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ARTICLE INFO ABSTRACT

Keywords: Generative Al (GenAl) has rapidly emerged as a revolutionary technology that enables new ways to generate and
Artificial intelligence recombine knowledge. Despite its significant potential, research on GenAI's role in enhancing creativity and
AUgm,e‘,"taﬁon innovation is still in its early stages. The present work advances this emerging field by focusing on the human-
f;szs::gﬂ GenAlI dyad. Specifically, we propose a formal model of hybrid creative process designed to maximize the
Knowledge synergistic potential of the human-GenAlI interaction. Drawing on machine learning literature, we conceptualize
Search GenAl as a superposition of latent entities. Through formal argumentation, we demonstrate that optimal creative

outcomes arise when human agents actively select the most appropriate entity from the complete spectrum of
potential alternatives for the problem at hand. Finally, we outline the ideal iterative process required to
asymptotically converge toward these optimal entities. Beyond its practical utility for managers, our model
provides new insights into human-GenAI mutual augmentation, the nature of creativity, and the skills and
cognitive properties involved.

1. Introduction

Generative Al (GenAl) is rapidly emerging as one of the most
groundbreaking technologies of the century. Its revolutionary aspect lies
in the ability to recombine knowledge by uncovering patterns within
text, images, and sound with unprecedented effectiveness. This enables
GenAl algorithms to create new knowledge based on the patterns
inferred in the training data, a property that had always been exclusive
to human agents (Mariani and Dwivedi, 2024; Raisch and Fomina,
2025). GenAl is already having a remarkable impact on industries like
healthcare, finance, education, and entertainment, and its performance
is predictably increasing at a startling rate according to known scaling
laws (Kaplan et al., 2020).

Firms operate in a constantly evolving environment, which requires
them to innovate and reconfigure their resources and capabilities to
improve their evolutionary fit (Nelson and Winter 1973; Teece et al.,
1997; Teece, 2007). Radical changes within and/or outside the firm
often pose problems without clear pathways to solutions. Possible
problems range from developing a new product to devising a strategy to
react to a lateral threat. Finding solutions to such problems often re-
quires navigating a virtually unbounded space. This spawned a
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long-standing stream of research investigating the drivers, impediments,
and outcomes of organizational search (Fleming and Sorenson, 2004;
Katila and Ahuja, 2002; March, 1991).

Due to bounded rationality and cognitive inertia, firms rely on
heuristics and fall prey to biases in their search endeavors, which result
in local search and thinking within existing paradigms, often with
detrimental consequences on their survival (Gavetti et al., 2012; Lev-
inthal and March 1993; Simon, 1955; Tripsas, 2009; Tripsas and Gavetti,
2000). Finding solutions to novel problems is likely to require escaping
extant paradigms, often through groundbreaking ideas (Girotra et al.,
2010; Kornish and Ulrich, 2011). Idea generation and selection, along
with their underlying driver (i.e. creativity), have been the object of
numerous studies within the innovation domain. Specifically, scholars
have investigated the determinants of creativity, the characteristics of
idea generation and selection processes, and the creative dynamics
stemming from interactions in large groups (Amabile, 1983, 1988, 2020;
Amabile and Pratt, 2016; Deichmann and Jensen, 2018; Harvey, 2014;
Mannucci and Perry-Smith, 2022; Perry-Smith and Mannucci, 2017;
Simonton, 1999, 2023; Woodman et al., 1993).

GenAl holds great promise for enhancing the ability of firms to
generate creative ideas and solutions. However, research on this topic is
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still in its early stages (Akter et al., 2023; Chiarello et al., 2024; Mariani
and Dwivedi, 2024; Singh et al., 2024). Bouschery et al. (2023) theorize
some mechanisms whereby GenAl may augment innovative efforts
(particularly in new product development), by aiding human agents in
exploring both the problem and the solution space through text sum-
marization, sentiment analysis, and idea generation. Relatedly, Bilgram
and Laarmann (2023) provide a series of use-cases illustrating how
GenAl may augment exploration, ideation, and prototyping. Raisch and
Fomina, (2025) create a taxonomy of human-(Gen)AI interactions in
solution search, theorizing that autonomous search leads to more distant
solutions, sequential search to more local solutions, and interactive
search to more recombinative solutions. Dell’Acqua and colleagues
(2023) document the emergence of two archetypes of human-GenAl
interactions: centaurs (who selectively delegate subtasks to GenAl)
and cyborgs (who collaborate closely with GenAI). At the same time,
they note that “the best approaches to using Al are not fully understood
and need to be deeply examined by scholars and practitioners”
(Dell’Acqua et al., 2023: p.17).

This remark highlights an important gap: despite the emerging body
of research, little is known on how to optimize human-GenAl in-
teractions for creativity. While it is clear that human-GenAl interactions
have a strong value-generating potential in organizations (especially in
terms of innovative capabilities), extant literature on the relationship
between Al and innovation (and Al and creativity in particular) is still
silent on how to actively maximize this potential. Experiments have
been conducted in different settings, showing that human-GenAI and
human-only creative outcomes are different in terms of appropriateness
and innovativeness, with the former usually winning in the appropri-
ateness dimension (Boussioux et al., 2024; Dell’Acqua et al., 2023; Doshi
and Hauser, 2024; Girotra et al., 2023; Koivisto and Grassini, 2023;
McGuire et al., 2024). However, the focus of these studies is mostly on
the outcome, leaving the process dimension in the background. This
lacuna prompts us to formulate the following research question: How can
human-GenAl interactions be structured to maximize creative potential in
performing creative tasks?

We address this question by proposing a model of hybrid creative
process that considers the peculiarities and relative advantages of each
component of the human-GenAl dyad. Drawing on machine learning
literature, we proceed from a detailed account of the cognitive archi-
tecture of GenAl to define a process that maximizes the creative po-
tential of the human-GenAl interaction. At the core of the model lies the
conceptualization of GenAl as a superposition of latent states, which we
term entities (Shanahan et al., 2023). Given this premise, we show that
maximizing the creative potential of the human-GenAl interaction pri-
marily depends on the effective elicitation of simulated entities.

This work contributes to management theory and practice in three
important ways. From a theoretical standpoint, we extend the rich
research tradition modeling the (human-only) creative process
(Amabile, 1983, 1988; Amabile and Pratt, 2016; Kozbelt et al., 2010;
Simonton, 1999, 2023). This work opens a new research direction by
formalizing a new model of hybrid creative process involving
human-GenAl interaction. In so doing, it also contributes to the more
recent literature on Al-human ensembles, hybrid intelligence, and
Al-enabled automation-augmentation (Anthony et al., 2023; Choudhary
et al., 2023; Raisch and Fomina, 2025; Raisch and Krakowski, 2021).

Furthermore, our model implies a redistribution of the importance of
creativity-relevant skills and the underlying cognitive properties, by
advancing the role of human agents as selectors and orchestrators of
GenAl entities. Creativity is often associated with extraordinary cogni-
tive features and skills (Barron and Harrington, 1981; Guilford, 1984;
Singh, 1986). In contrast, our work foregrounds the value of a mix of
more ordinary skills (e.g. adaptive learning, rational decision making,
contextual understanding) for unleashing the creative potential of the
human-GenAlI dyad, with notable implications for Al-based competitive
advantage (Kemp, 2024; Krakowski et al., 2023).

From a practical standpoint, we provide firms with a powerful tool to
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enhance their performance in creative tasks, including R&D, organiza-
tional search, resource reconfiguration, problem-solving, and new
product development. As managers and employees have just started to
experiment with the inclusion of GenAl in such tasks, they are often ill-
equipped to exploit its full potential. By showing how to optimally
structure the interaction between human agents and GenAl, our model
also has a valuable prescriptive purpose.

The remainder of the paper is organized as follows. Section 2 lays the
theoretical framework for our contribution based on a corpus of ma-
chine learning literature. Section 3 develops our model of hybrid crea-
tive process. Section 4 concludes by discussing implications for
management theory and practice.

2. The cognitive architecture of GenAl models

The last two years have witnessed remarkable strides and increasing
competition among top contenders for the development of novel Al
models, particularly generative Al (GenAl) models. We define GenAl as a
computational technique aimed at producing content, such as text, im-
ages, or music, in response to (primarily text-based) user prompts,
through patterns and structures learned from training data (Feuerriegel
et al., 2024). Currently, the most popular GenAl model is the Large
Language Model (LLM), capable of navigating the complex patterns of
language to generate human-like text. OpenAl’s pioneering LLM GPT-3
already excelled in a wide array of tasks through few-shot learning
(Brown et al., 2020). Google AI's PaLM further extended capabilities in
multilingual and reasoning tasks. OpenAl’s subsequent iteration, GPT-4,
showcased notable developments in generating human-like text and
introduced advanced abilities such as zero-shot and in-context learning
(Achiam et al., 2023). Similarly, Google DeepMind’s Gemini utilized
reinforcement learning to enhance proficiency in language under-
standing and generation (Hoffmann et al., 2022). Behind these ad-
vancements lie extensive training data and sophisticated modeling and
optimization strategies, such as multimodal modeling and parameter
scaling (Kaplan et al., 2020; Li et al., 2021). Significant advancements
have been made in multimodal GenAl, showcasing GenAl’s potential in
various creative domains. SunoAI’s music creation model exemplifies
the capabilities of GenAl in creating music, generating original com-
positions that can mimic different genres and styles in a human-like
fashion. OpenAI’s DALL-E stands out for its ability to generate
GPT-powered high-quality images from textual descriptions. Other sig-
nificant text-to-image models include MidJourney and Stable Diffusion
(Rombach et al., 2022).

GenAl demonstrates notable strengths over human capabilities in
certain domains, mainly due to its underlying cognitive architecture and
training methodology. Its efficiency in processing and analyzing vast
corpora of data, coupled with its ability to identify complex patterns,
enables it to generate coherent output across a wide range of applica-
tions (Nijkamp et al., 2022; Brown et al., 2020; Radford et al., 2019).

The scalability and processing speed of GenAl constitute significant
advantages, allowing it to analyze extensive datasets and generate in-
sights at a rate far surpassing human cognitive abilities (Brown et al.,
2020). These advantages stem largely from GenAlI’s associative memory,
namely its ability to establish connections between diverse pieces of
information based on learned patterns. This capability is predominantly
horizontal in nature, enabling GenAl to create shallow associations
across a broad spectrum of topics. Nevertheless, while this feature allows
e.g. for the generation of diverse text and the emulation of human in-
genuity, it often results in responses that are contextually superficial
(Bender et al., 2021).

GenATl’s reliance on statistical patterns identified within training
data, rather than explicit symbolic or causal understanding, constraints
the development of a robust internal world model. This limitation affects
performance in tasks requiring deep hierarchical reasoning, including
mathematical computations or rigorous logical deductions (Hendrycks
et al., 2021). Consequently, GenAI outputs, while often superficially
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plausible, can lack consistency and adherence to logical structures
(Bender et al., 2021; Bubeck et al., 2023).

Enhancing GenAI’s deeper reasoning capabilities remains an active
research frontier. Current approaches explore various promising di-
rections, including the integration of symbolic reasoning capabilities,
the development of neuro-symbolic hybrid models (Lamb et al., 2020),
and architectures like JEPA (Joint-Embedding Predictive Architecture)
that aim to incorporate predictive world models (LeCun, 2022; Bardes
et al, 2024). Additionally, prompting techniques such as
chain-of-thought (Wei et al., 2022 a,b) and tree-of-thought (Yao et al.,
2023) have demonstrated improvements in complex reasoning tasks.
Simultaneously, challenging benchmarks like MATH (Hendrycks et al.,
2021) and BIG-Bench (Srivastava et al., 2022) are being developed to
rigorously evaluate progress in this domain.

3. A model of hybrid creative process

In this section, we describe the theoretical approach for modeling
and optimizing the hybrid creative process. Methodologically, we rely
on mathematical deduction and formal argumentation. In our frame-
work, GenAl is represented as a dynamic mixture of latent states,
referred to as “entities”, each contributing with a certain weight. This
representation parallels the principles of Bayesian updating. By relying
on mathematical models that quantify the creativity of an output, we
analytically demonstrate that, for any creative task, there is always at
least one entity whose activation can maximize the creative outcome. In
formal terms, these findings imply that the design of prompts may
function as a control mechanism that reweights the probability distri-
bution over the latent entities, suppressing the activation of suboptimal
states while increasing the likelihood of selecting the entity that maxi-
mizes the creative outcome. Furthermore, we describe a heuristic
strategy inspired by Bayesian optimization to navigate toward entity
configurations that yield higher creative performance. Finally, we
discuss the cognitive skills underlying this process and the importance of
decomposing problems into subcomponents while effectively inte-
grating the solutions provided by each entity. Table 1 below summarizes
the key terms and formulas underlying the model.

3.1. GenAl as a superposition of latent entities

We conceptualize a GenAl as a superposition of latent entities, each
of which can be elicited through suitable prompts (Shanahan et al.,
2023). The notion of superposition in this context refers to GenAl being a
dynamic amalgamation of multiple states. This phenomenon can be
regarded as a specific manifestation of in-context learning (ICL). ICL
emerges as a powerful paradigm where GenAl models interpret and
generalize from a few contextually provided examples without param-
eter updates (Brown et al., 2020). Theoretical interpretations suggest
that ICL mimics implicit Bayesian inference, with the models performing
probabilistic inferences based on the examples provided. This is akin to
updating beliefs with new evidence, allowing models to predict out-
comes by identifying shared latent concepts among examples (Zhao
et al., 2023). The process inherently involves activating various latent
entities within the model based on the given prompts, where each latent
entity represents a distinct mode of expression, perspective, or knowl-
edge domain, dynamically contributing to the model’s response. The
capability of ICL is attributed to extensive and diverse pretraining,
enabling GenAl to internalize patterns and generalize across tasks
effectively (Wei et al., 2022b; Bubeck et al., 2023). Additionally,
meta-optimization suggests that the inference process during ICL re-
sembles gradient descent optimization, where the model’s internal dy-
namics adjust representations similarly to parameter updates in
gradient-based learning (von Oswald et al., 2023).

The adaptive mechanism of entity superposition can be formalized
by a probabilistic model, where each entity is associated with a proba-
bility indicative of its activation likelihood. As the response is associated

Technovation 148 (2025) 103323

Table 1
Summary of the primary elements of our hybrid creative process model in terms
of key concepts and methodological components.

LLM Large Language Models, like GPT,
Gemini, and PaLM

GenAl Generative Artificial Intelligence,
including LLMs, as well as other
generative models (e.g., MidJourney,
DALL-E, SunoAI)

ICL In-Context Learning, a paradigm

where GenAI models learn from a
few context-provided examples
without updating their parameters

Simulated Entities |0;) Latent states or configurations within
a GenAl model that can be
"activated" via specific prompts,
representing different expressive
modes or knowledge domains

Normalized positive coefficients
indicating the probability that the
model exactly embodies the entity
6:)

The state of a GenAl can be seen as a
superposition of entities

{aitig,

) = ailoo)

When the GenAl interacts with an
input, the state |y) evolves according
to an operator O, which modifies the
probability distribution over the
entity states

W) =O(lw) = 160

Problem Decomposition The strategy of breaking a complex
problem into smaller, manageable
sub-problems/tasks T to simplify

analysis and resolution

c=ul The creativity of an outcome is
assumed as the product between two
factors. E.g., utility u and learning I (

Tsao et al. 2,019)

The learning value of the solutions
for task T generated by the GenAl is
modelled as that of the single elicited
entity

Ly)r = Lg,y,r where
Z ~ Categorical(ay, ...,an)

P(ly)r> k) <P(lg,yr> k), where M =
argmax;{P(lg,r > k)}

There always exists a T-specific
entity that is equally or more likely
to yield a solution with a high value
of learning (and ultimately of ¢)

Py (0141) = P(O)41|0)
) 0yt P10).0 (@11)Ppoy (@)P(16))

By using suitable prompts w, the
generation process of e.g. an LLM can
be guided so that essentially only the
desired entities (those in Lp)
contribute to it

Bayesian Optimization A probabilistic technique can be
heuristically employed to iteratively
refine the selection of entities by
updating beliefs based on observed

performance

Output Integration The phase where results from various
sub-problems are collected and
combined to form a coherent,

complete solution

with the activated entity, proper prompting enables more coherent and
contextually appropriate output across diverse scenarios.

Entities are divided into agentic and non-agentic (Achiam et al.,
2023). Agentic entities exhibit behaviors and responses that resemble
those of intentional agents, despite the underlying GenAI model lacking
genuine agency or intentionality (Rabinowitz et al., 2018). In contrast,
non-agentic entities provide descriptive or informational content
without implying an underlying goal or intention. In our model, the
activated entity can be either agentic or nor-agentic, as long as it embeds
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relevant disposition and expertise relative to the focal problem.

An entity may coincide with a deeply specialized sub-model
(Hajikhani and Cole, 2024), which focuses on a narrow domain of
expertise. Alternatively, it might embody a psychological entity
composed of specific crafted traits (Wang et al., 2025), allowing the
model to emulate nuanced thought patterns and human behavior. In an
LLM-based GenAl, the activated entity might encode different writing
styles, each offering unique features such as deciding whether to use
figures of speech (e.g., metaphors, onomatopoeia, hyperboles), selecting
suitable registers (e.g., formal, slang, technical), and choosing different
sentence structures. For text-to-image GenAls, the activated entity might
encode different styles for image advertising to promote products, such
as hyperrealistic, impressionistic, or comic art (Ramesh et al., 2021).
Similar arguments can be made for other types of GenAl, where the
activated entity would vary based on the specific type of generated
content.

Within this framework, each entity represents a configuration within
the GenAT’s latent space L. The state of the GenAl, denoted by |y), is a
superposition of these individual entity states {|6;)},_; y, represented

as:
‘W> :Zai|0i>a

where ; are positive coefficients indicating the degree to which the
model embodies each entity state |0;). These coefficients are subject to
the normalization condition ) ;& = 1.

When the GenAl interacts with an input prompt, the state |y) evolves
according to an operator O, which modifies the probability distribution
over the entity states. The new state |y/) is given by |y') = O(jy)) =
O(X;ail6;) ) = Y;a}|6;), where d; are the updated probabilities after the
application of the operator O. Thereafter, the GenAl’s latent super-
position collapses, probabilistically selecting a single entity to generate
the final output.

This framework provides a foundation for optimizing entity activa-
tion within the GenAl, also facilitating the decomposition of complex
tasks into manageable subproblems. By strategically leveraging targeted
prompts, it is possible to fine-tune activation probabilities to enhance
coherence and performance. As both human agents and GenAl face
processing capacity challenges, employing specialized entities for each
subproblem not only alleviates this load but also maximizes creative
output. Thus, understanding the dynamic interplay of entities within
GenAl sets the stage for more effective interaction strategies and a
structured problem-solving process, as detailed in the following
subsections.

3.2. Simulated entity elicitation

As discussed previously, GenAl can be seen as a superposition of
latent entities |9) € L (with L being the latent space) that evaluates in-
puts to generate prompt-specific outputs. For instance, in the case of an
LLM, the model evaluates P, (w.1), i.e. the approximation of the con-
ditional probabilities of the token wy,; appearing as the next term in the
token sequence w := (o, ..., wx). By using appropriate prompts o, it is
possible to guide the generation process (Nardo, 2023). Indeed,

P, (0ks1) = ZP,,,((U;{H, |0)) = ZP\H).M((UHI )Py (|0))ex

|)eL |)eL

> Py (@k1)Piy (@)P(10)) & D Pigyo(@is1)Pigy (@)P(16)).

[o)eL |0)eLp

where the subscripts denote the conditioning, and Lp only contains
desired entities, e.g. those that are more appropriate for solving the
given task; those in Ly, such that Ly = L\Lp have negligible P, (|6)) (if ®
is well-suited for inhibiting the undesired entities). This means that
primarily entities in Lp contribute to creating the sought outputs. By
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observing the response P,, (@i 1) it is possible to progressively refine  so
that the probabilities associated with undesired entities become negli-
gible, allowing the model to generate the desired outputs by focusing on
the relevant entities. Models other than LLMs follow analogous (GenAl-
specific) processes.

We now explore why using suitable simulated entities (those in Lp)
can be advantageous for the creative generation process using multi-
plicative models of creative variations. Several models have been
introduced to quantify the creativity of a generated output. Simonton
(2015, 2023) proposes that the creative outcome ¢ of an idea can be
subjectively quantified as ¢ = u(1 — p)(1 — v), where u represents the
eventual utility of the idea, p indicates the initial probability that the
idea would have been generated, and v signifies the degree of certainty
regarding the eventual utility of the idea. All the parameters range in [0,
1], but simplifying them to the extremes of this interval (i.e., 0 or 1)
results in a model with 8 distinct pure types, forming 23 combinations.
Among these, one type (u,p,v) = (1,0,0) embodies an optimally crea-
tive outcome, while the remaining seven pure types represent uncreative
outputs. As both factors (1 - p), related to originality, and (1 - v), related
to Campbell’s (1960) and Simonton’s (2010) blindness, can be consid-
ered indicators of learning, the formula above can be modified with the
insertion of a learning term (Tsao et al., 2019).

In their model, Tsao et al. (2019) defined c as the product between u
and [, where u remains as described before, and [ characterizes learning.
Thus, the formula characterizes a creative outcome as the product of
utility and learning, serving as a measure of "useful learning". If either
utility or learning is low, the creative outcome is also low; for a high
creative outcome, both utility and learning must be high.

For the sake of clarity, let us suppose now that, regarding a creative
task T, each point in [0, 1] corresponds to the learning value [ of a so-
lution of the task, and assume that every generated output has a utility
value equal to 1 if it is a solution, and 0 otherwise. Note: a completely
analogous discussion could be conducted assuming that the value in
[0,1] encodes, e.g., the novelty associated with having cast that idea
(Runco and Jaeger, 2012), or any other appropriate measure of
creativity.

Thus, the learning parameters of the solutions for a task obtained by
an idea generator, whether this generator is a human agent, a GenAl, or
a combination of both, can be regarded as realizations of a random
variable over the interval [0,1]. The probability distribution may
significantly vary among generators depending on the features of the
generators themselves. For instance, one might be associated with a Beta
distribution with parameters (1,5), indicating a low likelihood of pro-
ducing high learning value outputs, a Beta distribution with (5, 1),
suggesting a high ability to generate high learning value outcomes, or a
uniform distribution, implying an equal probability of producing out-
puts across the entire range of learning values (see Panel A of Fig.1 for a
graphical representation of the probability density functions of different
random variables).

Now, let us take N simulated entities {|6;)}; ; 5 such that the
probability for the individual state to generate a solution with a learning
value [ for the task T follows a distribution in [0,1]. Note that we did not
specify the random variables associated with the generators; they can
thus follow any probability distribution within the range. In this context,
implies that its ability to generate solutions with a specific learning
value distribution reflects at any given time the capability of one, and
only one of the multiple entities, depending on which entity is active.

regulating the learning value of the solutions for the task T generated,
respectively, by the GenAl model and its components, we have that
Ly = l,,r where Z ~ Categorical{ay,...,an}, P(Z= i) = ;, (assumed

as independent on {l‘gl”}i:l ‘‘‘‘‘ V-

A given prompt or history of prompts determines a set of weights
{@i};_;_y that prioritizes some entities over others. Crucially, a care-
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0

Fig. 1. Panel A illustrates examples of probability density functions representing the ability of five generators (humans, simulated entities {|0 i}i= = .. ..., etc) of
providing solutions with learning value in the range [0, 1] for a given task T. Each curve represents a specific process. Panel B shows the probability density function
as a histogram obtained by simulating (with 10° realizations) learning values associated with a superposition |y) of the five solution generator of Panel A, with
specified weights 0i}i=1 = .. ... (taking the variables in the order shown in the legend of Panel A, respectively: &1 =1/2;a; =1/16;a3 =1/8; a4 = 1/ 405 = 1/
16). It is evident that an unoptimized superposition, i.e. a GenAl model with a naive interaction in this context, exhibits a lower expected value of generating ideas
with high learning value compared to utilizing some of the individual underlying processes (i.e. simulated entities) that compose the entire process (e.g. Beta(5,1)).

fully crafted sequence of prompts can further reduce the weights of
entities that are useless or even detrimental to the purpose, thus opti-
mizing the generative process. Indeed, we have that P(l,r> k) <
P(lgyyr> k), where M = argmax;{P(ljgyr > k)}, i.e. there always ex-
ists a task-specific simulated entity of the model that is equally or more
likely to yield a solution with a high value of learning (and ultimately of
the creativity c) for the task T. Furthermore, there also always exists an
entity for which the expected learning value is higher than, or equal to,
the one associated with any |y) (for a computational example, see Panel
A, in particular Beta(5,1), and Panel B of Fig.1). Therefore, the possi-
bility of dynamically modifying the weights enables increasing e.g. the
probability ay of eliciting the desired entity |fy), maximizing the
probability of generating a highly creative solution. Clearly, there also
exist entities with expectations lower than or equal to that of [,  (see
Panel A, in particular Beta(1,5), and Panel B of Fig.1). Therefore, the
benefits of entity elicitation hinge upon the ability to search for and
elicit an appropriate entity.

While we have shown that an optimal entity maximizing the ex-
pected creativity of its output for a given task always exists, finding it is
unlikely due to bounded rationality (Simon, 1955). The main implica-
tion of the existence of an optimal entity is the prescription of a process
to heuristically converge toward it. Analytically, the process resembles a
Bayesian optimization approach, i.e. a probabilistic model-based tech-
nique for finding the maximum/minimum of an objective function that
is expensive to evaluate, by iteratively building a surrogate model to
make informed decisions about where to sample next (Shahriari et al.,
2015). Specifically, the goal is to maximize a function C(|6)), which can
be interpreted as an estimate of the probability that the creativity of the
outcomes (e.g. modeled as Tsao et al., 2019) may be equal to 1 when
using |0) as the entity. The argument that achieves its maximum, |0y) =
argmax;{C(|6;))}, represents the optimal entity to converge toward’.

For converging to |fy), the human agent must balance between
trying new, untested regions of the latent space and focusing on areas
that have shown high performance, e.g. guided by an heuristic version of

1 As discussed above, the impossibility of analyzing all the entities (e.g., due
to the high-dimensionality of the latent space and the bounded rationality of the
human agent) makes it utopian to reach the truly optimal one. Nevertheless, for
the sake of simplicity, we will continue using the term “optimal entity” instead
of a more elaborate description that highlights subjective considerations, such
as the “entity that the human agent believes to be optimal” for solving the
subproblem.

the expected improvement (EI; Gelbart et al., 2014). In this framework,
EI measures the expected gain from sampling a particular entity, with
the aim of improving upon the best response observed so far. EI may
help the human agent decide which point in the latent space to test next
by evaluating how much improvement one might expect by trying a
novel entity compared to the best one observed |6, ). Mathematically,
the EI at a state |0) is defined as the expected value of the improvement:
A(|0)) = E(max{0, C(|6)) — C(|6+))}), where E denotes the expected
value of a random variable. Under Gaussian assumptions, A(|¢)) depends
on two key parameters associated with |0): the predicted mean and
variance. A higher mean indicates that the entity configuration is ex-
pected to provide high-quality, creative responses based on current
knowledge, while a higher variance indicates greater uncertainty about
the predicted quality, suggesting the potential for discovering unex-
pectedly high-performing configurations.

At each iteration, the human agent selects an entity to test based on
past observations, identifying a new point in the latent space that seems
promising. Eliciting the selected entity through prompts, the human
agent evaluates the quality of the responses and incorporates this new
information to refine its prior on C(|6)), akin to updating a mental model
of the latent space. This process is then repeated iteratively, continu-
ously adjusting the representation of the potential of the points in the
latent space. If significant improvements are no longer observed, the
process can be considered converged.

From the perspective of the human agent, three key skills underlie
the success of the search process. The first is the capability of updating
the (mental) model of C(|#)) as a function over the latent space based on
new observations. This involves learning the relevance of the entities for
the problem at hand, by intuitively refining estimates of both the
average response and responses’ variability for each entity configura-
tion, leading to an iterative process that enables the human agent to
form a progressively clearer picture of which entities are likely to
perform well and which hold potential but are indeterminate. Given the
vast number of potential entities, it is impossible for the human agent to
ascertain the value of all configurations. Therefore, this process relies
heavily on an intuitive understanding of the entities’ relevance in the
latent space.

The second is the human agent’s decision-making skill regarding
subsequent search steps, where the options to choose from depend on
what has been learned about the latent space. This skill refers to the
human agent’s accuracy in determining the maximum expected
improvement A(|0)) for the next step. Unlike the first skill, which is
about updating the model based on past observations, this one
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emphasizes strategic decision-making for future steps. As the human
agent selects the next entity to explore based on extant knowledge, this
skill requires synthesizing information efficiently and effectively to
decide on the next action. A crucial aspect of it is the avoidance of local
search biases (Levinthal and March, 1993; March, 1991 Tripsas and
Gavetti, 2000). While many search processes are constrained by path
dependence and resource scarcity (Levinthal, 1997), this one places
minimal limitations on the direction and extent of exploration. In
particular, distant exploration incurs very little cost and could poten-
tially reveal highly promising areas (e.g. by visiting entities with great
subjective uncertainty) of the latent space that local moves might miss.
While moving close to previously high-performing entities ensures
finding a local maximum, it does not guarantee discovering the global
maximum. Still, human agents may dwell on neighboring areas in the
latent space (e.g. by changing only a few attributes per iteration), due to
anchoring effects and cognitive inertia (Tripsas and Gavetti, 2000;
Tversky and Kahneman, 1974). Thus, rationality is required in balancing
the trade-off between finding the region with the highest potential for a
global maximum and exploring it effectively to move as close as possible
to its (local) maximum.

The third is the technical skill to design effective prompts that elicit
the desired entity |9) while inhibiting undesired processes. This requires
a deep understanding of the functioning of the GenAI being used,
including an intuitive grasp of how different prompts influence the re-
sponses and allow for reliably bringing out the specific traits of the entity
being tested. This nuance of prompt engineering increases the likelihood
of each interaction yielding valuable responses, facilitating a more
efficient and precise exploration process. Following the receipt of re-
sponses, the iterative process restarts, reiterating the application of the
first skill to evaluate and refine the model C(|6)) of the entities’
relevance.

3.3. Decomposing problems and integrating entity solutions

Modularization is a cornerstone of management and organization
theory (Eppinger and Browning, 2012; Ethiraj and Levinthal, 2004;
Ulrich and Eppinger, 1995). In the realm of problem-solving, breaking
down a problem in parts, solving them separately, and then integrating
the resulting solutions is a well-known design thinking practice (Liedtka,
2015; Verganti et al., 2021). In this subsection, we explain how modu-
larization can also be exploited to optimize the effectiveness of simu-
lated entity elicitation for creative purposes. While some of the
underlying principles partly overlap with well-known benefits of prob-
lem modularization (e.g. mitigation of cognitive overload), others stem
from specific peculiarities of this instance (e.g. GenAl features and
human-GenAl relative advantages).

Human working memory has limited processing capacity, which can
be overwhelmed by large amounts of data to handle (Richardson et al.,
1996). This limitation means that when faced with excessive informa-
tion, the ability to process and retain details is significantly compro-
mised, leading to cognitive overload. Interestingly, challenges with
processing capacity aren’t exclusive to human agents; they extend to
interactions with GenAl as well (Achiam et al., 2023). While technical
constraints (e.g. reaching token limits) do play a role, the primary
challenge stems from the inherent limitations in terms of fine attention
span. This limitation leads GenAlI to inadvertently favor certain subsets
of information over others, ultimately resulting in forgetfulness (Luo,
et al., 2023). Moreover, context switching between varied tasks can
further impede the model’s ability to maintain coherence. Segmentation
strategies, which involve breaking down a problem into smaller, more
manageable subproblems (Halford et al., 1998), can thereby prove ad-
vantageous. Implementing such strategies not only mitigates overload,
but also facilitates the attainment of creative output generated by
different entities.

This implies structuring the problem domain in a way that allows for
modularization and coordination of subproblems. Independent
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components can be addressed concurrently, with each component
assigned to a different entity for parallel processing (within different
GenAl-instances/conversations). On the other hand, components that
exhibit unidirectional dependencies may need to be handled sequen-
tially (i.e. within the same GenAl-instance/conversation), with the
model roleplaying differently for each task to ensure the coherent
integration of outputs®.

Once a satisfactory entity has been identified for each subproblem,
the human agent elicits it an arbitrary number of times to generate
multiple ideas. The higher the variance associated to the selected entity,
the higher the number of times it needs to be elicited to capture the full
spectrum of ideas it may generate. Furthermore, even apparently simple
subproblems are still likely to allow for recombination of ideas (Fleming
and Sorenson, 2004). Thus, ideas generated by each entity within each
subproblem may be taken as they are, fine-tuned by the human agent, or
sequentially recombined to generate further ideas. In this phase, it may
still be convenient to retain many promising ideas rather than converge
on a single best idea for each subproblem. The reason lies in the in-
terdependencies between subproblems: as ideas for each subproblem are
to be combined toward solving the overarching problem, the quality of
ideas for each subproblem partly depends on the pool of ideas of the
other subproblems.

After selecting a series of promising ideas for each subproblem, the
human agent is responsible for bringing them together. Here is where
human agents bring to bear their relative advantage vis-a-vis GenAl.
First, they integrate a wealth of information that goes beyond the cre-
ative task (Balasubramanian et al., 2022). Human agents know where,
why and how the idea is to be deployed, the cultural and social nuances
of the context (e.g. the characteristics of the target niche of consumers),
the firm’s corporate vision and its strategy (both short-term and
long-term), and the explicit and implicit criteria whereby the idea will
be evaluated (Csikszentmihalyi, 1996). While a part of this information
may be fed to the AI through voluminous ad-hoc training data, a large
part of it would be inevitably lost, as it involves a significant degree of
tacit knowledge (Nonaka, 1994; Nonaka and Takeuchi, 1995; Nonaka
and von Krogh, 2009). Second, human agents can construct semantic
relationships between ideas, rather than mere correlational links. They
make sense of incoming knowledge by linking it to extant knowledge, i.
e. they naturally engage in associative learning (Cohen and Levinthal,
1990; Todorova and Durisin, 2007). Semantic connections are better
suited to construct a convincing narrative linking together the ideas
associated with each subproblem.

Thus, human agents leverage their tacit knowledge and contextual
understanding on the one hand, and the ability to create semantic
connections on the other, to recombine the ideas emerging from each
subproblem toward solving the overarching problem. Considering an
example from the video game industry, a subject may decide to give a
character (created by an ad-hoc elicited entity) a dark twist as it is
combined with a post-apocalyptic setting (created by a different elicited
entity), both for thematic coherence (semantic understanding) and for a
better alignment with a new trend started by a recent movie (contextual
understanding).

In most business contexts, extremely good ideas are exponentially
more valuable than good ideas (Girotra et al., 2010). A correct output
integration ensures that the value of extreme ideas generated by the
various ad-hoc entities is preserved without sacrificing contextual
adherence and sociocultural (as well as strategic) alignment. We regard
this approach as superior to keeping the overarching problem as a whole

2 This approach bears resemblance to the classical "divide-and-conquer”
paradigm, wherein a complex problem is decomposed into smaller, more
tractable subproblems of the same type, which are solved independently and
subsequently recombined to yield a solution to the original problem (Smith,
1985). However, our method allows for subproblems that may differ substan-
tially in nature from the original problem.
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and eliciting a single entity to solve it, for multiple reasons. First,
keeping the problem as a whole makes the search for an optimal entity
more difficult, as the elicitation of an entity for a complex problem re-
quires relatively more prompts. Second, once the entity has been iden-
tified, it would be computationally less effective at tackling a complex
problem, due to limited processing capacity (Achiam et al., 2023).
Third, the chosen entity would be less likely to generate extremely
creative ideas, as the higher complexity of the problem would lead it
toward generic responses that average out all the inputs. Fourth, the
chosen entity would implicitly face the task of connecting the
micro-ideas underlying the idea it generates. In this respect, its inca-
pability of performing semantic reasoning would likely lead to an
incongruent narrative and/or a comparatively weak contextual fit
(Balasubramanian et al., 2022; Bender et al., 2021; Townsend et al.,
2024). While such issues may still be mitigated via human fine-tuning,
fine-tuning the various dimensions of a complex idea without chang-
ing its overall value may be significantly more difficult than fine-tuning
micro-ideas as they are recombined.
Fig. 2 provides a graphical overview of our framework.
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4. Discussion

This study set out to explore a simple yet foundational question in the
emerging literature on human-GenAl collaboration: How can human-
—GenAl interactions be structured to maximize creative potential in per-
forming creative tasks? In response, we propose a new model of hybrid
creative process that conceptualizes GenAl as a dynamic superposition
of latent entities. Specifically, we demonstrate that optimal creative
outcomes can be systematically pursued by searching for an optimal
simulated entity, guided by an iterative heuristic process akin to
Bayesian optimization.

Extant studies have primarily focused on the emerging outcomes of
GenAl-supported creativity and typologies of interaction modes (e.g.
Boussioux et al., 2024; Dell’ Acqua et al., 2023; Doshi and Hauser, 2024;
Girotra et al., 2023; Koivisto and Grassini, 2023; McGuire et al., 2024).
In contrast, we leverage a process-oriented view grounded in the
cognitive properties of GenAl and human agents to theoretically deepen
the optimization of human-GenAl interaction toward creative outcomes.
In so doing, we achieve three main results.

First, we reconceptualize GenAl not as a monolithic tool, but as a
superposition of latent entities, each representing a unique perspective,

1st
Subproblem
(Subp1)

modelling

2nd
Subproblem
(Subp2)

Problem decomposition
via abstract problem space

GenAl Subp1-
Subp2 specific
entity

Creative
Subp1-
solution

Creative
Subp2-
solution

Simulated entities elicitation via heuristic Bayesian
optimization and subproblem solution generation

Output
integration

Problem
solution

3rd
Subproblem
(Subp3)

4th
Subproblem
(Subp4)

GenAl Subp3-
Subp4 specific
entity

Creative
Subp3-
solution

Creative
Subp4-
solution

Fig. 2. A graphical representation of the model of human-GenAI hybrid creative process. After formulating the problem to be solved, it is necessary to analyze it in an
abstract problem space, allowing for its decomposition into an appropriate number of subproblems (depending on the nature of the problem, the GenAls used, and
other contextual factors). The subproblems can then be addressed sequentially or in parallel, based on their level of interdependency. In the example shown in the
figure, the problem has been divided into four subproblems, which are sequentially paired (Subpl with Subp2, and Subp3 with Subp4). For each of the two pairs, a
suitable simulated entity is sought through a heuristic approach resembling the Bayesian optimization technique. Once the four outcomes are generated, they are

coherently integrated to form the solution to the initial problem.
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mode of reasoning, or domain-specific competence. This framing opens
new possibilities for understanding and guiding GenAI behavior in
creative contexts and beyond. Second, we provide a formal basis for the
idea that human agents can strategically optimize the creative process
through the exploration of simulated entities. This represents an
advancement with respect to conventional creative processes limited to
the exploration of problem and solution spaces. Third, we incorporate
principles of problem decomposition and modular recombination to
show how human and GenAlI capabilities can be integrated in a struc-
tured, synergistic process. Taken together, these results contribute to
shaping a new way to understand hybrid creativity, with several theo-
retical and practical implications.

4.1. Theoretical implications

Traditional (human-only) creative processes in management
emphasize the set of skills and cognitive features allowing human agents
to recombine knowledge effectively toward creative outcomes,
including mastery over the focal domain (e.g. knowledge, expertise),
creativity-relevant traits (e.g. ad-hoc heuristics, thinking outside the
box), and psychological motives (e.g. intrinsic motivation), subject to
organizational enablers and pressures (Amabile, 1983, 1988; Amabile
and Pratt, 2016; Csikszentmihalyi, 1996; Woodman et al., 1993).
Drawing on these underlying factors, human agents (whether individ-
ually or collectively) generate a large pool of ideas and subsequently
converge on the ideas deemed most promising (Cropley, 2006; Simon-
ton, 1999, 2023). Computerized technological artifacts like search en-
gines, word-processing software, and computer-aided design have long
been acknowledged to support the creative process by helping human
agents retrieve, visualize, and elaborate knowledge (Lubart, 2005;
Shneiderman, 2007). However, GenAl is unique in going well beyond a
mere supporting role, by potentially taking over the entire task of idea
generation. Relative to this stream of literature, we open a new research
direction based on the concept of hybrid human-GenAlI creative process.

Confronting environmental turbulence, strategic adaptation, and
technological evolution, firms constantly navigate problem spaces and
draw upon their resources and creativity in search for solutions (Fleming
and Sorenson, 2004; Katila and Ahuja, 2002; March, 1991), often in the
form of groundbreaking ideas (Girotra et al., 2010; Kornish and Ulrich,
2011). Recent research recognizes the potential of GenAl in supporting
the search for solutions (Bilgram and Laarmann, 2023; Bouschery et al.,
2023; Mariani and Dwivedi, 2024) and theorizes on the outcomes that
different human-GenAl search configurations are likely to yield
(Dell’Acqua et al., 2023; Raisch and Fomina, 2025). We complement
these studies by unpacking the peculiarities of the cognitive architecture
of GenAl and theorizing a hybrid process that maximizes the creative
potential of the human-GenAlI interaction. Our model underscores the
necessity to steer clear of a naive implementation of GenAl within
traditional creative processes and define a new creative process that
blends the relative strengths of the cognitive architectures of human
agents and GenAlL

By conceptualizing GenAl as a superposition of latent entities, we
mathematically show that maximizing the creative potential of solutions
generated by GenAl requires human agents to focus on eliciting the
optimal entity for the problem at hand. Converging toward the optimal
entity requires the interacting human agent to navigate the space of
potential entities through an iterative process that resembles a Bayesian
optimization approach. For the threefold purpose of facilitating the
search for the optimal entity, mitigating GenAlI cognitive overload
problems, and leveraging human relative advantages in contextual and
semantic understanding (Balasubramanian et al., 2022; Townsend et al.,
2024), we prescribe decomposing the problem beforehand, finding the
optimal entity for each subproblem, and subsequently integrating each
entity’s output.

Decomposing the problem and eliciting suitable entities rely on skills
typically associated with analytical tasks. A suitable decomposition
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presupposes identifying its core elements and understanding their re-
lationships and interactions, through logical reasoning and systems
thinking. Converging toward the optimal entity presupposes iteratively
updating the human agent’s mental model of which entities work best,
making rational decisions regarding the next entities to test, and elicit-
ing them through suitable sequences of prompts. These skills depend on
the human agent’s ability to synthesize information, learn adaptively
through retrospective analysis, and perform rational decisions,
including the elusion of biases like anchoring (Cabantous and Gond,
2011; March, 1991; Tyre and Von Hippel, 1997; Tversky and Kahneman,
1974). On the other hand, the integration of the entities’ outputs relies
on contextual and semantic understanding, which presuppose social,
emotional, and verbal skills (Balasubramanian et al., 2022; Huy, 1999;
Kemp, 2024; Townsend et al., 2024; Wright, 2002).

While domain-relevant expertise and analytical thinking have al-
ways played a role in creative settings (especially technical problem
solving) (Amabile, 1983, 1988; Amabile and Pratt, 2016; Grilli and
Pedota, 2024), they acquire much greater importance in interaction
with GenAl, even within purely creative tasks. This is because analytical
skills now matter not only as a means to navigate problem and solution
spaces, but also as a means to structure the interaction with GenAI and
navigate the space of potential entities. At the same time, softer skills
underlying contextual and semantic understanding also become more
relevant, for the mitigation of GenAI's shortcoming and the creative
recombination of knowledge modules embedded in subproblems. These
insights contribute significantly to the contemporary debate on the
upskilling vs deskilling effect of AI (Acemoglu and Restrepo, 2018; Jia
et al., 2024; Raisch and Krakowski, 2021; Xue et al., 2022; Zirar et al.,
2023). Our model implies that only a naive implementation of GenAl
may result in a total substitution effect, with GenAl taking over the
entire idea generation task. In contrast, maximizing GenAI’s creative
potential does require keeping human agents in the loop, potentially
placing an even higher demand on the breadth and depth of the skills
required.

4.2. Practical implications

The present work offers valuable prescriptions for firms of any sector
and dimension, especially those that frequently engage in creative en-
deavors and/or problem solving. The implementation of the proposed
model may help firms generate more creative solutions as a result of the
interaction between employees and GenAl Our work also entails that
the aforementioned mix of hard and soft skills becomes more valuable,
with significant implications for human resource management and the
job market. In this respect, we suggest that the introduction of GenAlI as
an integral part of the creative process may reduce the weight of innate
extraordinary characteristics (Barron and Harrington, 1981; Guilford,
1984; Singh, 1986). However, this is far from implying that all in-
dividuals and organizations will have similar innovation capabilities by
merely implementing the suggested process. In contrast, it implies that
innovation capabilities will increasingly depend on the ability to acquire
and nurture the mix of hard and soft skills underlying the suggested
process, foregrounding another facet of Al-based competitive advantage
(Kemp, 2024; Krakowski et al., 2023).

Our model also prescribes actively organizing toward a facilitation of
optimal human-GenAlI interactions. Even in creative industries, where
pure analytical skills have traditionally played a less relevant role, firms
now need a workforce that can couple soft skills and creative thinking
with logics, rationality, and hierarchical reasoning. The latter skillset
becomes just as instrumental to creativity as the former, as it represents
the bridge that allows employees to leverage the creativity of GenAl.
This implies that human resource managers should increasingly hire
more balanced profiles, even for purely creative roles.

The same reasoning extends to employee training. Firms should
develop targeted learning programs that not only enhance traditional
creative abilities but also foster computational thinking, structured
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problem-solving, and adaptability in working with Al-generated con-
tent. This involves training employees to navigate the space of potential
entities and iteratively evaluate them, as well as critically assess, refine,
and integrate GenAl output with their own, in accordance with our
hybrid model. Relatedly, when individual profiles lack balance, man-
agers may consider forming ad-hoc cross-functional teams to ensure the
adequate mix of skills that maximizes human-GenAlI creativity.

4.3. Limitations

Despite these contributions, our work has intrinsic limitations. First,
a part of our arguments does not descend directly from mathematical
deduction, but from standard theory building. While grounded in extant
literature and logical reasoning, as in all conceptual papers, our argu-
ments need empirical deepening and testing. In particular, as we
describe the steps and skills needed to converge toward the optimal
entity, we are largely silent on the difficulties that human agents may
encounter in practice. We are also silent on the heuristics that human
agents may use in lieu of the proposed steps and how they compare in
efficiency and effectiveness to our idealized process. The theoretical
nature of our endeavor also prevents us from considering contextual
variables (e.g. characteristics of the organizational environment).

Another limitation regards the absence of the team level of analysis
in the human component of the dyad. Beyond the (purely deductive)
prescription on the choice of the optimal entity, our arguments on
problem decomposition and re-integration do not delve into team-level
considerations. In contrast, they focus on the comparative advantage of
the human cognition in itself (independently of how “distributed” it may
be in a team). While our theory can reasonably be extended to small
teams as it is (as in other scholarly work on creativity, see e.g. Amabile,
1988), it leaves interesting questions open on how the various steps may
be organized in a large team.

4.4. Future research directions

From a theoretical perspective, future research could join our
endeavor by adopting the team or even the organization as the focal
level of analysis. Creativity is a multilevel construct (Woodman et al.,
1993), and the impact of GenAlI on it should be explored accordingly
(Grilli and Pedota, 2024). Therefore, studies at the organizational and
(large) team levels are as important as those at the individual (or small
team) levels. Specifically, our contribution spawns a series of intriguing
questions on the potential decoupling, modularization, and delegation
of each step of the process, as well as the distribution of the skills
required within and across teams, and the role of hierarchies, control
mechanisms, and organizational enablers. We still know relatively little
on the impact of Al on organizational creativity, and our perspective on
human-GenAl interaction may provide a new lens for future
theory-building efforts.

Empirically, experimental research could complement our model by
measuring the gain in creative performance stemming from its imple-
mentation. Experiments would also be instrumental in understanding
how relevant hard and soft skills are in the proposed creative process,
and what is the impact of different contextual variables (e.g. innovation-
friendly organizational environments, supportive leadership, and time
constraints). As GenAl-driven team-level interactions are difficult to
model theoretically, experiments on teams with varying skill distribu-
tions in different types of creative tasks may be needed for solid theory
building at the team level of analysis.

We also encourage qualitative empirical research to explore the
spontaneous unfolding of our model in practice. As our model depicts an
ideal process, part of its usefulness stems from comparing it to how in-
dividuals actually implement it in real-world contexts, akin to
comparing actual solutions to game-theory optimal ones in strategic
interactions. Qualitative research may reveal difficulties, biases, and
heuristics that constrain and guide implementation in different contexts.
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This may not only provide a richer theoretical understanding, but also
more specific practical prescriptions.

Conclusion

This study highlights the transformative role of GenAl in creative
processes, moving beyond traditional support functions to a more inte-
grated, interactive dynamic with human cognition. Through a model
centered around the innovative notion of simulated entity elicitation, we
emphasize the evolving drivers of creativity in the age of Al. Rather than
marginalizing the human role, GenAl necessitates a refined blend of
analytical and contextual abilities. While our contribution offers a
foundation for optimizing human-GenAl interaction, empirical research
is needed to assess its practical implementation and the full extent of its
organizational implications. Ultimately, we hope that our work may
stimulate further inquiry into the creative synergy between human
agents and GenAl, which we consider a defining challenge of the Al era.
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