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Numerous studies reported that large language models (LLMs) can match or even surpass human performance in
creative tasks. However, it remains unclear if LLMs have become more creative over time and how consistent
their creative output is. In this study, we evaluated 14 widely used LLMs—including GPT-4, Claude, Llama, Grok,

Creativity Mistral, and DeepSeek—across two validated creativity assessments: the Divergent Association Task (DAT) and
Large language models ) . . )
LLMs the Alternative Uses Task (AUT). We found no evidence of increased creative performance over the past 18-24

months, with GPT-4 performing worse than in previous studies. For the more widely used AUT, all models
performed on average better than the average human, with GPT-40 and 03-mini performing best. However, only
0.28 % of LLM-generated responses reached the top 10 % of human creativity benchmarks. Beyond inter-model
differences, we document substantial intra-model variability: the same LLM, given the same prompt, can produce
outputs ranging from below-average to original. This variability has important implications for both creativity
research and practical applications. Ignoring such variability risks misjudging the creative potential of LLMs,
either inflating or underestimating their capabilities. The choice of prompts affected LLMs differently. Our
findings underscore the need for more nuanced evaluation frameworks and highlight the importance of model
selection, prompt design, and repeated assessment when using Generative Al (GenAlI) tools in creative contexts.

1. Introduction

Large Language Models (LLMs) have moved out of research labs and
into our everyday lives. LLMs are often marketed as creative due to their
ability to generate text and ideas (e.g., OpenAI's GPT 4.5, OpenAl, 2025;
or Grok beta, xAl, 2025). They allow users to brainstorm, draft content,
and generate novel ideas with ease (Memmert et al., 2024b). Consumers
have responded eagerly, with recent surveys indicating that a majority
of LLM users believe that these models enhance their creativity (Pandya,
2024). However, while LLMs can facilitate idea generation (Vaccaro
et al., 2024; Wan et al., 2024), their widespread adoption raises
important questions about their actual creative potential and the nature
of their outputs (Runco, 2023). Prior research suggested that
LLM-generated ideas, although appearing individually creative, tend to
lead to homogeneous outcomes across various domains, including cre-
ative writing, survey responses, and research idea generation (Anderson
et al., 2024; Doshi & Hauser, 2024; Moon et al., 2024). For instance,
stories written with ChatGPT assistance were more uniform than those
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generated independently by humans (Doshi & Hauser, 2024). Similarly,
LLM-authored college essays contained fewer novel ideas than those
written without LLM assistance (Moon et al., 2024). While these studies
raise concerns about the creativity of LLMs, they typically focus on a
single LLM, leaving unanswered the question of whether this homoge-
neity is unique to specific models or a broader phenomenon across
different LLMs. Furthermore, it is unclear whether LLMs have become
more creative since 2023, when they gained wider recognition.

The present study aimed to shed light on these questions, particularly
by addressing two key questions in this context: (1) Are current LLMs
more creative than earlier versions and average human baselines, and
which model performs best? (2) Do LLMs generate a diverse range of
ideas within a session, or do their outputs converge toward homoge-
neous patterns? Put differently, are the answers of LLMs stable (i.e.,
homogeneous)? Previous research has neglected the output variability
within the same LLM. This is important because greater variability (i.e.,
lower stability) within the responses of the same LLM can lead to either
drastically over- or underestimating their creative capabilities. Recent
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research on feature space alignment in LLMs suggested that these
models exhibit structural similarities, potentially leading to homoge-
neous outputs across different architectures (Kleinberg & Raghavan,
2021; Wenger & Kenett, 2025). This would imply that, regardless of the
specific LLM used, users may experience a collective narrowing of cre-
ative expression due to shared underlying model biases (Huh et al.,
2024; Lan et al., 2025). Because expectations and framing influence
human creative performance, we also tested whether prompting LLMs
with the context of a “creativity test” affects their output quality,
extending existing work on priming and task framing effects in LLMs
(Gosling et al., 2024; Renze, 2024; Salinas & Morstatter, 2024).

To explore these issues, we systematically evaluated a diverse set of
LLMs using the Divergent Association Task (DAT, Olson et al., 2021) and
the Alternative Uses Task (AUT, Christensen et al., 1960), assessing both
inter-model differences (creativity across models) and intra-model
variance (creativity within repeated interactions with the same
model). By using two tests as proxies for originality and semantic di-
versity, we examined which models scored highest in typical “creativity
assessment” tasks and whether they encourage or constrain the gener-
ation of diverse ideas.

As LLMs become increasingly integrated into the human-AlI co-cre-
ative process (Haase & Pokutta, 2024), understanding the actual breadth
and depth of their creative capacities is crucial. Our findings had direct
implications for model selection in practice, the design of collaborative
tools, and the broader question of whether generative artificial intelli-
gence (GenAl) systems meaningfully expand, or inadvertently narrow,
the human creative landscape (Doshi & Hauser, 2024; Kleinberg &
Raghavan, 2021). By revisiting and expanding previous research, we
provide a comprehensive evaluation of LLM creativity, offering insights
into their evolving role in human ideation and problem-solving.

1.1. Creativity of large language models

Creativity has traditionally been regarded as a uniquely human trait:
one that distinguishes us from machines and automation (Miller, 2019).
However, recent advances in GenAl have reignited debates about
whether GenAl can exhibit creativity, particularly in fields such as
literature, music, art, and problem-solving. While AI has already sur-
passed human capabilities in structured domains like Chess and Go
(Gaessler & Piezunka, 2023; Krakowski et al., 2023) and has been used
in mathematics to solve open problems (Davies et al., 2021; Mundinger
etal., 2024, 2025; Swirszcz et al., 2025), it remains uncertain whether it
can achieve high levels of creativity or if it simply recombines existing
knowledge in novel ways (Holford, 2019; Kirkpatrick, 2023; White,
2023). Some argue that creativity remains one of the last strongholds of
human superiority over Al (Holford, 2019), as it involves not only idea
generation but also problem formulation, selection, and implementation
(Botella & Lubart, 2016; Williams et al., 2016). Adding to the
complexity of evaluating GenAl creativity is the well-documented
sensitivity of LLMs to prompts. Small changes in phrasing or instruc-
tion framing can lead to substantial differences in output (Chang et al.,
2024; Mizrahi et al., 2024), which complicates comparisons across
studies and even within-task benchmarks.

Creativity—for humans—is defined as the ability to generate new
and useful ideas (Runco & Jaeger, 2012; Plucker, 2004). Further, it is
conceptualized as an interaction between cognitive abilities, environ-
mental factors, and social validation (Amabile, 2017). High-level crea-
tivity, particularly in science and the arts, requires not only originality
but also refinement, testing, and evaluation, as well as recognition, to
validate an idea as a creative product (Benedek et al., 2020; Kaufman
et al.,, 2016; Simonton, 2013). While human -creativity involves
free-associative thinking and problem formulation (Botella et al., 2018;
Steele et al., 2018), GenAl mimics these processes through probabilistic
text generation and pattern recognition (Marcus et al., 2022). Although
comparable in output, as Al may produce original and useful outputs (cf.
Section 2.2), some argue that it does not “create” in the human sense: the
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difference lies not in what is produced but in how and why it is produced
(Runco, 2023).

Importantly, the discussion of AI’s creative potential also addressed
the ontological status of Al-generated creativity. Critics argue that
GenAl by virtue of relying on pre-existing data, is confined to “incre-
mental creativity” and lacks the emotional depth and subjectivity that
characterize human creative acts (Boden, 1998, 2009; Cropley &
Cropley, 2023; Runco, 2023; White, 2023). According to this view,
GenAl may simulate creativity convincingly but cannot embody the
underlying processes of creative intention or self-expression.

We do not fully subscribe to such reductionist views. While it is true
that LLMs are trained on existing knowledge, their ability to recombine,
adapt, and contextualize information in novel ways demonstrates
inherent creativity. LLMs are designed to balance factual precision with
creative expression, leveraging probabilistic language modeling, flexi-
bility, and randomness to generate content that is perceived as original
and inventive (Rafner et al., 2023; Sinha et al., 2023). Empirical studies
showed that GenAl-generated outputs can sometimes matched or even
exceeded human performance in tasks requiring originality and elabo-
ration (Gilhooly, 2023; Haase & Hanel, 2023). Notably, in several do-
mains, GenAl outputs were indistinguishable from human creations,
successfully fooling experts in tasks ranging from scientific abstract
writing (Else, 2023) to visual art production (Haase et al., 2023).

Although the philosophical debate about whether Al merely appears
creative or truly is creative remains unresolved (Runco, 2023; Boden,
2009) and may not be practically relevant, our focus lies on empirical
outcomes and the measurable creative potential of LLMs. Humans have
created with the support of technology since the development of tools
(Haase & Pokutta, 2024), and we aimed to increase our understanding of
how LLMs can serve as a creative support system, providing new and
useful ideas to users. Thus, we briefly discuss how creativity is tradi-
tionally measured, what those measures reveal of LLMs’ creative po-
tential, and how this can be useful for the human co-creative process
with LLMs in the next sections.

1.2. Measuring divergent thinking

Divergent thinking (DT) refers to the ability to generate multiple,
varied, and novel ideas in response to open-ended problems. This ability
is often perceived as a core cognitive process underlying creativity.
Indeed, da Costa et al. (2015)’s meta-analysis showed that DT demon-
strates the strongest correlation with creativity-related constructs (rr =
0.27) compared to other individual difference measures. However, this
moderate effect size also illustrates a critical point: DT is far from syn-
onymous with creativity. Rather, it should be seen as an indicator of
creative potential, as one aspect of a broader and more complex cogni-
tive and motivational landscape (Runco et al., 2011). One reason for the
over-identification of DT with creativity lies in the dominant use of DT
measures in creativity research. The most widely used measures—such
as the Alternate Uses Test (AUT; Christensen et al., 1960) and the Tor-
rance Tests of Creative Thinking (TTCT; Torrance, 1972)—either
directly assess divergent idea generation or embed association-based
tasks as central components. As a result, much of what is empirically
known about creativity relies on divergent idea generation.

DT tasks are typically scored along several performance dimensions:
fluency (number of responses), flexibility (variety of categories), origi-
nality (statistical infrequency or uniqueness), and sometimes elaboration
(amount of detail). Among these, fluency is most often reported,
although originality is arguably more aligned with creative value (Silvia
et al., 2008). However, fluency scores tend to correlate strongly with
originality, suggesting that originality may, at least in part, go along
with response quantity as well as quality.

One standard way to measure DT is via the Alternate Uses Task (AUT;
Christensen et al., 1960), which asks participants to generate alternative
uses for common objects. By contrast, the Divergent Association Task
(DAT; Olson et al., 2021) is a more recent measure that quantifies the
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semantic distance between ideas. Participants (or LLMs) are instructed
to generate ten words that are as semantically different from each other
as possible. Responses are then scored based on pairwise semantic dis-
tances computed from a pre-trained embedding model, yielding a scal-
able, language-based index of creative divergence. However, despite
their widespread use, DT measures do not fully capture the complexity
of creative thinking (Reiter-Palmon et al., 2019; Runco & Acar, 2012).
Creativity often requires generating ideas and selecting, refining, and
contextualizing them (Cromwell et al., 2022). For example, convergent
thinking involves narrowing down multiple possibilities to identify the
most effective solution and plays a key role in evaluating and imple-
menting creative ideas (Cropley, 2006). Emergent thinking, on the other
hand, involves exploring potential problem spaces for existing solutions,
such as experimenting with new technologies to discover their appli-
cations (Cromwell et al., 2023). Recent work has also emphasized the
importance of metacognitive strategies such as asking more complex
questions, which can foster deeper and more creative exploration (Raz
et al., 2023).

In sum, while DT remains a valuable proxy for creative potential,
particularly in controlled experimental contexts, it represents only one
dimension of creative cognition. Its explanatory power is enhanced
when situated within a broader framework that includes convergent,
emergent, and metacognitive thinking. Accordingly, we used DT tasks in
this study not as exhaustive indicators of creativity, but as focused tools
to probe one central aspect of the overarching concept of creativity.

1.3. Empirical analyses of LLMs’ creativity

Recent research suggested that GenAl, and LLMs in particular, were
capable of producing outputs that met established criteria for crea-
tivity—namely, originality and usefulness (e.g., Guzik et al., 2023; Haase
& Hanel, 2023). In fields such as literature, GenAl-generated texts
frequently matched or even surpassed human writing in fluency and
coherence (Gomez-Rodriguez & Williams, 2023). Comparable evidence
was emerging in other creative domains, including music (Civit et al.,
2022) and visual art (DiPaola & McCaig, 2016). To empirically evaluate
the creative potential of LLMs, researchers have increasingly turned to
standardized psychological creativity assessments. These included DT
tests such as the AUT, the DAT, and the TTCT (for an overview of studies
measuring the creativity of LLMs, cf. Table 4 in the Supplementary
Material). However, it is important to note that LLM performance on
such tasks is highly sensitive to prompt phrasing and format. Even subtle
variations in instructions can lead to substantial differences in output
quality and style, as LLMs rely on learned probabilistic patterns rather
than intrinsic task comprehension (Chang et al., 2024). In these tasks,
GenAl systems such as GPT-3.5 and GPT-4 often performed at or above
average human levels, particularly in dimensions like fluency and elab-
oration (Guzik et al., 2023; Haase & Hanel, 2023). Some studies even
reported that GPT-4 scores in the top 1 % in originality and fluency on the
TTCT (Soroush et al., 2025). However, while LLMs frequently exceed
average performance, they typically fell short of the originality levels
exhibited by highly creative individuals or expert human creators
(Haase & Hanel, 2023; Koivisto & Grassini, 2023). Further, although
such findings are striking, they should be interpreted with caution, as
model performance may have reflected specific tuning to familiar
prompt formats rather than generalized creative competence.

A parallel trend in this research area was the development of auto-
mated scoring systems that leverage Al and embedding-based metrics to
evaluate creativity (e.g., Hadas, 2025; Organisciak et al. 2025). For
example, the DAT relies on measuring semantic distance between
generated words, and recent extensions include LLM-based scoring ar-
chitectures (Haase et al., 2025). Similarly, systems such as the
Open-Ended Creativity Scoring AI (OpenScoring; Organisciak et al.,
2023) apply transformer-based models to estimate creativity in
free-form outputs, offering scalable alternatives to traditional human
coding (Soroush et al., 2025). These approaches increase consistency
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2. Experimental setup

To evaluate the creative potential of contemporary LLMs, we sys-
tematically compared multiple models on two standardized DT
tasks—the DAT and the AUT—assessing both inter-model performance
and intra-model output variability. In addition, we tested two distinct
prompt formulations for each task—one disclosing the DAT test context
(aware) and one not (unaware)—to standardize input conditions across
models and examine whether prompt phrasing and creative priming
influence performance differences (see in the Supplementary Material
“Prompt Template” for details). While this is not a prompting-focused
study as many more prompt variants could (and arguably should) be
explored to fully capture systematic effects, we acknowledge that
prompt design is a non-trivial factor influencing LLM output, particu-
larly in open-ended generative tasks (Runco et al., 2025). As such, we
include basic prompt variations to assess the robustness of model re-
sponses. The following section describes the models evaluated, the
software environment, and the methodology used to administer and
score the tasks.

All experimental data were stored in JSON format. Each record
contained metadata (e.g., timestamps, model identifiers, prompt vari-
ants), full results per model-object combination, and trial-level scores.
The data and R code to reproduce our analyses are publicly accessible on
the Open Science Framework (OSF) . All models were accessed via their
API using their default parameter settings through LiteLLM between 25
and 28 February 2025 for the DAT tests and 1 and 3 March 2025 for the
AUT tests. Each trial was run in an isolated prompt session to avoid
carryover effects or memory accumulation. To ensure reproducibility,
all API calls were logged, and each model’s version and associated
metadata were recorded.

We used a broad range of widely used models in our experiments,
with 10 models: Claude-3.5-sonnet, Claude-3.7-sonnet, DeepSeek-
R1-70B, DeepSeek-R1-Distill-Qwen-7B, Gemini-pro, GPT-4.5-preview,
GPT-40, Grok-2-latest, Grok-beta, Llama-3.3-70B-Instruct, Mistral-
Nemo-Instruct-2407, 03-mini, Phi-4, Qwen-2.5-7B-Instruct-1 M (sum-
marized in Table 1 in the Supplementary Material), as research has
shown that different models exhibit distinct tendencies in “behavior”
even when prompted identically (Zhang et al., 2024).

2.1. Divergent association task (DAT)

LLMs were evaluated using the DAT to assess their ability to generate
semantically diverse content. For scoring and evaluation, we used the
official DAT website with default settings and recorded all output met-
rics, including semantic distance scores and percentiles.

2.2. Scoring and analysis

The evaluation process involved submitting each model’s generated
words to the official DAT website, recording the assigned scores, per-
centiles, and semantic distance matrices. The experimental process fol-
lowed a structured workflow. First, the experimental setup was
established by selecting the models, determining the number of trials,
and defining the evaluation method. During the generation phase, each
model produced 10 words based on the standardized prompt template.
These words were then submitted to the DAT website for scoring, and
the resulting scores, percentiles, and word matrices were recorded. Each
model ran the test 100 times, unaware of previously run tests.

DAT scoring is based on semantic distance, resulting in a score that is
the average semantic distance between all pairs of words (higher is
better). Further, we baselined all scores with human-generated scores

1 Data, Code and Supplementals available at: https://osf.io/e62fx/overview
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for better comparison. We used a large sample of humans (n = 8907)
from Olson et al. (2021). We focused, unless otherwise stated, on the
percentile rank, as it allows us to directly compare LLM responses with
human responses (e.g., if the percentile is > 50, the LLM would be better
than the average human).

Following data collection, results were analyzed to assess model
performance across the score metrics. The analysis included calculating
and visualizing the average scores per model, examining score distri-
butions, and constructing word matrices to illustrate semantic distances
between generated words. Normalizing based on human performance
allowed comparison of how LLM outputs align with human DT
performance.

2.3. Alternate use task (AUT)

LLMs were evaluated using the AUT to assess their ability to produce
original and useful ideas. For scoring and evaluation, we used the
OpenScoring API” with default parameters. All documentation was
referenced from the official API guide.®

2.4. Test objects

A set of sixteen common objects (brick, shoe, paper clip, button,
cardboard box, pencil, bottle, newspaper, umbrella, pants, ball, tire,
fork, toothbrush) was used to standardize inputs across trials. These
items were selected for their general familiarity and variety in potential
use contexts as used in prior literature (Christensen et al., 1960;
Organisciak et al., 2023).

2.5. Scoring and analysis

The experimental setup defined the model pool, the number of trials
per model-object pair, and the number of responses to be generated per
prompt. During each trial, the model was prompted to generate alter-
native uses for a specific object using one of the predefined prompt
templates. Generated responses were then submitted to the OpenScoring
API, which returned evaluations for originality for each response and an
overall creativity score for the full response set. As a next step, a
percentile ranking against human responses was calculated as a
benchmark, based on n = 151 from Hubert et al. (2024).

2.6. Performed experiments

In the following section, we provided an overview of the experiments
we conducted.

1. Divergent Association Task (DAT): For each of the 14 LLMs, we
conducted 100 independent trials using each of the two prompt
variants described in Section 3.2.1: the ‘DAT aware’ prompt and the
‘DAT unaware’ prompt. This resulted in a total of 2800 DAT evalu-
ations across all models and prompt conditions.

2. Alternate Use Task (AUT): For each of the 14 LLMs, we conducted 4
separate trials where each model was instructed to generate 100
alternative uses per trial. Each trial used once the ‘Practical and
Feasible’ prompt and once the ‘Creative and Unconventional’
prompt. This resulted in 56 prompt-model trials, though many
models, especially lower-capacity ones, generated fewer than the
requested 100 uses per trial.

For both tasks, we recorded the raw responses, computed scores
using the respective scoring systems, and performed statistical analyses
to assess performance relative to human benchmarks.

2 OpenScoring API at https://openscoring.du.edu/llm
3 OpenScoring documentation at https://openscoring.du.edu/docs
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3. Results

Below, we first reported the results for the DAT, followed by the
AUT. Our main analyses focus on the DAT-awareness and the AUT-
creative prompt conditions because they were more commonly used in
former human studies (e.g., Acar, 2023; Reiter-Palmon et al., 2019). The
DAT-unawareness condition and the practical and feasible prompt
condition were included for exploratory purposes. For each creativity
test, we focused on percentile ranks to facilitate comparisons with
human performance measures. However, we report the comparisons
between humans and LLMs using the untransformed scores in the online
Supplementary Material on OSF, which replicate the results from the
percentiles. Furthermore, we tested which LLM performed best and how
stable its responses were (i.e., computed the variability within each
model).

3.1. Divergent association task (DAT)

The results revealed widespread differences in DAT performance
across LLMs. The average percentile was M = 60.16, SD = 26.15,
significantly higher than the average human response (i.e., 50th
percentile; for descriptive statistics, see Fig. 1 and Table 2 in the Sup-
plementary Material), t = 14.48, p < .001. Several LLMs performed, on
average, poorer than the average human (i.e., a percentile rank of <50).
Some models performed better than others: Llama 3.3, Claude 3.7, and
Grok beta outperformed most other models and, on average, were better
than 80 % of humans. In contrast, DeepSeek R1 Distill performed only
better than 22.91 % of humans. A pairwise comparison of models is
shown in Figure 3 in the Supplementary Material.

In the next step, we compared our findings with those reported in the
literature to assess whether LLM performance had increased. For
example, Cropley (2023) reported in 2023 that GPT-4 had a percentile
rank in the DAT of 82.54, SD = 13.94 across 102 responses. Surprisingly,
an independent-samples t-test revealed that GPT-40 performed worse at
the end of February 2025 (i.e., in our data) than GPT-4 in Cropley’s 2023
data, t(200) = 14.46, p < .001, d = 2.04. Further, Hubert et al. (2024)
reported that GPT-4 had a score (no percentile ranks were reported) of M
= 84.56, SD = 3.05, across 151 responses, also in 2023. This was again
higher than the scores we found in February 2025 (M = 77.34, SD =
2.92; t(249) = 18.84, p < .001, d = 2.41).

However, the variability within the responses was substantial for
almost all LLMs (cf. Fig. 1). Across all 14 LLMs, 495 tests were below the
50th percentile and 894 were above the 50th percentile, range = 0.16,
99.78. The only LLM that produced consistent responses above the
average human (i.e., >50th percentile) was Llama. Even for LLMs that
are considered powerful such as ChatGPT-4.5, 6 responses were below
the 50th percentile, although 94 were above the 50th percentile (M =
74.58, SD = 13.45, Table 2 in the Supplementary Material). Since
transforming scores into percentiles can affect the distance between
scores, we also compared raw scores, which replicated the findings re-
ported in this section (see Figures 4 and 5 in the Supplementary Mate-
rial). Additionally, we tested whether mentioning the DAT in the prompt
mattered. We compared the 100 responses per LLM in the DAT-aware
condition with the 100 responses per LLM in the DAT-unaware condi-
tion using a linear mixed-effects model (R packages Ime4 and lmerTest;
Kuznetsova et al. 2017), specifying random intercepts for the 14 LLMs.
On average, the LLMs in the aware condition scored higher (M = 60.16,
SD = 26.15) than in the unaware condition (M = 52.56, SD = 25.38, B =
11.89, SE = 0.90, p < .001). Interestingly, exploratory follow-up ana-
lyses revealed that this effect differed between LLMs: Claude 3.5 and
Grok 2 performed much better in the DAT-aware condition (Cohen’s ds
> 1.00), whereas DeepSeekR1 Distill Qwen 7B performed significantly
worse, with most other models performing somewhat better in the aware
condition (cf. Table 2 in the Supplementary Material). We only inter-
preted findings that are significant at @ = 0.005 to adjust for the 14
comparisons (for visualizations and pairwise comparisons between the
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Fig. 1. Percentile scores of each large language model (LLM) in the DAT-awareness condition. The first group reflects the distribution of human percentile ranks.
Note. Percentiles for the 14 LLMs were computed by benchmarking their DAT scores against the human distribution, such that higher percentiles indicate better
performance relative to humans Each boxplot displays the distribution of percentiles for a given LLM, with black diamonds indicating mean performance. The red
dashed line represents the average human performance (50th percentile). The human responses are from Olson et al. Olson et al. (2021).

models, see Figures 6, 7, 8, and 9 in the Supplementary Material).

3.2. Alternate use task (AUT)

Again, we focused on the percentiles to facilitate comparisons with
human responses. A one-way between-subjects ANOVA with 14 levels
was significant, F (13, 356.64) = 9.34, p < .001. To control for multiple
comparisons, we applied the Holm correction (Holm, 1979), a stepwise
procedure that adjusts p-values to control the family-wise error rate
while maintaining greater statistical power than the Bonferroni method.
Holm-adjusted follow-up tests revealed that several of the models per-
formed differently from each other, with GPT-4o0 performing overall best
and Gemini Pro relatively worst (Fig. 2; for pairwise comparisons

100

Percentile of AUT (creative prompt)

between the 14 LLMs and human responses, see Figure 10 in the Sup-
plementary Material). Overall, the average model performance was
more homogeneous than for the DAT, with all means ranging between
65.66 and 77.85 (Figure 3 in the Supplementary Material). A series of
one-sample t-tests revealed that each model performed significantly
better than the average human (i.e., percentile of 50), ps < 0.001.

In the next step, we compared our findings with those reported in the
literature to test whether the performance of the LLMs had increased.
For example, Haase and Hanel (2023) found that the average originality
score generated by GPT-4 in March 2023 for the prompts pants, ball, tire,
fork, and toothbrush was M = 3.22, SD = 0.36, as analyzed with Open-
Scoring (Organisciak et al., 2023). This was not significantly different
from the average in our sample, M = 3.67, SD = 0.27, t(7.44) = 2.23, p =

+ Mean within each group

= Human median (50th percentile)

Fig. 2. Percentile scores of each large language model (LLM) in the creative-prompt condition (AUT). The first group reflects the distribution of human percentile

ranks.

Note. Percentiles for the 14 LLMs were computed by benchmarking their AUT scores against the human distribution, such that higher percentiles indicate better
performance relative to humans. Each boxplot displays the distribution of percentiles for a given LLM, with black diamonds indicating mean performance. The red
dashed line represents the average human performance (50th percentile). The human responses are from Hubert et al. Hubert et al. (2024).
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.059, d = 1.41.

We again found heterogeneity in the responses. The best response in
each model was 25 percentile points (i.e., one quartile) higher than the
model’s worst response (Fig. 2). Somewhat surprisingly, most responses
were below the top 10 % of human-generated responses. Only 3 out of
1061 responses, 0.28 %, were in the top 10 %. Additionally, we tested
whether prompting the LLMs to be more creative (vs practical and
feasible) would result in more original responses using again a linear
mixed-effects model with random intercepts across the 14 LLMs. On
average, LLMs in the creative condition scored higher (M = 70.85, SD =
10.00) than LLMs in the practical condition (M = 63.49, SD = 12.45), B
= 7.89, SE = 0.51, p < .001. Exploratory follow-up analyses revealed
that this effect was mostly consistent across LLMs: All LLMs performed
better when instructed to be creative (vs practical), even though this
effect was not significant for Mistral (Figures 11 and 12 for visualiza-
tions of the scores from the practical prompt condition in the Supple-
mentary Material).

4. Discussion

In the present study, we tested whether LLMs have become more
creative over time across two commonly used creativity tests, assessed
the variability of their responses, and examined performance differences
across 14 widely used models. Regarding the first research question, we
found that GPT-40 previously benchmarked in 2023 as GPT-
4—performed substantially worse on the Divergent Association Task
(DAT) but retained its performance on the Alternative Uses Task (AUT).
Even for the AUT, however, only 0.28 % of responses reached the 90th
percentile. In other words, highly creative responses remain rare, and
humans are still approximately 35.7 times more likely to produce such
standout ideas.

This finding offers one possible explanation for the increasingly
documented trend toward homogenization in LLM-assisted output
(Anderson et al., 2024; Doshi & Hauser, 2024; Moon et al., 2024). While
LLMs may generate text that appears individually novel, they often lack
the type of originality required to break into the top decile of human
creativity.

Interestingly, we found substantial differences between models in
the DAT, whereas performance on the AUT was, on average, higher and
more consistent across models. One explanation may be that the AUT,
being widely used in GenAl research, is overrepresented in training data
or has influenced model optimization, leading to inflated and stable
performance. The DAT, by contrast, is less common and structurally
more demanding: it requires generating a fixed number of semantically
distant words, a task that combines lexical control with abstract asso-
ciation. This may be harder for some models to interpret, especially
given sparse prompt cues and their tendency to favor locally coherent
outputs. Further, such constraints may be less compatible with the
default autoregressive generation mode of LLMs, particularly if the
prompt does not provide sufficient context or examples. Recent evidence
suggests that LLMs can struggle with tasks that require generation under
sparse or underspecified instructions (Petrov et al., 2025).

We further observed substantial within-model variability, especially
in DAT performance. Even the same model under the same conditions
often produced responses ranging from below-average to exceptional.
This intra-model instability complicates the evaluation of LLM crea-
tivity. While prior studies often relied on single-shot assessments or few-
shot comparisons, our findings suggest that such designs may over- or
underestimate the actual creative potential of these systems. The vari-
ability we observed exceeded that previously reported in LLM evalua-
tions focused on structured or closed-ended tasks (e.g., logical
reasoning, legal analysis, see Blair-Stanek & Van Durme, 2025; Liu et al.,
2024), likely because DT tasks invite broader exploration and lower
constraints by design. One plausible explanation for this trend may lie in
recent optimization efforts to reduce so-called “AI hallucina-
tions”—outputs that deviate from factual accuracy but often reflect
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greater associative freedom. While such constraints improve reliability,
they may simultaneously curb generative flexibility and, thus, creative
diversity across newer models.

This variability carries important implications for both creativity
research and practical applications. It may help explain the inconsistent
findings in studies exploring human-Al co-creativity, where collabora-
tion with LLMs sometimes enhances and sometimes inhibits creative
performance (cf. Table 4 in the Supplementary Material; Taheri et al.,
2024; Vaccaro et al., 2024). As our results show, creativity outcomes are
highly sensitive to model choice, prompt framing, and stochastic model
behavior. Without accounting for these factors, conclusions about LLM
effectiveness in creative domains may be premature or misleading.

Prompt design emerged as another significant modulator of perfor-
mance. Merely disclosing the creativity test context (e.g., mentioning
the DAT) influenced LLM performance in model-specific way-
s—improving results for some models (e.g., Claude 3.5 and Grok 2),
while worsening performance for DeepSeek R1 Distill Qwen 7B This
aligns with recent findings showing that LLMs are sensitive to goal
framing and task specification (Memmert et al., 2024a), and echoing
human creativity research on priming effects, where some individuals
perform better when prompted to “be creative” (Acar et al., 2020; Sas-
senberg & Moskowitz, 2005). The implication is that creativity in LLMs
may, in part, be prompt-contingent—a result of interaction dynamics
rather than an inherent capacity.

Our findings also speak to the larger philosophical debate on artificial
creativity. Critics argue that LLMs merely remix existing data, lacking the
emotional depth, intentionality, or conceptual leaps characteristic of
human creativity (Cropley & Cropley, 2023; Runco, 2023). Indeed, the
absence of high-end originality in LLM output could be taken as support
for this view. However, we caution against such binary thinking. While
LLMs may not engage in creative processes in the human sense, their
ability to generate outputs that score above the average human in both
semantic divergence and usefulness indicates a form of functional or
output-based creativity. Beyond all critical analysis discussed so far, 80
% of LLM’s AUT-output is on average better than that of humans—when
specifically picking a “creative LLM”, like Claude, Gemini, GPT-40, or
Grok, one can expect original output.

What these results lead to, especially the variability, is the impor-
tance of actively working with and reflecting upon the output generated
by LLMs. Thus, our results contribute to the growing literature on LLMs
in human-AI co-creativity. While LLMs clearly offer utility as brain-
storming aids or creative scaffolds, their performance is not reliably high
nor uniformly distributed across contexts. Our findings resonate with
broader research on human-AlI collaboration, showing that GenAl
augments ideation and productivity but tends to yield convergent, mid-
novelty outputs. The most effective creative workflows are human-led
and iterative, where the human defines the problem and constraints,
and the LLM supplies fluent associative variations. When supported by
thoughtful design—preserving human control, transparency, and
exploration—these teaming setups can enhance both output quality and
learning effects, enabling users to refine their problem framing and idea
evaluation over time (Doshi & Hauser, 2024; Haase & Pokutta, 2024;
Zhou & Lee, 2024).

The most promising use cases may lie not in full automation but in
human-AI teaming, where the human provides context and framing, and
the LLM contributes fluent, varied, or unexpected content. Especially the
LLMs’ capabilities to be extremely fast, easy to access, and very fluent in
output length make them very efficient co-creators. Still, as our findings
show, such systems may encourage mid-level novelty but rarely produce
radically original ideas—thus reinforcing combinatorial rather than
conceptual creativity (Orri et al., 2023; Soroush et al., 2025). Without
thoughtful human oversight and critical engagement, GenAl may un-
intentionally constrain creative diversity and reinforce existing patterns,
rather than expanding the overall human-Al-enhanced creative process.
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4.1. Limitations and ethical considerations

This study has several limitations. First, we used the default settings
provided by each LLM API, including temperature and sampling pa-
rameters. While this reflects common usage patterns and hence en-
hances ecological validity, these parameters are known to influence
output variability and originality (Peeperkorn et al., 2024). Future
research should systematically vary such parameters to explore their
effects on DT performance.

Second, we focused exclusively on English-language tasks and did
not investigate multilingual capabilities. Given the global reach of
GenAl tools and recent evidence suggesting that LLMs may behave
differently across languages (Zhang et al., 2023), this remains an
important area for future exploration. Third, while we evaluated a wide
range of models on standardized DT tasks, we did not address more
complex aspects of creativity such as problem finding, iterative elabo-
ration, or social validation—dimensions often considered central in
high-level creative work (Amabile, 2017; Simonton, 2013). As such, our
findings should be interpreted as reflecting creative potential rather
than holistic creative capacity.

Ethical considerations also arise from our findings. On the one hand,
the ability of LLMs to generate original content that rivals or exceeds
average human output suggests a democratizing potential: these tools
can help individuals with limited experience engage in creative
expression. On the other hand, the proliferation of Al-generated content
raises concerns about authenticity, plagiarism, and the dilution of
originality in digital culture. Repeated exposure to Al-generated ideas
may subtly influence human ideation, narrowing the perceived range of
what is creative or acceptable—potentially reinforcing the very ho-
mogenization effects observed in this study and elsewhere (Doshi &
Hauser, 2024; Toma & Yanez-Pérez, 2024). Moreover, while exposure to
others’ ideas has been shown to benefit human creativity (Fink et al.,
2009), the role of GenAl in this dynamic is more complex. Unlike human
peers, LLMs generate content that is simultaneously vast in volume and
narrow in conceptual distribution. This tension necessitates thoughtful
integration of GenAl into educational, artistic, and professional work-
flows, ideally with mechanisms that encourage critical thinking and
safeguard human agency.

As GenAl continues to reshape creative practice, the importance of
maintaining meaningful human oversight cannot be overstated.
Responsible use requires not only technological literacy but also ethical
awareness and reflective practices that ensure Al augments rather than
undermines human creative expression.
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