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Abstract

Large language models (LLMs) are increas-
ingly used in verbal creative tasks. However,
previous assessments of the creative capabili-
ties of LLMs remain weakly grounded in hu-
man creativity theory and are thus hard to inter-
pret. The widely used Divergent Association
Task (DAT) focuses on novelty, ignoring appro-
priateness, a core component of creativity. We
evaluate a range of state-of-the-art LLMs on
DAT and show that their scores on the task are
lower than those of two baselines that do not
possess any creative abilities, undermining its
validity for model evaluation. Grounded in hu-
man creativity theory, which defines creativity
as the combination of novelty and appropriate-
ness, we introduce Conditional Divergent Asso-
ciation Task (CDAT). CDAT evaluates novelty
conditional on contextual appropriateness, sep-
arating noise from creativity better than DAT,
while remaining simple and objective. Under
CDAT, smaller model families often show the
most creativity, whereas advanced families fa-
vor appropriateness at lower novelty. We hy-
pothesize that training and alignment likely
shift models along this frontier, making out-
puts more appropriate but less creative. We
release the dataset1 and code2.

1 Introduction

Large language models (LLMs) are increasingly
deployed in contexts that require not only linguistic
competence, but also the ability to generate outputs
that are novel and contextually meaningful, such
as storytelling (e.g., Mirowski et al. 2023; Yuan
et al. 2022), idea generation (Pu et al., 2025), and
writing assistance (Chakrabarty et al., 2024).

Despite the growing use of LLMs on these tasks,
there is still no consensus on benchmarks and met-

1https://osf.io/4ng9f/overview?view_only=
cbb334c7199a4dbbb431d1a75db1ed2f

2https://github.com/knakajima1225/beyond_
divergent_creativity

rics that ground creativity evaluation in both nov-
elty and appropriateness, two key aspects of human
creativity (Runco and Jaeger, 2012). Such an as-
sessment is crucial because it grounds creativity in
human intuitive judgments and provides a mean-
ingful, interpretable normative target.

To address this gap, we build on lexical Di-
vergent Thinking (DT), a fundamental compo-
nent of human creative generation. DT is a well-
established construct in human creativity research
that captures the ability to produce multiple novel
and varied solutions to open-ended problems (Guil-
ford, 1967, 1950). Divergent Association Task
(DAT; Olson et al. 2021) is a standard test to mea-
sure divergent creative behavior in humans, in
which participants produce 10 nouns that are as
different from one another as possible; the cre-
ativity score is calculated as the average pairwise
semantic distance. While Chen and Ding (2023)
and Bellemare-Pepin et al. (2026) systematically
investigated LLM performance on DAT, this metric,
by design, emphasizes novelty (semantic distance)
and does not assess whether the produced words are
appropriate to any context. As a result, stochastic
or random outputs can attain very high DAT scores,
rivaling strong LLMs while lacking meaning or
usefulness. In short, a novelty-only metric risks
conflating randomness with creativity, limiting its
validity for LLM assessment.

To address the limitations of the original Di-
vergent Association Task (DAT) in this context,
we propose a simple yet objective Conditional Di-
vergent Association Task (CDAT). CDAT aligns
with the widely accepted view in psychology that
creativity requires both novelty and appropriate-
ness (Cropley, 2006; Runco and Jaeger, 2012;
Diedrich et al., 2015). Grounded in the prior defini-
tions of creativity based on novelty and appropriate-
ness (Heinen and Johnson, 2018), CDAT prompts
a model to generate 10 words that are semantically
diverse yet relevant to a cue word. Performance

2639

https://osf.io/4ng9f/overview?view_only=cbb334c7199a4dbbb431d1a75db1ed2f
https://osf.io/4ng9f/overview?view_only=cbb334c7199a4dbbb431d1a75db1ed2f
https://github.com/knakajima1225/beyond_divergent_creativity
https://github.com/knakajima1225/beyond_divergent_creativity


is scored on novelty (average pairwise semantic
distance among words) and appropriateness (av-
erage distance from the cue, penalizing irrelevant
words). We introduce a Pareto Front-based metric
to evaluate models’ capability to balance novelty
and appropriateness and to score their creativity in
the context of the given cue.

The paper advances research on machine creativ-
ity through the following contributions:

• We critically evaluate the validity of Diver-
gent Association Task (DAT). In particular, we
show that two non-creative baselines achieve
a higher score than the state-of-the-art models
on DAT, invalidating the test for LLM creativ-
ity evaluation.

• We introduce Conditional Divergent Associ-
ation Task (CDAT) to address DAT’s limita-
tions.

• We show that CDAT identifies more nuanced,
systematic patterns in models’ creativity pro-
files: smaller model families generally show
the most creativity, whereas advanced families
favor appropriateness at lower novelty.

2 Related Work

2.1 Assessing Human Creativity

To anchor our work in established human creativity
constructs, we draw on the foundational frame-
work proposed by Guilford (1967). In it, a core
component of human creativity is represented by
Divergent Thinking (DT), namely, the ability to pro-
duce multiple, varied, and novel solutions to open-
ended problems. Crucially, DT is quantitatively
measurable and excludes unrelated abilities (Guil-
ford, 1967, 1950), which makes it attractive for any
study aiming to obtain quantitative estimates of this
fundamental human skill. Because of that, measur-
ing DT has become the dominant psychometric
approach in the assessment of creativity (Kaufman
et al., 2008). Examples of DT-based assessments
are Alternative Uses Task (AUT; Guilford 1967),
which tests participants’ ability to come up with
as many uses as possible for a common object un-
der a time constraint, or Torrance Tests of Creative
Thinking (TTCT; Torrance 1990), which comprise
a standardized set of open-ended tasks, including
verbal exercises (e.g., imagining the consequences
of improbable events) and figural exercises (e.g.,
completing incomplete drawings), with responses

scored by human raters. Finally, one of the most
recent tests, Divergent Association Task (DAT; Ol-
son et al. 2021), measures the semantic distance be-
tween words generated by participants: the greater
the semantic divergence, the more creative the par-
ticipants are considered to be. Owing to its strong
validity (its scores correlate with established DT
tasks such as AUT) and its high test-retest relia-
bility, DAT has become one of the most widely
used measures of human creativity. Such semantic-
distance based measures, such as DAT scores and
related metrics, have been found to human real-
world creative behavior (Georgiev and Georgiev
2018; Patterson et al. 2023, Olson et al. 2021) and
can be extended to more contextually richer texts
(Johnson et al., 2023).

While novelty, typically linked to divergent
thinking, is a crucial component of creativity, it
alone is not sufficient. Creative ideas must also
be appropriate in a context (Cropley, 2006; Runco
and Jaeger, 2012; Diedrich et al., 2015). In line
with this, Heinen and Johnson (2018) operational-
ize creativity along two key dimensions: novelty
and appropriateness in the verb-generation task
(Prabhakaran et al., 2014). In this task, partici-
pants produced a verb in response to a cue noun,
responses were rated as appropriate, reflecting how
understandable and accessible the association was,
and as novel, reflecting how original or unexpected
it was (i.e., the verb could be unrelated to the noun).
Random answers scored highest on novelty but low-
est on appropriateness, whereas common answers
showed the opposite pattern. Crucially, creative
answers were those balancing both aspects, lying
between random and common responses. In this
work, we build on this previous research and con-
sider creativity as involving a trade-off between
these two aspects.

2.2 Testing Creativity in LLMs
Studies have investigated LLM creativity in var-
ious domains, such as text and story generation
(e.g., Ismayilzada et al. 2025; Marco et al. 2025;
Lu et al. 2025a), problem solving (Chen et al. 2025;
Tian et al. 2024), creative drawing (Nath et al.,
2025), and across domains (Cao et al., 2025). A
few studies have built on DT-related evaluation,
which provide principled, human-relevant mea-
sures of creativity. For example, Stevenson et al.
(2022) adapted AUT to rate the creativity of GPT-
3; Nath et al. (2024) examined how LLMs explore
ideation spaces within AUT. Zhao et al. (2025)
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proposed a TTCT-inspired framework with LLM-
based evaluation across prompts and role-play sce-
narios. Furthermore, Chakrabarty et al. (2024)
built on TTCT to propose Torrance Test of Cre-
ative Writing (TTCW) to evaluate creative writing,
and Li et al. (2025) subsequently improved the
evaluation by scoring against high-quality refer-
ence texts. Unlike AUT and TTCT, DAT is scored
objectively via semantic distance without human
raters and involves no time constraints, making it a
practical tool for assessing LLM creativity. Accord-
ingly, Bellemare-Pepin et al. (2026) systematically
compared human and LLM DAT performance and
found that GPT-4 (OpenAI, 2024) and Llama 3.1-
8B Instruct (Meta AI, 2024) outperformed humans.
Chen and Ding (2023) reported results indicat-
ing that a random baseline sampling from Word-
Net (Miller, 1995) generally scored highest on DAT,
followed by GPT-4 and GPT-3.5 Turbo.

Several benchmarks have incorporated a two-
criterion definition of creativity, solving some of
the problems of novelty-only assessment. For
instance, Aidan McLaughlin (2024) developed
AidanBench, a set of open-ended idea-generation
tasks evaluated for both novelty and coherence.
Similarly, Lu et al. (2025b) assessed LLM creative
problem solving in code generation, combining
novelty of solutions with correctness and constraint
adherence. While promising, these approaches are
influenced by many confounding factors, such as
word knowledge and integration, and cannot easily
be interpreted based on human creativity. Build-
ing on Heinen and Johnson (2018) and leveraging
the objectivity and simplicity of DAT, we propose
Conditional Divergent Association Task (CDAT): a
human-interpretable test that evaluates both novelty
and appropriateness under a controlled condition
by grounding model generations on a cue word
as a minimal context. CDAT measures a model’s
lexical divergent ability to produce divergent yet
contextually related words. To our knowledge, it
represents the first systematic application of the
scoring method that captures this two-fold criterion
in a single metric to LLMs.

3 Is DAT a Valid Measure of Creativity?

Building on previous work (Bellemare-Pepin et al.,
2026), we first examine the performance of current
LLMs on the standard Divergent Association Task
(DAT). Extending this research, we then question
whether DAT provides a valid measure of creativity

in LLMs, given that, according to human psychol-
ogy studies, it primarily captures only the novelty
dimension of creative ability. We achieve this by ex-
tensively testing a range of state-of-the-art (SotA)
LLMs of various types and sizes, exploring the role
of temperature in sampling words. We compare
the results of our models against two baselines,
one at the opposite end of the spectrum: a fully
task-agnostic baseline that samples random words
from WordNet; and a fully task-aware baseline that
‘knows’ the task and how to achieve a high score.
While they use different strategies, both of these
baselines are non-creative, being based on random
or ‘cheating’ behaviors, respectively.

3.1 Task
Specification. In Divergent Association Task
(DAT), participants are asked to generate a set of
unrelated words, and creativity is quantified by
calculating the average semantic distance between
them using computational models of word meaning.
In particular, the greater the semantic divergence,
the higher the DAT score they achieve and, in turn,
the more creative they are considered to be. Here,
we prompt models to either generate or sample 10
words that are as unrelated as possible. We then
evaluate how divergent these words are by comput-
ing their embedding dissimilarity (see § 3.2).

Prompt. We use the prompt from Bellemare-
Pepin et al. (2026), with minimal formatting and
grammatical constraints to ensure that outputs
are singular common nouns, listed one per line:

“Please enter 10 words that are as different from
each other as possible, in all meanings and uses of
the words.” Full prompt text and formatting rules
are provided in Appendix B.1.

3.2 Evaluation
Validity filtering. Following the original DAT
procedure (Olson et al., 2021), we consider the first
seven valid items in each model response. An item
is valid if it is a properly spelled English word,
single-word common noun (no proper nouns, no
multi-word expressions, no numerals). We imple-
ment lemmatization and POS-based noun filtering
with NLTK (Bird et al., 2009), accepting a word
only if it is tagged as a noun or associated with at
least one noun synset in WordNet. Exact rules and
exceptions are detailed in Appendix B.2.

Scoring. For each model response, we compute
novelty over the first seven valid words only. Let
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ewi and ewj be embedding representations of two
generated nouns wi and wj . The per-pair novelty
is

Nov(wi, wj) = 100·
(
1−cos(ewi , ewj )

)
∈ [0, 200],

and the per-response novelty is the average over all
unordered pairs among the first seven valid words;
higher values indicate greater semantic dissimilar-
ity between the words and therefore higher novelty.
If fewer than seven valid words remain for a re-
sponse, that (model, response) instance is dropped.

SBERT vs. GloVe. DAT, in its standard imple-
mentation, uses GloVe (Pennington et al., 2014) to
obtain word representations. However, GloVe is
sensitive to frequency artifacts: static embeddings
trained on global co-occurrence statistics tend to en-
code word frequency (e.g., vector norms and geom-
etry correlate with frequency), which is especially
problematic for rare words, and can inflate novelty
for lists containing uncommon nouns (Schnabel
et al., 2015; Chen and Ding, 2023). In contrast, we
propose using a BERT-based model for embedding
words. BERT’s subword tokenization and contex-
tual pretraining provide more stable lexical repre-
sentations for infrequent items (Devlin et al. 2019;
Sennrich et al. 2016). Sentence BERT (SBERT)
is a variant of BERT that efficiently creates single,
meaningful vector embeddings for entire sentences,
making it superior for semantic similarity tasks
(Reimers and Gurevych, 2019). Here, we assume
that SBERT provides an embedding space that still
yields meaningful representations for single words.
Thus, from here on, we report the results obtained
with SBERT-based embeddings.

Baselines. We include two non-creative base-
lines, both evaluated under the same filtering and
scoring pipeline detailed above:

1. Task-agnostic baseline. We uniformly sample
10 nouns from WordNet (excluding multi-word
phrases, proper nouns, and numerals) and com-
pute DAT scores as above. We repeat this proce-
dure 500 times to obtain a sampling distribution.

2. Task-aware baseline. We instruct the same
models used in §3.3 to explicitly maximize
the DAT score without any information about
the maximum semantic distance constraint:

“Please enter 10 words that maximize the Di-
vergent Association Task (DAT) score. Make
a list of these 10 words, a single word in each

entry of the list.” This baseline is evaluated at
mid temperature only (t=1.0), with 500 gener-
ations per model. By design, this condition is
non-creative: it optimizes the test objective di-
rectly rather than producing novel content under
task-general instructions.

3.3 Models

We evaluate proprietary and open-source SotA
LLMs. Concrete provider/model identifiers and
versioned API endpoints are documented in Ap-
pendix A. For each model, we generate 500 re-
sponses at three temperatures: low (t=0.5), mid
(t=1.0), and high (t=1.5) plus a single determinis-
tic sample at t=0.0. Some model families do not
support t=1.5 or fail to produce reliably parseable
outputs at that setting; those exceptions and all
other implementation details (prompt formatting,
alternative sampling strategies) are provided in Ap-
pendix B.3.

3.4 Results

Unless otherwise specified, all pairwise compar-
isons are conducted using two-sided independent-
sample t-tests, with multiple comparisons cor-
rected via Benjamini–Hochberg false discovery
rate (FDR) procedure (Benjamini and Hochberg,
1995). Outliers exceeding three standard deviations
from the mean are removed from each model’s
score distribution, following Bellemare-Pepin et al.
(2026). Here, we report statistical tests for between-
condition comparisons.

Replication with GloVe. Using GloVe, we
reproduce the qualitative ordering reported by
Bellemare-Pepin et al. (2026) on the overlapping
model subset. Pairwise contrasts and temperature
effects match the original patterns; full estimates
and tests appear in our GitHub repository.

Switching to SBERT. By regressing the DAT
score on word surprisal, as in Chen and Ding
(2023), we observe that SBERT-based DAT scores
are less sensitive to word frequency than GloVe-
based scores, although the two measures remain
strongly aligned (Spearman’s ρ=0.73). This sup-
ports our hypothesis that SBERT provides a more
robust yet broadly equivalent replacement for
GloVe, which was originally designed for single-
word embeddings; details are in Appendix B.4. We
therefore experiment with SBERT as our main em-
bedding model.
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Figure 1: Mean DAT scores across temperature settings with the DAT prompt, compared with two non-creative
baselines: task-agnostic (horizontal dotted line) and task-aware (gray bars). Error bars denote 95% CIs for models;
the shaded band shows the 95% CI for the task-agnostic baseline. All valid responses are included. Temperature
settings: Low (t=0.5), Mid (t=1.0), High (t=1.5; not supported by all models). The task-aware baseline is
evaluated at Mid only (t=1.0).

Temperature. Across low, mid, and high set-
tings, temperature effects are mixed and family-
specific: some families show higher novelty with
temperature while others decrease, with no consis-
tent trend across families. We report tests for all
available temperatures per model in our GitHub
repository.

Baselines. The central finding is that, under
SBERT scoring, no family exceeds the task-
agnostic baseline at any tested temperature (Fig-
ure 1). At mid temperature, within-family contrasts
show the task-aware baseline yields higher mean
novelty than the corresponding DAT condition for
most families, with significant gaps in the majority
of cases (full data in our GitHub repository). These
results indicate that DAT is sensitive to random
sampling and prompt familiarity rather than isolat-
ing creative ability. This motivates a contextualized
evaluation (§ 4).

4 Conditional Divergent Association Task

To address the DAT limitations observed in § 3,
namely that high divergence can be achieved while
being task-agnostic, we introduce Conditional Di-
vergent Association Task (CDAT). CDAT places
generation under an explicit contextual constraint:
outputs must remain semantically associated with
a given cue while being mutually diverse. This
allows us to quantify creativity while preserving
a principled link to context, aligned with the def-
inition of Heinen and Johnson (2018). Following

Diedrich et al. (2015), we place slightly greater
emphasis on novelty and evaluate it conditional on
appropriateness, reflecting the view that appropri-
ateness serves as a second-order criterion of cre-
ativity, particularly for novel responses.

In this section, we (i) formalize the task (§ 4.1),
(ii) define the evaluation protocol, including a min-
imal appropriateness criterion and the CDAT score
(§ 4.2), (iii) describe the models and sampling setup
(§ 4.3), and (iv) present results, starting from the 2D
appropriateness–novelty landscape and its Pareto
front, then reporting scalar CDAT scores (§ 4.4);
complementary diagnostics (Elbow distance and
Distance to Human) are summarized briefly and an-
alyzed in depth in Appendix D.4. Throughout, we
adopt an operational view of creativity as produc-
ing diverse yet contextually appropriate outputs;
the formal details of how we quantify this view
follow below. We emphasize that this operational-
ization is a pragmatic choice for quantifiability, not
a claim to be a complete account of creativity; the
2D analyses help reveal trade-offs that future work
may refine.

4.1 Task

Specification. Given a cue noun, the model must
generate 10 mutually dissimilar nouns that are each
semantically associated with the cue. We evaluate
only single-word common nouns (as in § 3), apply-
ing the same validity rules (duplicates, non-English
words, multiword phrases, proper nouns, etc.).
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Model: Gemini 2.0 Flash
Temperature: 1.0
Cue: unity

Response:
1. fragmentation, 2. diversity, 3. harmony,
4. whole, 5. difference, 6. separation,
7. aggregate, 8. coalition, 9. relationship,
10. inclusion

Table 1: Example CDAT output by Gemini 2.0 Flash.

Prompt. We elicit outputs with the following in-
struction (full prompt in Appendix C.1): “Please
enter 10 words that are as different from each other
as possible, in all meanings and uses of the words,
yet semantically associated with the following cue
word: {cue}.” The rest of the prompt is the same
as DAT.

Cues. We derive cue nouns from the 10,000 most
frequent words in the Brown corpus (Francis and
Kučera, 1979) by lemmatizing to singular nouns
via WordNet, validating common-noun status with
WordNet synsets and NLTK POS tags, and exclud-
ing multiword items, pure digits, and single charac-
ters. Remaining candidates are filtered with GPT-
4.1 nano to remove verbs and proper nouns. This
yields 539 unique cues (mean frequency =28.94,
mean length =7.2). See Appendix C.1 for more
details.

4.2 Evaluation

Novelty. Our novelty metric is identical to DAT’s
novelty metric in § 3: for each (model, cue) list of
valid outputs, we compute the standard DAT score,
then average across cues to obtain mean novelty.

Appropriateness. For each (model, cue), we
compute appropriateness over the first seven valid
words only. Let ec and ew be word representations
for the cue and a generated noun w. The per-word
appropriateness is

App(c, w) = 100 ·
(
1 + cos(ec, ew)

)
∈ [0, 200],

and the per-cue appropriateness is the average over
the first seven valid words; higher values indicate
greater cue–word semantic similarity and therefore
higher appropriateness. If fewer than seven valid
words remain for a cue, that (model, cue) instance
is dropped.

Baselines. We use two task-agnostic baselines:
Random and Common. The Random baseline
draws 10 nouns per cue independently of the cue
from the same evaluation vocabulary as § 3.2; we
generate 500 such cue lists. The Common baseline
prompts GPT-4.1 nano with: “enter 10 words that
are most semantically associated with the follow-
ing cue word: {cue}” for each CDAT cue, yielding
a purely association-driven set. The Random base-
line is used to define the minimal appropriateness
criterion (gate) and as a reference in 2D plots; the
Common baseline is used only for diagnostic 2D
analyses (Pareto front, Elbow distance).

Appropriateness gate (minimal criterion). We
use a gating mechanism to judge if the models
generate words that are considered appropriate or
semantically related to the cue. For each model,
we compare its distribution of per-cue appropriate-
ness values to the task-agnostic Random baseline
using two-sided Welch’s t-tests and control FDR at
α=0.001 within each temperature. A model is re-
tained only if (i) its FDR-adjusted p-value is below
0.001 and (ii) its mean appropriateness exceeds that
of the Random baseline, Appmodel>Apprandom.
All models remain significant at more lenient
thresholds α ∈ [0.05, 0.01, 0.005], so we report
results using α=0.001, the strictest level usually
used in empirical studies. This criterion is not it-
self the creativity score; it ensures that novelty is
interpreted under a minimal standard of contextual
alignment.

Scoring. Our primary scalar measure of creativ-
ity is the mean novelty (DAT-style) for each model,
conditional on passing the appropriateness gate.
Models that fail the gate are flagged and excluded
from the CDAT ranking. In our experiments, all
models ‘pass’ the gate for each tested temperature.

2D trade-off visualization and Pareto front.
Because creativity involves balancing novelty with
contextual appropriateness, we also analyze the 2D
plane of mean appropriateness vs. mean novelty
for each model. We overlay the Pareto front of
non-dominated model points to highlight optimal
trade-offs. The task-agnostic, Random and Com-
mon baselines serve as anchors (maximal novelty
vs. maximal appropriateness, respectively). These
2D views are descriptive complements to the pri-
mary scalar CDAT score.

Diagnostic metrics (non-primary). We com-
pute two additional diagnostics: (i) Elbow distance,
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Figure 2: CDAT appropriateness–novelty landscape
(mid temperature). Solid markers show model means.
The pink arrow indicates the ideal region under our
operationalization (novelty evaluated after passing the
appropriateness gate). The Pareto front (non-dominated
models) traces optimal trade-offs. Circle A highlights
basic models with high novelty and least appropriate-
ness; Circle B marks advanced models with a balanced
novelty-appropriateness trade-off.

the average signed Euclidean distance from each
model’s individual points to the line connecting the
two extreme task-agnostic baselines (Random and
Common) means; and (ii) Distance to Human, the
Euclidean distance from a model’s individual point
to the aggregated human reference point, obtained
by asking 11 annotators to provide words to, on
average, 6.4 cues (n=99; cues=70). These diag-
nostics aid interpretation and are not used for the
primary ranking (more details on the definitions
and human data collection in Appendix C.2).

4.3 Models
We evaluate the same set of LLMs as in §3.3 across
three temperatures (low=0.5, mid=1.0, high=1.5)
using the CDAT prompt above (noun-only con-
straint enforced by our validity rules). For each
model, we sample one 10-word list per cue; all
models respond to all cues at least once. Model
IDs, sampling seeds, and implementation details
are the same as DAT (see Appendices A and B.3).

4.4 Results
Overview. We report mid-temperature results as
primary and provide per-temperature tables in Ap-
pendix D. Figures 2 and 3 summarize the 2D appro-

priateness–novelty landscape and the scalar CDAT
distributions, respectively. Preliminary counts and
sensitivity data are in Appendix D.1.

2D landscape and Pareto front. Figure 2 shows
the mid-temperature 2D landscape. The Pareto
front delineates models that are not simultaneously
improvable in both dimensions. The pink arrow
marks the ideal region under our operational view:
novelty evaluated after passing the appropriateness
gate. Broadly, models occupy a continuum be-
tween higher-novelty/lower-appropriateness and
more-balanced points with stronger contextual
alignment; these cluster-level tendencies are con-
sistent across temperatures (see Appendix D.2).

Main findings. Mid-temperature distributions of
scalar CDAT novelty scores are shown in Figure 3;
full per-temperature significance tests and sensi-
tivity analysis across embedding models appear in
Appendices D.3 and E.2. We summarize two robust
findings.

(1) Conditioning works across the board. All
models pass the appropriateness gate (two-sided
Welch’s t-test vs. Random, p<0.001 after FDR cor-
rection, with higher mean appropriateness than the
Random baseline), validating novelty as a creativity
signal conditional on contextual appropriateness.
We confirm that this holds at all temperatures.

(2) Efficiency-oriented “basic” families (smaller,
latency-optimized) generally achieve higher CDAT
scores; CDAT identifies more nuanced patterns in
models’ creativity profiles. “Advanced” families
(larger, instruction-/reasoning-optimized) typically
trade some novelty for stronger appropriateness,
yielding more conservative CDAT scores. Both
strategies appear on the non-dominated Pareto fron-
tier, and no family simultaneously maximizes both
axes; the same pattern holds across temperatures
(see Appendix D.2). For reference, basic fami-
lies score closer to the human reference on novelty
when conditioned on contextual appropriateness,
while many advanced families adhere to context
more strictly than humans typically deem appropri-
ate (where human raters show higher agreement;
see Appendix D.2).

Diagnostics (non-primary). Elbow distance.
Relative to the line between Random and Com-
mon baselines, results are mixed overall, with a
slight edge for advanced families. Rankings across
temperatures are provided in Appendix D.4.
Distance to Human. Using a human reference
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Figure 3: CDAT novelty distributions (mid tempera-
ture). Ridge plot of model novelty (DAT-style) under
CDAT. Black vertical lines denote means. Detailed
statistics and all temperatures are in Appendix D.3.

(n=99 over 70 cues), model family distances are
mixed overall, but the metric assigns slightly higher
values to more basic model families. Given the lim-
ited sample and exploratory nature, we treat this
comparison as a purely qualitative one (see Ap-
pendix D.4 for further details).

5 Discussion and Future Directions

What CDAT establishes. Our results show that
a novelty-only assessment such as DAT is vulnera-
ble to both random sampling and prior familiarity
with the objective, which undermines its validity
for LLM creativity evaluation (§ 3; Figure 1). More
broadly, our findings indicate that naive adaptations
of human creativity tests such as DAT, as used in

prior work (Bellemare-Pepin et al. 2026; Chen and
Ding 2023), pose substantial limitations. CDAT ad-
dresses this by conditioning novelty on a minimal
appropriateness criterion (§4.2), thereby separat-
ing noise from creativity more effectively while
preserving objectivity and simplicity.

Interpreting the trade-off. Under this opera-
tionalization, we observe systematic, family-level
profiles in the appropriateness–novelty plane (Fig-
ure 2) and corresponding scalar CDAT distribu-
tions (Figure 3), consistent across temperatures
(Appendix D). Across families, we see a stable pat-
tern: smaller models tend to occupy higher-novelty
regions with reduced appropriateness, while larger
models shift toward higher appropriateness with
lower novelty (Figure 2). We hypothesize that
scaling, instruction tuning, and safety alignment
alter sampling preferences along the appropriate-
ness–novelty frontier, prioritizing conservative, pre-
dictable outputs. However, this remains a corre-
lational interpretation: targeted ablations on, for
example, alignment objectives and decoding poli-
cies are needed to establish causal mechanisms.
Discussion on prompting and decoding, and pro-
posed mechanism tests as capability probes, along-
side temperature-based diagnostics of novelty con-
straints, are in Appendix E.1.

Scalar scores vs. 2D views. We retain the scalar
CDAT score for comparability and ranking: the
mean DAT-style novelty, conditional on passing
the appropriateness gate. The 2D landscape and
its non-dominated set are descriptive complements
that make trade-offs visible and help diagnose why
similarly ranked systems produce qualitatively dif-
ferent behaviors. In practice, we recommend re-
porting: (i) gate pass rates, (ii) scalar CDAT with
confidence intervals, and (iii) the model mean in
the 2D plane anchored by task-agnostic baselines.
Diagnostics like Elbow distance or Distance-to-
Human can be used to gain qualitative insights.

Measurement choices and their implications.
Two design decisions matter. First, the appropriate-
ness gate uses the strictest, model-specific compar-
ison against Random with a directional constraint
(Welch’s t, α=0.001) to ensure that novelty is in-
terpreted only under minimal contextual alignment
and to reduce residual gaming risk. Post-hoc power
analyses appear in Appendix E.2. How to define
a minimal level of appropriateness indeed remains
an open question; future work could, for example,
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flag responses outside the Random baseline confi-
dence interval for targeted human review or LLM-
based semantic checks. Second, we adopt SBERT-
based lexical representations to reduce frequency
artifacts known to affect GloVe; however, repre-
sentation choice is itself an experimental factor.
Therefore, we conduct sensitivity analysis across
SBERT, GloVe, fastText (Bojanowski et al., 2017),
and BERT (Devlin et al., 2019) in Appendix E.2.

Human relevance and scope. Just as with DAT,
whether a valid and reliable test for humans is valid
for LLMs is an open question: recent evidence
suggests that any general factor in LLM perfor-
mance may emerge primarily on tasks that rely on
crystallized, text-based knowledge rather than mir-
roring human-like inter-task correlations (Ilić and
Gignac, 2024). We emphasize that CDAT evalu-
ates behavioral outputs, not cognition, and targets
a minimal component of divergent verbal creativ-
ity. It is best viewed as a measure of crystallized,
verbal creativity that should generalize primarily
to other verbal divergent-thinking tasks (e.g., AUT
and verbal TTCT) where semantic knowledge is
central, and where LLMs are most often deployed.
At the same time, CDAT is not a universal predictor
of creativity and should be seen as complementary
to context-rich creativity assessments that addition-
ally involve domain knowledge, planning, or any
kind of long-context understanding; related dis-
cussion and future scope extensions are given in
Appendix E.3.

6 Conclusions

In this paper, we focused on an important and
timely question: How can we genuinely assess
LLMs’ creative abilities? We showed that the stan-
dard DAT assessment, being focused only on the
novelty component of creativity, is insufficient for
LLM assessment. Indeed, DAT turned out to be
sensitive to task-agnostic random generation and
familiarity with the task objective and failed to gen-
uinely capture theory-driven, human-interpretable
creativity.

Building on these findings, we introduced Con-
ditional Divergent Association Task (CDAT), a
two-component measure of creativity which op-
erationalizes creativity as novelty conditional on
appropriateness to a minimal context. CDAT
reinstates contextual fit as a first-class require-
ment while retaining the objectivity and simplic-
ity of semantic-distance-based evaluation. We

showed that CDAT separates noise from creativ-
ity more effectively than DAT. Evidence comes
from the appropriateness gate and the 2D nov-
elty–appropriateness landscape with Pareto struc-
ture. Using CDAT, we find systematic creativity
profiles across model families. Simpler families
tend toward higher novelty with reduced appro-
priateness. Larger and more aligned families oc-
cupy operating points with higher appropriateness
and lower novelty. Under our operational defini-
tion, such models can appear less creative because
scaling, instruction tuning, and safety alignment
likely shift them along the novelty–appropriateness
frontier toward safer, more predictable outputs, al-
though this is a hypothesis, not a causal proof.

Overall, CDAT offers a pragmatic, theory-
aligned step toward measuring creativity in LLMs.
The observed family-wise trade-offs provide a map
rather than a verdict. Future work should turn
this map into levers through ablations, calibrated
prompting, and cross-task validation to separate
creative capability from alignment preferences.

7 Limitations

Human sample size. The human average is
based on a limited sample size (n=99), which may
affect the stability of human performance estimates
and, in turn, our analysis.

Cue selection. While we aim for lexical diver-
sity, the cue word selection process may have intro-
duced unintended variability in model scores.

Model and task setups. Our evaluation is re-
stricted to a specific task formulation, prompt, and
set of models. Results may not extend to other
architectures, alternative prompting strategies, dif-
ferent decoding methods, or different measures to
quantify semantic relatedness.

Creativity in applied contexts. CDAT captures
only one component of creativity: lexical diver-
gent thinking under minimal contextual constraints.
Creativity in applied settings often involves richer
context, longer outputs, multimodal grounding, or
other domain-specific knowledge, which are not
represented here.

Open challenge. Additionally, although we aim
for human-interpretable, theory-driven diagnos-
tics, creativity remains a multifaceted construct,
and alternative metrics or human-centered evalua-
tions may emphasize different aspects of creativ-
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ity. Defining measures that capture creative perfor-
mance across domains and tasks remains an open
challenge. Despite these limitations, CDAT pro-
vides a human-inspired framework for assessing
creativity in LLMs by jointly considering novelty
and appropriateness. We hope this work contributes
to more systematic comparisons of creative per-
formance and motivates further development of
metrics and methods for evaluating creativity in
artificial systems.

Acknowledgments

We thank the members of the Dialogue Modelling
Group (DMG) from the University of Amsterdam
and Claire Stevenson for the helpful feedback pro-
vided at different stages of this project.

We acknowledge the use of generative AI tools
(ChatGPT3, Cursor4) for assistance in manuscript
refinement, code structuring, and debugging.

References
Anuja Uppuluri Yiming Yang Aidan McLaughlin,

James Campbell. 2024. Aidanbench: Stress-testing
language model creativity on open-ended questions.
In Proceedings of the NeurIPS 2024 Workshop on
Language Gamification, Vancouver, Canada.

Antoine Bellemare-Pepin, François Lespinasse, Philipp
Thölke, Yann Harel, Kory Mathewson, Jay A. Olson,
Yoshua Bengio, and Karim Jerbi. 2026. Divergent
creativity in humans and large language models. Sci-
entific Reports, 16(1):1279.

Yoav Benjamini and Yosef Hochberg. 1995. Control-
ling the false discovery rate: A practical and pow-
erful approach to multiple testing. Journal of the
Royal Statistical Society: Series B (Methodological),
57(1):289–300.

Steven Bird, Ewan Klein, and Edward Loper. 2009. Nat-
ural Language Processing with Python: Analyzing
Text with the Natural Language Toolkit. O’Reilly
Media.

Piotr Bojanowski, Edouard Grave, Armand Joulin, and
Tomas Mikolov. 2017. Enriching word vectors with
subword information. Transactions of the Associa-
tion for Computational Linguistics, 5:135–146.

Qian Cao, Xiting Wang, Yuzhuo Yuan, Yahui Liu,
Fang Luo, and Ruihua Song. 2025. Evaluating text
creativity across diverse domains: A dataset and
large language model evaluator. ArXiv preprint
arXiv:2505.19236.
3https://chatgpt.com/, accessed 23 January 2026
4https://cursor.com/home?from=agents, accessed

23 January 2026

Tuhin Chakrabarty, Philippe Laban, Divyansh Agar-
wal, Smaranda Muresan, and Chien-Sheng Wu. 2024.
Art or artifice? large language models and the false
promise of creativity. In Proceedings of the 2024
CHI Conference on Human Factors in Computing
Systems (CHI ’24), pages 1–34, New York, NY, USA.
Association for Computing Machinery.

Honghua Chen and Nai Ding. 2023. Probing the “cre-
ativity” of large language models: Can models pro-
duce divergent semantic association? In Findings
of the Association for Computational Linguistics:
EMNLP 2023, Singapore. Association for Computa-
tional Linguistics.

Xiaoyang Chen, Xinan Dai, Yu Du, Qian Feng, Naixu
Guo, Tingshuo Gu, Yuting Gao, Yingyi Gao, Xudong
Han, Xiang Jiang, Yilin Jin, Hongyi Lin, Shisheng
Lin, Xiangnan Li, Yuante Li, Yixing Li, Zhentao
Lai, Zilu Ma, Yingrong Peng, Jiacheng Qian, Haoyu
Sun, Jianbo Sun, Zirui Wang, Siwei Wu, Zian Wang,
Bin Xu, Jianghao Xu, Yiyang Yu, Zichuan Yang,
Hongji Zha, and Ruichong Zhang. 2025. Deepmath-
creative: A benchmark for evaluating mathematical
creativity of large language models. ArXiv preprint
arXiv:2505.08744.

Arthur Cropley. 2006. In praise of convergent thinking.
Creativity Research Journal, 18(3):391–404.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies (NAACL-HLT), pages 4171–4186, Min-
neapolis, Minnesota. Association for Computational
Linguistics.

Jennifer Diedrich, Mathias Benedek, Emanuel Jauk, and
Aljoscha C. Neubauer. 2015. Are creative ideas novel
and useful? Psychology of Aesthetics, Creativity, and
the Arts, 9(1):35–40.

Kawin Ethayarajh. 2019. How contextual are contextu-
alized word representations? comparing the geom-
etry of BERT, ELMo, and GPT-2 embeddings. In
Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the
9th International Joint Conference on Natural Lan-
guage Processing (EMNLP-IJCNLP), pages 55–65,
Hong Kong, China. Association for Computational
Linguistics.

W. Nelson Francis and Henry Kučera. 1979. Brown
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A Selected Models

Table 2 lists each model’s name, source, model
ID, year, and its classification as basic (smaller,
latency-optimized), middle, or advanced (larger,
instruction-/reasoning-optimized), following Payne
and Alloui-Cros (2025).

B DAT Method

B.1 Prompt
We use the following prompt for DAT:

“Please enter 10 words that are as different
from each other as possible, in all meanings and
uses of the words. Rules: Only single words in
English. Only nouns (e.g., things, objects, con-
cepts). No proper nouns (e.g., no specific people or
places). No specialized vocabulary (e.g., no tech-
nical terms). Think of the words on your own (e.g.,
do not just look at objects in your surroundings).
Make a list of these 10 words, a single word in each
entry of the list.”

B.2 Evaluation
As in the original test (Olson et al., 2021), we keep
the first seven properly spelled, valid words. In
addition to the original setup, we add filtering that
cleans each token and keeps it only if NLTK (Bird
et al., 2009) identifies it as a noun, either by assign-
ing it a noun POS tag (NN/NNS) or by finding at
least one noun synset for it in WordNet.

The DAT score is calculated as the average pair-
wise semantic distance across the seven words,
ranging from 0 to 2. The semantic distance is com-
puted from the cosine similarity between embed-
ding vectors, using either GloVe or SBERT. The
score is multiplied by 100, which gives the final
score ranging between 0 and 200 (the practical
range is usually 60–110).

B.3 Models
Proprietary models are accessed via their official
APIs: GPT5, Claude6, and Gemini7. Llama Instruct
models are accessed through Together AI8. We
build on the code by Bellemare-Pepin et al. (2026)
for this experiment.

Some model families are excluded from the high-
temperature setting (t = 1.5): Claude models,

5https://platform.openai.com/docs/overview, ac-
cessed 23 January 2026

6https://docs.anthropic.com/en/home, accessed 23
January 2026

7https://ai.google.dev/, accessed 23 January 2026
8https://www.together.ai/, accessed 23 January 2026

which are limited to a maximum temperature of
1.0, and Llama 3.1 models, which do not produce
reliably extractable answers at the high temperature.
Other sampling strategies, such as top-k and top-p,
are set to their API defaults (GPT models: top-
p=1.0; Claude: top-p=0.99; Gemini: top-p=0.95;
Llama: top-p=0.7, top-k=50). As in the previous
study, we open new conversations or “chat sessions”
in each iteration to collect samples.

B.4 Switching to SBERT
We compare DAT scores across the selected mod-
els using our newly adopted SBERT-based distance
metric. To assess potential word-frequency arti-
facts, we quantify word frequency via surprisal,
following Chen and Ding (2023). It is computed
for each word as − log p(w), where p(w) is the
add-one–smoothed relative frequency of w in the
Brown corpus (Francis and Kučera, 1979); item-
level surprisal is then the mean over its valid words.

In regressions controlling for model and tem-
perature, the slope of surprisal is consistently
smaller for the SBERT-based score than for the
GloVe-based score at all temperatures, with all
interaction terms between surprisal and SBERT-
based metric (vs. GloVe) negative (−1.33 at low;
−1.51 at mid; −1.65 at high) and highly signif-
icant (p<0.001), indicating that SBERT is sub-
stantially less sensitive to word frequency. Nev-
ertheless, SBERT- and GloVe-based DAT score
rankings are strongly aligned (Spearman’s ρ=0.73,
p=1.44× 10−3, α=0.01), suggesting that SBERT
provides a more robust yet broadly equivalent re-
placement for GloVe, which was originally de-
signed for single-word embeddings. The full DAT
ranking using SBERT is available in our GitHub
repository.

C CDAT Method

C.1 Task
We use the same models and sampling seeds as in
the DAT setup.

CDAT prompt. “Please enter 10 words that are
as different from each other as possible, in all mean-
ings and uses of the words, yet semantically asso-
ciated with the following cue word: {cue}. Rules:
Only single words in English. Only nouns (e.g.,
things, objects, concepts). No proper nouns (e.g.,
no specific people or places). No specialized vocab-
ulary (e.g., no technical terms). Think of the words
on your own (e.g., do not just look at objects in
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Model name Source Model ID Year Distinction
GPT-3.5-turbo OpenAI gpt-3.5-turbo 2022 Middle
GPT-4 OpenAI gpt-4-0314 2023 Advanced
GPT-4-turbo OpenAI gpt-4-0125-preview 2024 Advanced
GPT-4o-mini OpenAI gpt-4o-mini 2024 Basic
GPT-4.5 OpenAI gpt-4.5-preview-2025-02-27 2025 Advanced
Claude 3 Opus Anthropic claude-3-opus-20240229 2024 Advanced
Claude 3.5 Haiku Anthropic claude-3-5-haiku-20241022 2024 Basic
Claude 3.5 Sonnet Anthropic claude-3-5-sonnet-20241022 2024 Middle
Claude 3.7 Sonnet Anthropic claude-3-7-sonnet-20250219 2025 Middle
Gemini 1.5 Pro Google gemini-1.5-pro 2024 Middle
Gemini 2.5 Pro Google gemini-2.5-pro-preview-03-25 2025 Advanced
Gemini 2.0 Flash Google gemini-2.0-flash 2025 Basic
Llama 3.1-8B Instruct Meta meta-llama/Meta-Llama-3.1-8B-Instruct-Turbo 2024 Basic
Llama 3.1-70B Instruct Meta meta-llama/Meta-Llama-3.1-70B-Instruct-Turbo 2024 Middle
Llama 4 Scout Instruct Meta meta-llama/Llama-4-Scout-17B-16E-Instruct 2025 Advanced

Table 2: Model information.

your surroundings). Make a list of these 10 words,
a single word in each entry of the list.”

Cues. We extract cues among the 10,000 most
frequent words in the Brown corpus by lemmatiz-
ing words to their singular noun form using Word-
Net, validating that words are common nouns by
checking both WordNet synsets and NLTK POS
tags, and excluding multiword phrases, pure dig-
its, or single characters (mean frequency=45.38,
mean length=7.2; n=4256). The words are sent to
GPT-4.1 nano9 to filter out verbs and proper nouns
and obtain the final 550 cues (unique cues n=539;
mean frequency=28.94 and mean length=7.2) us-
ing the following instruction:

“For each word in the list below, determine
whether it is a common noun. Make sure to exclude
any words that are verbs or proper nouns (such as
specific places or personal names). For each word,
respond in this format: word: [KEEP/EXCLUDE].
Example: table: KEEP, washington: EXCLUDE,
think: EXCLUDE, found: EXCLUDE. Words to
analyze: {List of words}.”

C.2 Diagnostics (non-primary)

Elbow distance. In general, elbow points on the
Pareto front identify candidates that achieve the
best balance between objectives before diminish-
ing returns set in. The two task-agnostic baselines,
Random and Common, maximize novelty and ap-
propriateness, respectively, while minimizing the
other, thereby defining the extreme ends of the
trade-off.

To quantify the elbow, we compute a signed Eu-
clidean distance from each non-dominated model’s

9Model ID: gpt-4.1-nano-2025-04-14

point to the line connecting the average scores of
the Common and Random baselines using the for-
mula:

d =
(y2 − y1)(x0 − x1)− (x2 − x1)(y0 − y1)√

(x2 − x1)2 + (y2 − y1)2
,

where (x0, y0) is the model’s score, and (x1, y1)
and (x2, y2) define the Common and Random base-
lines respectively. This score reflects the extent to
which a model surpasses the linear trade-off be-
tween the most novel and the most appropriate so-
lutions. A positive distance indicates that the point
lies above the line, closer to the ideal region with
maximized novelty and appropriateness, whereas
a negative distance indicates that the point falls
below it.

Distance to Human. Heinen and Johnson (2018)
found that in a verb-generation task, when humans
are cued to be creative, they implicitly enact both
novelty and appropriateness criteria. As a quali-
tative, exploratory analysis, we use this implicit
human definition of creativity as the ideal trade-
off and judge models closer to this point as more
creative.

To obtain average human scores, 11 annotators
(a convenience sample from the authors’ lab and
personal networks) are recruited. All annotators
reside in the Netherlands, hold a Master’s degree or
higher, and include nine native Dutch speakers, one
Korean speaker, and one Catalan–Spanish speaker.
They rated a random subset of 73 cues (out of 550),
yielding 104 annotations, of which 5 were excluded
as invalid (total n=99). This left 70 cues with valid
ratings: 29 had two independent ratings and 41 a
single rating, balancing statistical efficiency and
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Figure 4: CDAT novelty–appropriateness landscape
(middle temperature). Solid markers show model
means; translucent markers show the first 30 per-cue
points per model. The Pareto front (non-dominated
models) traces optimal trade-offs. Means are jittered
with Gaussian noise (mean = 0, SD = 0.25). All valid
answers are used.

annotation cost.
Inter-rater reliability was low for novelty (Krip-

pendorff’s α= − 0.03, r̄= − 0.28, MAD=5.20)
but higher for appropriateness (α=0.34, r̄=0.44,
MAD=5.95). Novelty scores were strongly rater-
dependent (between-cue variance ≈ 47%, within-
cue variance ≈ 53%), whereas appropriateness was
more cue-dependent and consistent across raters
(between-cue variance ≈ 67%, within-cue variance
≈ 33%).

D CDAT Results

D.1 Counts and Sensitivity Data
Claude 3 Opus refuses to answer one cue for safety
reasons (cue: prostitution), and notably GPT-4’s
answers to 68 out of 539 cues (12.62%) at high
temperature are rejected as invalid.

D.2 2D Trade-off Visualizations
We compare 2D novelty–appropriateness land-
scapes across temperatures to show that the general
trend is consistent across these settings (Figures 4–
6).

In addition to the main trend per family, a
steeper line connecting the non-dominated models
and more evident elbows suggests a stricter nov-
elty–appropriateness trade-off and fewer efficient

Figure 5: CDAT novelty–appropriateness landscape
(low temperature).

solutions at higher temperature, which aligns with
previous findings suggesting that temperature has
opposite relationships with novelty and appropri-
ateness (Peeperkorn et al., 2024).

D.3 Scalar CDAT Statistics
We conduct pairwise t-tests assessing differences
in CDAT novelty scores between models for each
temperature condition (Figures 13–15).

D.4 Diagnostics (non-primary)
Elbow distance. We compare Elbow distance
values to identify models that exceed the trivial
novelty–appropriateness trade-off, analyzing these
values for each temperature setting (Figs. 7–9).

Distance to Human. We compare Euclidean dis-
tances to the human average at each temperature
to identify models that align more closely with
humans’ implicit novelty–appropriateness balance
(see Figure 10). Model-specific distances to the hu-
man average, together with their significance levels
across temperatures, are available in our GitHub
repository.

E CDAT Additional Analyses

E.1 Interpreting the Trade-off
Temperature-based diagnostic of novelty con-
straints. As an initial step toward separating the
effects of instruction and safety alignment from
models’ underlying creative capacity, we exam-
ine how mean novelty scores change as sampling
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Figure 6: CDAT novelty–appropriateness landscape
(high temperature).

Figure 7: (a) The mean Elbow distance (middle tem-
perature) with 95% confidence intervals, including only
non-dominated models.

temperature increases. If novelty remains low for
larger or more aligned models even under higher-
temperature decoding, this suggests that reduced
novelty may not be solely attributable to conserva-
tive sampling, and post-training alignment might
have induced a form of mode collapse.

Figure 11 shows the transition of mean SBERT-
based novelty scores across temperatures. For sev-
eral highly aligned models, such as Claude 3 Opus,
Gemini Pro 2.5, and Llama 4 Scout, novelty
scores remain relatively flat as temperature in-
creases. In contrast, less aligned or smaller mod-
els, such as Gemini Flash 2.0, Claude 3.5 Haiku,
Llama 3.1 8B Instruct, GPT-4o mini, exhibit larger
gains in novelty. This pattern is consistent with the

Figure 8: (b) The mean Elbow distance (low tempera-
ture).

Figure 9: (c) The mean Elbow distance (high tempera-
ture).

hypothesis that post-training alignment constrains
the accessible output distribution, potentially in-
ducing a form of conservative generation or mode
restriction.

This analysis is correlational rather than causal;
temperature-based probing cannot disentangle
alignment effects from architectural, training-data,
or representation-level factors, and similar flat
patterns could arise from multiple mechanisms.
Confirming an alignment effect would require
controlled interventions that explicitly manipulate
alignment strength.

Prompting and decoding as capability probes.
We used a single, uniform prompt per condition
to avoid per-model tuning. Because decoding
and prompt interpretation can reweight novelty vs.
appropriateness, an automated, bounded prompt-
search protocol could estimate an upper bound on
each model’s CDAT potential while keeping the
search procedure identical across families. Like-
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Figure 10: The mean Euclidean distance from the human average score, sorted by top-performing model at the
middle temperature. Note that some models do not support high temperature, and Random and Common baselines
do not vary by temperature. Error bars show 95% confidence intervals.

wise, controlled studies that factor temperature,
nucleus/top-k sampling, and length penalties can
quantify how much of the trade-off is attributable
to decoding rather than model internals.

Mechanism tests. To more directly test the
frontier-shift hypothesis suggested by the above
analyses, future work should conduct controlled
ablations on open-weight models that vary one
factor at a time, including pretraining data diver-
sity, instruction tuning strength, refusal policies,
and other guardrail objectives. Comparing base
and instruction-tuned checkpoints under matched
decoding settings would allow measurement of
induced displacements in the two-dimensional
novelty–appropriateness plane. A complemen-
tary, data-centric intervention would suppress high-
frequency associative continuations during training
or decoding to test whether models can recover
novelty without sacrificing appropriateness.

E.2 Measurement Choices and Their
Implications

Power analysis. To assess the sample size that is
sufficient to reliably detect the observed effects
used in the appropriateness gate, we conduct a
post-hoc power analysis. To achieve 80% power
at α=0.001, approximately six responses would
suffice for the Random vs. Human comparison (Co-
hen’s d=3.59), about nine responses for the Ran-
dom vs. Gemini 2.0 Flash comparison, the smallest-
effect model at both low (Cohen’s d=2.54) and
middle (Cohen’s d=2.46) temperatures, and about
11 responses for Random vs. GPT-3.5 Turbo, the

smallest-effect model at the high temperature (Co-
hen’s d=2.07). Our actual sample (n=550 re-
sponses) therefore provides more than sufficient
power to detect these effects.

Embedding sensitivity analysis. We assess the
robustness of the CDAT metric to the choice of
embedding representation via a sensitivity analysis
across four models: GloVe, fastText,10 BERT,11

and SBERT. For each model, we compute CDAT
novelty scores for the LLMs (Figure 12) and then
calculate Spearman rank correlations among the
resulting rankings.

For BERT, we obtain word embeddings by mean-
pooling all token embeddings ([CLS], word tokens,
[SEP]) within each of layers 3–9; mean pooling
over middle layers has been reported as effective
for semantic similarity (Reimers and Gurevych,
2019; Ma et al., 2019; Rogers et al., 2020). Nov-
elty rankings from GloVe, fastText, and SBERT
are strongly and significantly aligned (pairwise
Spearman’s ρ between 0.87 and 0.96; all p<0.001).
By contrast, BERT-based rankings with any lay-
ers are not significantly correlated with any of
the other embeddings. We therefore average the
seven layer-wise pooled BERT vectors (layers 3–9)
and report results using this final BERT-averaged
embedding (fastText–BERT: ρ=− 0.07, p=0.81;
GloVe–BERT: ρ=0.14, p=0.62; SBERT–BERT:
ρ=0.28, p=0.29).

A likely reason BERT yields different rankings

10Model: fastText Common Crawl English
(cc.en.300.bin)

11Model ID: bert-base-uncased
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Figure 11: Transition of mean SBERT-based novelty scores for each model across temperatures.

is the anisotropic geometry of its embedding space
(Ethayarajh, 2019): BERT representations concen-
trate in a few dominant directions, which may cause
cosine similarities to behave differently than in
more isotropic embeddings such as GloVe, fast-
Text, or SBERT. Post-processing, such as static
embeddings distilled from contextualized represen-
tations, can provide BERT with high-quality type-
level word representations (Ethayarajh, 2019).

Note about the GloVe model: in addition to
general rejections by the other embedding mod-
els, one answer by GPT-3.5 Turbo and GPT-4 mini
at high temperature, two answers by GPT-4 and
GPT-4 Turbo at high temperature, one answer by
Llama 4 Scout at low temperature, and 12 re-
sponses from the Random baseline are rejected
because fewer than seven generated words exist
in the GloVe model. All cue words are present in
GloVe.

E.3 Scope Extensions and Open Directions

Human vs. machine-native metrics. We view
CDAT as a complementary, human-grounded part
of the evaluation space: it targets a well-studied
creativity construct in a minimal, controlled setting,
while machine-native metrics can capture other
model-specific aspects of generativity. Although
future work may directly optimize LLMs for sta-

tistical novelty, CDAT helps identify a clear trend:
larger LLMs are often post-trained in ways that
reduce their ability to produce statistical novelty.

Scope extensions. Three directions extend the
framework without sacrificing clarity. (i) Cue de-
sign: move beyond single nouns to relational or
compositional cues (e.g., two-word cues or typed
relations) to test whether models can diversify
around more structured contexts. (ii) Linguis-
tic coverage: evaluate cross-lingual CDAT with
language-appropriate lexical resources and embed-
ding spaces, assessing whether trade-offs repli-
cate across morphologies and scripts. (iii) Mul-
timodality: adapt CDAT to image–text settings by
conditioning on visual cues and scoring textual
novelty subject to visual appropriateness using vi-
sion–language embeddings, keeping the gate-and-
score logic intact.
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Figure 12: CDAT novelty rankings across four embedding models (SBERT, BERT, fastText, GloVe). BERT shows
the average of layers 3–9. Darker colors denote higher novelty (lower rank numbers). Models are sorted by SBERT
ranking. Similar colors across embedding types indicate similar rankings.
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Figure 13: (a) Pairwise t-value heatmap for models’ CDAT novelty scores (middle temperature). Each cell shows
the contrast between the column model and row model (column model − row model). Models are sorted by
performance, with the top-performing model in the leftmost column. ∗: p < .05, ∗∗: p < .01, ∗ ∗ ∗: p < .001.
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Figure 14: (b) Pairwise t-value heatmap for models’ CDAT novelty scores (low temperature).
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Figure 15: (c) Pairwise t-value heatmap for models’ CDAT novelty scores (high temperature).
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