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Abstract

We examine, analyze, and compare four rep-
resentative creativity measures—perplexity,
LLM-as-a-Judge, the Creativity Index (CI; mea-
suring n-gram overlap with web corpora), and
syntactic templates (detecting repetition of
common part-of-speech patterns)—across the
diverse creative domains, such as creative writ-
ing, unconventional problem-solving, and re-
search ideation. For each domain, we compile
datasets with human-aligned creative and un-
creative examples and evaluate each metric’s
ability to discriminate between the two sets.
Our analyses reveal limited consistency both
across domains and metrics, as metrics that dis-
tinguish creativity in one domain fail in others
(e.g., CI correctly distinguishes in creative writ-
ing but fails in problem-solving), and different
metrics often disagree on the same data points
(e.g., CI suggests one set to be more creative,
while perplexity indicates the other set to be
more creative.) We highlight key limitations,
such as perplexity reflecting fluency rather than
novelty; LLM-as-a-Judge producing inconsis-
tent judgments under minor prompt variations
and exhibiting bias towards particular labels;
CI primarily measuring lexical diversity, with
high sensitivity to implementation choices; and
syntactic templates being ineffective in settings
dominated by formulaic language. Our findings
underscore the need for more robust, general-
izable evaluation frameworks that better align
with human judgments of creativity. We re-
lease the datasets and evaluation code: https:
//github.com/lichun-19/creative_eval.

1 Introduction

Creativity is essential to human progress across
art, daily problem-solving, and scientific discov-
ery (Cropley, 2006; Feist, 1998; Simonton, 2004).
Large language models (LLMs) perform well on
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structured tasks such as question answering and
logical reasoning (Goel et al., 2023; Cabral et al.,
2024; Pu et al., 2023; Li et al., 2024), but their
creative abilities remain limited (Sawicki et al.,
2023b,a; Chakrabarty et al., 2024; Mirowski et al.,
2023). As interest in machine creativity grows, so
too does the need for reliable evaluation metrics
that can effectively benchmark LLM performance
across creative domains.

The inherently multidimensional and domain-
specific nature of creativity has led to a diverse
range of evaluation methods. Prior work has pro-
posed various automatic metrics to capture differ-
ent aspects of creativity, such as semantic distance
to measure novelty in text generation (Zhao et al.,
2019; Haque et al., 2022), and metrics like the Cre-
ativity Index and syntactic templates for assessing
linguistic creativity (Li et al., 2016; Lu et al., 2024c;
Liu et al.; Shaib et al., 2024). LLMs have also been
used as evaluators in tasks like the Alternative Uses
Task (AUT) and creative writing (Gdes et al., 2023;
Organisciak et al., 2023; Distefano et al., 2024; Lu-
chini et al., 2025a,b). These methods highlight the
diversity of creativity and the complexity of its eval-
uation. This raises an important question: how can
we select evaluation metrics accurately reflecting
human-perceived creativity across domains?

To address this question, we analyze four repre-
sentative creativity metrics, each reflecting a dif-
ferent level of granularity in creativity evaluation
as illustrated in Figure 1. We adopt the commonly
used definition of creativity (Guerberof-Arenas and
Toral, 2022; Mukherjee and Chang, 2023; Ismay-
ilzada et al., 2025), which treats creativity as the
combination of novelty and acceptability (also re-
ferred to as quality or usefulness, i.e., the idea is
appropriate or fit for its purpose and constraints).
In our setting, we emphasize novelty, as our dataset
construction process already filters out infeasible
or low-quality examples. We use the Creativity In-
dex (Lu et al., 2024c) to assess phrase-level creativ-
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Figure 1: Illustrations of creativity metrics selected for evaluation. (a) Creativity Index captures phrase-level
originality by identifying reused segments from large-scale web datasets. (b) Perplexity measures token-level
unexpectedness via language model prediction probabilities. (c) Syntactic templates evaluate structure-level
novelty by detecting reliance on common syntactic patterns. (d) LL.M-as-a-Judge incorporates rubric-based scoring
and chain-of-thought reasoning to assess overall creative quality.

ity by computing n-gram overlap with large-scale
web corpora, perplexity to capture token-level di-
versity, syntactic templates (Shaib et al., 2024) to
evaluate structural creativity, and LLM-as-a-Judge
for a holistic assessment (Merrill et al., 2024; Cross-
ley et al., 2016; Nguyen, 2024). To evaluate the
alignment between these metrics and human per-
ceptions of creativity, we apply them across three
domains where machine creativity has been exten-
sively studied (Ismayilzada et al., 2024a): artistic
creativity (e.g., creative writing), unconventional
problem-solving, and research ideation. For each
domain, we curate a dataset of both creative and
uncreative examples, reflecting human judgments,
and assess each metric’s performance within and
across these domains.

Our analysis reveals that the four creativity met-
rics exhibit limited consistency both across do-
mains and with one another. We further analyze
each metric’s behavior:

* Creativity Index is weakened by its sensi-
tivity to the choice of L-uniqueness and the
selection of reference corpora, e.g., difference
between two cases can vary by a factor of two
when using L = 5-7 versus L = 5-11.

* Perplexity, while associated with diversity
and surprise (Basu et al., 2021), exhibits sub-
stantial overlap in creative and uncreative
score distributions across all domains.

* Syntactic templates are weak in settings
where novel ideas are often expressed through
formulaic language, such as research ideation
and problem-solving.

* LLM-as-a-Judge is highly prompt-sensitive
and prone to one-sided bias across models;
furthermore, repeated evaluations of the same
instance by the same judge exhibit only 40%
consistency across three runs.

In conclusion, our findings reveal critical inconsis-
tencies across metrics and domains, emphasizing
the need for more robust, generalizable evaluation
frameworks aligned with human creativity judg-
ments. By clarifying the strengths and limitations
of existing metrics, our study provides a founda-
tion for future methods and informs current best
practices in creativity evaluation.

2 Background on creativity evaluation

As LLMs advance in generating creative con-
tent, the need for effective evaluation methods has
grown. We review existing metrics and discuss
their applicability to evaluating machine-generated
content.

Classical psychological tests, including the Tor-
rance Tests of Creative Thinking (Torrance, 1966),
Divergent Association Task (Olson et al., 2021),
Remote Associates Test (Mednick, 1962), and Al-
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ternative Uses Task (Guilford, 1967), capture dif-
ferent facets of creative thinking, but are limited for
evaluating LLMs. Firstly, traditional metrics like
fluency become less informative as LLMs generate
extensive content with ease (Guzik et al., 2023; Lu
et al., 2024b); secondly, these tests require signif-
icant human effort (Torrance, 1966; Olson et al.,
2021; Guilford, 1967); and finally, subjective eval-
uation introduces potential biases (Beaty and John-
son, 2021).

As LLMs are increasingly applied to creative
domains such as story writing (Fan et al., 2018; Ak-
oury et al., 2020; Gémez-Rodriguez and Williams,
2023) and music composition (Ding et al., 2024;
Parker et al., 2024; Yuan et al., 2024), several
benchmarks have been introduced to assess their
creative capacity (Lu et al., 2024d; Zhang et al.,
2025; Atmakuru et al., 2024). These benchmarks
provide system-level comparisons across models.
Our focus, however, is on the level of individual
outputs: developing automatic metrics that can as-
sess creativity in open-ended settings beyond the
constraints of predefined tasks.

Automated measures including linguistic diver-
sity (Li et al., 2016; Lu et al., 2024c; Liu et al;
Shaib et al., 2024), text perplexity (Fan et al., 2018),
and LLM-based judgment (Ruan et al., 2024; Ye
et al., 2025; Lin et al., 2024; Pai et al., 2026) have
been proposed as scalable alternatives to human
assessment. However, LLM-based evaluation is
susceptible to biases such as positional bias and
preference for model-generated outputs (Shi et al.,
2024; Panickssery et al., 2024; Ye et al., 2024), and
few works have examined whether these metrics
meaningfully capture conceptual novelty, which is
a gap we address in this study.

To close this gap, our framework analyzes cre-
ativity through a technical segmentation at the to-
ken, phrase, and overall levels, complementing
prior work that draws on human judgments us-
ing adapted psychological tests (Chakrabarty et al.,
2024; Tian et al., 2024a; Lu et al., 2024b) or qual-
itative frameworks emphasizing surprise, diver-
sity, and novelty (Ismayilzada et al., 2024b, 2025).
By systematically examining existing measures
across diverse creative domains, we provide an
interpretable foundation for systematic, automated
analysis and guide the development of more effec-
tive assessment methods for future research.

3 Core domains of creativity selected for
evaluation

To systematically analyze existing creativity mea-
sures across diverse creative domains, we intro-
duce the domains we selected in Section 3.1, and
describe the curation process in Section 3.2.

3.1 Domains

Creativity is an incredibly broad concept spanning
multiple disciplines; to aid the evaluation of ex-
isting creativity metrics, we first identify the core
domains of creativity.

We follow the broad categorization by Ismay-
ilzada et al. (2024a) and select three domains rep-
resenting distinct aspects of creativity: creative
writing (artistic and aesthetic approaches), uncon-
ventional problem-solving (functional thinking),
and research ideation (logical synthesis of exist-
ing facts).

Creative writing. CREATIVE WRITING serves
as a representative sub- field for artistic creativity,
which involves generating original, aesthetically
engaging content that elicits emotional or intellec-
tual responses (Jean-Berluche, 2024; Kaimal et al.,
2017; Fancourt et al., 2019; Kim, 2015; Felton
et al., 2015).

Problem-solving. PROBLEM-SOLVING involves
identifying creative yet effective solutions by break-
ing from conventional approaches and overcoming
cognitive biases such as functional fixedness, with
the adaptability to generate innovative and practi-
cal outcomes. This domain of creativity requires
both divergent and convergent thinking (Chen et al.,
2024).

Research ideation. RESEARCH IDEATION in-
volves generating and evaluating novel scientific
ideas by challenging existing paradigms, synthesiz-
ing concepts across disciplines (Lu et al., 2024a).
This creative process is crucial for driving break-
throughs that advance the discovery of new theo-
ries, methods, and applications capable of address-
ing complex global challenges.

3.2 Datasets

To investigate the performance of existing creativ-
ity metrics across domains, we curate a dataset
for each domain, with examples described in Ta-
ble 1. Each dataset contains two sets of samples
(creative and uncreative) labeled based on human
perception of creativity. Section H presents rep-
resentative creative and uncreative examples for
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Domain Description

Sample task

Given a movie synopsis {synopsis}, determine if its
plot demonstrates originality and creative merit.

Given items {A, B, C}, how can we achieve {pur-
pose} when these items weren’t designed for that
purpose?

CREATIVE Generating and identifying cre-
WRITING ative, engaging artistic material,
such as movie plots or poems.
PROBLEM-  Finding creative solutions to un-
SOLVING conventional problems.
RESEARCH  Generating and identifying cre-
IDEATION ative, novel scientific ideas in re-

search writing.

Given a scientific research paper {paper}, determine
whether its underlying ideas are sufficiently novel for
it to be accepted.

Table 1: Creativity domain descriptions and sample tasks.

each domain. To validate reliability, we conduct a
pairwise verification task in which annotators iden-
tify the more creative example from 30 random
pairs per dataset, achieving 73% agreement with
the human-labeled creative samples. Annotation
was conducted by six graduate students with pro-
fessional English proficiency (CEFR level > B2).
Each data point was independently annotated by
two annotators, and inter-annotator agreement was
subsequently computed on the paired annotations.
Annotation instructions are provided in Section D.

For CREATIVE WRITING, we build upon datasets
from Tian et al. (2024a), which showed LLM-
generated narratives were less diverse in story arcs
and had worse pacing compared to human narra-
tives; we therefore label the dataset’s 150 LLM-
generated narratives as uncreative and its 150 hu-
man narratives as creative, with supporting details
in Section C. We augment the dataset with human-
written synopses scraped from movie summary
sites MoviePooper and The Movie Spoiler.

For PROBLEM-SOLVING, we adapt the Mac-
Gyver dataset for functional fixedness (Tian et al.,
2024b), which contains a collection of problem-
solving scenarios designed to assess the ability to
think beyond conventional uses of everyday objects.
We filter 573 unconventional solutions and extract
the tools mentioned in each problem to maintain
similar settings across examples. We then augment
the dataset by prompting LLMs to generate corre-
sponding conventional problem-solution pairs, the
validity of which we verify through human annota-
tion. Both unconventional and conventional solu-
tions were carefully rephrased to ensure consistent
expression and style across the dataset.

For RESEARCH IDEATION, we collect data from
OpenReview submissions to ICLR 2024, which

has published soundness, contribution, and presen-
tation scores for all accepted and rejected submis-
sions. To control for variables other than creativity
in research ideas, we group the papers according
to their soundness and presentation scores. Section
A details the curation process, which enables us to
focus on the creativity of papers as the primary dif-
ferentiating factor between accepted and rejected
papers as implemented by Zhao and Zhang (2025).
We balance our sample size across groups, resulting
in a final dataset of 513 creative/accepted papers
and 513 uncreative/rejected papers.

4 Creativity metrics selected for
evaluation

To comprehensively assess creativity across the
three domains, we select four representative met-
rics that evaluate creativity from multiple levels
of granularity: Creativity Index, Perplexity, syn-
tactic templates, and LL.M-as-a-Judge, as illus-
trated in Figure 1. Together, these metrics provide
a broad and multifaceted perspective on creativ-
ity—capturing variations at the token level, n-gram
patterns, part-of-speech and syntactic structures,
as well as semantic and holistic evaluation dimen-
sions.

Creativity Index (CI) quantifies textual origi-
nality by measuring overlap with web corpora with
the DJ SEARCH algorithm (Lu et al., 2024c¢). It
estimates L-uniqueness, the proportion of words
appearing in novel n-gram contexts of length L or
greater, and averages these scores across a range of
L values. In this study, we focus on exact verbatim
matches and implement CI using the Infini-Gram
algorithm (Liu et al.). Section B provides addi-
tional details and shows that near-verbatim match-
ing yields results similar to exact matching.
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Perplexity (PPL) measures the statistical unex-
pectedness of text based on probability distribu-
tions (Jelinek et al., 1977). It indicates how well a
probability model predicts a sample, where lower
probability is higher perplexity and therefore the
content is less expected and possibly more creative.

Syntactic templates examine structural diver-
sity in text by identifying commonly-used part-of-
speech patterns (e.g., [DET NOUN VERB DET
ADJ NOUN]) (Shaib et al., 2024). It uses three key
metrics:

* CR-POS: Compression ratio of POS tag se-
quences; lower values indicate more varied
syntax.

* Template rate: Fraction of texts containing
at least one common template; lower values
suggest greater structural originality.

* Templates-per-token (TPT): Number of tem-
plates normalized by text length; lower values
denote more syntactic diversity.

While effective for detecting repetition, this metric
captures structural rather than semantic creativity.

LLM-as-a-Judge uses LLMs to assess creativ-
ity at the conceptual level, complementing the lin-
guistic metrics above. Building on recent work
highlighting LLMs’ promise for creativity assess-
ment (Organisciak et al., 2023; Distefano et al.,
2024; Luchini et al., 2025a,b), we conduct ex-
tensive ablations across various dimensions, e.g.,
prompt sensitivity, model bias, model consistency,
and potential data contamination, as described
in Section F, and report the results of the best-
performing configuration. Our approach employs
a multi-pronged evaluation framework that tar-
gets idea-level creativity through chain-of-thought
prompting, aspect-based evaluation, and clearly de-
fined scoring criteria.

Our prompting strategies are tailored to each
domain. For CREATIVE WRITING, we evaluate
background setup, logic, development, and origi-
nality on a 1-5 scale. For PROBLEM-SOLVING, we
evaluate problem difficulty, solution unconvention-
ality, and solution efficiency on a 1-5 scale. For
RESEARCH IDEATION, we assess soundness (1-4),
presentation (1-4), contribution (1-4), and overall
quality (1-10) using domain-appropriate scales.

This approach captures conceptual creativity that
might be missed by purely linguistic or statistical
measures, providing a more holistic assessment

framework. Detailed prompts for each domain are
provided in the Section G.

5 Results and analysis

5.1 Quantitative results

We present the evaluation results of each metric
across three creativity domains in Table 2. The
results reveal that the metrics lack consistency, both
within individual domains and across domains.

Creativity Index (CI). CI effectively captures
the differences in CREATIVE WRITING; however, it
yields comparable scores between unconventional
and conventional solutions in PROBLEM-SOLVING,
as well as between accepted and rejected paper
introductions in SCIENTIFIC IDEATION. As dis-
cussed in Section 5.2.1, prior work often uses
unique n-grams to evaluate novelty (Crossley et al.,
2016; Merrill et al., 2024). However, our results
suggest CI reflects primarily lexical diversity which
is more relevant in the writing domain rather than
originality of ideas, limiting its effectiveness in
capturing conceptual creativity. Furthermore, Sec-
tion 5.2.2 highlights additional factors, such as the
choice of the n-gram range (L uniqueness), which
can significantly influence the CI scores and ulti-
mately undermine the reliability of reflecting the
linguistic creativity itself. Together with its de-
pendence on the reference corpus, this strong sen-
sitivity limits CI’s generality across domains and
evaluation setups.

Perplexity (PPL). From the PPL results, we ob-
serve that in CREATIVE WRITING and PROBLEM-
SOLVING, LLM-generated plots and conventional
solutions tend to exhibit higher PPL, whereas in
RESEARCH IDEATION, rejected paper introduc-
tions show lower PPL. This inconsistency high-
lights the inability of PPL to reliably distinguish
creative from uncreative content.

Although some studies have proposed PPL as an
indicator of surprise, diversity, or creativity (Basu
et al., 2021), it was originally developed as a flu-
ency metric and is heavily shaped by trade-offs
between model confidence and output smooth-
ness (Guo et al., 2024). Our findings show the
score distributions for creative and uncreative texts
overlap substantially across all domains, offering
little discriminative signal. We therefore suggest
PPL remains useful for monitoring fluency or guid-
ing fine-tuning (Guo et al., 2024; Wu et al., 2025),
but should not be treated as a reliable metric of
creativity.
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Syntactic templates

Domain Truth label CI1 PPL 1t LLM-as-a-Judge 1
CR-POS | >1 Template |
CREATIVE  human expert 0.72 +0.06 7.03 +3.97 5.474 77.3% (0.007) 2.69 + 0.76
WRITING LLM-generated 0.53 £0.06 7.36 +4.03 6.028 96.7% (0.013) 2.02 +0.55
PROBLEM-  unconventional 0.76 + 0.08 13.98 + 4.65 6.158 38.7% (0.039) 3.02 + 0.87
SOLVING conventional 0.75+0.09 14.11 +4.85 6.152 31.9% (0.033) 2.60 + 1.03
RESEARCH  accepted 0.71 £0.05 8.62 + 1.62 5.684 54.6% (0.004) 2.84 +0.54
IDEATION rejected 0.71 £0.05 8.50 + 1.59 5.657 63.2% (0.004) 2.85+0.19

Table 2: Metric performance across creative domains. The metrics exhibit inconsistent performance across
domains: CI reflects linguistic diversity and is sensitive to the choice of L; PPL captures fluency rather than
conceptual novelty; syntactic templates identify structure but not ideas; and LLM-as-a-Judge offers moderate

performance with biased and unstable results.

Syntactic templates. In PROBLEM-SOLVING
and RESEARCH IDEATION, unconventional solu-
tions and accepted papers tend to exhibit higher
CR-POS scores and elevated template rates, includ-
ing templates per token (TPT). In Section 5.2.3, we
conduct a qualitative analysis of the templates used
in CREATIVE WRITING, revealing LLM-generated
narratives often rely on repetitive and formulaic
syntactic structures to introduce plot developments,
in contrast to the more diverse constructions found
in human-written content. While syntactic tem-
plates are designed to evaluate linguistic creativity
beyond token-level lexical variation, our results
indicate this metric remains insufficient for captur-
ing conceptual creativity—particularly in domains
where novel ideas are often expressed using for-
mulaic language. However, template-based anal-
ysis can still be useful for characterizing stylistic
creativity and for identifying recurring structural
patterns in text. Future adaptations could improve
the value of syntactic templates by balancing the
number of top templates selected with computa-
tional efficiency or combining template analysis
with semantic measures of idea-level novelty.

LLM-as-a-Judge. We conduct extensive ab-
lations across four dimensions (prompt sensitiv-
ity, model bias, model consistency, and potential
data contamination) in Section F and report the
best-performing results to evaluate the strongest
configuration for LLM-as-a-Judge. Based on our
carefully designed evaluation prompts in Section
G, LLMs demonstrate moderate performance. We
tested multiple LLMs and reported the results from
the best-performing model, Claude 3.7 Sonnet us-
ing default hyperparameters. However, a closer
inspection reveals limitations in LLM-based eval-
uations, including the tendency toward one-sided

predictions, the weak correlation with human per-
ceptions, and instability under minor prompt varia-
tions. We report the details in Section 5.2.4.

5.2 Analysis and discussion

5.2.1 Creativity Index: Idea originality #
unique n-grams in the content

Crossley et al. (2016) explore the relationship be-
tween linguistic features and idea generation, op-
erating under the assumption that "essays with
greater originality would contain a greater number
of unique n-grams," where originality is defined as
"how different an individual’s ideas are from others’
ideas." However, our results, as reflected by CI in
PROBLEM-SOLVING and RESEARCH IDEATION,
show that texts containing original ideas do not
necessarily exhibit a high frequency of unique n-
grams. On the other hand, Merrill et al. (2024)
assess the novelty of LLM-generated versus human-
written text through n-gram comparisons, where
"novelty" is defined as the presence of n-grams not
found in a reference corpus. While this approach
aligns with our findings in CREATIVE WRITING,
where LLM-generated text contains fewer unique
n-grams, it is important to note the presence of
unique n-grams primarily indicates lexical rarity or
uncommon phrasing, rather than genuine novelty
or creativity at the conceptual or ideational level.

5.2.2 Creativity Index: What affects the
credibility of the Creativity Index?

Data and corpora nature. Although CI appears
to perform well in the CREATIVE WRITING, the
dataset excludes well-known movie synopses from
the human-written plots to avoid data leakage,
which likely results in higher CI scores for human-
written content. By design, CI quantifies creativity
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through n-gram comparisons between generated
content and a reference corpus. Given that our less
creative, human-annotated samples in CREATIVE
WRITING were generated by LLMs, it is possible
the models were trained on corpora similar to the
one used for comparison.

Range of L-uniqueness. In the original study,
the choice of L (the range of n-gram lengths) used
for CI computation is condition-specific. As shown
in Figure 2, Cl is particularly sensitive to the choice
of L. When the range is expanded from 5-7 to 5-11,
the CI score differences between human-written
plots and LLM-generated content become negli-
gible as shown in Figure 3. Table 3 demonstrates
that this sensitivity also persists across different
reference corpora, specifically (1) Pile-val and (2)
Dolma-v1.6-sample, where CI scores are computed
under multiple L-ranges (5-5, 5-7, 5-9, and 5-11).
This sensitivity limits CI’s generalizability across
different domains and content types and raises con-
cerns about the discriminative power and potential
bias in its ability to reflect true linguistic creativity.

(1) Corpus: Pile-val

Domain Truth label 5-5 5-7 59 5-11
CREATIVE human expert 0.65 0.82 0.89 0.92
WRITING LLM-generated 047 0.71 0.82 0.87
PROBLEM- unconventional 0.69 0.86 091 094
SOLVING conventional 0.69 0.85 091 094
RESEARCH accepted 0.65 0.81 0.88 0091
IDEATION  rejected 0.64 0.80 0.87 0.91
(2) Corpus: Dolma-v1.6-sample
Domain Truth label 5-5 5-7 59 5-11
CREATIVE human expert 0.48 0.72 0.82 0.87
WRITING LLM-generated 0.26 0.53 0.69 0.78
PROBLEM- unconventional 0.52 0.76 0.85 0.89
SOLVING conventional 0.52 0.75 0.85 0.89
RESEARCH accepted 0.50 0.71 0.81 0.86
IDEATION  rejected 0.50 0.71 0.81 0.86

Table 3: Performance across corpora and domains.
Scores increase with wider ranges, with substantial over-
lap between labels across domains.

5.2.3 Syntactic templates: Differences in
LLM-generated vs. human-written
content

While we would theoretically expect a gradual de-
crease in template rate as the n-gram size increases,
we observe a sharp rise between the 7-gram and 8-
gram (from 23.3% to 46.7%), as shown in Figure 4.
This spike can be attributed to the methodology in

L-unigueness

=—e— Human
—o— |LLM-generated

5 6 7 8 9 10 "
minimum n-gram Length L

Figure 2: L-uniqueness vs. minimum n-gram length
L. Creativity Index is sensitive to L.

[5)] [+] ~ o]
o o o [=]
L L L L

Creativity Index (%)

IS
o
L

== LLM-generated

w
o
L

27.6%
5-5 5-6 5-7 5-8 5-9 5-10 5-1
Range of L-uniqueness

Figure 3: CI value vs. L-uniqueness range. As L-
uniqueness increases, the CI difference decreases.

the original study, which restricts analysis to the top
100 most frequently occurring templates for com-
putational efficiency. As a result, LLM-generated
content may produce a set of atypical 8-gram tem-
plates that are underrepresented in shorter n-gram
ranges (n =4-7).

Figure 5 reveals a recurring pattern in LLM-
generated plots. For example, the sentence
"[noun]’s life/journey takes a turn when [noun]
[verb]..." is frequently used to mark plot twists. In
contrast, human-written texts demonstrate much
greater syntactic variety within the same 8-gram
constraints. When similar expressions appear in
human-authored templates, they typically occur as
part of shorter phrases embedded in more varied
sentence structures, e.g., "The next day, [noun]
[verb]...." The findings suggest the syntactic tem-
plate metric can effectively capture recurring struc-
tural patterns. In CREATIVE WRITING, our analysis
highlights that LL.Ms may rely on specific struc-
tures to introduce narrative shifts, which potentially
contributes to the perception of lower creativity in
their storytelling.

5.2.4 LLM-as-a-Judge’s limitation in
reflecting human-perceived creativity

In Table 2, LLMs appear to demonstrate a moderate
ability to distinguish the level of creativity in ideas
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den spike at n=8 is a methodological artifact due to the
top-100 selection constraint.

Human

Plot1: takes her to the hospital . Kathy gives
Plot2: shields her from the fall . AJ finds
Plot3: shoots her in the leg . Randy tries

Template: VBZ PRP IN DT NN . NNP VBZ

LLM

Plot1: 's life takes a turn when she meets
Plot2: 's journey takes a turn when she meets
Plot3: 's life takes a turn when he falls

Template: POS NN VBZ DT NN WRB PRP VBZ

Figure 5: Example of the 8-gram template. LLM-
generated plots reuse certain sentences, whereas human-
written plots display more varied word choices.

across different domains. However, our initial ex-
periments reveal LLMs struggle to reliably assess
whether a given piece of content exhibits concep-
tual creativity when prompted directly. Even with
the use of carefully designed prompts as detailed
in Section G, LLM-based evaluations still display
several notable limitations.

Bias toward one-sided predictions. We ob-
serve that LLM’s predictions tend to favor one side
of the answers. Specifically, although the over-
all accuracy in PROBLEM-SOLVING appears rea-
sonable, Figure 6(a) shows the model dispropor-
tionately classifies responses as ‘“‘Unconventional.”
Similarly, Figure 6(b) suggests that when applying
a reasonable threshold of 4 out of 5 (according to
the rubric) to distinguish original from non-original
plots, our LLLM judge tends to predict most con-
tent as non-original. Together with the F1 scores,
accuracy, and confusion matrices, these results in-
dicate the model’s predictions are only marginally
better than random guessing, highlighting a biased
evaluation pattern that undermines reliability.

Failure under joint novelty—acceptability fil-
tering. To further assess the ability of LLM-

Domain acc. F1 prec. recc. TP FP FN TN

CREATIVE

WG 051 004 100 002 3 0 147 150
RESEARCH 54 48 055 042 218 180 295 333
IDEATION

Table 4: Classification metrics by domain. Accuracy
(acc.), F1, precision (prec.), recall (rec.), and confusion-
matrix counts are reported, with creative samples de-
fined as the positive class (TP/FP/TN/FN).

based judges to reflect human-perceived concep-
tual creativity, we jointly consider the dimensions
of novelty and acceptability by explicitly incor-
porating multiple creativity-relevant criteria. Us-
ing multidimensional LLM evaluation prompts
provided in Section G, we filter data points to
retain only those for which both novelty-related
and acceptability-related scores exceed predefined
thresholds. The retained samples are treated as the
predicted creative subset and the excluded set as
the predicted uncreative subset. We then compare
these predictions against human ground truth.

For CREATIVE WRITING, we retain samples
with LLM ratings of Logic > 4 ("Mostly logi-
cal and well-structured”) and Originality > 4
(“Refreshingly different with clever elements”).
For RESEARCH IDEATION, we retain samples
with Presentation > 3, Soundness > 3, and
Contribution > 3. As shown in Table 4, the
resulting accuracies are 0.51 and 0.54 respec-
tively—both close to random guessing. This in-
dicates that even when jointly conditioning on mul-
tiple creativity-relevant dimensions, LLM-based
judges do not robustly capture idea-level creativity.

Weak correlation with human evaluators. In
RESEARCH IDEATION, we examine the ‘“contri-
bution” aspect of scientific paper introductions,
The Pearson correlation coefficient between human
reviewers’ scores and LLM evaluation scores is
only 0.159. Similar weak correlations are observed
across other dimensions (e.g., presentation, sound-
ness, and overall quality) and across different eval-
uation models. The highest observed correlation
is still a weak association (0.234 for Contribution
from GPT-40), highlighting a significant mismatch
between LLM judgments and human evaluators.

Instability under minor prompt variations.
When the prompt in PROBLEM-SOLVING is slightly
twisted from “...is the solution conventional?” to
“...unconventional?”’, the model alters its overall
preferences. Moreover, approximately 20% of the
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Figure 6: LLM evaluation results with F1, precision,
recall, and confusion-matrix reported. (a) PROBLEM-
SOLVING: LLMs tend to rate the solutions to be conven-
tional; (b) CREATIVE WRITING: LLMs tend to rate the
plots to be non-original.

evaluations produced contradictory judgments for
the same solution, depending solely on phrasing.
This further illustrates the fragility and inconsis-
tency of LLM-based evaluation in assessing cre-
ativity and originality.

5.2.5 Improving LLM-as-a-Judge via
chain-of-thought and rubric-based
prompting

Chain-of-thought (CoT; Wei et al., 2022) assists
LLMs in better adhering to evaluation instructions
and consequently refining their final output scores.
For example, in the third round of dialogue, the
Claude agent revises (soundness, presentation, con-
tribution, overall) evaluation scores from (3.5, 3,
3.5,7) to (3, 3, 3, 6), with an explanation "... How-
ever, for a conference with only 30% acceptance
rate, I must be stringent. The paper, while valu-
able, doesn’t appear to represent a breakthrough...,
warranting a "Weak Accept" rating." This demon-
strates the model’s ability to self-correct and adjust
its assessment based on the provided context and
constraints.

Rubric-based prompting incorporates orthogo-
nal dimensions into the evaluation, allowing LLMs
to better isolate and focus on the assessment of
originality. Additionally, a clear ranking criterion
could help LLMs anchor more precise judgments,
rather than assigning numerical scores arbitrarily.
Our prompts are presented in Section G.

5.2.6 Concept-level measurements: Semantic
Novelty Score (SNS)

To explore potential approaches for evaluating
conceptual creativity, we design an exploratory
experiment, a two-stage pipeline that produces
a Semantic Novelty Score (SNS), to investigate
whether concept-level semantic distances can serve

as a proxy for conceptual creativity. Specifically,
we first employ gemini-2.5-flash as a semantic
parser to extract the five most distinct core con-
cepts (|C| = 5) from each generated response.
Second, we use the text-embedding-0@4 high-
dimensional embedding space as a continuous
proxy for a semantic graph, mapping the extracted
concepts into this space. We then calculate the
pairwise semantic distance, defined as 1— cosine
similarity, across all unique concept pairs P.
The SNS is defined as the average over these pairs:
1 .

SNS=— > (1-—sim(v;,v;)).

|P‘ (ci,cj)eP

Table 5 presents evaluation results on subsets of
30 creative and 30 uncreative samples from each
of the three domains. The inability of the SNS
to improve discrimination across domains under-
scores the challenges faced by automatic metrics in
capturing idea-level novelty, even when semantic
novelty is explicitly targeted.

SNS
Domain Truth label _—
Mean std.
CREATIVE  human expert 0.447 0.030
WRITING LLM-generated 0.421 0.084
PROBLEM- unconventional 0.402 0.036
SOLVING conventional 0.402 0.035
RESEARCH accepted 0.420 0.049
IDEATION rejected 0.435 0.037

Table 5: Semantic Novelty Score (SNS) by domain
and label. SNS does not consistently distinguish be-
tween creative and uncreative outputs across domains.

6 Conclusion

Our analyses highlight the significant inconsisten-
cies across various creativity metrics, demonstrat-
ing that each metric captures different dimensions
of creativity. The performance of these metrics,
particularly perplexity and syntactic templates, is
often task-specific and not generalizable across do-
mains. Furthermore, metrics like the Creativity
Index and LLM-as-a-Judge have limitations in cap-
turing deeper aspects of creativity, such as novelty
and conceptual innovation. These findings under-
score the necessity for developing more reliable
and robust evaluation frameworks. Ultimately, ad-
vancing creativity assessment methods is essential
for closing the gap between human and machine
creative performance, guiding future research in
this area.
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Limitations

The key contributions of our work include sys-
tematically demonstrating the limitations of exist-
ing metrics in capturing conceptual creativity, and
highlighting inconsistencies across metrics and do-
mains. While we recognize that developing more
comprehensive and effective evaluation methods is
a key direction for advancing creativity research,
such methods are not proposed in this work.

Our study provides essential diagnostic ground-
work for the field. Comprehensive, multi-domain
analyses are indispensable precursors to robust so-
lutions. By systematically revealing where and how
current metrics fail—particularly their tendency to
emphasize stylistic novelty while neglecting con-
ceptual novelty—our findings provide actionable
insight for both practitioners and researchers. Prac-
titioners can interpret existing metrics with appro-
priate caution, and researchers can target the spe-
cific conceptual gaps that must be addressed in
future work.

Future research can build on our findings by col-
lecting high-quality, orthogonal datasets in under-
explored domains such as musical composition, hu-
mor, or product design. These datasets would com-
plement our current benchmarks and support the de-
velopment of generalizable, multi-domain, concep-
tually aware creativity judges that capture signals
beyond surface-level patterns. Once these datasets
are available, we can fine-tune LLMs on conceptual
rather than syntactical signals. We suggest the next
step may be incorporating recent advances such
as Barrault et al. (2024)’s Large Concept Model
(LCM), which uses sentence-level embeddings as a
proxy for concept-level semantics, and continuous
chain-of-thought architectures (Hao et al., 2025),
which enable extended reasoning over idea chains.
We believe that explainability could be a linchpin
for creativity metrics that align more closely with
human expectations and serve as a crucial compo-
nent of future creativity evaluators.
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A Data curation for scientific ideation

We collect the paper from ICLR 2024 using the
OpenReview and arXiv APIs, and design a multi-
step filtering process to reduce the impact of con-
founding factors when analyzing accepted and re-
jected papers.

Alongside the accept or reject status, we col-
lect the presentation, soundness, contribution, and
overall scores for each paper. Scientific contribu-
tion is commonly used to represent creativity in
the context of research ideation (Zhao and Zhang,
2025). To keep the focus on the research framing
and ideation components, we filter for the Intro-
duction section of papers, select papers based on
the average of their overall review scores, and uti-
lize soundness and presentation scores as control
variables to reduce the influence of other factors.

ICLR 2024 received 7262 submissions, with
2185 accepted. We select the top and bottom 50%
of papers based on their average review scores, and
then take the minimum number of papers between
the two classes, resulting in 1093 accepted and
1093 rejected papers.

To further control for confounding review dimen-
sions, we group papers by matching soundness and
presentation scores. Each paper’s average score in
these two dimensions is binned into four ranges

(e.g.,2.0-2.4,2.5-2.9, 3.0-3.4, 3.5-3.9), and papers
are assigned to a group based on their bin combi-
nation. Within each group, we keep the contribu-
tion score as the varying factor and sampled equal
numbers of accepted and rejected papers based on
the smaller class size. This results in 16 balanced
groups with 513 accepted and 513 rejected papers
(N = 1026). This helps ensure that differences in
contribution scores are not confounded by differ-
ences in other review criteria, allowing our dataset
to focus on contribution, i.e., scientific creativity,
in research ideation while reducing the influence
of other review criteria.

B CI implementation

For the results in Table 2, we compute CI with
L-uniqueness in the range 5 < L < 7, following
Appendix B.3 of Lu et al. (2024c). We observe
the same saturation behavior for L > 7 (values
~ 1), and therefore adopt the same setting. We
also consider the near-verbatim match method us-
ing Word Mover’s Distance. However, this ap-
proach has computational complexity O(|d|?|w|)
for each document d and n-gram w, making it
impractical for our large, diverse datasets. More-
over, (Lu et al., 2024c) reported similar human-
vs-LLM gaps whether using verbatim or verba-
tim+semantic matching. Since parts of the origi-
nal infrastructure (e.g., Elasticsearch WIMBD in-
dices) of the “near-match CI” concept in Lu et al.
(2024c) have been deprecated, we implemented
a version using Llama-3 8B Instruct embed-
dings. Specifically, we apply text embeddings to
the same index used for CI in our main experiments
(v4_dolmasample_olmo), and evaluate this variant
on balanced subsets of 30 creative and 30 uncre-
ative samples from each of the three domains. The
results in Table 6 closely mirror our CI findings:
the creative and uncreative distributions overlap
substantially, indicating that even the embedding-
based evaluation is not discriminative as a metric
for creativity. In addition, we observe the same sen-
sitivity to the L-range, with CI scores increasing as
L grows, as reported in Section 5.2.2.

C Label verification for creative writing

In the dataset from prior work (Tian et al., 2024a),
turning points (markers of a story’s pacing) were
shown to have highly significant differences at tpy
(mean_diff = —3.59, p = 8.7 x 107®) and tp;
(mean_diff = —4.19, p = 5.4 x 10*8), indicating
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Domain Truth label L6 L7 L5-6 L5-7
CREATIVE human expert 0.896 0929 0.962 0913 0.929
WRITING LLM-generated 0.878 0.921 0.963 0.900 0.921
PROBLEM unconventional 0.900 0.957 0.981 0.928 0.946
SOLVING conventional 0.899 0958 0.984 0.928 0.947
RESEARCH  accepted 0.897 0939 0.973 0918 0.936
IDEATION rejected 0.905 0948 0.976 0.926 0.943

Table 6: Embedding-based CI performance by domain and truth label. Scores increase with larger L but overlap

substantially between labels across domains.

that LLM narratives reach these late-stage beats
much earlier than human ones. Similarly, the distri-
bution of story arcs (general plotlines such as “Man
in Hole” or “Rags to Riches”) differs dramatically
(p = 1.9 x 10~ ). To further support our assump-
tion, we have run some additional pairwise human
annotations.

We take a random sample of 100 pairs of
LLM and human narratives in our creative writing
dataset, then recruit 18 well-trained independent
annotators, with each pair annotated by at least two
annotators. Annotators are shown two narratives, A
and B, and then indicate which narrative they felt is
more creative. We take the majority vote when an-
notators disagree. This allows us to compute how
often a given LLM narrative will outperform its as-
sociated human narrative in creativity. Our analysis
of the pairwise distribution reveals the following:

* 88% of the time (88/100 pairs), annotators
choose a human narrative over an LLM one

* 12% of the time (12/100 pairs), annotators
choose an LLM narrative over a human one

e The 95% confidence interval of LLM narra-
tives being preferred over human narratives is
[6.8%, 17.2%]

These findings show that only a small fraction of
LLM narratives outperform their human counter-
parts, confirming that our coarse binary labels still
capture the predominant trend.

D Human annotation instructions

We present samples from each domain together
with detailed instructions for the human annotation
tasks.

CREATIVE WRITING: Below are some movie
plots. Select the one that is more creative. By defin-
ing creative, consider: How predictable is the plot?
How original are the events and developments?

PROBLEM-SOLVING: "Below are some problem-
solving question-answer pairs. Select the pair that
is more unconventional.”

RESEARCH IDEATION: "Below are some paper
introductions. Select the one with higher contribu-
tion, bringing more new scientific breakthroughs
and innovation to the research community."

E Metrics yield misaligned performance
across the same concept

We evaluate the metrics on three different versions
of the same movie plots, which we curated to assess
how well each metric handles variations in expres-
sion while preserving the underlying concept.

As shown in Table 7, all four metrics exhibit in-
consistencies when evaluating semantically equiva-
lent content. This finding further demonstrates that
existing methods are not robust to distributional
shifts in expression, highlighting their limitations
in evaluating conceptual creativity across diverse
surface forms.

F LLM-as-a-Judge ablation studies

We conduct ablation studies on four dimensions:
prompt sensitivity, model bias, model consistency,
and potential data contamination in order to evalu-
ate the strongest configuration of LLM-as-a-Judge
as a creativity assessor.

F.1 Prompt selection

We test GPT-40 and Claude 3.7 Sonnet across do-
mains with strategies including direct prompt, few-
shot, score-based criteria, roleplaying with con-
straints, multi-aspect rubric-based prompt, CoT,
and a combination of multi-aspect rubric with CoT,
which yields the best performance and is therefore
adopted, as shown in Section G.

Direct prompts: LLM judges provide baseline
evaluations but often lack depth or discriminative
power.
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S CIt PPL?T Syntactic templates| LLM-as-a-Judge?
ource
Mean std. Mean std. CR-POS] >1 Template (%) Mean std.
Wikipedia 0.72 0.05 10.09 3.33 5.085 70.0 (0.013) 2.85 0.79
Spoiler 0.66 0.04 1087 3.34 5.437 85.0 (0.012) 2.85 0.85
Pooper 0.65 0.08 9.56 200  4.808 5.00 (0.018) 2.65 0.85
Table 7: Metrics performance across three sources of movie plots.

Few-shot: Supplying 1-2 creative and uncreative Evaluate model acc. F1  prec. rec.
examples does not improve performance, suggest- GPT-0l 053 038 067 036
ing a limited ability to generalize in evaluating GPT-40 052 036 067 034
conceptual creativity. GPT-03-mini 0.55 039 067 037

Score-based criteria on novelty: While crite- Claude 3.7 Sonnet  0.57 047 0.77 0.57

ria can help LLMs quantify evaluation, scores are
often concentrated in the mid-to-high range (e.g.,
on a 1-5 scale, values of 1 or 2 are rarely used).
In some cases, the model assigns nearly identical
scores across all samples, indicating that criteria
alone are insufficient.

Roleplaying with constraints vs. multi-aspect
rubric-based prompt: Simply instructing the
model does not result in more discriminative judg-
ments. For example, in scientific ideation, contri-
bution scores under constraints are indistinguish-
able from those produced with score-based novelty
prompts. In contrast, multi-aspect rubric with or-
thogonal dimensions better isolates confounding
factors such as presentation and soundness, and
provides judgments more specifically targeted at
scientific creativity, as discussed in Section 5.2.5.

CoT: We notice performance improvement
when we implement CoT by first asking LLM to
provide analysis as to strengths and weaknesses,
then asking LLM to score based on its answer. We
also observe adjustments in evaluation patterns, as
explained in Section 5.2.5.

F.2 Model bias

We ablate evaluation models (Claude 3.7 Sonnet,
GPT-o0l1, GPT-03 mini, GPT-40) with the final
prompt on 60 creative writing examples: the accu-
racies(acc.) are 0.57, 0.53, 0.55, and 0.52, respec-
tively, close to random guessing. Table 8 presents
F1, precision(prec.), and recall(rec.) scores, where
the consistently low recall indicates that the models
exhibit bias toward one-sided judgments, resulting
in unstable and unreliable evaluations of creativity.

F.3 Model consistency

In addition to the prompt-twisting experiments
in Section 5.2.4, we re-evaluate 20 problem-solving

Table 8: Performance of evaluation models. All mod-
els achieve near-random accuracy, with consistently low
recall(rec.) values indicating a systematic bias toward
one-sided judgments.

cases three times with Claude 3.7 Sonnet and mea-
sure the degree of agreement across runs. Only
40% of cases were consistent across three runs,
and over half of these were consistently incorrect,
meaning that the LLLM-as-a-Judge produced cor-
rect and consistent judgments for only about 15%
of the problem-solution pairs.

F.4 Potential data contamination

We evaluate models with different knowledge
cutoff dates on 74 scientific ideation cases across 16
control groups (see Section A) to inspect the poten-
tial data contamination. Human review data show
that in 14 of 16 groups, accepted papers received
higher contribution scores than rejected ones, vali-
dating our controls. We consider Claude 3 Haiku
(Aug 2023), GPT-01/40/03-mini (Oct 2023), and
Claude 3.7 Sonnet (Oct 2024). Since these cutoffs
respectively predate, align with, and fall well after
the ICLR 2024 deadline, this setup enables us to
assess potential contamination. We then measure
how often each model assigned higher contribution
scores to accepted papers within each group.

Table 9 shows that Claude 3 Haiku fails to pro-
vide informative evaluations. Among models with
similar knowledge cutoffs, GPT-4o slightly outper-
forms ol and o3 mini, suggesting that complex
confounding factors make LL.M-as-a-Judge unsta-
ble on this task. Finally, although Claude 3.7 Son-
net achieves the strongest alignment, this may be
due to potential training data contamination rather
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Group Truth Human Claude 3 GPT-01 GPT-40 GPT-03- Claude

label scores Haiku mini Sonnet 3.7
0 accepted 2.33 4.00 3.00 3.50 3.00 3.17
rejected 1.83 4.00 3.00 3.50 3.00 3.00
! accepted 2.30 4.00 3.33 3.00 3.00 2.83
rejected 2.37 4.00 3.33 3.33 3.00 2.83
) accepted 2.30 4.00 3.00 3.00 3.00 2.83
rejected 1.97 4.00 3.00 3.00 3.00 2.33
4 accepted 2.83 4.00 3.33 3.33 3.67 3.17
rejected 2.53 4.00 3.00 3.00 333 2.83
5 accepted 2.87 4.00 3.00 3.00 3.00 2.83
rejected 2.03 4.00 3.00 3.33 3.00 2.67
6 accepted 2.67 4.00 3.00 3.00 3.00 2.83
rejected 2.40 4.00 3.00 3.00 3.00 2.67
7 accepted 2.75 4.00 3.50 3.00 3.00 3.25
rejected 2.55 4.00 3.00 3.25 3.00 2.25
8 accepted 2.77 4.00 3.00 3.00 333 2.83
rejected 2.80 4.00 3.00 3.00 3.00 2.83
9 accepted 2.87 4.00 3.33 3.17 3.00 3.00
rejected 2.57 4.00 3.33 3.00 3.00 2.83
10 accepted 3.07 4.00 3.33 3.17 3.00 3.50
rejected 2.50 4.00 3.00 3.17 3.00 2.83
1 accepted 293 4.00 3.00 3.17 3.00 2.83
rejected 2.67 4.00 3.00 3.33 3.00 2.50
13 accepted 3.00 3.50 2.00 2.50 2.00 1.00
rejected 2.80 4.00 3.00 3.00 3.00 3.00
14 accepted 3.07 4.00 3.33 3.17 3.33 2.83
rejected 2.77 4.00 3.33 3.50 3.50 2.83
5 accepted 3.80 4.00 3.00 3.00 3.00 3.00
rejected 2.80 4.00 3.00 3.00 3.00 3.00

Table 9: Performance of LLM judges with different cutoffs. Comparison of human and models’ evaluation across
groups (red = groups misaligned with truth labels; green = groups aligned with truth labels). Although Claude
Sonnet 3.7 achieves the strongest alignment, this may be due to potential training data contamination rather than a
genuine ability to evaluate conceptual novelty.
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than a genuine ability to evaluate conceptual nov-
elty, raising further concerns about the reliability
of LLMs as evaluators.

miliar and fresh ideas. 4: Refreshingly dif-
ferent with clever elements 5: Exceptionally
creative and surprising or inspiring through-
out.

Ensure that each aspect is orthogonal to
the others—for example, the uniqueness
of background setup should not affect the

G LLM evaluation prompts

The prompts we used for LLM-as-a-Judge for each
task are shown below.

”’Given a movie plot: “‘{MOVIE PLOT }“*
Analyze the plot in terms of the following
four aspects: Background Setup, Logic, De-
velopment, and Originality. For each aspect,
consider the following questions: Back-
ground Setup: How common or unique is
the background setting? Logic: Is the time-
line clear and are the cause-and-effect re-
lationships logical? Development: Are the
twists well-developed? Is the buildup to the
climax sufficient and engaging? Originality:
How predictable is the plot? How origi-
nal are the events and developments? For
each aspect, discuss the strengths and weak-
nesses of the plot. Provide a thoughtful and
critical analysis.”’,

”’Given the movie plot and your analyzation
across four aspects, which The criteria for
each aspect are as follows:

A. Background Setup 1. Very common or
clichéd background, lacks uniqueness. 2.
Somewhat common, but with a few unique
elements. 3. Generally unique, with some
familiar elements. 4. Mostly unique back-
ground and setup. 5. Exceptionally unique
background setup.

B. Logic 1: Poor logic, many inconsisten-
cies or plot holes. 2: Somewhat confusing
or unrealistic transitions. 3: Generally co-
herent with minor issues. 4: Mostly logical
and well-structured. 5: Strong internal logic
and smooth cause-effect flow.

C. Development 1: Underdeveloped or
abrupt changes. 2: Weak buildup, limited
depth. 3: Average development, a few ef-
fective moments. 4: Good buildup with en-
gaging twists. 5: Excellent pacing, buildup,
and well-executed climax.

D. Originality 1: The plot is highly pre-
dictable or derivative. 2: Mostly familiar
with few surprises. 3: Balanced mix of fa-

6346

evaluation of plot originality and develop-
ment. You are a rigorous reviewer. Provide
the scores in the following format: [[Back-
ground Setup: X]], [[Logic: X]], [[Develop-
ment: X]], [[Originality: X]].”

”’Given the problem: “‘{PROBLEM }*“‘ and
the solution: “‘{SOLUTION}“*, analyze
the following three aspects, taking into ac-
count the corresponding dimensions: 1.
Problem Difficulty: Is the problem concep-
tually complex, or does it involve multi-
ple steps or layers of reasoning? Are there
hidden constraints or non-obvious elements
that make the problem harder? 2. Uncon-
ventionality of the Solution: Does the solu-
tion follow a standard method, or does it use
a surprising or creative strategy? Would this
solution surprise someone familiar with typ-
ical methods for this problem? Are the tools,
concepts, or constraints used in unexpected
ways — beyond their typical or intended
function? 3. Efficiency of the Solution:
Does it reach the goal using the fewest steps
or resources possible? Could the solution be
improved or simplified without losing cor-
rectness? Carefully summarize and provide
a thorough assessment of each aspect.””’,

”’Given the problem, solution, and your an-
alyzation across three aspects, provide a
score for each aspect accordingly, which
The criteria for each aspect are as follows:
A. Problem Difficulty 1: Very Easy (trivial
or commonly seen problems; requires little
reasoning) 2: Easy (straightforward with
minimal abstraction or complexity) 3: Mod-
erate (requires some thought or mild creativ-
ity; manageable) 4: Challenging (requires
significant thought, creative insight, or mul-
tiple reasoning steps) 5: Very Challenging
(highly complex or abstract; involves deep



insight or several layers of reasoning)

B. Unconventionality 1: Very Conven-
tional (the most expected approach; stan-
dard method anyone would think of first) 2:
Conventional (follows a known method that
is not surprising, but slightly less obvious) 3:
Moderately Unconventional (mix of famil-
iar and unexpected methods or framings) 4:
Unconventional (surprising to an expert; in-
cludes a creative or less typical approach) 5:
Highly Unconventional (reframes the prob-
lem or uses tools and constraints in a deeply
creative, unexpected way)

C. Efficiency 1: Very Inefficient (excessive
or redundant steps; far from optimal) 2: In-
efficient (works, but could clearly be im-
proved with fewer steps or resources) 3:
Moderately Efficient (reasonable efficiency;
could still be optimized) 4: Efficient (solid
balance of steps and resources; minimal
waste) 5: Very Efficient (achieves the goal
in the fewest possible steps or resources
with no clear room for improvement)
Ensure that each aspect is orthogonal to
the others—for example, Unconventionality
should not be affected by the Efficiency or
the Problem Difficulty. Strictly follow the
criteria and provide the scores in the follow-
ing format: [[Problem Difficulty: X]], [[Un-
conventionality: X]], [[Efficiency: X]].”

”” You are a reviewer for a top conference,
the acceptance rate for this conference is
only around 20-30%. Given the introduc-
tion of the paper: “‘{PAPER CONTENT}*,
carefully summarize and provide a thorough
assessment of the strengths and weaknesses
of the paper, touching on each of the fol-
lowing dimensions: 1. Originality: Are the
tasks or methods new? Is the work a novel
combination of well-known techniques? Is
it clear how this work differs from previous
contributions? 2. Quality: Is the submission
technically sound? Are claims well sup-
ported (e.g., by theoretical analysis or ex-
perimental results)? Are the methods used
appropriate? Is this a complete piece of
work or work in progress? Are the authors
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careful and honest about evaluating both the
strengths and weaknesses of their work? 3.
Clarity: Is the submission clearly written?
Is it well organized? Does it adequately in-
form the reader? 4. Significance: Are the
results important? Are others (researchers
or practitioners) likely to use the ideas or
build on them? Does the submission ad-
dress a difficult task in a better way than
previous work? Does it advance the state of
the art in a demonstrable way? Does it pro-
vide unique data, unique conclusions about
existing data, or a unique theoretical or ex-
perimental approach? 5. Limitations: Have
the authors adequately addressed the limita-
tions and potential negative societal impact
of their work? If not, please include con-
structive suggestions for improvement.”’,
> Given the introduction of the paper and the
strengths and weaknesses you summarized,
analyze the four aspects of the paper repec-
tively: Soundness, Presentation, Contribu-
tion, and Overall Assessment. The criteria
for each aspect are as follows:

A. Soundness: the soundness of the tech-
nical claims, experimental and research
methodology and on whether the central
claims of the paper are adequately sup-
ported with evidence. 4 excellent; 3.5; 3
good; 2.5; 2 fair; 1.5; 1 poor.

B. Presentation: the quality of the presen-
tation. This should take into account the
writing style and clarity, as well as contextu-
alization relative to prior work. 4 excellent;
3 good; 2 fair; 1 poor.

C. Contribution: the quality of the over-
all contribution this paper makes to the re-
search area being studied. Are the ques-
tions being asked important? Does the pa-
per bring a significant originality of ideas
and/or execution? Are the results valuable
to share with the broader research commu-
nity. 4 excellent; 3 good; 2 fair; 1 poor.

D. Overall: 10: Award quality: Technically
flawless paper with groundbreaking impact
on one or more areas, with exceptionally
strong evaluation, reproducibility, and re-
sources, and no unaddressed ethical consid-
erations. 9: Very Strong Accept: Techni-
cally flawless paper with groundbreaking



impact on at least one area and excellent
impact on multiple areas, with flawless eval-
uation, resources, and reproducibility, and
no unaddressed ethical considerations. 8:
Strong Accept: Technically strong paper
with, with novel ideas, excellent impact on
at least one area or high-to-excellent im-
pact on multiple areas, with excellent eval-
uation, resources, and reproducibility, and
no unaddressed ethical considerations. 7:
Accept: Technically solid paper, with high
impact on at least one sub-area or moderate-
to-high impact on more than one area, with
good-to-excellent evaluation, resources, re-
producibility, and no unaddressed ethical
considerations. 6: Weak Accept: Techni-
cally solid, moderate-to-high impact paper,
with no major concerns with respect to eval-
uation, resources, reproducibility, ethical
considerations. 5: Borderline accept: Tech-
nically solid paper where reasons to accept
outweigh reasons to reject, e.g., limited eval-
uation. Please use sparingly. 4: Border-
line reject: Technically solid paper where
reasons to reject, e.g., limited evaluation,
outweigh reasons to accept, e.g., good eval-
uation. Please use sparingly. 3: Reject:
For instance, a paper with technical flaws,
weak evaluation, inadequate reproducibility
and incompletely addressed ethical consid-
erations. 2: Strong Reject: For instance,
a paper with major technical flaws, and/or
poor evaluation, limited impact, poor repro-
ducibility and mostly unaddressed ethical
considerations. 1: Very Strong Reject: For
instance, a paper with trivial results or un-
addressed ethical considerations.”’,

”’Given the introduction of the paper, the
strengths and weaknesses you summarized,
and your analysis of the four aspects, pro-
vide a score for each aspect accordingly.
Ensure that each aspect is orthogonal to the
others—for example, Presentation should
not affect the evaluation of Soundness or
Contribution. You are a rigorous reviewer,
and the conference has an acceptance rate
of no more than 30%. Provide the scores
in the following format:[[Soundness_Ilm:
X]1, [[Presentation_llm: X]], [[Contribu-
tion_llm: X]], [[Overall_llm: X]].”’

H Dataset examples
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Sam Greenfield is a clumsy, orphaned
young woman whose life has been con-
stantly plagued by misfortune and has re-
cently been forced out from her foster home,
much to the dismay of her younger friend
Hazel, who is hoping to be adopted soon.
One night, after sharing a panini with a
black cat, she finds a penny she hopes to
give to Hazel for her collection of other
lucky items to help her get adopted. The
next day, Sam notices that the penny has
made her luck significantly improve. How-
ever, she soon loses the penny by inad-
vertently flushing it down a toilet. As
Sam bemoans her error, she encounters
the cat again and tells him what happened,
which causes the cat to berate her for losing
the penny. Shocked, Sam follows the cat
through a portal to the Land of Luck, where
creatures like leprechauns create good luck
for the people on Earth. The cat, named
Bob, tells Sam he needs the penny for trav-
eling purposes and that he will be banished
if word gets out that he lost it. Bob and Sam
make a deal to get another penny from the
Penny depot for Hazel to use before return-
ing it to Bob. Bob uses a button from Sam
to pass off as a penny while she sneaks into
the Land of Luck using clothes belonging to
Bob’s personal leprechaun, Gerry. Through-
out the journey, Sam comes to learn how the
good luck is managed by a dragon, and that
bad luck is managed underneath the Land of
Luck. Following a disaster at the Penny de-
pot which causes Gerry to learn about Sam’s
identity, Gerry uses a drone to retrieve the
missing penny on Earth but the drone gets
lost in the In-Between, a space between the
Good and Bad Luck lands. Sam and Bob
go to the In-Between, which is managed
by a unicorn named Jeff. Jeff manages a
machine called the Bad Luck Apparat that
keeps bad luck specks from sticking which
feeds the Randomizer, another machine that
sends both good and bad luck into Earth.
Jeff tells the pair he found the penny and
has returned it to the depot. Not deterred,



Sam decides to visit the dragon in hopes
to get another penny. The dragon, named
Babe, shares a moment with Sam by telling
her how better things would be if every-
one had good luck before giving her a new
penny. But Sam sacrifices her penny after
Bob is caught for faking his travel penny to
spare him from banishment. Still wanting
to help Hazel, Sam and Bob decide to tem-
porarily shut down the Bad Luck Apparat to
prevent bad luck from going to the Random-
izer and give Hazel the luck she needs to
get adopted. However, the bad luck specks
start to clog Jeft’s machines and destroy the
good luck and bad luck stones within the
Randomizer, which itself brings bad luck to
the Land of Luck and Earth. Seeing Hazel
did not get adopted because of this, learn-
ing that Bob is actually an unlucky English
cat and having been found out as a human,
Sam sulks in remorse. Bob apologizes and
tells Sam that Hazel is the luckiest girl for
having Sam at her side. Sam realizes things
can be fixed because she remembers seeing
some good luck in Bad Luck land while on
her way to the In-Between. Back in Bad
Luck, they find it in a tiki bar where the
bartender, a root monster named Rootie,
who is Bob’s old friend, gives them a jar
of good luck they have been using. They
take it to Babe to forge new good and bad
luck stones. However, while Babe creates
a bad luck stone, she creates two good luck
stones, wanting to create a world with only
good luck. Before she can place them, Sam
tells Babe people need bad luck as much
as good luck. Realizing her mistake, she
allows Sam to place the bad luck stone, and
good luck is restored to normal, where Sam
sees Hazel finally getting adopted by a new
family. Bob is offered to keep his job at
the Land of Luck, but decides he wants to
live with Sam. One year later back on Earth,
Hazel’s family spends time with Sam and
Bob as they have finally accepted their bad
luck.
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Fortune’s Folly is a heartwarming com-
edy that follows the misadventures of Lily
Thompson, a young woman who seems
to have been born under an unlucky star.
Lily, an awkward, parentless young lady,
has been evicted from her care home, leav-
ing her junior companion, Daisy, who is ea-
gerly awaiting adoption, heartbroken. Lily’s
life has been a series of unfortunate events,
from slipping on banana peels to acciden-
tally causing minor explosions in chemistry
class. Her bad luck is legendary, and she’s
become the town’s favorite source of amuse-
ment. However, Lily’s misfortune takes a
turn when she stumbles upon a mysterious
old woman who claims to be a fortune teller.
The fortune teller, Madame Zara, promises
to change Lily’s luck if she completes a se-
ries of bizarre tasks. With nothing to lose,
Lily embarks on a hilarious journey, which
includes wrestling a pig, singing opera in a
chicken suit, and even attempting to steal
the mayor’s prized gnome collection. Mean-
while, Daisy, missing her friend, decides to
take matters into her own hands. She em-
barks on a mission to find a family willing
to adopt both her and Lily. Daisy’s attempts
to find a family are equally hilarious, involv-
ing a series of disastrous interviews with po-
tential parents, including a couple of circus
performers, a pair of overly enthusiastic sur-
vivalists, and a family of competitive eaters.
As Lily completes each task, her luck seems
to improve, leading to a series of comedic
twists and turns. She accidentally discovers
a hidden treasure, saves the town from a dis-
astrous flood, and even manages to win the
heart of the handsome local baker, much to
the town’s surprise. In the end, Lily’s jour-
ney of self-discovery and Daisy’s relentless
pursuit of a family lead them to a surpris-
ing revelation. The fortune teller, Madame
Zara, is actually a wealthy recluse looking
for a family to leave her fortune to. Touched
by Lily and Daisy’s bond and resilience,
she decides to adopt them both, providing
them with the family they’ve always wanted.
"Fortune’s Folly" is a comedy of errors that
proves that sometimes, the greatest fortunes



come in the most unexpected ways. It’s a
story of friendship, resilience, and the hi-
larious lengths one will go to change their
luck.

You need to give your stubborn dog his vital
medication, but he refuses to take it orally.
Sadly, you don’t have pill pockets. You do
have a bristly hairbrush, a loaf of multigrain
bread, a plastic cup with a tight lid, a jar
of creamy peanut butter, a dog leash, and
a sharp kitchen knife. However, your dog,
unfortunately, has a severe allergy to peanut
butter. How can you tactfully administer
the pill to your dog using these items?

First: Using a kitchen knife, slice off a small
portion of bread.

Second: Carefully push the medication into
the bread piece, ensuring it’s well-hidden.
Third: Transfer the medicated bread morsel
into your plastic container.

Fourth: Secure the container by affixing the
lid firmly.

Fifth: Vigorously agitate the sealed con-
tainer to further conceal the pill within the
bread.

Finally: Remove the lid and present the pre-
pared bread treat to your canine companion
for consumption.

You’re outside in the rain and realize you
have important papers in your backpack
that need to stay dry. You can see water
is already beginning to seep through
your backpack. Available tools: pencil,
umbrella (doesn’t open properly, limited
functionality), plastic bag, carabiner, credit
card, big paperclip (rusted), old newspaper,
shoe lace (frayed, unreliable). How can
you protect your important documents from
getting wet?

To safeguard your documents from mois-
ture:
1. Extract all papers from your backpack.
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2. Insert the documents into a waterproof
plastic container (bag).

3. Secure the container by creating multiple
folds at the top opening to ensure a water-
tight seal.

4. Reinsert the now-protected paperwork
into your backpack for transportation. This
method keeps your important documents
dry by creating a waterproof barrier be-
tween them and any potential moisture that
might enter your backpack.

A general autonomous agent must be
able to model the complex behaviors,
goals, and beliefs of other agents in its
environment to refine its decision-making.
Traditionally, this task—known as oppo-
nent modeling in adversarial settings—has
been approached by learning an opponent
model online. However, online learning
is often impractical and inefficient. In
many real-world situations, such as on
e-commerce platforms, it is not feasible
to continuously engage with an opponent
to learn their behavior; instead, one must
rely on passively accumulated historical
data. Moreover, even when online learning
is possible, an opponent might change
its policy across episodes, meaning that
by the time a new model is learned, the
opponent’s strategy may have already
shifted. This necessitates many rollouts
to acquire an updated model, making the
process prohibitively time-consuming.

To tackle these challenges, we extend the
opponent modeling problem to an offline
setting—referred to as Offline Opponent
Modeling (OOM)—to improve sample
efficiency and overall accessibility. The key
idea is that obtaining replay data or histori-
cal plays of sufficient quality is generally
straightforward. This offline data can be
used to learn a response policy against a
fixed opponent policy, bypassing the need
for extensive trial-and-error exploration.
Many practical applications follow this
principle; for example, players master Go



strategies by practicing from high-quality
exercises, and basketball coaches analyze
replay videos to understand the playing
styles of specific opponents.

Recent research has demonstrated that
Transformers, when pre-trained for
decision-making tasks, exhibit a robust
ability to learn in-context in meta-
reinforcement learning. This is exactly
what is needed in opponent modeling.
When deploying an opponent model in a
new environment, it is essential to adapt
quickly to previously unseen opponent
policies without requiring gradient up-
dates. With this in mind, we introduce
Transformer Against Opponents (TAO), a
Transformer-based approach designed to
address the OOM problem.

TAO operates in three stages. First, it
employs an Opponent Policy Encoder
(OPE) to transform opponent trajectories
into latent representations that capture
essential policy characteristics.  Next,
using these embeddings, an In-context
Control Decoder (ICD) is pre-trained
via supervised learning to learn how to
respond appropriately to different opponent
trajectories. Finally, in deployment, TAO
adapts to unknown opponent policies
in a new environment by leveraging an
Opponent Context Window (OCW) that
continuously collects opponent trajectories
and facilitates in-context learning.

Theoretically, TAO is equivalent to
Bayesian posterior sampling in oppo-
nent modeling, and analyses confirm its
convergence in recognizing opponent
policies. We demonstrate the effectiveness
of TAO through experiments in both
sparse and dense reward environments,
comparing it against a range of baseline
methods in opponent modeling and offline
meta-reinforcement learning. The results
show that TAO performs exceptionally
well across different settings, and ablation
studies highlight the critical role of its indi-
vidual components. Notably, when faced
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with unseen opponent policies in a new
environment, TAO adapts faster and more
effectively than alternative approaches,
showcasing its powerful in-context learning
capability.

Euclidean clustering is a fundamental task
with applications in robotics, computer
vision, environmental modeling, and many
other fields. In this setting, the goal is to
identify groups of data points that are close
to one another in Euclidean space under
a standard distance metric. Traditional
methods—such as variants of Lloyd’s
algorithm or spectral clustering—approach
the problem by first selecting initial cluster
centroids and then repeating two main steps:
assigning each data point to its nearest
centroid and recalculating the centroids as
the mean of the points associated with each
cluster. This iterative process continues
until the centroids stabilize or a fixed
number of iterations is reached, with the
objective of minimizing the overall sum
of squared distances between data points
and their centroids. A known limitation of
these approaches is that their performance
heavily depends on the initialization and
may become trapped in local minima.

In our work, we derive a closed-form solu-
tion to the clustering problem that forgoes
the need for such iterative, initialization-
sensitive procedures. Instead, we leverage
the fact that clustered data tend to lie near
a specific subspace in the feature space.
The projection operator onto that subspace
contains the clustering information in the
form of an adjacency matrix, which can
be extracted by a simple thresholding
operation. Because projection operators
are unique, we can determine both the
subspace and the corresponding clustering
through a straightforward singular value
decomposition.

Our main theoretical result shows that,
when clusters are well defined—meaning



they are sufficiently separated and each in-
dividual cluster is relatively compact—our
closed-form solution is guaranteed to
identify the clusters correctly with certainty.
In this context, the degree of separation
between clusters serves as a proxy for noise,
ensuring that the method’s correctness
depends only on the level of noise and
not on its specific distribution. The proof
of this result is both elegant and direct,
relying on a few key insights and a classical
theorem from matrix perturbation theory.

While some practical applications may
tolerate heuristic accuracy measures, other
sensitive applications demand outputs
with certified reliability. For instance, in
single-cell sequencing—where identifying
correlations between gene activity and cell
types is crucial—modern methods often
fall short, relying on algorithms that cannot
guarantee correctness and on indirect
accuracy indicators. Our approach directly
addresses this shortcoming.

We support our theoretical contributions
with extensive experiments on both syn-
thetic data and several real datasets from
single-cell sequencing. These experiments
not only validate our analysis but also
demonstrate that simple adaptations of
our closed-form solution yield practical
algorithms that gracefully handle increasing
noise. In many cases, these variants rival or
even exceed the current state-of-the-art in
both accuracy and speed.

The remainder of the paper is organized
as follows. Section 2 outlines the problem
and provides an overview of related work.
Section 3 presents our main contributions,
while Section 4 details the key ideas and
proofs behind our theoretical findings. Sec-
tion 5 describes practical adaptations of our
solution, and Section 6 presents our experi-
mental results.
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