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Abstract

Generative Artificial Intelligence offers creative superpowers
that boost productivity and inspiration. However, it simulta-
neously presents the risk of creative convergence, where al-
gorithmic optimization leads to the homogenization of ideas
and the erosion of human agency. Addressing this tension re-
quires reframing the Human-AlI interaction from a focus on
frictionless efficiency to one of Human-Al Co-Evolution, a
symbiotic state where humans and machines continuously
adapt to and elevate one another. This paper introduces the
Co-Evolutionary Onion of Human-AI Co-Creativity, a multi-
layered theoretical framework designed to structure this en-
gagement.

Introduction

We stand at a technological inflection point defined by the
“jagged technological frontier” (Dell’Acqua et al. 2023),
where Al demonstrates superhuman performance in specific
creative tasks while failing basic contextual reasoning in
others. We are also witnessing a phenomenon described as
“Alsmosis,” the subtle, gradual, and seamless assimilation of
Al into the fabric of daily life and societal norms (Bozdag
2023). Unlike previous technological shifts, the integration
of generative Al into creative domains is not merely opti-
mizing workflows. It is reshaping the cognitive processes of
discovery and expression.

Al offers “creative superpowers,” acting as a source of
inspiration that boosts productivity and confidence (Geyer
et al. 2020; Lee et al. 2025; Li et al. 2024a). It opens path-
ways for scientific discovery that transcend human cognitive
limitations and acts as a “social glue” in collaborative set-
tings (Suh et al. 2021). However, the core challenge posed
by the emergence of generative Artificial Intelligence is fun-
damentally one of creative convergence (Grammenos and
Lubart 2025; Smith et al. 2025). AI models often reinforce
existing patterns and homogenize ideas, hindering the pur-
suit of “radical innovation” that requires bridging concep-
tual gaps (Kumar et al. 2025; Lee et al. 2025; Mirowski et al.
2023). Addressing this tension requires moving beyond Al
as a tool for efficiency toward systems that are capable of
fostering deep, mutual creativity and innovation. This pa-
per, through an extensive review of literature, argues that to
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ensure Al sparks creativity rather than extinguishing it, we
must fundamentally reframe the design of Human-AI Inter-
action. It traces a path from the dangers of creative conver-
gence to the realization of Human-AlI Co-evolution, a sym-
biotic state where humans and machines continuously learn
from, adapt to, and elevate one another.

The Trap of Creative Convergence

Innovation often arises from the juxtaposition of concepts
that do not statistically belong together, often termed trans-
formational creativity (Franceschelli and Musolesi 2024;
Boden 2004). However, Generative Al models, driven by
reinforcement learning from human feedback, are typically
optimized for coherence and probability (Chakrabarty et al.
2024; Mirowski et al. 2024). Current mainstream models
struggle with original creativity due to training that typi-
cally optimizes coherence, predictability, and pattern recog-
nition (Vinchon, Gironnay, and Lubart 2024). Consequently,
they excel at interpolation but struggle with extrapolation
into unknown territory (Li et al. 2024b). While these mod-
els can enhance the productivity of individual creativity,
they have been shown to reduce the collective diversity of
novel creation produced by a group (Tang et al. 2024; Ku-
mar et al. 2025). This “mechanized convergence” or ho-
mogenization suggests that Al pushes toward a statistical
mean, narrowing the window of creative expression (Lee
et al. 2025; Kumar et al. 2025; Tang et al. 2024). If left
unchecked, this creates a feedback loop where future models
are trained on homogenized Al-generated content, further
eroding diversity (Pedreschi et al. 2025). Therefore, the crit-
ical challenge is designing Al systems capable of injecting
productive friction, or creative divergence, into the human-
Al loop. The goal is to prevent creative stagnation while
guiding users toward genuinely novel and distant concep-
tual spaces. This objective requires surpassing combinatorial
and exploratory creativity to achieve transformational cre-
ativity, changing the conceptual space to allow previously
inconceivable thoughts, ideas, or structures to become pos-
sible (Bickley, Macintyre, and Torgler 2025; Boden 2004;
Franceschelli and Musolesi 2024; Wiggins 2006).

The drive for efficiency often conflicts with the conditions
necessary for deep creativity. Creativity requires incubation,
wandering, and friction; processes that efficient automation
seeks to eliminate (Lamb, Brown, and Clarke 2019; Law-



ton, Grace, and Ibarrola 2023; Lee et al. 2025). Hofman,
Goldstein, and Rothschild (2023) provide a useful metaphor
for AT’s role. It can act as “steroids”, a short-term perfor-
mance boost with potential long-term harm, “sneakers,” an
augmentation without harm, or a “coach,” helping humans
improve their capabilities (Kumar et al. 2025). Currently,
many generative Al applications function as “steroids,” au-
tomating the cognitive struggle required for deep thinking
(Lee et al. 2025). These models often eliminate the neces-
sary friction in favor of speed and magic end-to-end gen-
eration (Lawton, Grace, and Ibarrola 2023). By bypassing
the impregnation or incubation phases, efficient automation
risks hollowing out the creative act, leaving behind a prod-
uct without the depth of process (Lamb, Brown, and Clarke
2019). This leads to “cognitive atrophy,” where creators lose
the critical thinking and problem-solving skills necessary
for independent creativity (Herndndez-Orallo 2025). Fur-
thermore, over-reliance on algorithmic suggestions can lead
to a degradation of decision-making skills, loss of vigilance,
and automation bias (Lee et al. 2025; Parasuraman, Sheri-
dan, and Wickens 2000; Robertson et al. 2024). This phe-
nomenon occurs when users assume Al outputs are inher-
ently superior or correct, leading to ‘complacency’ where
they fail to critically engage with or verify the system rec-
ommendations (Parasuraman, Sheridan, and Wickens 2000;
Robertson et al. 2024). Consequently, when the human in
the loop is eventually forced to intervene during a system
failure, they often lack the situational awareness and recent
practice necessary to act effectively (Lee et al. 2025; Para-
suraman, Sheridan, and Wickens 2000). Therefore, the re-
placement scenario is not necessarily a dramatic takeover by
sentient machines, but a gradual erosion of human creative
agency through creative convergence. To counter this result,
we must intervene in the design of the human-AlI loop.

Bridging Conceptual Gaps

Radical innovation requires bridging the gap between con-
nected and unconnected ideas. While humans often fixate
on familiar examples (design fixation), Al systems can re-
trieve and present far-field analogies that a human might not
consider (Kang et al. 2025; Lin et al. 2025). Effectively ac-
tivating human creativity requires moving beyond surface
similarity to structural similarity. For example, systems like
BioSpark leverage Large Language Models (LLMs) to fa-
cilitate biological analogical ideation, enabling designers to
bridge the gap between biological mechanisms and engi-
neering problems (Kang et al. 2025). By systematically nav-
igating the latent space to find concepts that are semantically
distant yet contextually relevant, Al can act as a conceptual
blender, fusing distinct domains to generate structurally new
ideas (Lopes and Yannakakis 2021; Deshpande et al. 2023;
Ibarrola, Lulham, and Grace 2024; Kang et al. 2025).

Contrary to the goal of frictionless efficiency, creativity
often benefits from incubation and delay. Research indicates
that implementing wait times or processing delays in Al in-
teractions can actually foster greater human reflection and
divergent thinking. In the CoQuest system, Al processing
delays allowed users to reflect on multiple research ques-
tions simultaneously, resulting in higher-quality outcomes

658

than immediate generation (Liu et al. 2024). This result sug-
gests that latency is a feature, not a bug, for specific types of
creative work. By intentionally slowing down the process,
designers can create a temporal space to regain agency, en-
gage in agentic flow, and produce work that is not only ef-
ficient but deeply reflected upon and structurally novel (Liu
et al. 2024; Lawton, Grace, and Ibarrola 2023). Well-being
Al should not always be instant. It should introduce produc-
tive friction that forces the human to engage deeper with the
problem space, preventing the user from rushing to the first
Al-generated solution. It should not be a vending machine
for instant answers; it should be a collaborator that occa-
sionally pauses, questions, and challenges the user to ensure
that the outcome is a result of shared cognitive struggle, not
just algorithmic probability.

The Co-Evolutionary Onion of Human-Al
Co-Creativity

While general collaboration often involves individuals
working together, co-creativity is a process where multiple
parties contribute to a shared creative endeavor in a blended
and synthetic manner. Unlike a simple distribution of la-
bor where tasks are compartmentalized, completed inde-
pendently, and assembled at the end, co-creativity requires
the continuous fusing, merging, and building upon of each
other’s ideas. The fundamental premise of this process is
that the synergy between participants yields a collabora-
tive outcome superior to what any individual could achieve
alone, and the resulting product is greater than the sum of
its parts (Davis 2021; Sasson Lazovsky, Raz, and Kenett
2025). When applied to artificial intelligence, human-Al
co-creativity fundamentally shifts the role of the computa-
tional system from a passive tool to an active, creative col-
league (Rezwana and Maher 2023). This specific form of
co-creativity relies on mixed-initiative interaction, meaning
both the human and the Al possess the agency to proactively
initiate ideas, make independent contributions, and steer the
creative trajectory. It also involves real-time improvisation
(Margarido et al. 2026). Human-Al co-creativity is a dy-
namic partnership where both human and Al actively con-
tribute, each responding to the other’s input while guided by
their unique understanding of creativity (Deshpande et al.
2024). This continuous, reciprocal feedback loop collabora-
tively generates meaning and novel ideas, transcending orig-
inal intentions (Rezwana and Maher 2023).

Figure 1 illustrates that co-creativity is protected by layers
of context and enabled by cyclical inputs.

The Foundation

The outermost layer represents the environment, the founda-
tion, and the ethical conditions required for the inner layers
to function. We cannot view Al as a standalone tool. De-
signers must embed Al within a Socio-Technical System
(STS) that accounts for organizational norms, culture, and
human values. Human-Centered AI (HCAI) is not just a de-
sign methodology but the ethical compass of the system. It
shifts the focus from “what Al can do”” and technological ca-
pability to “what people need” and human flourishing. HCAI



places people, rather than technology, at the center of sys-
tem design (Bingley et al. 2023; Constantinides et al. 2024).
Its primary goal is Intelligent Augmentation (IA) by am-
plifying, empowering, and enhancing human performance
rather than automating humans out of the loop (Henriksen
and Blond 2023). While HCAI provides the values, STS
provides the structural context. The STS perspective views
the creative environment as consisting of two interdependent
subsystems: social (people, culture, processes) and technical
(Al algorithms, infrastructure) (Berretta et al. 2023). Suc-
cess requires designing both systems together. We cannot
optimize the Al (technical) without considering how it re-
shapes the team dynamics and social fabric (social) (Carter
and Wynne 2024; Berretta et al. 2023). STS emphasizes that
the introduction of Al transforms the entire ecosystem, cre-
ating new behavioral effects, power dynamics, and interde-
pendencies among human team members (Ang et al. 2024).
Together, HCAI and STS form the protective skin of the
onion. They define the boundaries of safety and purpose, en-
suring that the inner layers of interaction and friction lead to
human flourishing rather than alienation or deskilling (Shin
and Shin 2023). Without this foundation, the feedback loops
inside the onion risk becoming recursive cycles of bias or
homogenization.

The Enablers

Moving inward, the second layer acts as the filter. Even
a well-designed system will fail without trust and trans-
parency. These are the enablers that allow humans to accept
Al as a teammate rather than a “black box” threat. These
serve as the critical players that allow the evolving symbio-
sis of co-creativity to occur by mitigating the risks of cog-
nitive complacency (Lyons et al. 2023; Simén, Revilla, and
Jests Sdenz 2024). Trust is the fundamental prerequisite for
interaction and adoption, and the willingness to rely on an
intelligent system despite uncertainty (Li et al. 2022). How-
ever, within this framework, trust is not a static attribute but a
dynamic process of trust calibration (De Visser et al. 2020).
This layer guards against over-trust, unthinkingly accepting
Al outputs, and under-trust, rejecting Al assistance due to
skepticism or fear (De Visser et al. 2020; Li et al. 2022).
Trust encompasses both cognitive and effective trust that are
essential for humans to accept the Al as a creative partner
rather than a tool (Erengin, Briker, and De Jong 2025; Geor-
ganta and Ulfert 2024).

Transparency acts as the mechanism that makes trust cali-
bration possible. To function as a teammate, the system must
move beyond opacity through Explainable AI (XAI). This
process involves making the Al decision-making logic, data
provenance, and limitations visible to the user (Mylrea and
Robinson 2023). In a co-creative onion model, transparency
is not only the Al explaining itself to the human. It is bidi-
rectional (Iftikhar et al. 2024). Humans must understand the
process to effectively steer it, and the system must be trans-
parent about confidence levels to trigger human interven-
tion when necessary (Simén, Revilla, and Jesus Sdenz 2024;
Zheng et al. 2023).

Trust does not happen in a vacuum. It depends on the
socio-technical environment. By embedding Al within an
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HCALI framework that prioritizes human flourishing, design-
ers mandate transparency. This systemic transparency pro-
vides the credible information necessary for humans to as-
sess the intent and logic of Al, driving the calibration of
trust. Together, trust and transparency act as a filter for the
next layer, the input loop. Creative work requires vulnerabil-
ity. High-quality transparency allows the human to feel safe
enough to take creative risks and share novel inputs without
fear of the AI hallucinating or misappropriating the work
(Rezwana and Maher 2023; Suh et al. 2021).

Reciprocal Input Cycle

The third layer of the onion is not a static repository of hu-
man and machine capabilities, but a continuous feedback
loop of interdependent agency. In this layer, human inputs
(intuition, goal-setting, context, etc.) and Al inputs (pattern
recognition, generation, etc.) do not simply exist side-by-
side. They recursively feed into one another. These outputs
immediately become new inputs for humans, altering their
perception of the problem space and triggering new cog-
nitive associations. This cycle ensures that input is treated
as a living, iterative process rather than a one-off command
(Pedreschi et al. 2025; Robertson et al. 2024). This loop-
ing structure addresses the risk of creative convergence by
ensuring that inputs are not unidirectional (human — AI).
Instead, the loop allows for productive dialogue and recip-
rocal feedback (Simén, Revilla, and Jestis Sdenz 2024). By
treating inputs as a cycle, the framework acknowledges that
the human must constantly refine the Al output, while the
Al challenges humans’ fixation (Pedreschi et al. 2025; Lee
et al. 2025). This layer effectively filters raw capabilities into
useful collaborative friction.

In this loop, the human moves from being a manual cre-
ator to an orchestrator of a project manager, responsible for
setting the trajectory and evaluating the quality of the out-
put (Palani and Ramos 2024). While Al handles low-level
creativity, humans provide high-level creativity. This pro-
cess involves defining the initial problem, setting goals, and
injecting intentionality and authenticity, qualities that cur-
rent Al systems lack (Garcia 2024; Vinchon, Gironnay, and
Lubart 2024). Humans rely on intuition to navigate ambigu-
ity and make judgments where data is incomplete or context-
dependent (Jarrahi et al. 2023; Shin and Shin 2023). In the
loop, humans use tacit knowledge and gut feeling to eval-
uate Al outputs that may be statistically probable but con-
textually inappropriate (Van Den Bosch et al. 2019). This
interaction allows the human to filter Al hallucinations or
irrelevant patterns (Fuchs, Passarella, and Conti 2023). In
this loop, agency is preserved when the human retains the
power to accept, reject, or modify Al suggestions (Smith
et al. 2025). It ensures the human remains the mastermind
behind the work rather than a passive consumer of algorith-
mic outputs (Lyu et al. 2022). Psychological ownership and
trust depend on the human’s sense of control. If the Al is too
autonomous, users may experience algorithmic aversion or
a loss of creative identity (Smith et al. 2025). Therefore, the
design of the loop accounts for satisfying humans’ need for
meaningful control, allowing them to intervene and steer Al
when it deviates from their intent (Shin and Shin 2023).
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Figure 1: The Co-Evolutionary Onion of Human-AI Co-Creativity based on the extensive synthesis of Literature

The Al acts as a force for progress and a provoking agent,
providing the raw material and computational power that
scales human intent. Al brings the capacity to process and
analyze vast amounts of unstructured data (images, text,
logs, etc.) at speeds and scales that far surpass human cog-
nitive limits (Chowdhury et al. 2023; Siemon 2022; Van
Den Broek, Sergeeva, and Huysman Vrije 2021). This ca-
pability allows the system to retrieve relevant information
or precedents that the human may not have access to or
memory of (Jarrahi et al. 2023). Through deep learning and
neural networks, Al identifies complex, non-linear patterns
within the data (Bozdag 2023). It detects correlations and
structural regularities that are invisible to the human eye, of-
fering these as “insight” or “predictions” that feed back into
the human’s decision-making process (Siemon 2022; Van
Den Broek, Sergeeva, and Huysman Vrije 2021). Beyond
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analysis, Al uses probabilistic models to synthesize new ar-
tifacts based on learned distributions (Davis, Sherson, and
Rafner 2025; Vinchon, Gironnay, and Lubart 2024). This
capacity supports divergent thinking by rapidly producing
a high quantity of varied ideas, preventing the human from
getting stuck, overcoming the blank page syndrome (Kumar
et al. 2025; Wang et al. 2024b). The engine of Al is the
ability to learn from experience. Through mechanisms like
Reinforcement Learning with human feedback, Al updates
its weights and parameters based on humans’ interactions
(Darban 2024; Van Den Bosch et al. 2019). This mechanism
allows Al to adapt to the specific style, preferences, and cor-
rections of the human user over time, facilitating a personal-
ized partnership (Wu et al. 2021).

The magic of this layer occurs in the reciprocal hand-
off between these attributes. The loop activates when hu-



man agency and creativity formulate a goal, constrained by
domain expertise. Al engages big data analytics and pat-
tern recognition to interpret this intent, using generative ca-
pabilities to produce a set of options or artifacts. The hu-
man employs intuition and their need for control to assess
these outputs. They reject average results and select or edit
the promising ones (Palani and Ramos 2024). The learn-
ing algorithm observes this selection. It updates its internal
model, effectively learning the humans’ preferences. This
updated state triggers a new cycle, where the next output is
more aligned with the humans’ intent, and the humans’ next
prompt is more informed by the Al capabilities. This cycle
ensures that the system does not merely automate tasks but
co-evolves. Humans sharpen their expertise and intuition by
seeing new possibilities, while Al refines its generative ac-
curacy through human guidance (Pedreschi et al. 2025).

The Engine - Dynamic Interactions

While the outer layers provide the environment and the in-
puts provide the raw capability, the fourth layer, dynamic
interaction, describes how the collaboration unfolds. This
layer shifts the paradigm from using Al as a passive tool
to engaging with it as an active teammate through spe-
cific socio-cognitive processes. The inputs generated act
as a boundary object or intermediate representation. By
co-creating with Al through a shared artifact, humans en-
ter a dynamic process of participatory sense-making. Here,
meaning is not static but emerges continuously, driven by
the “inner loop” of teaming (Yang, Folke, and Shafto 2023).
This loop involves a constant interplay of communication
(sharing inputs) and inference (updating mental models).

HAIT and Co-Creativity. Human-Al Teaming (HAIT)
redefines the interaction as a partnership where humans and
Al work interdependently toward shared goals. Unlike tra-
ditional automation, HAIT requires the Al to process team-
work skills, such as communicativeness and coordination
(O’Neill et al. 2023; Berretta et al. 2023). Creative Co-
creation focuses on the synergy where the combined creative
output is superior to what either could achieve alone (Davis
2013; Sasson Lazovsky, Raz, and Kenett 2025). This results
in a mixed-initiative system where both parties can proac-
tively contribute to and steer the creative trajectory (Alvarez
et al. 2021; Rezwana and Maher 2023).

The Mechanism. Interaction is not a single event but a
temporal process. This layer relies on the continuous ex-
change of information and the manipulation of shared ar-
tifacts. Meaning is co-constructed through productive di-
alogue, a back-and-forth exchange where humans and Al
negotiate goals and interoperability (Simén, Revilla, and
Jests Sdenz 2024; Bown et al. 2025). This dialogue can be
linguistic (natural language prompts) or non-linguistic (ac-
tions upon an artifact). The quality of this dialogue facilitates
mutual knowledge gains and helps repair trust when the Al
fails (Simoén, Revilla, and Jesds Sdenz 2024; Iftikhar et al.
2024; De Visser et al. 2020). The dialogue often centers on
an intermediate representation (e.g., a sketch, a draft, or a
musical fragment). This shared artifact acts as a boundary
object where humans and Al negotiate meaning (Lawton,
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Grace, and Ibarrola 2023; Buschek 2024). By manipulating
this representation, such as a user refining an Al-generated
sketch or Al suggesting a completion to a user’s text, the
partners engage in participatory sense-making, where the ar-
tifact itself becomes the medium of communication (Davis
et al. 2016; Deshpande et al. 2023).

The Cognitive Bridge. For dynamic interaction to be ef-
fective, the partners must understand each other’s hidden
states (Yang, Folke, and Shafto 2023; Deshpande et al.
2024). Theory of Mind (ToM) is the human ability to at-
tribute mental states (belief or intent) to the AI. Humans
naturally attribute agency to Al but this can lead to expec-
tation gaps if the Al capabilities are misunderstood (Wang
et al. 2024a; Bozdag 2023). On the other hand, Machine
Theory of Mind (MToM) enables the AI to infer human
goals, knowledge gaps, and mental states from their behav-
ior. This allows the AI to move beyond reactive processing
to proactive support, anticipating human needs and adjusting
its contributions accordingly (Yang, Folke, and Shafto 2023;
Van Den Bosch et al. 2019). The ideal state in this layer is
a Mutual Theory of Mind, where both agents continuously
simulate and infer each other’s states, creating a shared men-
tal model that aligns their understanding of the task and the
team (Wang et al. 2024a; Ross et al. 2023).

Mutual Learning and Adaptation. The dynamism of
this layer comes from the fact that the interaction changes
the participants. Mutual adaptation is the process by which
both parties adjust their behavior to accommodate the other
(Bown et al. 2025). Humans learn Al quirks and capabilities
by adapting their prompting strategy, while Al fine-tunes its
output to humans’ preferences (Jarrahi et al. 2023; Lee et al.
2025). This interaction leads to mutual learning through a
human-Al feedback loop (Pedreschi et al. 2025; Simén, Re-
villa, and Jestis Sdenz 2024). Al fills gaps in human knowl-
edge by providing far-field analogies or data insights (Kang
et al. 2025). Humans fill gaps in AI knowledge by providing
context and values (Bozdag 2023). This reciprocal adapta-
tion prevents the interaction from becoming static, driving
the system toward the core of the onion: Co-Evolution (Pe-
dreschi et al. 2025).

The Core - Co-Evolution

At the center of the onion lies Co-Evolution, represent-
ing the cumulative, longitudinal transformation of both the
human and the system into a unified socio-technical en-
tity. The movement from immediate interaction to perma-
nent co-evolution occurs when dynamic interactions are sus-
tained over time. As humans continuously refine Al through
feedback, the learning algorithms update weights; recur-
sively, the improved, unpredictable outputs shape humans’
future preferences and cognitive pathways. Over longitudi-
nal time scales, these accumulated micro-adaptations tran-
scend the specific task and result. The core embodies the
permanent alteration of the partners through “Alsmosis,” the
gradual, seamless integration of Al into the human lifeworld
and social norms (Bozdag 2023; Pedreschi et al. 2025).
This symbiosis moves beyond simple augmentation to what
Herndndez-Orallo (2025) describes as extended cognition,



where the Al becomes an intrinsic, coupled part of humans’
problem-solving apparatus. However, to ensure this core re-
sults in “Well-Being Al,” the co-evolution must be actively
steered toward a mutualistic symbiosis that fosters human
flourishing, guarding against a parasitic symbiosis where the
system improves efficiency at the expense of human skill
atrophy or agency (Henriksen and Blond 2023; Goodarzi
2025).

Conclusion

A causal chain drives movement through the Onion Model.
Systemic HCAI design mandates transparency, which cali-
brates trust. This trust provides the psychological safety nec-
essary for humans to provide authentic creative inputs. The
exchange of these inputs creates boundary objects that trig-
ger participatory sense-making, elevating the exchange into
a dynamic interaction. Sustained interactions create perpet-
ual feedback loops, prompting mutual adaptation and ulti-
mately leading to long-term human-AlI co-evolution.

To ensure that co-creativity fosters human flourishing, we
must evaluate the Onion Model through the lens of human
agency and Self-Determination Theory. This lens posits that
well-being relies on satisfying our needs for autonomy, com-
petence, and relatedness (Bingley et al. 2023; Passalacqua
et al. 2025). Each layer of the model serves as a battleground
for these needs. At the foundational level, systems must be
designed for mutualistic symbiosis rather than parasitic au-
tomation that displaces human skills (Henriksen and Blond
2023). In the intermediate layers, transparency and trust are
required to grant users meaningful human control, protect-
ing them from automation complacency and cognitive at-
rophy that arise when Al bypasses human cognitive strug-
gle (Shin and Shin 2023; Lee et al. 2025). Finally, at the
core, sustained interaction must be carefully steered so that
Al acts as extended cognition that expands human capabili-
ties, rather than an unchecked force that colonizes the human
lifeworld and subtly dictates creative choices (Hernandez-
Orallo 2025; Bozdag 2023).

To translate the Co-Evolutionary Onion from a theoret-
ical model into actionable practice, the design of mixed-
initiative co-creative systems must move beyond optimizing
for frictionless efficiency and adopt layer-specific recom-
mendations. At the foundation, systems must be architected
explicitly for Intelligence Augmentation, ensuring that Al
automates low-level execution while humans retain high-
level orchestration and agency (Henriksen and Blond 2023).
To activate the enablers of trust and transparency, designers
should implement bidirectional Explainable Al that not only
communicates the Al confidence and reasoning to the user
but also allows users to explicitly communicate their own
constraints and context back to the system (Iftikhar et al.
2024). Within the reciprocal input cycle, interfaces should
move beyond single-shot prompting to support structured
exploration of the Al latent design space, encouraging com-
parative evaluation and synthesis rather than the passive ac-
ceptance of a single output (Suh et al. 2024). The dynamic
interaction layer requires designing for productive friction,
allowing Al to occasionally act as a provoking agent that
challenges human biases and stimulates divergent thinking,
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rather than merely generating pleasing responses that lead
to creative convergence (Moruzzi and Margarido 2024). Fi-
nally, to achieve true co-evolution at the core, systems must
employ continuous feedback architectures that capture both
explicit interactions and implicit behavioral cues. This en-
sures the Al adapts to the user’s evolving expertise, pre-
venting cognitive complacency and fostering a sustainable,
mutualistic symbiosis that continuously elevates human cre-
ative potential (Jarrahi et al. 2023).

The question of whether Al will light up or replace human
creativity depends on the architecture of our engagement.
The Human-AlI Co-Evolutionary framework proposes that
Co-Evolution cannot exist in a vacuum. It requires the pro-
tective layers of a Human-Centered Socio-technical System,
the enabling mechanism of Trust and Transparency, and the
explicit recognition of complementary Human and Al capa-
bilities. By designing the dynamic interaction layer to foster
productive friction and Mutual Theory of Mind, we move
beyond the static automation of tasks toward a future where
human and machine intelligence continuously reshape and
elevate one another.
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