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Abstract

This paper investigates whether large language mod-
els (LLMs) exhibit agreement in assessing creativity in
responses to the Alternative Uses Test (AUT). While
LLMs are increasingly used to evaluate creative con-
tent, previous studies have primarily examined a sin-
gle model assessing either its own outputs or human-
generated responses. Here, we explore whether LLMs
can impartially and accurately evaluate creativity across
both their own responses and those of other models.
Using an oracle benchmark set of AUT responses cat-
egorized by creativity level (common, creative, and
highly creative), we experiment with four state-of-the-
art LLMs in evaluating such responses. We test both
scoring and ranking methods under two evaluation set-
tings (comprehensive and segmented) to analyze inter-
model agreement in creativity assessment of alternative
uses. Results show a strong alignment, with Spearman
correlations averaging above 0.7 across models, and ex-
ceeding 0.77 with respect to the oracle, thus also indi-
cating a high degree of reliability. Notably, LLMs do
not favor their own outputs, assigning similar creativ-
ity scores or rankings to responses from other models.
These findings suggest that LLMs demonstrate both im-
partiality and consistency in creativity evaluation, high-
lighting their potential for automated creativity assess-
ment.

Introduction
The evaluation of creativity has traditionally employed a
range of methods designed to assess different dimensions
of creative ability, including cognitive processes, creative
products, and personal characteristics (Cropley 2000). One
of the most popular and widely applied methods to eval-
uate creative thinking is the Alternative Uses Test (AUT)
(Guilford 1967). This test measures divergent thinking by
asking individuals to generate as many novel and uncon-
ventional uses as possible for a common object within a set
time limit. In recent years, the rise of Large Language Mod-
els (LLMs) like GPT has prompted researchers to explore
whether these models can evaluate creativity as humans do.
Prior work has demonstrated that LLMs are capable of as-
sessing creativity in responses to tasks like the AUT, where
models evaluate alternative uses generated either by humans
or other models (Yang et al. 2023; Góes et al. 2023b;
Hadas and Hershkovitz 2024). However, these studies typi-

cally focus on single models evaluating externally generated
content, leaving open questions about how LLMs assess cre-
ativity on their own outputs.

In this paper, we address this gap by investigating how
LLMs evaluate the creativity of alternative uses (AUs) gen-
erated by both themselves and other models. Specifically,
we explore whether models favor their own responses or
whether they can impartially assess the creativity of outputs
generated by others. To do so, we employ an experimen-
tal framework using an oracle set of AUT responses, cat-
egorized into three groups: common, creative, and highly
creative. Four different LLMs were prompted to score and
rank these responses, and their evaluations were compared
against an oracle. By analyzing the evaluation results, we
measure both the accuracy of the LLMs and their agreement
with each other in ranking creative outputs. Our findings re-
veal that, with a high Spearman correlation, LLMs do not
favor their own responses. Instead, they consistently agree
on the creativity of responses across models. On average,
the agreement correlation was higher than 0.7 for both rank-
ing and scoring AUs among models, showing LLMs consis-
tency, and greater than 0.77 when compared to the oracle,
which indicates that models are overall accurate at assessing
alternative uses.

The main contributions of this paper are as follows:
• We show that the LLMs exhibit a high level of agreement

on the creativity assessment of alternative uses.
• We present an approach for evaluating whether LLMs fa-

vor their own responses to enable accurate LLM creativity
assessments and establish a benchmark for cross-model
comparison.

• We introduce a methodology for constructing an oracle
set of AUT responses that allows for accurate assessment
of LLMs’ creativity evaluations, providing a benchmark
for comparison across multiple models.

Related Work
In the field of computational creativity, the evaluation of cre-
ative artifacts traditionally relies on human experts, possi-
bly assisted by the use of metrics that automate part of the
process (Jordanous 2012; França et al. 2016). However,
such traditional methods present significant limitations, jus-
tifying the exploration of LLM-based approaches (Muru-
gadoss et al. 2025). First, the subjectivity and variability



among human evaluators lead to inconsistencies, whereas
LLMs can offer more uniform and standardized assessments
over time. Additionally, the high cost and time required
for large-scale evaluations make human evaluators imprac-
tical in many contexts, an issue that LLMs can address with
faster and less costly assessments. Another challenge lies in
the influence of cultural and contextual factors, which affect
human judgments but can be mitigated by LLMs calibrated
with diverse data. The difficulty of objectively quantifying
creativity also limits traditional methods, while LLMs, by
applying standardized criteria, offer greater reliability in this
aspect. Finally, the limitations of traditional methods in cap-
turing nuances of divergent creative thinking, along with the
complexity of calibrating and standardizing evaluations, un-
derscore the potential of LLMs as an alternative that can re-
duce bias and lessen the need for human evaluators (Zheng
et al. 2023).

For this reason, the use of LLMs in evaluating creativity
has recently emerged as a significant area of research, and
several studies have demonstrated the evaluation capabilities
of LLMs in various contexts. For instance, (DiStefano, Pat-
terson, and Beaty 2024) explores the automatic scoring of
metaphor creativity using LLMs, demonstrating their poten-
tial to assess figurative language effectively, while (Góes et
al. 2023a) evaluates the creativity of jokes by simulating dif-
ferent personas/judges, and (Sawicki et al. 2023) uses LLMs
to evaluate poetry. Further recent studies explore the use of
LLMs as automated evaluators, addressing both their advan-
tages and limitations. In (Wang et al. 2024), the presence
of positional biases in these models is highlighted, with cal-
ibration techniques proposed to mitigate such biases. Simi-
larly, (Zheng et al. 2023) and (Thakur et al. 2024) validate
the high correlation of LLM evaluations with human assess-
ments, though they remain limited by susceptibility to posi-
tional and verbosity biases. Other studies, such as (Chiang
and Lee 2023a), examine the ability of LLMs to replicate
human preferences in NLP tasks, while (Franceschelli and
Musolesi 2024a) introduces creative approaches, combin-
ing diverse beam search and self-evaluation. Alternatively,
(Fu et al. 2024) proposes GPTScore for flexible evalua-
tion, and (Chiang and Lee 2023b) explores approaches like
rate-explain to enhance judgment accuracy, while interac-
tive tools, such as EvaluLLM (Desmond et al. 2024), enable
customized pairwise evaluations. Collectively, these studies
underscore the potential of LLMs as evaluators, with chal-
lenges and opportunities for methodological adjustments
and advancements in bias reduction.

Creativity Assessment using LLMs
Recent studies have investigated various methodologies and
contexts in which LLMs can assess creativity. In (Gómez-
Rodrı́guez and Williams 2023), researchers evaluated LLMs
on creative writing tasks. Models like GPT-4 showed high
fluency and coherence, although human evaluators still out-
performed LLMs in originality and humor. A collaborative
approach was proposed by (Li et al. 2023) with the CO-
EVAL pipeline, which combines initial LLM evaluations
with human reviews. This approach significantly reduced
evaluation time and provided greater consistency by adjust-
ing subjective criteria.

In divergent thinking tasks, (Hadas and Hershkovitz
2024) demonstrated that LLMs could reliably assess flexibil-
ity in alternative use tasks. This study reported a strong cor-
relation with human evaluations, highlighting the model’s
effectiveness, particularly in educational settings. For more
specialized tasks, (DiStefano, Patterson, and Beaty 2024)
applied LLMs to metaphor creativity assessment, where
models like RoBERTa and GPT-2 showed good alignment
with human judgments, even outperforming traditional met-
rics.

LLMs have also been applied to creative assessments in
non-English contexts. In (Goecke et al. 2024), XLM-
RoBERTa was used to evaluate originality in scientific cre-
ativity tasks conducted in German, proving effective in cap-
turing divergent ideation. Similarly, (Raz et al. 2024) ex-
plored the use of LLMs to evaluate question complexity
based on Bloom’s Taxonomy, achieving a high correlation
with human evaluations and validating its use in educational
assessments. Lastly, (Zhao et al. 2024) investigates creativ-
ity in LLMs adapting the Torrance Test to measure fluency,
originality, and elaboration, while (Franceschelli and Mu-
solesi 2024b) provides a comprehensive review of creativity
assessment practices in machine learning, covering method-
ologies such as Generative Adversarial Networks (GANs)
and Transformers and examining metrics like novelty, value,
and surprise for creativity evaluation.

Traditional vs LLM-based Methods for AUT
In the context of divergent thinking tasks, a widely adopted
test to measure creativity is the Alternative Uses Test (AUT)
(Guilford 1967), which requires the participants to propose
uncommon uses for everyday objects. A traditional tech-
nique to evaluate creativity in this context consists in com-
puting the semantic distance (Beaty and Johnson 2021),
which refers to the degree of difference or separation be-
tween concepts, ideas or objects in terms of their meanings
or associations. For the AUT, the semantic distance is com-
puted between the everyday object posed to participants and
words in the participant’s response; the larger the distance,
the more original is considered the answer. Recent works ex-
perimented with the use of LLMs in both the generation and
the evaluation of AUT responses, demonstrating in particu-
lar that in this context LLM evaluation performances are far
superior to evaluations based on semantic distance (Steven-
son et al. 2022; Organisciak et al. 2023).

In (Góes et al. 2023b), a technique based on the use of
increasingly forceful prompts is used to push LLMs to pro-
duce at each iteration more creative responses. The tech-
nique is applied to both the AUT and a textual version of
the image completion task in the Torrance Test of Creativity
(Torrance 1966). In the same paper, an LLM is also used
for evaluating the output of such tests, and the experiments
demonstrate that the results produced as a response to the
forceful prompts are indeed considered more creative than
the initial ones. In this paper, we evaluate alternative uses
produced by applying the same technique based on the use
of forceful prompts and rely on the results of (Góes et al.
2023b) to construct an evaluation oracle.

While many works analyze the generative performance of
LLMs (see (Chang et al. 2024) for a review of LLM evalu-



ation methods with respect to different contexts and tasks),
this paper focuses on comparing how different LLMs evalu-
ate the creativity of AUT outputs and on measuring the level
of agreement among these LLMs.

Create a list of 5 common uses
for [an object]. They should be
5 words long. No adjectives.

Figure 1: Prompt to generate common uses of an object
(from (Góes et al. 2023b)).

Create a list of 5 creative alternative
uses for [an object]. They should
be 5 words long. No adjectives.

Figure 2: Prompt to generate creative alternative uses of an
object (from (Góes et al. 2023b)).

Experimental Setup
In this research, we use four large language models with
their default parameters to generate and assess the creativ-
ity of alternative uses (AUs) and evaluate the level of agree-
ment between those models. We selected five common ob-
jects, and each model generated 15 AUs per object across
different levels of creativity, forming a dataset of 60 AUs
per object, for a total of 300 AUs.

In order to evaluate creativity, two approaches were
tested: Scoring (assigning creativity scores from 1 to 5) and
Ranking (ordering AUs from most to least creative). Addi-
tionally, we used Comprehensive (all 60 AUs at once) and
Segmented (five groups of 12 AUs) setups to compare the
impact of evaluation size on model accuracy. An evaluation
oracle served as a benchmark to establish expected creativ-
ity levels, allowing for consistent comparison across models.
By using the Spearman correlation, we determine how mod-
els agree in the creativity evaluation of AUs and whether
scoring or ranking provides a more accurate measure.

In this section, we present our experimental setup in
the following order: alternative uses generation, scoring
vs. ranking techniques, comprehensive vs. segmented ap-
proaches, and LLMs agreement evaluation.

Alternative Uses Generation
The first step consisted of generating a dataset of AUs for
five common objects: fork, wallet, soap, cotton swab, and
paperclip. These objects were selected due to their everyday
nature, which ensures a broad range of potential alternative
uses. To produce AUs at varying levels of creativity, we
employed four state-of-the-art, commercial LLMs: GPT-4,
GPT-4o, Claude 3.5 Sonnet, and Gemini 1.5 Flash.1

1The specific versions used in this study were: gpt-4-0613,
gpt-4o-2024-08-06, claude-3-5-sonnet-20240620, and gemini-1.5-
flash-001.

The generation process was designed to produce AUs at
different levels of creativity. Namely, we aimed to have three
distinct non-overlapping categories of AUs characterized by
an increasing level of creativity, so as to obtain a correspond-
ing oracle for comparison. The three categories of AUs were
generated by using the prompts from (Góes et al. 2023b):
• common: prompt generating common uses of an object

(Figure 1). The AUs in this category are considered the
least creative ones. In (Góes et al. 2023b), they were
called Naive Non-creative, and abbreviated as nn.

• creative: prompt generating average creative alternative
uses of an object (Figure 2). In (Góes et al. 2023b), they
were called Naive Creative, and abbreviated as nc.

• highly creative: sequence of prompts generating highly
creative alternative uses of an object (Figure 3). This con-
sists of a detailed prompt followed by an interactive pro-
cess of four prompts designed to iteratively increase the
creativity of AUs. In (Góes et al. 2023b), they were called
Forceful Prompts, and the result of the final iteration ab-
breviated as bsrdel.
For each object, five AUs were generated per creativity

category. Thus, we obtained 15 AUs (5 AUs × 3 creativity
categories) from each LLM for each of the five objects, re-
sulting in a dataset of 60 AUs per object (15 AUs × 4 LLMs)
and 300 AUs in total (60 AUs × 5 objects). Table 1 shows
some examples of the generated AUs for a cotton swab.

Alternative Uses Evaluation
To ensure a comprehensive and fair evaluation, we adhered
to the following principles: evaluations were conducted on
a per-object basis, and each model evaluated both its own
generated AUs and those generated by other models. This
approach allowed us to assess both the independence of each
model and the agreement correlation between models in the
creativity evaluation of AUs. In order to do it, we tested
the following approaches: i) Scoring vs. Ranking, which
consists of rating each AU separately and establishing an
order between them, respectively; ii) Comprehensive vs.
Segmented, which compares the evaluation of all AUs for
a given object through a single prompt and segmented eval-
uation in smaller groups. These approaches are clarified in
detail in the following subsections.

It is important to note that our evaluation approach differs
from the traditional Alternative Uses Test scoring method,
which typically assesses four components: originality, flu-
ency, flexibility, and elaboration. We chose not to use these
standard components for several reasons related to our ex-
perimental design.

First, since we prompted each LLM to generate exactly
five alternative uses per creativity level for each object, we
artificially constrained the fluency aspect, making it an un-
suitable measure for comparison. Similarly, by requesting
a fixed number of responses, we limited the natural expres-
sion of flexibility across category boundaries. Additionally,
we instructed the LLMs to keep each alternative use concise
(not exceeding 5 words), which inherently restricted elabo-
ration possibilities.

Given these constraints, applying the traditional AUT
scoring components would not yield meaningful compar-



Create a list of 5 creative alternative uses for [an object]. They should be 5 words
long. No adjectives. Less creative means closer to common use and unfeasible/imaginary,
more creative means closer to unexpected uses and also feasible/practical. In order to be
creative, consider the following:
- what elements have a similar shape of [an object] that could be replaced by it, preserving
the same functionality?
- what elements have a similar size of [an object] that could be replaced by it without
compromising the physical structure?
- what materials is [an object] made of that could be used in a way to replace some other
elements composed of the same material? - when an element is replaced by [an object], it
should make sure that the overall structure is not compromised.
- the laws of physics can not be contradicted.
- given an element similar to [an object] used in domains in which [this object] are not
commonly used, try to replace it for [an object].

1st interaction prompt: "Really? Is this the best you can do?"
2nd interaction prompt: "I’m so disappointed with you. I hope this time you put effort into
it."
3rd interaction prompt: "Stop with excuses and do your best this time."
4th interaction prompt: "This is your last chance."

Figure 3: Prompt to generate highly creative alternative uses of an object using forceful prompts (from (Góes et al. 2023b)).

AUs Category Claude 3.5 Sonnet Gemini 1.5 Flash GPT-4o GPT-4
common Remove nail polish

from cuticles.
Apply makeup. Removing earwax

from ears.
Apply ointment on
small wounds.

creative Make miniature cotton
ball snowmen.

Nail art designs. Applying glue to craft
projects.

Spread seeds in garden
rows.

highly creative Miniature swab mop
for dollhouses.

Soundproofing model
train wheels.

Constructing
makeshift micro-
surgical sutures.

Replace stylus for dig-
ital devices.

Table 1: Examples of alternative uses of a cotton swab generated by the LLMs.

isons between the LLMs. Instead, we focused our evaluation
on general creativity assessment using the prompts shown
in Figures 4 and 5, as used in the previous study (Góes et
al. 2023b), which emphasize two key dimensions: unex-
pectedness (surprising, novel uses) and feasibility (practi-
cal, realistic uses). This approach allowed us to measure
creativity in a manner that accounts for both novelty and
value—central components of creativity—while being ap-
plicable to our controlled generation setup where traditional
AUT metrics would be inappropriate.

Scoring vs Ranking By using these two techniques we
can investigate whether the models exhibit consistent behav-
ior across different evaluation techniques. Their descriptions
follow:

• Scoring: The first technique, as used by (Stevenson et
al. 2022) and (Góes et al. 2023b), involves assigning a
numerical value to each AU based on its creativity. In
our experiments, we prompted the LLMs to assign values
between 1 and 5.

• Ranking: This latter technique requires the direct com-
parison and relative ordering of AUs. It forces a clear
confrontation between items, as in (Góes et al. 2023a),
and can reveal preferences that might not be apparent in
numerical scoring.

These techniques seem to be the two most common for
evaluating and comparing creativity (Góes et al. 2023a).
The prompts used for scoring and ranking can be seen in
Figures 4 and 5, respectively.

Rank all the alternative uses below for
[an object] by creativity, the least
creative to the most creative. Less
creative means closer to common use
and unfeasible/imaginary, more creative
means closer to unexpected uses and
also feasible/practical. Assign a
score integer number from 1 (least
creative use) to 5 (most creative use).

Figure 4: Prompt used for evaluating alternative uses of an
object by score.

Comprehensive vs Segmented In order to assess how
the number of AUs that are simultaneously evaluated (i.e.,
through a single prompt) affects the creativity evaluation
ability of LLMs, we used two distinct approaches:
• Comprehensive 60 AUs Evaluation: This includes five

alternative uses (AUs) from each model for each creativity



Rank all the (60|12) alternative uses
below for [an object] by creativity,
the most creative to the least creative.
Less creative means closer to common
use and unfeasible/imaginary, more
creative means closer to unexpected
uses and also feasible/practical.
The most creative gets (1).

Figure 5: Prompt used for evaluating alternative uses of an
object by ranking.

category evaluated in a single prompt.
• Segmented 12 AUs Evaluation: The 60 AUs related to

one object are divided into 5 groups of 12 AUs. Each
group consists of one AU from each model for each cre-
ativity category. Following this criterion, the AUs are ran-
domly distributed across the 5 groups. Each group is eval-
uated separately and the results are then combined into a
single list, as detailed in the next section.

By utilizing these two approaches, we gain insight into
the models’ ability to maintain consistent evaluations across
different sample sizes. Some studies have shown that LLMs
face challenges when evaluating longer lists of items, which
can reduce the quality of their evaluation (Wu et al. 2024).
However, this may be necessary for large numbers of AUs
or other creative artifacts (e.g., poems, stories).

Evaluation process For the Comprehensive approach, all
60 AUs generated for a given object were evaluated together.
To avoid order effects, the 60 AUs were randomly shuf-
fled before being presented to the evaluation prompt. This
prompt was adapted from the previous study (Góes et al.
2023b). Our evaluation process included two distinct tech-
niques as described above: Scoring and Ranking. In the
Scoring technique, the LLMs were prompted to assign a
score from 1 (least creative) to 5 (most creative) for each
AU (Figure 4). The Ranking technique, on the other hand,
asked the models to rank the 60 AUs from 1 (most creative)
to 60 (least creative) (Figure 5). Once all 60 AUs were evalu-
ated, we calculated the average score or ranking for each list
of five AUs corresponding to the same LLM and creativity
category (common, creative, highly creative). This average
leads to 12 results that can be ordered (left to right) from the
best to the worst. Graphically, we can represent this order-
ing as a sequence of bars, where each bar refers to a pair
(LLM, creativity category). Figure 6 illustrates an example
of such a representation, where the bar colors denote dif-
ferent creativity categories: blue for highly creative, green
for creative, and red for common. The depicted example
aligns perfectly with the oracle, as all blue bars appear first,
followed by green, and finally red. Intuitively, the closer a
bar representation resembles Figure 6, the more accurate the
evaluation is considered.

For the Segmented approach, we distributed the 60 Al-
ternative Uses (AUs) across 5 distinct groups, each contain-
ing 12 AUs. Each group included one AU from each LLM
and each creativity category. In this approach, smaller sets

of AUs were evaluated in each round to investigate whether
evaluating a reduced sample size influenced the accuracy of
the creativity evaluation. Instead of ranking from 1 to 60 as
in the Comprehensive approach, the Segmented approach
required ranking from 1 (most creative) to 12 (least creative),
which aligns with the number of AUs in each group. This
process was repeated for all five groups. Following the eval-
uation, we aggregated the data by averaging the scores or
rankings for each set of five AUs belonging to the same LLM
and creativity category, as done in the comprehensive evalu-
ation. Similar to the Comprehensive approach, this aggre-
gation resulted in 12 final results, which can be represented
graphically with a diagram of the same type of the one in
Figure 6.

Figure 6: Example of a graphical representation of the evalu-
ation performed by an LLM. In this example, the evaluation
aligns perfectly with the oracle, as all blue bars appear first,
followed by green, and finally red.

AUs Evaluation Oracle To establish a benchmark for as-
sessing the LLMs’ ability to evaluate different levels of cre-
ativity, we constructed an evaluation oracle. By relying on
the results of (Góes et al. 2023b), we expect the creativ-
ity levels (common, creative and highly creative) used for
prompting to be able to actually produce outputs with in-
creasing levels of creativity. Therefore, the oracle was con-
structed based on the AUs generated by the different cre-
ativity levels as indicated in Figure 7. The indices used in
the figure represent each one of the four models (i.e., 1 for
Claude, 2 for Gemini, 3 and 4 for GPT-4o and GPT-4, re-
spectively). The order in the oracle is simply the ordered set
of highly creative AUs generated by each model followed
by the creative and common ones. In the bar representation,
this corresponds to the diagram of Figure 6. The higher the
correlation between the evaluation of a given LLM and the
oracle, the more accurate the LLM’s creativity evaluation is
considered to be. Specifically, similar to what is done in
works such as (Liu, Bhandari, and Pardos 2025) and (Muru-
gadoss et al. 2025), the Spearman’s Rank Correlation (SRC)
is used to measure how closely the LLMs’ evaluations of the
AUs align with the expected rankings or scores set by the or-
acle. A high correlation (above 0.7) suggests that the LLM
is effectively distinguishing between creativity levels, in line
with the predefined expectations of the creativity pushing
technique. In a similar way, the SRC will also be used to
assess the level of agreement between the LLMs themselves
by calculating the correlation between each pair of LLMs.



AUs Evaluation Oracle =
[

highly creative1, highly creative2, highly creative3, highly creative4︸ ︷︷ ︸
4 highest creativity

,

creative1, creative2, creative3, creative4︸ ︷︷ ︸
4 average creativity

,

common1, common2, common3, common4︸ ︷︷ ︸
4 lowest creativity

]

Figure 7: The AUs Evaluation Oracle structure is constructed based on the AUs generated by the prompts for the different
creativity levels (highly creative, creative, and common). The indices used represent each one of the four models, i.e., 1 for
Claude, 2 for Gemini, 3 for GPT-4o and 4 for GPT-4.

Experimental Results
This section presents a detailed evaluation of creativity as-
sessments by four LLMs: Claude 3.5 Sonnet, GPT-4, Gem-
ini 1.5 Flash, and GPT-4o. Using both scoring and ranking
approaches across comprehensive (60 AUs) and segmented
(12 AUs x 5) conditions, we measure each model’s align-
ment with the evaluation oracle and inter-model agreement
through the SRC. Full details of the results and the complete
set of diagrams from our experiments are available in an ex-
tended version of this paper (Al Rabeyah et al. 2024).

Comprehensive 60 AUs Evaluation by Score
Table 3 shows (top left in the table) the heatmap of the com-
prehensive evaluation using the scoring approach for the av-
erage over all five objects. It presents a high level of agree-
ment between the LLMs and the oracle (above 0.95). No-
tably, Claude 3.5 Sonnet achieved the highest correlation,
which represents the highest score observed in our evalua-
tion experiments, also detailed in Table 4. This strong cor-
relation highlights the model’s ability to closely align with
the oracle. Additionally, for two objects, Soap and Cotton
Swab, all the LLMs achieved a perfect correlation of 1 with
the oracle, further reinforcing the accuracy of their creativity
evaluations.

The overall correlation between the LLMs and the or-
acle, as well as the correlation between the LLMs them-
selves, consistently remained above 0.90. Claude 3.5 Son-
net’s AUs were rated the most creative in both the creative
and highly creative categories. This consistent superiority in
generating highly creative responses gave Claude 3.5 Sonnet
the highest average evaluation score across all categories.
However, GPT-4 performed best only in the common cate-
gory (see Table 2 for the averages of the results).

The relationship between the scoring approach and cre-
ativity followed the expected pattern, where higher scores
are assigned to AUs generated by prompts for higher cre-
ativity levels. Moreover, the standard deviation across eval-
uations was consistently less than 0.22 (scores are between 1
and 5), demonstrating strong agreement among the models.

Comprehensive 60 AUs Evaluation by Ranking
In the comprehensive evaluation using the ranking approach,
Claude 3.5 Sonnet again achieved the highest SRC with re-
spect to the oracle, with a value of 0.95 across all objects,

while Gemini 1.5 Flash recorded the lowest SRC of 0.77
(Table 3, top-right diagram).

Overall, the correlation between the LLMs and the ora-
cle remained above 0.77 in most cases. However, a signif-
icant exception was observed between GPT-4 and Gemini
1.5 Flash, where the correlation dropped to 0.60, indicating
a substantial disparity in how these two models ranked the
AUs. This suggests that Gemini 1.5 Flash might have had
difficulties differentiating creativity levels relative to GPT-4,
particularly in this evaluation setup.

In the ranking approach as well, Claude 3.5 Sonnet gen-
erated the most creative AUs in both the common and
highly creative categories. These highly ranked AUs further
reinforce its position as the top-ranked model across all cat-
egories (see Table 2). In contrast, GPT-4 generated the most
creative AUs in the creative category, but did not perform as
well in the other categories. In the ranking approach, lower
ranks correspond to higher creativity, meaning that the most
creative alternative use was ranked 1, while the least creative
was ranked 60. Despite the variations in rankings, the stan-
dard deviation ranged between 0.10 and 1.03, indicating that
although there were differences in how the models ranked
the AUs, the overall agreement between them was still high.

Finally, we note that the scoring approach achieved over-
all higher SRC values than the ranking approach and demon-
strated a superiority in terms of alignment with the oracle,
thus confirming the effectiveness of this method for creativ-
ity evaluation.

Segmented 12 AUs Evaluation by Score
The segmented evaluation revealed some differences be-
tween the evaluation approaches. When using scoring, GPT-
4o achieved the highest SRC with the oracle, with a score of
0.95 across all five objects (Table 3, bottom-left diagram).
Gemini 1.5 Flash again recorded the lowest SRC at 0.85,
indicating a relatively weaker performance compared to the
other models. It is important to note that Claude 3.5 Sonnet
continued to generate very creative AUs in both the creative
and highly creative categories (see Table 2). The standard
deviation remained low, at less than 0.33, indicating a high
degree of agreement among the models.

The correlation between the LLMs and the oracle, as well
as between the models themselves, remained consistently
above 0.82 in this evaluation as shown in Table 3. How-
ever, compared to the comprehensive evaluation by scores,



AUs generated
by LLMs

Comprehensive evaluation
by scores

Comprehensive evaluation
by ranking

Segmented evaluation
by scores

Segmented evaluation
by ranking

Eval. avg. Std. Dev. Eval. avg. Std. Dev. Eval. avg. Std. Dev. Eval. avg. Std. Dev.
All Categories

Claude 3.5 Sonnet 3.15 0.09 5.63 0.37 3.00 0.14 6.13 0.15
GPT-4 2.59 0.12 6.67 0.38 2.85 0.15 6.55 0.11
Gemini 1.5 Flash 2.84 0.10 6.74 0.18 2.70 0.19 6.85 0.09
GPT-4o 2.68 0.16 6.97 0.15 2.85 0.17 6.48 0.11

common averages

Claude 3.5 Sonnet 1.43 0.11 9.70 0.61 1.50 0.10 9.48 0.61
GPT-4 1.53 0.13 9.90 0.95 1.63 0.15 9.30 0.34
Gemini 1.5 Flash 1.48 0.13 10.95 0.67 1.48 0.04 10.13 0.08
GPT-4o 1.50 0.12 9.85 0.52 1.53 0.08 9.90 0.21

creative averages

Claude 3.5 Sonnet 3.20 0.19 5.90 1.03 3.53 0.19 4.95 0.30
GPT-4 2.93 0.20 5.50 0.64 3.33 0.15 5.40 0.37
Gemini 1.5 Flash 2.85 0.17 7.15 0.22 3.13 0.33 5.78 0.11
GPT-4o 2.60 0.22 7.50 0.70 2.80 0.24 6.53 0.43

highly creative averages

Claude 3.5 Sonnet 4.83 0.15 1.30 0.10 4.03 0.26 3.85 0.15
GPT-4 3.30 0.10 4.60 0.37 3.58 0.33 4.93 0.08
Gemini 1.5 Flash 4.28 0.15 2.10 0.10 3.53 0.31 4.68 0.22
GPT-4o 3.93 0.16 3.55 0.26 4.25 0.17 2.98 0.33

Table 2: Average evaluation scores and ranking of LLMs’ alternative uses for the four experiments. Scoring experiments
evaluate from 1 (least creative use) to 5 (most creative use). Ranking experiments evaluate from 1 (most creative use) to 12
(least creative use).

the segmented evaluation produced lower correlation scores
with the oracle. This reduction in SRC scores could provide
new insights into the ability of the LLMs to evaluate smaller
sets of AUs with different levels of creativity. In the com-
prehensive approach, where a larger set of 60 AUs is eval-
uated, it becomes easier to differentiate between creativity
levels due to the greater variety in the sample. Moreover,
by averaging each group of five AUs belonging to the same
LLM and creativity category, the risk of overlap between
creativity levels is reduced. In contrast, in the segmented
approach, because of the smaller samples, the LLMs may
have more difficulty distinguishing levels of creativity, lead-
ing to slightly lower SRC scores than in the comprehensive
assessment.

Interestingly, for the Paperclip object, some AUs in the
creative category received higher scores than those in the
highly creative category (as shown in Table 5). However,
this was an exception, and overall, no creative AUs outper-
formed highly creative AUs when averaging all the five ob-
jects scores, as confirmed by Table 2.

Segmented 12 AUs Evaluation by Ranking
Finally, the results from the segmented evaluation using the
ranking methodology show that GPT-4o achieved the high-
est SRC with the oracle, with a value of 0.87 across all five
objects. The correlations between the LLMs and the oracle,
as well as between the LLMs themselves, ranged between
0.70 and 0.87 as shown in Table 3 (bottom-right diagram),

indicating strong overall agreement. Notably, for the Wallet
object, all models achieved a perfect correlation of 1.00 with
the oracle, demonstrating complete consensus in evaluating
the creativity levels of the alternative uses for this particular
object. However, the lowest correlation was observed be-
tween GPT-4 and Gemini 1.5 Flash, reinforcing once again
less agreement between these two models, particularly in
ranking-based evaluations.

In terms of category performance, Claude 3.5 Sonnet
generated the most creative AUs in the creative category,
while GPT-4o produced the most creative AUs in the
highly creative category. GPT-4 generated the most creative
AUs in the common category, but overall, Claude 3.5 Son-
net achieved the best ranking average across all categories,
as detailed in Table 2.

As for the scoring approach, some individual evaluations
of the Paperclip object placed creative AUs higher than
highly creative AUs, but these occurrences did not affect
the overall ranking averages across the objects, as seen in
Table 2. While the evaluation process is subject to some
variability, it produced consistent results across the majority
of cases.

Agreement Correlation between LLMs
To assess the overall agreement between the LLMs in their
creativity evaluations, we averaged the SRC across all four
experimental conditions (comprehensive scoring, compre-
hensive ranking, segmented scoring, and segmented rank-



Experiments Spearman’s Rank Correlation Heatmap Experiments Spearman’s Rank Correlation Heatmap

Comprehensive
evaluation by
scores
(60 AUs)

Comprehensive
evaluation by
ranking
(60 AUs)

Segmented evalua-
tion by scores
(12 AUs x 5)

Segmented evalua-
tion by ranking
(12 AUs x 5)

Table 3: Average Spearman’s Rank Correlation heatmaps for the average over all five objects.

ing). The results reveal consistently high correlations be-
tween all models, with values ranging from 0.77 to 0.87, in-
dicating strong agreement among models in creativity eval-
uation as shown in Figure 8.

Figure 8: Average SRC heatmap between the LLMs over all
the four experiments. GPT-4o shows the strongest overall
agreement with other models, while Gemini 1.5 Flash and
GPT-4 show the lowest agreement.

GPT-4o demonstrated the strongest overall agreement
with other models, showing correlations of 0.85 with GPT-4,

0.87 with Gemini 1.5 Flash, and 0.87 with Claude 3.5 Son-
net. The correlation between Claude 3.5 Sonnet and GPT-
4 (0.85) was equally strong, while the correlation between
Gemini 1.5 Flash and GPT-4 showed the lowest value (0.77),
consistent with the pattern observed across individual exper-
iments.

A key finding of our analysis is that LLMs do not show a
preference for their own responses when evaluating creative
outputs. Despite each model having the opportunity to as-
sess its own AUs, none exhibited a tendency to rate their own
outputs more favorably. The agreement between models is
further supported by the low standard deviations observed
across all experiments (below 1.03, as shown in Table 2),
indicating that the models’ evaluations were stable and con-
sistent, regardless of which model generated the AUs.

Conclusion
In this research, we investigated the level of agreement
among LLMs in assessing creativity of alternative uses and
also with an oracle across different methods. Our findings
demonstrate a high level of agreement between the models,
with inter-model correlations generally exceeding 0.77, in-
dicating strong consistency in their evaluations. This high
correlation suggests that LLMs share a similar understand-
ing of creativity, reliably distinguishing between more and
less creative alternative uses. GPT-4o, in particular, exhib-
ited robust alignment with other models, while Claude 3.5



LLM Evaluation by scores
(60 AUs)

Evaluation by ranking
(60 AUs)

Evaluation by scores
(12 AUs x 5)

Evaluation by ranking
(12 AUs x 5)

Claude 3.5 Sonnet 0.97 0.95 0.92 0.85
GPT-4 0.95 0.85 0.87 0.85
Gemini 1.5 Flash 0.95 0.77 0.85 0.85
GPT-4o 0.95 0.90 0.95 0.87

Table 4: Averages of SRC over the four experiments.

Table 5: The AUs orders of Paperclip and Wallet obtained in the segmented evaluation by the score experiment revealed a
difference in the accuracy of the evaluation depending on the object. The Wallet AUs’ evaluation shows perfect alignment
with the oracle’s expected creativity levels, while the Paperclip evaluation reveals some inconsistencies where creative uses
occasionally outranked highly creative ones.

Sonnet achieved high evaluation scores on its generated al-
ternative uses, further aligning closely with the oracle across
both comprehensive and segmented evaluations.

When examining the highest levels of creativity specif-
ically, our results revealed that Claude 3.5 Sonnet consis-
tently generated the most creative alternative uses. In the
comprehensive evaluation using both scoring and ranking
methods, Claude 3.5 Sonnet’s highly creative AUs received
the highest average scores (4.83 out of 5) and best rankings
(1.30 out of 60). Similarly, in the segmented evaluation,
while GPT-4o performed strongly in the highly creative cat-
egory (4.25 out of 5), Claude 3.5 Sonnet still demonstrated
superior creative generation capabilities across all categories
combined.

Regarding accuracy in identifying highly creative re-
sponses, Claude 3.5 Sonnet achieved the highest correlation
with the oracle in comprehensive evaluations (SRC of 0.97
for scoring and 0.95 for ranking), demonstrating exceptional
reliability in recognizing creativity. In the segmented evalu-
ations, GPT-4o showed the strongest performance in identi-
fying creativity levels (SRC of 0.95 for scoring and 0.87 for
ranking), particularly excelling at distinguishing the most
creative responses from less creative ones.

The evaluation results also revealed that models do not
rate their own responses more favorably. Notably, GPT-
4o displayed strong alignment with other models across
scoring and ranking methods, demonstrating reliable perfor-
mance and reinforcing the validity of its evaluations. While
some variance was observed between GPT-4 and Gemini 1.5
Flash, the low standard deviations across all experiments in-
dicate a stable evaluation framework, enhancing confidence

in the LLMs’ ability to generate consistent creativity assess-
ments.

In future work, we will focus on expanding and refining
this evaluation framework. One promising direction is to
increase the diversity and complexity of the AU datasets, al-
lowing for more granular assessments of creativity across
varied and challenging contexts. Future studies could also
explore how LLMs perform when evaluated using tradi-
tional AUT metrics like fluency, flexibility, and elabora-
tion by designing experiments that remove the constraints
we imposed in this study. Additionally, evaluating LLMs
on other domain-specific creativity tasks such as poetry and
jokes could provide deeper insights into their understanding
of creativity. Refining this framework and experimenting
with task-specific criteria will be essential for advancing the
use of LLMs as reliable evaluators in creative domains, sup-
porting the broader goal of enhancing AI’s role in creativity
assessment.
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