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Abstract

While prior generations of Al served primarily as functional
tools, today’s Large Language Models (LLMs) function as
generative decision-making assistants across diverse creative
fields. This paper examines the critical risks accompanying
this advancement, namely the accumulation of cognitive debt,
the homogenization of ideas, and workflow friction stemming
from prompt sensitivity and ambiguous user requirements. In
this position paper we argue that the goal of LLM integra-
tion is not full automation, which carries these risks, but en-
hanced collaboration. To this end, LLMs must be intention-
ally designed as semi-autonomous partners operating within
structured, human-centric workflows, so as to mitigate LLM’s
limitations and prioritize the amplification of human origi-
nality. This paper outlines design imperatives and research
directions for the computational creativity community to re-
alize this vision.

Introduction

Historically, Artificial Intelligence (Al) tools served pri-
marily utilitarian roles, automating repetitive tasks and op-
timizing existing constraints (Colton and Wiggins 2014).
While useful, these systems lacked the creative capacity
and contextual awareness necessary to meaningfully con-
tribute during the ideation phase of creative work (Liu 2025;
Kadenhe, Al Musleh, and Lompot 2025). Such systems
were often confined to a problem-solving paradigm, whereas
the frontier of the computational creativity field has aimed
to generate artifacts (Colton and Wiggins 2014). The advent
of Large Language Models (LLMs), however, has disrupted
this landscape entirely. LLMs, powered by unprecedented
scale and training data, now function as generative collab-
orators across creative domains, from writing and design to
multimedia and scientific discovery (Kadenhe, Al Musleh,
and Lompot 2025). This shift in the AI landscape forces
computational creativity researchers to reconsider funda-
mental assumptions about human-Al creative partnership,
particularly concerning the distribution of autonomy, the lo-
cus of creative authority, and the role of human agency in
generative collaboration.

The field of computational creativity has historically em-
phasized understanding creative processes: how humans
generate, refine, and judge ideas. Contemporary LLM de-
ployment, often characterized as a shift from predictable,
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Figure 1: Our vision of LLMs as catalysts for human orig-
inality: LLMs generate alternatives that users can select
and evaluate, following specifications provided by the user.
Users retain authority over final decisions, refining selected
ideas through iterative feedback loops with the LLM. All
outputs are documented to ensure shared authorship.

rule-based systems to opaque, probabilistic models, from
“symbolic caterpillars” to “stochastic butterflies” (Veale
2024), frequently sidesteps these considerations in favor of
rapid automation. The urgency of discussing the risks LLMs
bring in creative contexts cannot be overstated. Users who
passively rely on LLM outputs suffer from cognitive debt,
where diminished originality persists even after LLM use
ceases (Kosmyna et al. 2025; Kumar et al. 2025). The sys-
tems themselves introduce workflow friction: their extreme
sensitivity to prompt variations and opaque reasoning pro-
cesses often create conflicts that undermine collaborative in-
tent (Huang et al. 2025a). These are not merely technical
limitations. They instead reflect fundamental tensions be-
tween LLMs capabilities and the requirements of authentic
creative practices.



In light of these dangers, we argue that LLMs must
be reoriented from fully autonomous systems to semi-
autonomous collaborators embedded within structured,
human-centric workflows. This perspective aligns with
computational creativity’s longstanding commitment to
move beyond “fire-and-forget” approaches toward mixed-
initiative systems that distribute autonomy, authority, and
initiative between human and machine. Computational cre-
ativity research has formalized multiple modes of human-
computer collaboration, from alternating co-creativity (Kan-
tosalo and Toivonen 2016) to task-divided approaches (Tubb
and Dixon 2014), each designed to clarify roles and opti-
mize the balance between human and computational contri-
butions (Lin et al. 2023). This paper aims to articulate how
this principle can be realized in practice, leveraging insights
from both computational creativity research and recent stud-
ies on human-AlI collaboration. By grounding LLMs within
structured creative processes, we can mitigate their inherent
limitations while amplifying human originality rather than
replacing it. A diagram overview of our vision is shown in
Figure 1.

This position paper focuses on text-based LLMs, setting
aside the distinct landscape of multimodal large language
models (MLLMs) that accept and generate diverse modal-
ities including images, audio, and video. While existing
work explores creativity and MLLMs (Huang et al. 2025b),
the unique affordances and limitations of multimodal sys-
tems warrant separate investigation beyond the scope of this
work.

The Creative Ceiling of LL.Ms

Creativity has long been defined as the ability to generate ar-
tifacts that are novel, surprising, and valuable (Boden 2004).
The conceptualization of creativity, however, varies depend-
ing on the creative persona or perspective one adopts, from
the individualist creator to the collective practitioner (John-
son 2012). These are products of human cognitive processes
such as conceptual blending and analogical reasoning, lead-
ing to genuinely novel insights. This definition reflects a
commitment to understanding the mechanisms underlying
creative thought, not merely automating its outputs. Despite
their impressive surface capabilities, LLMs exhibit funda-
mental limitations that prevent them from reliably engaging
in these processes. These limitations are not superficial but
architectural, stemming directly from how these models en-
code, process, and represent meaning. Novelty, depth, and
subjectivity are three critical limitations directly impacted
by these characteristics.

LLMs operate via next-token prediction, selecting the
most probable continuation of text. When fine-tuned with
Reinforcement Learning from Human Feedback (Ouyang
et al. 2022), they are further optimized toward preferred,
conventional outputs, to the detriment of creative diversity
(Padmakumar and He 2023). This mechanism creates an
insurmountable novelty ceiling: LLMs bias toward high fre-
quency patterns in training data, unable to reliably gener-
ate the surprising, low-probability combinations that char-
acterize genuine creative work (Peeperkorn, Brown, and Jor-

danous 2023; Spela Vintar and Javorsek 2025). The inability
of LLMs to break out of probabilistic modes leads to gener-
ation of homogeneous, underdeveloped ideas, less original
and more predictable (Yang et al. 2025).

Creativity rooted in subjective experience, such as poetry,
personal narratives, and emotionally resonant design re-
quires episodic memory and individuated perspective, which
LLMs cannot convincingly emulate (Russell et al. 2025).
As LLMs learn statistical regularities between word tokens,
and not relationships between language and lived experi-
ence, they lack genuine grounding (Chakrabarty et al. 2024;
Ismayilzada et al. 2025; Kumar et al. 2025). They con-
sequently adhere to paradigmatic patterns, failing to cap-
ture nuance, contradiction, and the idiosyncratic perspec-
tives that distinguish human creativity. In the case of cre-
ative writing, LLMs overuse clichés and tropes, often gener-
ating dialogue that lacks subtext and is instead direct and ex-
positional, which feels unnatural (Chakrabarty et al. 2024).
The homogeneity of LLM outputs, often referred to as “Al
slop” when mass produced with the goal of driving engage-
ment, is a direct consequence of these architectural limita-
tions, not a tuning problem (Hern and Milmo 2024). Where
human creatives draw on lived experience to produce sin-
gular, unrepeatable voices, LLMs synthesize patterns across
thousands of similar examples, converging toward central-
ity rather than distinction. This homogeneity stands in sharp
contrast to the authenticity and perceived legitimacy that hu-
mans attribute to creative works grounded in genuine expe-
rience (Colton, Pease, and Saunders 2018).

Computational creativity systems must not only gener-
ate but also evaluate creative merit (Colton and Wiggins
2014). Evaluating creativity requires understanding the
viewer-artifact interaction: how humans extract novel and
useful perspectives from artifacts they encounter (Indurkhya
2012). While LLM-generated content may satisfy the av-
erage user, it almost never passes expert validation on cre-
ativity tests when compared to human professionals. This
has been shown by Alharthi (2025) with stories evaluated
with the Torrance test of creative thinking (Torrance 1968).
Whether this can be generalized to other domains is an open
question. More critically, LLMs lack the genuine under-
standing necessary for authentic critical judgment (Avloni-
tou and Papadaki 2025; Chakrabarty et al. 2024). They can-
not reliably apply the evaluative standards that experienced
creators use to refine their work. This dual limitation means
that human judgment must remain authoritative, particularly
during the convergent phases of creative work where ideas
are refined and selected (Ruan et al. 2025).

Pitfalls of Autonomous LLMs in Creativity

The breadth of LLM applicability is precisely what makes
unconstrained automation dangerous in creative contexts.
While full automation promises efficiency, it obscures pro-
found cognitive, procedural, and epistemic costs for hu-
mans that undermine both immediate creative outcomes
and long-term creative capacity (Khurana et al. 2025).
We discuss four major pitfalls of deploying LLMs as fully
autonomous systems: human cognitive and creative costs



of over-reliance, systemic instability arising from ambigu-
ous design contexts, the erosion of user agency in cre-
ative decision-making, and the limitations of the agentic
paradigm, which relies even less on human involvement and
oversight.

Over-Reliance

When users interact with LLMs through unscaffolded con-
versational interfaces, shallow engagement is the predictable
outcome (Kumar et al. 2025). Users passively overly accept
LLMs suggestions without critical evaluation (Yang et al.
2025), missing the deliberation and refinement essential to
iterative creative practice (Choudhury and Chaudhry 2024;
Kim et al. 2025), with the risk of behavioral drift (Lopez-
Lopez et al. 2026). This dynamic mirrors the phenomenon
of production blocking in group creativity, where the pres-
ence of external structure can inhibit individual ideation
(Sosa and Gero 2013). Negative effects of passive re-
liance on LLMs extend beyond the immediate assistance
period. Exposure to LLM assistance measurably reduces
users’ subsequent originality and idea diversity (Kumar et
al. 2025). This diminished originality persists even after
users discontinue using LLMs, suggesting that the cogni-
tive scaffolding of such systems may produce lasting, detri-
mental imprints on creative processes. Users appear to
internalize the paradigmatic, high-frequency patterns pro-
duced by LLMs, losing access to their distinctive creative
voices. The “Do It For Me vs. Do It With Me” study (Khu-
rana et al. 2025) confirms this finding, showing that users
strongly prefer semi-autonomous systems with explicit con-
trol, especially in exploratory, creative tasks. Full automa-
tion in early exploratory phases measurably reduces con-
trol, learnability, and perceived utility (Noy and Zhang 2023;
Shneiderman 2020).

Systemic instability

Beyond cognitive costs, the automation of LLMs in cre-
ative workflows may introduce structural vulnerabilities and
instability. Creative work involves emergent goals, vague
specifications, and constraints that materialize during the
process itself (Grace, Gero, and Saunders 2013; Suwa, Pur-
cell, and Gero 1998). While humans naturally update re-
quirements as needed, LLMs may respond unpredictably, as
they are extremely sensitive to even minor prompt variations
(Huang et al. 2025a). Outputs shift across iterations, resting
on contradictory assumptions about the problem space. De-
signers investing in LLM-generated artifacts often discover
too late that fundamental interpretations diverged, requiring
extensive revision and leading to frustration (Huang et al.
2025a).

Erosion of User Agency

The misalignment between designer intent and LLM inter-
pretation becomes nearly impossible to diagnose given the
opacity of LLMs reasoning, rendering it essentially a very
powerful “black box” that erodes trust (Benk et al. 2025;
Lynch et al. 2025). LLMs introduce errors though ei-
ther hallucinations (Hicks, Humphries, and Slater 2024),

which can lead to the generation of non-existent or ir-
relevant relationships, or simply because they struggle to
maintain a comprehensive understanding of all the details
of multiple components in complex systems (Ruan et al.
2025). Rather than accelerating work, autonomous LLM
deployment can create the illusion of progress while in-
troducing costly, cascading failures (Becker et al. 2025;
Neumann and Singh 2025).

Limits of the Agentic Paradigm

Contemporary research into agentic LLMs focuses on sys-
tems capable of autonomous goal-setting, planning, and it-
eration without human intervention. Recently, some emerg-
ing platforms have begun experimenting with LLM agents
operating in shared social environments where they interact
and influence one another (Edwards 2026). This represents a
substantial departure from previous paradigms as it invokes
systems that could, in principle, generate emergent col-
lective behaviors grounded in social interaction (Gubenko,
Lubart, and Houssemand 2022; Andrus and Fulda 2022).

However, current implementations of agentic LLMs re-
main far removed from realizing this potential. Multi-agent
systems designed to simulate collective intelligence or con-
sensus reasoning frequently suffer from significant prac-
tical drawbacks, including prohibitive computational cost,
high inference latency, and persistent process loss (Pan et
al. 2025). More crucially, the LLMs in these systems fre-
quently exhibit conversational stagnation and redundancy,
converging repeatedly on overlapping concepts or align-
ing to the most “intelligent-sounding” agent (Rathi, Ju-
rafsky, and Zhou 2025). They consistently fail to gen-
erate an emergent collective performance that exceeds the
sum of their individual components. Rather than amplify-
ing LLM intelligence and creativity, fully automated multi-
agent approaches often amplify inefficiency and computa-
tional waste. Systems such as BILLY (Pai et al. 2025) at-
tempt to overcome these drawbacks by capturing the ben-
efits of collaboration within a single model via activation
steering, significantly reducing inference times and costs.
Yet even these optimizations remain fundamentally bound
by the architectural limitations discussed previously.

Regulatory, Economic, and Ethical Challenges

As LLMs become increasingly integrated into creative prac-
tices, their rapid technological advancement raises urgent
regulatory, legal, and social questions that demand imme-
diate attention (Independent 2019). These concerns extend
beyond technical and cognitive dimensions, implicating is-
sues of governance, intellectual property, equity, and labor.
The rapid adoption of generative Al has created unprece-
dented urgency for governments and institutions to estab-
lish effective regulatory responses (Alharthi 2025). Policy-
makers face the challenge of developing flexible regulatory
frameworks that balance public safety, innovation, and pub-
lic interest. However, current frameworks such as the EU Al
Act (Madiega 2024) may prove too rigid for the dynamic and
rapidly evolving nature of generative Al systems (Alharthi
2025). The pace of Al innovation systematically outmatches



institutional capacity for deliberation and response, raising
concerns whether regulations can meaningfully constrain Al
systems when technological change is so rapid (Lamb and
Brown 2023).

Unlike previous Al systems where authorship of the final
product could be linked directly to the user, generative Al
blurs the attribution line (McCormack, Gifford, and Hutch-
ings 2019). This epistemic crisis regarding the evidential
status of creative works directly challenges copyright sys-
tems designed for an era of human authorship (Kantosalo
2020). Legal debates increasingly focus on whether unli-
censed use of copyrighted works for training large models
qualifies as “fair use”, and whether permitting such training
destabilizes existing licensing markets for human creators
(Hwang, Shin, and Lee 2025). Policymakers are increas-
ingly urged to introduce regulations mandating transparency
regarding Al training data consent, attribution practices, and
accountability mechanisms designed to prevent exploita-
tion and digital forgery (Avlonitou and Papadaki 2025;
Kyi et al. 2025).

Beyond regulatory and legal concerns lies a deeper cri-
tique rooted in political economy. The deployment of foun-
dation models can be framed as an automated continuation
of neoliberal austerity politics. These systems function to re-
duce public expenditure by systematically replacing socially
embedded practices with privatized, efficiency-oriented, and
market-driven operations (Koch and Zanchetta 2025). This
perspective situates LLMs within a longer history of techno-
logical systems that reinforce existing power asymmetries
and consolidate resources among a small number of tech-
nology corporations. The push toward full automation of
creative work is not merely a technical matter but a political
choice that warrants opposition through labor movements
and political activism directed against the underlying aus-
terity politics (Koch and Zanchetta 2025).

Future of LLM Design

The risk introduced so far are neither inevitable nor insur-
mountable. Rather, they illuminate the contours of a more
principled research and design agenda for LLM-assisted
creativity. The field of computational creativity has long
understood that effective creative support systems require
structured interaction models grounded in understanding of
creative processes (Kantosalo et al. 2020; Shneiderman
2009). As explained in the previous sections, LLMs lack
genuine epistemic agency and autonomy (Specidn 2026).
LLMs alone underperform in creative domains compared
to human-guided alternatives (Rondini et al. 2026), reveal-
ing that the perceived independence of LLMs is largely il-
lusory. By reorienting LLMs within intentional workflows
constrained by human authority, we position them not as
autonomous agents but as sophisticated materials through
which humans think, explore, and refine their ideas (Rozen-
tal and de Rooij 2026). In this section we outline three inter-
connected design imperatives that emerge from both LLM
constraints and the demonstrated user preferences.

LLMs as Refiners, not Generators

Currently, LLM outputs are often incorrectly treated as end-
point products. To achieve effective LLM augmentation, we
must move beyond simple generation in favor of facilitat-
ing deep, iterative refinement grounded in critical evalua-
tion. Instead of producing final answers, LLMs should cre-
ate intermediate artifacts that feed into structured critique
cycles. Rather than asking LLMs to continuously gener-
ate ideas, more effective systems should establish iterative
feedback loops where critique is converted into actionable
refinement steps (Hou et al. 2025; Li et al. 2025). This
approach mirrors the creative cycle of writing and reading,
where generation and interpretation inform one another it-
eratively (Gervas and Le6n 2014). For example, the Flex-
Mind system allows users to ask for trade-offs and mitiga-
tions for each idea generated by the LLM, which then be-
come specific refinement requests (Yang et al. 2025). By
shifting from one-off generation to a critique-driven work-
flow, users in this study rated more favorably the perceived
quality and depth of the ideas generated through iterative
feedback loops.

A critical requirement for future systems supporting a re-
liable workflow is the employment of reasoning and trace-
ability mechanisms. Approaches such as Chain-of-Thought
(Wei et al. 2022), which decompose requests into justi-
fied steps, or other task decomposition frameworks provide
crucial mechanisms for mitigating hallucinations while of-
fering users transparent justifications they can critique and
refine (Yang et al. 2025; Huang et al. 2025a). Expla-
nations themselves however are still prone to hallucina-
tions, misleading users in decision making processes (Cab-
itza et al. 2024). Despite this, transparency is essential, as
users cannot meaningfully engage with a system’s output if
they cannot understand or verify its reasoning. Yet trans-
parency alone is insufficient; systems must also be proac-
tive. When a user’s request is ambiguous or incomplete,
the system should ask for clarifications rather than proceed-
ing with unexamined assumptions. Resolving ambiguity be-
fore starting to generate prevents the cascading failures that
arise when LLMs misinterpret vague requirements (Sami et
al. 2024). This represents a fundamental shift from sys-
tems that operate passively on user inputs toward systems
that actively collaborate through seeking and confirming es-
sential contextual information (Vijayvargiya et al. 2024;
Sun et al. 2025).

Distributed Authority

The ideation process is typically divided into two distinct
phases: divergent exploration (generating alternatives) and
convergent evaluation (selecting and refining) (Kumar et al.
2025; Paulus, Coursey, and Kenworthy 2018; Ulrich 2018).
Research in cognitive psychology demonstrates that con-
vergent thinking (the focused ability to evaluate and refine
ideas) serves as a necessary threshold for divergent think-
ing to produce measurable creative outcomes (Zhu et al.
2019). Current LLMs are deployed almost exclusively to
exploration, but are rarely consulted for evaluation and se-
lection of ideas (Li et al. 2025). This asymmetry reflects



both user intuitions and empirical findings: humans remain
skeptical of LLM judgment, and research demonstrates that
this skepticism is well-founded. LLMs lack genuine un-
derstanding and reasoning, as the calculation of word se-
quence probabilities is not equivalent to human knowledge
or a “mind” (Peeperkorn, Brown, and Jordanous 2023). This
lack of true reasoning is exacerbated by the LLMs’ ground-
ing problem: they learn relationships between words, not
between words and real-world entities as humans do (Peep-
erkorn, Brown, and Jordanous 2023). These shortcomings
lead to the problem of hallucination, or “plausibility trap”,
making such models unreliable judges of real-world ideas
(Li et al. 2025).

In user-centric systems, LLMs must be part of the work-
flow while users retain decision-making authority, particu-
larly during convergent phases where critical selection and
judgment occur. This does not mean excluding LLMs from
evaluation contexts. Rather, it means grounding the models
as much as possible in the operational domain, and ensur-
ing human evaluation remains the final arbiter, while LLM
input serves an advisory, transparent role. This grounding
places a dual onus on developers and users to co-manage
the model’s integration within the creative domain, ensuring
that Al assistance does not override human agency. Users
should understand not only what the LLM recommends, but
also why. Providing contrastive explanations, for example,
would highlight the difference between the LLM’s recom-
mendation and the user’s likely reasoning, preventing skill
erosion and allowing users to identify specific knowledge
gaps (Buginca et al. 2025). Such transparency enables in-
formed disagreement and the ability to override suggestions
(Shen et al. 2025), ensuring that the collaboration enhances,
rather than replaces, human expertise.

Systems that preserve human authority should also lever-
age specialized LLM techniques tailored to enhance specific
creative dimensions, rather than relying on general-purpose
models. One example is models trained with Creative Pref-
erence Optimization (Ismayilzada et al. 2025), where differ-
ent signals from multiple creative dimensions are injected
directly into the model’s training objective. While outputs
from these models are judged by humans to be more novel,
diverse, and surprising, they often sacrifice overall quality.
Another technique is BILLY (Pai et al. 2025), where dif-
ferent persona vectors are integrated in the model’s activa-
tion space, representing shifts in activation states when re-
sponding with specific personas (e.g., creative, environmen-
talist) compared to neutral responses. This avoids expensive
multi-agent communication while enabling efficient multi-
perspective generation. Users consistently prefer systems
that enable autotelic creativity (the intrinsically pleasurable
exploration of a possibility space) rather than systems de-
signed primarily for efficiency (Compton and Mateas 2015).
While such specializations transform LLMs from generic
tools into focused augmentation systems that amplify spe-
cific creative dimensions, they cannot resolve the inherent
shortcomings of LLMs identified previously. Rather than
allowing open-ended, autonomous LLM generation, LLMs
must be deployed within workflows that acknowledge these
limitations rather than pretend they don’t exist. Roles, de-

cision points, and interaction patterns must be explicitly de-
signed to preserve human authority, preventing LLMs from
operating autonomously.

Shared Authorship

The question of who deserves credit for creative work be-
comes increasingly fraught in human-Al contexts (Bown
2015). Contemporary human-Al co-creation often results
in “fuzzy hybrid authorship”, where the boundary between
human intent and machine generation is so ambiguous that
assigning credit, accountability, or tracing the creative his-
tory (provenance) of the artifact becomes nearly impossible
(Alharthi 2025; Hwang, Shin, and Lee 2025). This ambi-
guity is further complicated by the fact that narrative con-
text and framing are often absent from Al-generated arti-
facts (Charnley, Pease, and Colton 2012). This “shadowed
agency” (Hwang, Shin, and Lee 2025) complicates the cre-
ative process, making it difficult to delineate where a user’s
contribution ends and the AI’s influence begins. To address
this, future design systems must embed mechanisms for
tracking and documenting contribution provenance, measur-
ing what portions of a creative artifact originated from hu-
man input, LLM generation, or iterative human-Al refine-
ment (Kadenhe, Al Musleh, and Lompot 2025). This kind
of transparency would serve both ethical and practical func-
tions: it enables fair attribution while helping users under-
stand the nature of their collaborative process.

Beyond the practical need for attribution, embedding ethi-
cal frameworks directly into generative systems can serve as
a powerful catalyst for innovation. Treating ethics itself as
an aesthetic dimension of creativity opens novel pathways
for creative exploration (Ventura and Gates 2018). Rather
than acting as a constraint, injecting ethical instructions into
the model’s prompt for creative processes disrupts its ten-
dency to fall back on high-frequency, predictable patterns
(Rabonato and Berton 2025). This intentional disruption
forces the Al away from its default outputs and toward less
probable, more imaginative, and diverse narrative combi-
nations (Rabonato and Berton 2025). Altering the model’s
prompt, however, does not solve the fundamental limitations
of LLMs discussed previously. Therefore, future design sys-
tems must drive LLM generation under ethical constraints,
either by embedding ethical principles into the model’s ar-
chitecture or by integrating human oversight throughout the
creative process to ensure alignment with ethical standards.

Directions for Computational Creativity
Research

Establishing actionable, realistic goals for LLM integration
in creative practice requires grounding research in the ac-
tual creative process. Rather than treating LLMs as mono-
lithic tools, we must understand the distinct phases of cre-
ative work and where LLMs can meaningfully contribute.
Small-scale, transparent systems have long been recognized
as valuable for exploring specific creative techniques in iso-
lation (Montfort and Fedorova 2012), and may provide a
model for domain-specialized LLM deployment. To this
end, we propose specific open questions, aiming to inspire



further investigation within the computational creativity and
machine learning communities.

How can we employ LLMs in specific and personal-
ized creative domains? The creative process typically un-
folds across distinct phases: divergent exploration (idea gen-
eration), iterative refinement (development and articulation),
and convergent evaluation (judgment and selection) (Ku-
mar et al. 2025; Paulus, Coursey, and Kenworthy 2018;
Ulrich 2018). The source of creativity in collective envi-
ronments involves complex dynamics of ideation and inter-
action (Maher 2012), dynamics that specialized Small Lan-
guage Models (SLMs) might better support through domain-
specific expertise. Rather than assuming LLMs are univer-
sally beneficial across all phases, we must empirically and
theoretically map where they genuinely excel and where
they introduce friction. Current approaches have largely fo-
cused on massive, generalized models driven by the eco-
nomic incentives of large corporations, often trained on
data of unclear provenance with significant ethical concerns.
These training corpora frequently perpetuate data colonial-
ism, reproducing Western aesthetics, linguistic hierarchies,
and cultural stereotypes that narrow the creative possibilities
available to users globally (Kamran 2023; Liu 2023). In-
stead, future research should prioritize specialized SLMs tai-
lored to specific creative domains and individual users. Un-
like general-purpose LLMs trained on diverse internet-scale
data, SLMs are fine-tuned on curated, domain-specific cor-
pora, encoding expert knowledge directly into their parame-
ters. Such models often outperform larger models and even
humans on domain-specific tasks (Marco, Rello, and Gon-
zalo 2025), and offer greater accessibility, as they can be de-
ployed locally on consumer-level hardware (Xu et al. 2025).
For example, a model explicitly trained on the Blender wiki
could be integrated directly into the application to assist
designers. This approach minimizes reliance on Retrieval-
Augmented Generation and lowers the probability of hallu-
cinations, as relevant domain knowledge is embedded within
the model’s parameters. Crucially, such a dedicated assistant
removes the need for the model to be aware of unrelated con-
cepts, thereby streamlining the inference process and reduc-
ing computational overhead. Rather than blindly embedding
LLMs into every phase of creative work, research should
systematically investigate where specialized SLMs provide
genuine value to the creative process. How could SLMs be
leveraged during exploratory ideation, generating diverse al-
ternatives? Or during iterative refinement, articulating and
developing nascent ideas? Can they reliably assist during
convergent evaluation, providing transparent, justifiable cri-
tiques that inform human judgment? Which approaches
best preserve individual creative identity while still provid-
ing meaningful assistance? How do these approaches scale
across diverse creative domains? Answering these questions
requires empirical studies, mapping LLM utility to specific
workflow phases.

How do we measure human-LLM contribution? When
humans and LLMs collaborate, the boundary between hu-
man and machine contribution becomes ambiguous. Estab-
lishing rigorous methodologies for measuring this contribu-
tion serves dual purposes: enabling fair attribution and deep-

ening our understanding of effective collaboration patterns.
In text-based domains, metrics such as text perplexity (how
random the text is, where less predictable text is more likely
to be human-authored) or “burstiness” (the length of sen-
tences, where sentences of uniform length are more likely
to be LLM-generated) have been used to estimate LLM
involvement in the writing process (Gralha and Pimentel
2024). However, these metrics fail to account for intellectual
contributions preceding textual generation, such as concep-
tual framing, thematic direction, and critical feedback that
shapes LLM behavior. A writer may contribute only 20%
of final text but 80% of the creative vision; conversely, an
LLM may generate most text while the human merely ac-
cepts suggestions uncritically. Understanding how humans
perceive and value computational agents’ contributions in
collaborative scenarios remains an open question (Jordanous
2017), one that attribution methodologies must address. Ac-
curately assessing authorship requires complex judgment of
how much final ideas were defined by the user versus how
much they were influenced by interaction with the machine
(Epstein et al. 2023). The challenge of attribution intensifies
in non-textual domains. In 3D modeling, how do we mea-
sure the extent to which geometric modifications reflect hu-
man intent versus LLM suggestion? In music composition,
how do we distinguish melodic ideas originating from user
input versus algorithmic elaboration? In visual design, how
do we quantify the contribution of color palettes, composi-
tional guidance, and iterative refinement? These questions
highlight that in many creative contexts an objective contri-
bution metric may not only be undefinable but conceptually
void of significance, as the emergent output is often greater
than the sum of its discrete parts. Consequently, these met-
rics must take into account the unique affordances and cre-
ative practices for each medium. Advances in this direction
would support both ethical attribution and research into ef-
fective collaborative design patterns. From a research per-
spective, contribution measurement illuminates which col-
laborative patterns produce superior creative outcomes, in-
forming the design of future systems.

How should interfaces transform for creative LLM
partnership? Current human-LLM interaction relies pre-
dominantly on conversational interfaces based on chat win-
dows where users formulate requests in natural language and
await responses. While intuitive for information retrieval,
conversational interaction proves suboptimal for creative
work requiring tight feedback loops, contextual awareness,
and seamless integration with domain-specific tools. Mov-
ing beyond standard chat windows, future GUIs should pri-
oritize operation-specific, contextualized interactions, draw-
ing on existing examples of non-linear interfaces (Choi et
al. 2025; Vanderdonckt et al. 2005). For instance, in LL-
Maker (Gallotta, Liapis, and Yannakakis 2024), a designer
should be able to initiate a conversation regarding a specific
game enemy simply by right-clicking its sprite. A writer
could highlight a passage to solicit critique or refinement
suggestions. A composer could select a melodic segment to
request variations maintaining specific tonal qualities. This
interaction is more intuitive for designers, as it mimics direct
manipulation, and is computationally efficient for the LLM,



as the selection provides immediate, relevant context for
subsequent operations. This workflow also supports the re-
finement requirements highlighted previously, enabling the
LLM to request clarifications based on specific local con-
text. Future interface designs might draw on computational
models of flow and social creativity (Webster, Zachos, and
Maiden 2013), ensuring that LLM assistance operates within
the user’s zone of creative engagement. What other modal-
ities can be employed to capture users’ implicit context?
How can we design interfaces that seamlessly integrate LLM
assistance into existing creative tools without disrupting es-
tablished workflows? How can we balance transparency and
usability, ensuring users understand LLM reasoning without
overwhelming them with technical details?

How proactive should LLM assistants be in creative
contexts? To enhance proactiveness, operations carried out
solely by the user could be monitored by the LLM, which
could then intervene only when relevant. This capability in-
troduces fundamental questions about the appropriate level
of LLM agency in creative work. At what point does an
LLM’s proactive intervention transition from being a “help-
ful partner” to a “distracting agent”? How can systems
determine when intervention is opportune versus intrusive?
What signals should trigger LLM engagement without dis-
rupting the user’s creative flow? How can we design mon-
itoring mechanisms that respect user autonomy while en-
abling timely assistance? Addressing these questions will
require interdisciplinary research combining insights from
human-computer interaction, cognitive psychology, and de-
sign studies.

These future design directions aim to mitigate existing
integration challenges and promote the adoption of LLMs
in more cautious, user-centric applications. By addressing
these issues and proposing clearer architectural and interac-
tion standards, we hope to establish a safer, more produc-
tive research trajectory for both the computational creativity
community and LLM researchers at large.

Conclusions

In this paper we argued for the fundamental reorientation
of how computational creativity researchers and Al prac-
titioners must conceptualize and deploy LLMs in creative
contexts. Rather than embracing full automation, LLMs
must be intentionally designed as semi-autonomous collab-
orators embedded within structured, human-centric work-
flows. This approach aligns with computational creativity’s
decades-long commitment to understanding and supporting
creative practice. It offers a principled pathway to realize
the genuine augmentative potential of LLMs while mitigat-
ing the cognitive, procedural, and epistemic risks that un-
constrained automation poses.

This position rests on multiple observations. Firstly, we
have established that LLMs suffer fundamental, architec-
tural limitations preventing them from reliably automating
high-level creative work. They struggle with novelty and
originality because their training paradigm biases toward
high-frequency patterns. They fail at genuinely subjective
creative tasks because they lack episodic grounding and

lived experience. Most critically, they cannot serve as reli-
able judges of creative merit. This dual failure in both gener-
ation and evaluation demands that human authority remains
paramount. These are not superficial limitations remediable
through incremental improvements. Rather, they are inher-
ent to how LLMs process and represent meaning. Recog-
nizing these limitations, however, is not pessimistic. Rather,
it invites us to orchestrate the complementary strengths of
humans and LLMs.

Secondly, we have documented tangible harms arising
when humans overly rely on systems operating with exces-
sive autonomy in creative contexts. Unstructured automa-
tion produces shallow engagement and cognitive offloading
that persists and degrades subsequent creative performance.
It introduces systemic failures when design contexts involve
genuine ambiguity. These costs are neither abstract nor
speculative: they have been empirically demonstrated across
multiple studies and domains, and they are concerning for
the creative community at large. Yet they are also avoid-
able through deliberate design choices that preserve human
agency and embed critique throughout the creative process.

Finally, we have outlined a coherent research and design
agenda. Effective LLM-assisted creative systems must in-
volve iterative critique and refinement, employ transparent
reasoning mechanisms, proactively resolve ambiguity, and
most importantly, retain human decision-making authority
especially in evaluative contexts. These systems must lever-
age specialized LLM techniques tailored to enhance specific
creative dimensions rather than relying on general-purpose
models. They must address the question of authorship, at-
tribution, and creative provenance that human-Al collabora-
tion raises. Concrete research directions include developing
domain-specific small language models that reduce halluci-
nation and computational overhead, formalizing methodolo-
gies for measuring human-AlI contribution, and designing
context-aware user interfaces that support rather than replace
human judgment.

Recognizing the limitations of LLM creativity unlocks
their genuine value. It shifts the focus from viewing LLMs
as replacements for human creativity to intellectual cata-
lysts, sparking new imaginative pathways that neither hu-
mans nor machines could traverse alone. LLMs can syn-
thesize patterns, rapidly generate diverse alternatives, and
articulate novel possibilities. But these capacities are most
valuable not as endpoints but as scaffolding for human re-
finement, critique, and judgment. This perspective mandates
that LLMs assist human creators by amplifying their reach,
accelerating iteration, and expanding conceptual horizons,
rather than usurping the creative authority that remains fun-
damentally human.

Realizing this vision necessitates sustained interdisci-
plinary research combining insights from computational cre-
ativity, human-computer interaction, machine learning, and
the creative professions themselves. It requires valida-
tion of design frameworks that enhance human originality
while preserving creative agency. It demands investment
in specialized LLM techniques and evaluation frameworks
that optimize for creative dimensions such as novelty over
generic language quality. It calls for establishing practi-



cal and ethical standards for documenting hybrid authorship
and creative provenance. Most fundamentally, it requires the
creative and research communities to resist the fallacious al-
lure of full automation and instead embrace the more chal-
lenging, more rewarding path of authentic human-Al part-
nership. This requires a shift from focusing on the final
product to the creative process itself.

The conversation about LLMs as tools for creativity is
only beginning. What is clear is that the path forward lies
neither in unbridled over-reliance nor in reflexive rejection
of these powerful models. It lies instead in thoughtful, delib-
erate integration: embedding LLMs within workflows and
applications designed to preserve human agency, to am-
plify human judgment, and to ensure that creative practice
remains fundamentally human even as it becomes increas-
ingly, inevitably augmented by artificial intelligence.
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