different levels of
abstraction. Opposite claims typically arise because there is no agreement upon what
creativity means and how it should be evaluated in the context of Al and, particularly,
agentic systems. Here, we aim to sort this out by separating creativity into two macro-
levels: functionalist and ontological creativity.



3.1 A Functionalist Approach

According to Runco and Jaeger’s standard definition [87], creativity requires originality
and effectiveness. Ideas or products must be unusual, novel, or unique, but also useful
or appropriate. Whatever name they take, these two dimensions, one requiring diver-
gence from conventions and one requiring fitness to utility or value functions, are always
present in any creativity definition and represent the two pillars around which studies
in computational creativity have traditionally been developed [84, 109]. A similar di-
chotomy is also present in Boden’s definitions of creativity, which span from the ability to
generate novel and valuable ideas [16] to the widely known tripartite definition of creativ-
ity as the ability to come up with ideas or artefacts that are new, surprising, and valuable
[15].

While surprise is still a form of divergence, it brings to the discussion the role of time-
liness and causality: something creative should be unexpected and non-obvious. As a
confirmation of its relevance, according to most patent laws, an invention to qualify for
protection must not only be useful in some practical sense (i.e., valuable) and not pre-
viously disclosed (i.e., novel), but also not obvious to someone ordinarily skilled in that
field [9]. Similarly, a painting that is a mere variation of other artworks, and that remains
within the realm of standard, reasonable paintings, is less surprising and thus less creative
than one that introduces disruptive elements of originality. This suggests that creativity
is not a binary property but rather something that can take different forms depending on
the dimension of surprise. In particular, Boden identifies three forms of creativity. Combi-
national creativity involves making unfamiliar combinations of familiar ideas. Exploratory
creativity involves the exploration of conceptual spaces to come up with new ideas within
them that fit with them, where a conceptual space can be seen as the generative system
underlying a domain that defines a certain range of possibilities [14]. Transformational
creativity involves the transformation of such spaces by generating ideas that change the
pre-existing style, so that previously inconceivable thoughts become possible [15].

The appealing nature of these creativity definitions, especially from the perspective
of an Al researcher, is that they leverage observable properties. While, of course, there
are plenty of examples in history of creative ideas not immediately recognised as such,
effectiveness, originality, novelty, surprise, and value all concern external aspects of the
creation: we just need the output (in the form of a concrete artefact or an abstract idea)
to evaluate creativity under these dimensions, and similarly, we just need the output to
identify what form of creativity we are dealing with. After all, observers can only evaluate
the creativity of the final product and usually care only about how they feel about it.
From a materialistic perspective, it is perfectly reasonable to find something creative if it
appears to us as valuable (effective, appropriate, useful, or correct), novel (as something
unconventional or, better, something we reasonably believe to be unconventional for the
author), and to some degree surprising.

In the context of LLM-based agentic systems, we can have such a functionalist creativ-



ity at two different levels: in the final product, i.e., the outcome the agent returns to the
user, and in the single actions performed, i.e., the single steps the agent makes to arrive
at the final product. It is possible to have creativity at one level while not having it at the
other: the final product might be creative even if the single steps are somehow standard
(this can especially happen with combinational creativity, where the single elements and
ideas are common and it is only their final combination that is creative), and conversely,
the final product might not be creative even if some of the single steps are creative (e.g.,
because their final impact is negligible; a chef may invent a new way to cut carrots, but
this may not impact the stew they are going to serve). Of course, it is also likely that a
creative product is caused by at least one creative action and that a creative action leads
to a creative product (this is particularly true for transformational creativity, where single
creative actions that break norms are required).

Discussing creativity in single actions might seem complicated, as their specific effects
may not be easily detectable. However, it is not really different from discussing creativ-
ity in LLMs alone: they still choose how to act by predicting the most likely action name
as the completion of the provided prompt, rather than deviating from norms. In other
words, they strictly follow the generative system they possess for that domain. Unless
fine-tuning has pushed them (directly or indirectly) to diverge from the learned human
model, they will not be able to choose an action that breaks from previous understand-
ing of the subject, even though they can navigate its boundaries and produce something
combinational or exploratory.

Evaluating creativity in the final product seems easier, as it is apparent to the user and
can thus be perceived as novel, surprising, and valuable. However, its degree of creativity
is influenced by the individual actions and the “reasoning” behind them, as these are the
aspects that shape future prompts and can therefore cause it to diverge more or less from
the current space of solutions. The fact that they use predetermined tools, which of course
adhere to our current conception of the domain, suggests that they cannot approach trans-
formational creativity. However, recent agents are also capable of generating new tools
[68]. In theory, this means that they can also create actions that significantly transform
the conceptual space, leading to the purest forms of creativity. However, in practice, these
tools are generated by an LLM, which is still a probabilistic model of human language,
in a single action (whose creativity is discussed above), suggesting that it cannot generate
something that deviates from what already exists in that way. This leads to a seeming
conundrum: to overcome human limits, agents are provided with the ability to generate
their own actions, but then they are constrained by being probabilistic models of human
language and by sampling from within it, and thus remain subject to the same human lim-
its (with the effect that they can only complement what the developer has programmed,
filling a gap in the space rather than transforming it).

Indeed, LLM-based agentic systems are already capable of producing results that are
valuable, novel, and surprising. However, these results are the product of interpolation
(looking between the seen examples) or extrapolation (looking beyond the seen exam-



ples), but not yet of hyperpolation (transcending the seen examples) [72], which is instead
required to abstract from the defining dimensions of a domain and be able to alter or
drop one or more of them, which is the essence of transformational creativity [16]. Simi-
larly, these results are usually obtained via induction or deduction rather than abduction.
Current LLMs cannot jump or break boundaries: they can execute the necessary steps
to prove new theorems from established premises, but they are incapable of formulating
original premises from sensed experience [113]. Again, creative abduction (the form of
abduction where the law is invented ex novo to fit with the evidence in a more elegant and
even aesthetically pleasant way [31]) is conducive to transformational creativity, as it is
evident in revolutionary, path-breaking scientific discoveries [11, 56].

The mere fact that LLM agents cannot approach transformational creativity does not
impact how creatively (in a combinational and exploratory sense) they can be, especially
in scientific discovery. For instance, GPT-5.2 has recently derived a new formula in theo-
retical physics by spotting a pattern behind autonomously reduced expressions and posit-
ing a general formula for them [42]; a different version of the same model has also been
capable of reaching the same formula and producing a formal proof by just “reasoning”
through the problem [64]. Still, these results are closer to inductive than abductive rea-
soning, and to extrapolation than hyperpolation. How to effectively test for transforma-
tional creativity is an open, and potentially unsolvable, problem. Although tests such as
superspace extrapolation exist, where training examples in an n-dimensional space are
extended to an n + 1-dimensional superspace encompassing them [63], it is hard to imag-
ine how they could be systematically applied to the continuously expanding array of Al
applications. Designing these tasks and specifying the corresponding n + 1-dimensional
superspaces already constitutes a highly creative, transformational challenge. Most likely,
the purest form of creativity can only be assessed as an emergent property, e.g., because
agents start showing the ability to invent a new programming paradigm, initiate an un-
precedented artistic style, derive a novel non-Euclidean geometry, or achieve any other
paradigm-changing result.

Finally, until now, we have partially neglected the role of the “reasoning” step, fo-
cusing more on the action selection and the final output. However, this step can play a
significant role from a creativity perspective. For now, the most creative and least obvious
outputs from LLMs and LLM agents are due to careful prompting: there is a strong corre-
lation between output creativity and prompt creativity, and without a sufficiently specific
and originality-facilitating prompt, the output tends to collapse to slops [45]. This is a
known aspect of creativity and innovation, especially in science. As Einstein and Infeld
put it, “the formulation of a problem is often more essential than its solution, which may
be merely a matter of mathematical or experimental skill. To raise new questions, new
possibilities, to regard old problems from a new angle requires creative imagination and
marks real advances in science” [32]. Whether multiple, possibly divergent “reasoning”
steps can create the conditions for a sufficiently specific and original prompt that leads
to more creative outputs may represent the first and most ideal gate toward greater func-



tionalist creativity.

3.2 An Ontological Approach

While the properties of the creative output and its effect on beholders and users are all
that matter from a materialistic point of view, they represent only one side of the coin in
creativity theories. Indeed, there is broad agreement among researchers that creativity
should be studied and evaluated from perspectives beyond the mere product (e.g., [65,
101, 102]).

As summarised by Rhodes [83], three additional perspectives require attention: the
process, the press, and the person. The creative process encompasses motivation, per-
ception, learning, thinking, and communication [83], and requires both domain- and
creativity-relevant skills [6]. Typically, once a problem is provided (by external or in-
ternal stimuli), the process involves a loop where one or multiple responses are generated
and evaluated; if one response is found to be successful, the loop ends; otherwise, other
responses are generated based on these findings (or the problem is revisited) [6]. On the
other hand, the creative press refers to the relationship between a product and the in-
fluence its environment has upon it [83]. As we already discussed, products have to be
accepted as creative by society; however, they should also be influenced by previously
accepted works and, in turn, influence future ones. Thus, the environment should have a
key role in how the product is shaped: it provides a culturally defined domain of action
in which innovation is possible, and it contains a set of peers that evaluate whether the
product is worthy of being promoted and preserved [25]. Finally, the person perspective
acknowledges the personality, intellect, temperament, habits, attitude, value systems, and
defence mechanisms of the producer [83], and requires the agent to exhibit intentionality
[86] and purposes [38]°. We have previously demonstrated that LLMs do not satisfy these
requirements [36]. The question remains: do agentic systems perform any better?

Embedding the LLM as the core part of larger systems, as those discussed in Section
2, has arguably addressed two of the known limitations of LLMs under creativity theory.
First, the agentic system can now evaluate its own output and decide whether to return
it or not (e.g., [34, 53]). The model outputs the final solution only when it is convinced of
it; otherwise, it can continue to gather new evidence from the environment, or to correct
its approach via a different reasoning or the use of alternative tools. While, as already
discussed, this planning and acting might not be creativity-oriented and not based on

3 An interesting dimension of creativity, as proposed by Shanahan et al. in [95], lies in the concept of
role-playing. In this approach, artificial agents simulate different personas, perspectives, or narrative roles,
enabling them to explore creative possibilities from multiple angles. While this mechanism can enhance Al’s
capacity to generate novel ideas or solutions, it still fundamentally relies on human input, whether in defining
the roles, setting the context, or guiding the objectives of the exercise. Going beyond this type of framing, in
which the role-playing is driven by the Al system itself through intrinsic motivation, is an open area, which
we are going to discuss in the next section.



creativity-relevant skills, this generate-then-evaluate loop closely resembles the creative pro-
cess described by Amabile [6]. Second, LLM-based agentic systems can perceive and in-
teract with the environment in ways that go beyond the mere prompt engineering typical
of LLMs (even though the LLM still receives such information via automated prompts).
In this way, they can acknowledge other agents, be influenced by their outputs, and deal
with an evolving environment [69], addressing concerns regarding the lack of a social
dimension in artificial creativity.

While these two properties are partially hard-coded and limited in scope, they nev-
ertheless address the majority of the “easy problems” in Al creativity highlighted in [36],
i.e., issues concerning exploration of different solutions and the production of outputs that
diverge from conventions in constrained contexts. However, they still fail to resolve the
“hard problems”, which involve questions of deeper understanding, intentionality, and
genuine transformation of the underlying conceptual space. In particular, it is possible to
spot three main gaps, one for each creative perspective beyond product. First, they are
not intrinsically motivated and work only on external inputs. However, motivation is an
essential part of the creative process and usually comes from an intrinsic interest in the
task (i.e., the task is interesting or enjoyable per se) [27], which also positively impacts
the creativity of discovered solutions [7]. Similarly, solving discovered rather than exter-
nally presented problems is more conducive to creativity [40, 88]. Second, the influence
of the environment and the impact of their own outcomes and other external products
are typically limited to the specific episode and do not leave a trace on the LLM. While
RAG-based systems can collect information about what has happened after the LLM de-
ployment and solve its knowledge cut-off [37], and some agentic systems allow for the
generation and preservation of new, artificial tools to expand the available toolset [68],
such an updated information is still prompted to the same, old LLM, that will process it
according to the same, old probability model of the human language. In summary, LLM-
based agentic systems still lack the never-ending loop in which past experience shapes
future experience; they still lack continual learning. Third, agentic systems do not possess
personal traits and are not intentional agents. They lack both liberty (independence from
controlling principles) and agency (capacity for intentional action) [51]; indeed, the system
passively follows the programmed routine, and while the agent has the autonomy of de-
ciding the next action, it cannot refuse to generate a response. At each timestep, the LLM
output is the mere product of a probabilistic model upon an automatically formed input,
and the final solution is the mere output at the last timestep, rather than the result of an
intentional, personal, and experience-defined process.

All in all, there is a fil rouge linking these problems: the current lack of consciousness
and self-awareness in artificial intelligence [20], despite evidence of minimal introspective
capabilities [12, 22]. Indeed, being conscious is central for intentionality: to be intentional,
a state or process must be thinkable or experienceable; and to be thinkable or experi-
enceable, it must be, at least in principle, consciously thinkable or experienceable [92]. In
addition, it has been recently argued that continual learning is necessary (but possibly



not sufficient) for consciousness, and the lack of consciousness in LLMs may be due to
the lack of continual learning [46]. Finally, intrinsically motivated actions should be voli-
tional and experienced as congruent and self-endorsed [28]. In other words, intelligence
and sentience are two very distinct properties [13, 58]. While the first may be sufficient
to do something creative, both are necessary to be creative, at least under more rigorous,
stringent philosophical definitions.

4 The Future of AI Creative Agents: To Infinity and Beyond

While current agentic systems may fail to approach creativity under certain perspectives
and may be partially limited under others, their creative achievements in recent years
have been remarkable. For example, LLMs have moved from struggling with basic maths
[70] to passing university-level exams [18], and now, having been embedded in larger
agentic systems, they can even participate in scientific research [91]. At this pace, it seems
plausible to predict a future in which agents can reach the highest forms of functionalist
creativity and may even be considered capable of ontological creativity. However, before
proceeding down these paths, we should ask ourselves: where should we aim? Is a never-
ending progression toward fully human-like creativity desirable after all?

4.1 Transformational AI Creativity as Augmentation, Not Substitution

Historically, reaching transformational (functionalist) creativity does not doom current so-
lutions to disappearance; rather, the new n + 1-dimensional space typically allows novel
and past styles of thinking to coexist. The birth of abstract painting did not cause fig-
urative art to disappear; non-Euclidean geometries did not prevent Euclidean geometry
from remaining the most studied; new programming paradigms and languages did not
completely replace previous ones. On the contrary, transformationally creative artefacts
can be inspirational sources for other creative outputs (as the modified space can now be
explored in different ways, thus being conducive to more creativity [15]), and they might
even unlock new understandings of life and science that were previously subject to tradi-
tional assumptions, as happened several times in history, from Copernican heliocentrism
to Einstein’s general theory of relativity. In this sense, agentic systems might, for example,
overcome constraints dictated by human (physical or mental) limitations.

Moreover, functionalist creativity can also lead to outcomes that are orthogonal or
complementary to our creativity. For instance, Nature is, in a sense, functionally creative:
it produces artefacts (such as shells, leaves, plants, even landscapes) that can be perceived
as valuable, novel, and surprising, without being truly creative from an agentic perspec-
tive (as its underlying process is non-agentic [75]). Artificial creativity might reach similar
levels of utility in terms of aesthetics, profitability, and even research: just like the study
of Nature’s artefacts reveals something about the world we live in, the study of creative

10



Al artefacts can reveal something about Al and humans as well.

In addition, moving generative Al and agentic systems from combinational (or no
creativity at all) to deeper forms of creativity, where the outputs are less derivative and
more divergent, can reasonably position Al outputs beside rather than in place of human
outputs. Indeed, creators and researchers might use creative agents to expand and com-
plement their work, while non-creative, replicative systems may be seen as shortcuts (in
terms of time and cost) to human results. Returning less derivative products and gener-
ating more uncommon outputs may therefore reduce ethical and legal risks, preserving
human intellectual property [23] as well as the established human roles in creative and
innovative domains [1].

Because of these considerations, we argue that pursuing functionalist creativity is a
promising direction for next-generation LLM-based agentic systems. Encouraging greater,
yet valuable, divergence at both the learning and inference levels, alongside enhancing
reasoning and tool use with creative capabilities, can represent an important first step for-
ward. Since hyperpolation may be reached via abduction or, conversely, may serve as a
mathematical model for explaining abduction [72], addressing one may also help resolve
the other. Surpassing benchmarks and test suites that favour repetitive and derivative
outputs, and developing new evaluative approaches, is another timely research direction.

4.2 The Challenging Nature of Intrinsic Motivation in AI Creativity

Reaching ontological creativity would require a different set of skills and properties to be
possessed by LLM-based agentic systems. In particular, in Section 3.2 we identify three
main gaps of current agentic systems under the ontological approach: lack of intrinsic
motivation; lack of experience-based continual learning; and lack of intentionality and
personality.

Intrinsic motivation is not a novel topic in Al research, especially around reinforce-
ment learning [99]; several methods already exist to incorporate a notion of intrinsic
motivation and curiosity during learning, to push the agent to learn deeper and further
[57]. However, this is an approximate, synthetic version of intrinsic motivation, in which
agents are merely incentivised to seek solutions that not only maximise environmental re-
wards but also possess desirable characteristics (e.g., those that favour learning or cover
under-explored regions of the solution space [41]). The sort of (intrinsic) motivation con-
sidered by creativity theories is instead about having an intrinsic interest in the task at
hand, or even choosing and reframing the task to find it more enjoyable [24]. The approx-
imated version already studied in RL can undoubtedly have a positive impact on agentic
LLMs, helping them find multiple ways of solving a problem or pushing them to explore
multiple strategies during reasoning.

Having systems that can reframe problems into something more interesting, in the
sense of being challenging but still feasible, can enhance research and innovation in sev-
eral ways. On the other hand, the most authentic form of intrinsic motivation may have
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disruptive consequences, as an enjoyable task can also be useless or too divergent from
what we are asking for, potentially allowing agents to escape human control.

4.3 Continual Learning and Self-Improvement in Creative AI Agents

Continual learning has been receiving increasing attention from Al researchers [44]. A
central challenge lies in incorporating novel information while correcting or updating
prior knowledge, a topic that has become a major focus of current research. Most existing
approaches concentrate on extending training to new, online data while preserving pre-
viously acquired skills [96]. However, advancing beyond the knowledge contained in the
original training set remains a significant and rapidly growing area of investigation®.

As of now, the learning scheme remains fixed, and the same goes for the parameters
that govern it. As a recent alternative, self-improving agents leverage the self-referential
nature of these systems, which can be provided with tools to analyse, modify, and eval-
uate themselves, and can continually improve and simultaneously learn how to improve
[114]; however, they are limited to computable tasks that allow for empirical validation
(which is arguably hard in creative domains), and base their improvements exclusively
upon such evaluation. On the other hand, human-like continual learning is always influ-
enced by personal experience, and each new piece of information is acquired differently
depending on its emotional impact, individual interests, and internal goals. The narrower
version of continual learning can positively affect human creativity, as it can help LLM
agents develop more effective interaction styles, align with user preferences, and build
coherent artistic and research trajectories, in which each new creation evolves from pre-
vious ones. However, an agent that actively learns through a range of different schemes,
selecting the most appropriate for each new experience, and that can set its own goals and
develop its own reward functions, may diverge too far and cease to be a useful tool for
creativity.

While humans rely on intrinsically motivated, experience-driven learning shaped by
emotion, embodiment, and long-term goals, existing LLM agents operate through opti-
misation processes, reinforcement signals, and externally defined objectives. Currently,
their behaviour reflects increasingly sophisticated forms of goal-directed optimisation
and adaptation. However, the current research on more autonomous, tool-using, and
self-improving systems suggests that, as models gain the ability to select learning strate-
gies, update their behaviour over time, and pursue complex objectives, they may exhibit
forms of functional autonomy that reduce direct human control. Empirical studies already
show that LLM agents can match or exceed human performance in specific knowledge-

4Buzz Lightyear’s iconic catchphrase “To infinity and beyond” [77] was selected as the title for this section,
because it offers a compelling metaphor for the potential of Al creativity based on intrinsic motivation and
continual learning. Just as the character aspires to transcend known limits of space, Al systems can push the
boundaries of imagination, generating ideas, concepts, and artefacts that often surpass conventional human
expectations. This represents one of the most interesting current research directions in this space.
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intensive tasks, including coding, design ideation, and scientific problem-solving, partic-
ularly when augmented with retrieval, planning, and feedback mechanisms [21].

4.4 Multi-Agent Al Systems and Creativity

Multi-agent Al systems introduce a further dimension to computational creativity by en-
abling interaction, collaboration, and competition among multiple autonomous agents
[89]. Rather than treating creativity as an isolated property of a single model, we can con-
sider it as an emergent phenomenon arising from distributed processes, where diverse
agents contribute distinct perspectives, strategies, and generative biases. In creative set-
tings, interacting agents can facilitate idea generation through constructive brainstorming
and debate. Agents may propose, critique, refine, or combine outputs, leading to iterative
improvement beyond what a single system could typically achieve [61]. This is particu-
larly relevant in tasks requiring exploration of large or structured solution spaces, where
diversity of thought and possibly contrasting hypothesis generation are beneficial. In fact,
in such contexts, creativity may emerge not only from individual generation but also from
negotiation, coordination across and even competition among agents.

Moreover, competitive multi-agent setups can stimulate creative divergence. When
agents are incentivised to outperform one another under shared or partially conflicting
objectives, they may explore more unconventional or high-risk solutions [115]. Cooper-
ative settings, in contrast, tend to promote convergence and refinement, potentially im-
proving coherence and usability of outputs [60]. The balance between cooperation and
competition therefore plays a key role in shaping the nature of generated artefacts [30].
Indeed, future progress in Al creativity may depend not only on improving individual
models, but also on designing effective ecosystems of interacting Al agents.

4.5 Al Agentic Systems and the Transformation of Creative Work

Given their scalability and computational efficiency, such systems could significantly im-
pact creative and knowledge-based professions. Economic analyses of automation and
generative Al adoption indicate potential displacement or transformation of roles in art,
research, and invention, alongside productivity gains [3, 2, 4]. At the same time, psy-
chological research highlights the importance of creativity for identity, meaning, and
well-being, suggesting that reduced human centrality in creative processes could have
non-trivial psychological effects. In other words, this shift could carry enormous eco-
nomic (i.e., occupational) implications, alongside significant psychological effects stem-
ming from a diminished sense of control over what has long been considered a defining
human trait: the ability to create [10].
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5 Conclusion

LLMs, and especially LLM agents, are increasingly employed by researchers and prac-
titioners to tackle a wide range of tasks traditionally associated with creativity. Yet, the
question of whether these systems are genuinely creative remains contentious, hinging on
how creativity is defined and the perspective from which it is assessed. In this paper, we
have proposed a dualistic framework designed to reconcile these differing viewpoints and
provide a principled foundation for evaluating creativity in both LLMs and LLM-based
agentic systems. In particular, we have conceptualised creativity at two macro levels:
functionalist creativity, which pertains to the observable properties of generated artefacts
or ideas, and ontological creativity, which concerns the underlying characteristics of the
generative process as well as the personal and social conditions necessary for creative
acts. We have then applied these definitions to examine current agentic LLMs, arguing
that they exhibit functionalist creativity to some extent but still lack the hyperpolation
and abductive reasoning necessary for genuine transformational creativity. Furthermore,
while embedding LLMs within larger, agentic systems endows them with certain capac-
ities relevant to ontological creativity, they remain deficient in three fundamental areas:
intrinsic motivation, continual learning, and intentionality and authenticity.

Although current capabilities remain limited, recent advances indicate that many of
these constraints could be overcome in the coming years. Some of these forthcoming
developments (particularly those enhancing functionalist creativity) may serve as pow-
erful tools for human creators. Conversely, other advances could pose significant risks
to creative practice. We argue that fostering discussions around creativity is essential for
shaping the future of Al in creative domains across legal [23], ethical [116], and scien-
tific [62] dimensions, providing a shared framework to determine both the directions we
should pursue and the strategies needed to safeguard the central role of homo faber [10].
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