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Abstract

Automated semantic distance tests—which prompt a model to produce a set of
words, and score the average embedding distance between them—are increasingly
used to measure the “creativity” of large language models. However, the validity
of semantic distance tests as predictors of machine creativity has not yet been
established, and these tests already have limited validity as predictors of human
creativity. To address this problem, we conduct the first systematic study evaluating
the effectiveness of semantic distance tests in predicting creative achievement
across three constructs: creative writing, divergent thinking, and scientific ideation.
We score each test on two criteria (validity and specificity), and derive a theoretical
limit for the maximum attainable specificity and validity a test can achieve. We
find that: (1) Test effectiveness varies significantly by construct, and no single test
predicts all constructs well. (2) None of the tests is a good predictor of scientific
ideation ability. (3) Existing tests are far below the theoretical limits, indicating
meaningful room for the design of improved tests moving forward. Our findings
provide clear practical takeaways and directions for future work and suggest that
novel tests are needed to reliably predict scientific ideation ability.

1 Introduction

Evaluating the creativity of large language models (LLMs) is essential for developing methods
that improve creativity, advancing our scientific understanding of this ability, and ensuring robust
deployment of Al in human co-creativity environments. In recent years, it has become common
practice to re-purpose psychological assessments of human creativity to purportedly evaluate the
“creativity” of LLMs [38, 5, 3]. In particular, the ability to associate semantically distant concepts has
long been considered central to human creativity [19, 37], motivating the use of automated semantic
distance assessments like the Divergent Association Task (DAT) [24, 5, 8, 3, 43] to assess whether
LLMs are capable of making distant associations. On the DAT, subjects are instructed to generate
ten maximally dissimilar nouns, and scores are given by the mean pairwise semantic distance of all
word pairs under an embedding model such as GloVe [27], providing a convenient way to assess
“creativity” without requiring human raters.

Over the last year, two novel semantic distance tests have also been proposed. The Conditional DAT
(CDAT; [22]) extends the DAT by requiring dissimilar nouns to each be relevant to a “‘cue” word,
incorporating a measure of appropriateness in addition to novelty [4, 17]. Similarly, the Parallel
Association Chain Evaluation (PACE; [29]) is inspired by the forward-flow measure [11, 2] and
instructs models to make free associations starting from several seed words, scoring responses by a
sequential semantic distance measure. The PACE test shows strong Spearman rank correlations with
creative writing benchmarks (p ~ 0.74). However, it also correlates strongly with general model
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capabilities (p ~ 0.66), so it is unclear how well PACE measures creative achievement independent
of what general capability already predicts. More broadly, the validity of semantic distance tests as
measures of machine creativity has not been established, and semantic distance tests have limited
validity as predictors of human creativity as it stands (see Section 2).
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Figure 1: Overview. Semantic distance tests like the
Divergent Association Task ask respondents to name a
set of maximally dissimilar words and score the result
by embedding-space distance. The external validity of
these tests among humans has been supported by modest
correlations with ideation tasks, but their validity as
measures of machine creativity has not been adequately
established, motivating the central question of this work:
Do semantic distance tests actually predict creativity in
LLMs?

1. We conduct a large-scale, systematic study evaluating the effectiveness of semantic distance
tests for predicting the creative achievement of LLMs.

2. We introduce evaluation metrics which measure a test’s predictive power, both in raw corre-
lations with benchmarks (construct validity) and independent of what general capabilities
already predict (specificity).

3. By evaluating specificity in addition to validity, we find that the Parallel Association Chain
Evaluation (PACE) test is effectively a proxy for general capabilities—its highly significant
validity on creative writing (r ~ 0.73) collapses to non-significant specificity (r ~ 0.15).

4. Our empirical findings indicate that the Divergent Association Task (DAT) is the best
predictor of creative writing, the Conditional Divergent Association Task (CDAT) is the
best predictor of divergent thinking, and in contrast to general beliefs, none of the tests is a
reliable predictor of scientific ideation ability.

5. We prove an upper bound on the maximum attainable validity and specificity a creativity
test can achieve, and find that semantic distance tests are far below the frontier on nearly all
benchmarks.

Overall, our findings provide practical guidance on which constructs semantic distance tests are—and
are not—able to measure, while indicating there is meaningful room for future work to design novel
tests with superior predictive power.

2 Background and Motivating Problems

In recent years, semantic distance tests have been widely adopted to assess whether LLMs are capable
of making distant associations [5, 8, 3]. Furthermore, various strategies, such as varying sampling
parameters, instructing LLMs to assume the personas of distinguished creative individuals [43],
prompt engineering, and offering explicit test-taking strategies [3], have all been explored to improve
semantic distance test scores. Additionally, semantic distance tests are already being used to make
direct claims that LLMs are more or less creative than humans [5, 3, 43], which presupposes that
the tests measure the same construct in both populations. However, this is problematic for several
reasons.



For one, the validity of semantic distance tests as measures of machine creativity has not
been established. Measures of human intelligence are often inappropriate to administer naively
to LLMs [7] because such tests do not inherently possess construct validity for machines.”? A
psychometric test is a valid measure of creativity if scores correlate strongly with quantitative
measures of creative achievement within that same population. Semantic distance tests were designed
for human populations, and their external validity as measures of machine creativity has not yet been
established.’

Furthermore, the validity of semantic distance tests as measures of human creativity is itself only
modestly established. Even within human populations, the external validity of these tests rests on a
short and modest chain of correlations. Both the DAT [24] and forward flow* [11] are validated by
correlation with the Alternative Uses Test (AUT): the DAT at r ~ .32-.51 [24]° and forward flow at
r ~ .43-.49 [2]. However, meta-analyses have revealed that AUT scores themselves correlate with
self-reported creative achievement at only r ~ .17 [31] to r ~ .22 [15], and [1] reports near-zero
correlations between AUT scores and creative achievement, casting doubt on the external validity of
semantic distance tests in predicting creative outcomes among humans.

Finally, we argue that creativity tests

should measure something independent
of what general capability already pre-
dicts. A semantic distance test that corre-
lates with, e.g., creative writing rankings,
does not, on its own, establish that the
test measures ‘“creativity.” A creativity test
should predict aspects of creative achieve-
ment in ways that are statistically inde-

DAT. Generate 10 nouns maximally different from each other.

Response: ocean, mathematics, hammer, justice, molecule, sym-
phony, volcano, laughter, friction, taxonomy

CDAT. Generate 10 nouns associated with “rock” that are
maximally different from each other.

Response: stone, guitar, music, geology, cliff, mineral, founda-
tion, cradle, concert, pebble

pendent of what general capability already
predicts—otherwise it reduces to a mea-
sure of general capability rather than cre-
ativity. Among humans, where divergent
thinking test scores are known to correlate
with general intelligence up to » = 0.37
[9], the standard practice is to factor out
confounding variables (e.g., through hierar-
chical regression or factor analysis) before
claiming a test measures ‘“‘creativity” [2].
Later in this work (Section 4), we propose
a similar methodology for measuring the
predictive power of creativity tests inde-
pendent of what general model capabilities
already predict.

PACE. Starting with the seed “rock”, produce three 20-word
association chains in which each word associates only with the
previous word.

Response (chain I of 3): rock — stone — pebble — beach —
sand — hourglass — time — clock — alarm — fire — smoke
— cigarette — tobacco — leaf — tree — bark — dog — collar
— shirt

Figure 2: Example prompts and responses for each
semantic distance test. The DAT prompts for maxi-
mally distant nouns, the CDAT prompts for maximally
distant nouns that are each relevant to a cue, and PACE
prompts models to freely associate sequences of nouns
in a 20-word chain.

3 Preliminaries

With these problems in mind, we start by introducing the semantic distance tests and large-scale
benchmarks we use for evaluation in this work.

2The digit span test is commonly used to assess human intelligence [46], but would be inappropriate to administer to
machines, where working memory is not a bottleneck to intelligence the way it is among humans. Analogously, semantic
distance tests can be “hackable” by computational mechanisms that would not be considered “creative” [4]. Consider that
Transformers have been shown to implement algorithmic circuits in their weights [25, 23], and that the DAT itself can be
trivially solved by a simple algorithm over embedding distances that exceeds mean human and LLM scores (Appendix D).

3Moreover, these tests may be flawed due to training data leakage, as has been observed with the AUT [38]

4PACE [29] uses the same scoring mechanism as forward flow.

5The DAT is also validated against the Bridge-the-Associative-Gap Test [10], although this is a measure of convergent
thinking.
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Figure 3: Inter-benchmark and inter-test correlations. (a) Benchmarks are ordered by construct:
general capabilities (Arena Ovr, MMLU-Pro), creative writing (Arena CW, EqBench CW, Mazur
CW), divergent thinking (Hivemind, NoveltyBench), and scientific ideation (Liveldea). n per cell
ranges from 8 (Mazur x Hivemind) to 54. (b) Inter-test correlations among DAT, CDAT, CDAT-N,
CDAT-A, PACE using composite scores across GloVe, FastText, and SBERT.

3.1 Semantic Distance Tests

Divergent Association Task (DAT) Introduced by [24], the DAT asks subjects to name 10 nouns®
W = {wy, ..., w,} as different from each other as possible, and scores the average cosine distance
between all word pairs:

N

DAT¢ (W) := n(zofl) Z(l — cosg(W;, W;)) )

i#]
In addition to computing scores under the standard GloVe 840B embeddings [27] used in [24], we
test robustness under multiple embedding models in Section 4.

Conditional Divergent Association Task (CDAT) Creative artifacts should be both novel and
useful [40, 4, 36, 17]. [22] argued that the original DAT failed to measure utility, and proposed the
conditional DAT (CDAT), in which a cue word c is added, and each word must be sufficiently relevant

to the cue word in order for its novelty to count. For words W = {wj, ..., w,} generated for cue c,
novelty and appropriateness are measured according to:
N n
CDAT-Ng (W) := n(g{)l) (1 — cosg(w;,w;)); CDAT-Ag(W | c) := 12 ZCOSg(C,Wi)
i#] i=1
2

Note that the CDAT-N is equivalent to Equation (1), but that CDAT-N and DAT scores differ due to
cue-based prompting under the CDAT.

Parallel Association Chain Evaluation (PACE) PACE [29], inspired by forward-flow associative-
chain methods [1 1], prompts models to produce three parallel 20-word association chains from a
seed, and the score is the mean cumulative cosine distance along each chain. For a chain C' =
(wy,...,wr):

L 1—1
PACE: (C) := 745 )~ 21> (1 — cose(wy, wj)) Q)
i=2 j=1

The model-level score is the mean of PACE¢(C) across three chains per seed and across all seeds.
In the original paper, PACE correlated with Chatbot Arena CW at p ~ 0.74 with n = 30. The
metric was originally tested under FastText embeddings [20], although [29] also saw significant rank
correlations with Chatbot Arena CW under multiple distinct embedding models.

6Usually, only the first seven valid nouns are scored.



3.2 Creative Achievement Benchmarks

We evaluate each semantic distance test against three target constructs (creative writing, divergent
thinking, and scientific ideation) spanning six large-scale benchmarks.

3.2.1 Creative Writing

Chatbot Arena Creative Writing (Arena CW) [6]. Arena CW is a creative writing benchmark
where models respond to open-ended, user-submitted creative writing prompts, and user preference
ratings are aggregated across pairwise evaluations between models, leading to per-model Elo ratings.
Arena CW is the most capability-loaded of the three creative writing benchmarks (r = 0.98 with
Arena Overall; Figure 3).

EQ-Bench Creative Writing [26]. EQ-Bench is a creative writing benchmark where models produce
responses to a set of 32 distinct prompts designed to challenge models in areas like humor, romance,
spatial awareness, and unique perspectives. Responses are scored head-to-head by Claude Sonnet
using a 9-criterion rubric and aggregated into Elo ratings, and the benchmark incorporates strategies
to reduce known LLM-as-a-judge biases (length, position, poetic incoherence, etc.). EQ-Bench
correlates strongly with Arena Overall (r = 0.83; Figure 3), although less than Arena CW.

Mazur Creative Writing [ 8]. Mazur Creative Writing is a creative writing benchmark that tests
how well LLMs incorporate a set of mandatory story elements (characters, objects, core concepts,
attributes, motivations, etc.) in a short creative story. An ensemble of LLM judges applies an
~18-question rubric assessing whether mandatory elements are adequately represented, as well as the
overall narrative quality. The final story score is the mean of the per-grader scores. Mazur Creative
Writing correlates strongly with Arena Overall at » = 0.79, although less than both Arena CW and
EQ-Bench.

All three are heavily capability-loaded, having correlations » = 0.98/0.83/0.79 with Arena Overall,
respectively, motivating the use of both validity and specificity as evaluation criteria.

3.2.2 Divergent Thinking

We use two divergent thinking benchmarks, each of which measures output diversity in LLM
responses to open-ended prompts.

Hivemind [13]. Hivemind is a divergent thinking benchmark which measures output diversity across
open-ended queries, drawn from real-world user-ChatGPT interactions. Categories include brain-
storm and ideation (“‘Suggest a feature for a smartwatch designed specifically for senior citizens.”),
philosophical questions (“How do I understand what I want?”’), speculative and hypothetical scenarios
(“Create a short review of a future movie.”), and ambiguous everyday questions (“How can I live
on $1,000 per month?”). Scoring measures intra-model repetition via average pairwise embeddings
dissimilarity’ using OpenAl’s text-embedding-3-small model. Hivemind scores are negatively
correlated with capability (r = —0.67 with Arena Overall, r — 0.59 with MMLU-Pro).

NoveltyBench [48]. NoveltyBench evaluates the output diversity of LLLMs on a similar collection
of real-world user-ChatGPT interactions, as well as open-ended prompts across four categories:
randomness (“Roll a make-believe 20-sided die”), factual information (“List a capital city in Africa.”),
creative text writing (“Tell me a riddle.”), and subjectivity (“What’s the best car to get in 20237?”).
Scoring assesses the extent to which a sequence of generations is both diverse and high-quality, using
a cumulative utility measure that penalizes functional equivalence to prior responses. NoveltyBench is
the most capability-independent benchmark, obtaining = —0.27 with Arena Overall and r = —0.48
with MMLU-Pro.

3.2.3 Scientific Ideation

LiveldeaBench [30]. LiveldeaBench assesses LLMs on open-ended scientific idea generation. Given
a single keyword (e.g., a domain term) drawn from a set spanning 18 scientific disciplines, a model
must propose a research idea relevant to that keyword in a brief response. Each generated idea is
scored by a panel of LLM judges along five dimensions—fluency (does the response actually contain
a usable idea), feasibility, clarity, originality, and flexibility—with overall scores reported as the

"The original paper uses similarity, but for consistency with the divergent thinking construct, we report its complement.



average across all dimensions. The original benchmark explicitly demonstrates that scientific ideation
can dissociate from general capability (e.g., QwQ-32B-preview outperforms much larger frontier
models on Originality despite being weaker on knowledge tests), and empirically, we observe a
similar trend where LiveldeaBench is only moderately correlated with general capabilities (Figure 3a;
r = 0.36 on Arena Overall, » = 0.59 on MMLU-Pro).

4 Evaluation Method

4.1 Models and Inference

In order to evaluate the effectiveness of semantic distance tests for predicting creative achievement
benchmarks, we obtain raw test scores across a large set (n = 54) of instruction-tuned LLMs
across 10 providers (OpenAl, Anthropic, Google, Meta, Mistral, Qwen, DeepSeek, Cohere, NVIDIA,
Microsoft) via OpenRouter. DAT and CDAT use T' € {1.0,1.5,2.0} (40 trials per temperature,
with top_p= 1, top_k= 0). PACE follows the original setup in [29], where sampling is done with
temperature 7' = 0 and stochasticity is controlled by varying the random seed for each anchor word.
We use 50 anchor words, and collect three parallel 20-word chains per seed. Lastly, on the CDAT, we
use 50 cue words, and following [22], per-cue appropriateness values are compared to a random-noun
baseline via Welch’s ¢-test, with a Benjamini—Hochberg false discovery rate (FDR) correction at
o = .001 across models within each temperature. A model’s responses at a given temperature are
retained if their FDR-adjusted p-value passes and its mean appropriateness exceeds the random
baseline. The CDAT score we report is the mean of CDAT-N across passing temperatures. For
reproducibility purposes, exact prompts used for each test are given in Appendix E.

Embedding models Each semantic distance test score depends on the embedding model used
for pairwise cosine similarity. To evaluate robustness to embedding choice, we score each
test under three embeddings—GloVe 840B 300d, FastText crawl-300d-2M, and Sentence-BERT
all-mpnet-base-v2—which differ in training. GloVe and FastText are static word-level co-
occurrence models (300-dim), while Sentence-BERT (all-mpnet-base-v2; 768-dim) is a trans-
former sentence encoder trained via contrastive sentence-pair objectives.

4.2 Evaluation Metrics

We evaluate each test on two criteria, validity and specificity, each of which is motivated and defined
below.

Validity Standard psychometric criteria used in human creativity research [2, 24] indicate that a test
has construct validity if its scores correlate with external measures of that construct. Therefore, we
report validity as the raw Pearson correlation between a test score X and benchmark score Y, given
by r(X,Y).

Specificity Since creative achievement benchmarks are themselves highly capability-loaded (for
example, Arena CW correlates with Arena Overall at r = 0.98) a high raw r(X,Y’) may simply
reflect that the test tracks general capability. We therefore report specificity, the semi-partial Pearson
correlation between the test score X and the benchmark Y residualized on a capability stack g, given

by r(X,Y | g) := r(X , Y — 179) . Here, Yg is the ordinary least squares prediction of Y from Arena

Overall Elo (preference-based) and MMLU-Pro accuracy [45] (knowledge- and reasoning-based).
The semi-partial correlation measures to what extent the test predicts the benchmark’s capability-
controlled variance, with a significant positive r(X,Y | ¢) indicating the test predicts variance that
capability cannot already explain.

For both validity and specificity, we report two-sided p-values from the standard Pearson ¢-test,

t=ry/(n—2—k)/(1 —r2) ~ t,_o_, where k is the number of controls regressed out (k = 0 for
validity and k = 2 for Arena Overall + MMLU-Pro used for specificity).
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Arena CW 1 EQ-Bench CW1 Mazur CW{ Hivemind Div. T NovBench Util. T LiveldeaBench 1
n=54/40 n=35/27 n=21/18 n=25/21 n=14/10 n=17/17

Valid. Spec. Valid. Spec. Valid. Spec. Valid. Spec.  Valid.  Spec. Valid. Spec.

Overall (mean z-score across 3 embeddings)

DAT +.47"** 4+.05 4+.72*** +.41* +4.60"* +.49 +.33 +.01 +.15 —.21 —-.01 +.24
CDAT -.13 +.22 -.06 +.03 +.07 +.43 +.25 +.10 +.60 +.60 +.03 =218
CDAT-N —-.18 +4.20 -.14 +.08 +.09 +.40 +.24 4+.08 +4.54* +.45 —.11 +.02
CDAT-A +.54*** —.05 +.48** +4.05 +.24 —28 -39 —.09 —.67" —40 +.20 +.08
PACE +.71% 411 .71 +.21 476 +.14 —.05 +.33 +.18 —-.00 +.11 —.00
GloVe 840B
DAT +.37*" —.01 +.57""" +.28 +.43 +.39 +.21  +.04 —.22 —.46 —.20 +.04
CDAT —-.07 +.14 -.03 +.05 +.43 +.44 435 +.22 +.56 +.53 —.06 +.18
CDAT-N —-.20 +.11 —-.16 +.04 +.16 +.46 +.26 +.10 +.49 +.30 —.15 —.02
CDAT-A +.54*** —.00 +.49** +.04 +.17 —.34 —.40* —-09 —.61 —-30 +.20 +.10
PACE +.72*** 400 +.70*** +.15 +.71** +.12 —.13  +.22 +.10 —.17 —-.02 —.16
FastText crawl-300d-2M
DAT +.35"* +.00 +.59"** +.29 +4.64™ 4+.57" +.32 —.11 +.32 +.26 —.06 +.16
CDAT -13 +35 -—-.08 +.04 —.04 +.38 +.23 +.05 +.63 +.62  +.10 +.29
CDAT-N —-.13 +.32 -.10 +.05 +.01 +.34  +.21  4+.04 +4.54" +.46 —.04 +.12
CDAT-A +.51*** —.09 +.45** +.05 +.30 —.23 —.41* —.08 —.70™™ —.45 +.17 +.03

PACE +.72%** +.29 471" 425 471" +.08 -—.13 +.26 +.19 +.07 +.13 +.08
Sentence-BERT all-mpnet-base-v2

DAT +.44™** +.13 4.63""* +.42* 4.44" +.29 +.25 +.11 +.11 —-.12 4.29 +.37
CDAT —-.08 +.24 —.08 —.00 +.33 +.34  +27 +.14 +.60 +.62  —.05 +.16
CDAT-N -21 +.13 -.15 +.14 +.08 +.37 +.23 +.10 +.57 +4+.50 -—.16 —.04
CDAT-A +.54™** —.04 +.48™ +.05 +.24 -25 =37 —.10 —.68" —42 +.22 +.11

PACE +.60"** +.05 4+.65™"* +4+.23 +.76"*" +.18 +.18 4.47* +.24 +.09 +.17 +.04

Table 1: Validity and specificity for every test-benchmark pair. The Overall block (top) averages
across the three embeddings and is the main result referenced in the text. For robustness, we
also report per-embedding blocks. Green cells mark the best test per benchmark in the Overall
block, bold = significant at p < .05, while stars denote significance levels (*p < .05, **p < .01,
***p < .001). Lastly, sample sizes n = val/spec are reported under each header, and specificity has
reduced sample sizes due to marginally lower model overlap.

4.3 Theoretical Limits for Attainable Validity and Specificity

What is the maximum attainable specificity a test can achieve, as a function of its validity and its
benchmark’s correlation with general capabilities? We refer to this as the validity-specificity frontier,
and prove a bound on this quantity below.

Theorem 1 (Validity-Specificity Frontier). Let g = (Z1, ..., Zy) be a vector of general capability

proxies, let }A’g denote the ordinary least squares prediction of Y from g, and define R = corr(Y, Yg).
For any test X with validity v = corr(X,Y'), the semi-partial correlation r(X,Y | g) :=r(X, Y —

Ir(X,Y | g)] < vv/1—R?+ |R|V/1—02 )

Y,) satisfies

The proof of Theorem 1 is given in Section A of the appendix. The intuition is that a creativity test
highly correlated with a capability-loaded benchmark cannot be very decoupled from capability (i.e.,
specificity). In particular, a perfectly valid test (v = 1) has specificity bounded by /1 — R2, and a
benchmark with | R| near 1 therefore leaves almost no specificity headroom for any test, regardless
of construction. This is why Arena CW (R = 0.98 on g = (Arena Overall, MMLU-Pro)) caps
specificity at ~ 0.20 for a perfect-validity test, while NoveltyBench Utility (R ~ —0.33) admits a
much wider ceiling (Figure 4, bottom row).

5 Results

In Table 1, we report the validity and specificity across all tests and benchmarks. Test and benchmark
scores used for correlations are fully reported in Table 2 and Table 3, respectively. Figure 4 visualizes
validity and specificity aggregated across the three constructs and plots the validity-specificity frontier
we derived in Section 4.3.
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Figure 4: Validity and specificity by construct and benchmark, with theoretical ceilings. (a)
Prediction by construct: Each small point is a (test, benchmark) cell from the Overall block of Table 1,
while the large black-outlined circle is the construct-level average across all benchmarks. A gold
% = significant on both axes. The black curve is the construct-level theoretical specificity ceiling
obtained in Theorem 1. (b) Prediction by benchmark: per-benchmark specificity-ceiling lenses with
the panel’s R in the title. The grey region is the feasible (v, r(X,Y | g)) set.

Evaluating specificity reveals that PACE is mostly a capability proxy. A core motivation
addressed in Section 2 is that tests should measure aspects of creative achievement independent
of what general capabilities already predict. We measure this via the specificity metric defined
in Section 4. On creative writing benchmarks, PACE obtains strong and statistically significant
validity (r € [0.71,0.76]); however, after controlling for general capabilities, PACE collapses to
non-significant specificity (r|g € [+0.11,+0.21]). On creative writing, the chained-association
testing methodology largely measures model qualities that capability already predicts.

The Divergent Association Task (DAT) is the best predictor of creative writing. DAT’s
validity is moderate across the three creative writing benchmarks (Arena CW r = 4-0.47, EQ-Bench
CW r = +0.72, Mazur CW r = +0.60), and the EQ-Bench and Mazur cells retain meaningful
specificity once capability is partialled out (r|g = +0.41* and +0.49). As mentioned, PACE
has high raw validity averaged across the three creative writing benchmarks (= +0.73), but its
specificity averages only +0.15. Lastly, CDAT’s appropriateness facet (CDAT-A) has high validity
(r = +0.54*** 4+0.48"*, +0.24) but non-positive specificity throughout, predicting rankings only
because it tracks capability.

The Conditional DAT is the best predictor of divergent thinking. The CDAT is the only
test whose specificity is positive on both divergent thinking benchmarks (Hivemind r|g = +0.10;
NoveltyBench Utility r|g = +0.60, n = 8). Furthermore, its appropriateness facet, CDAT-A,
has both negative validity and specificity for divergent thinking (NoveltyBench » = —0.67**,
r|g = —0.40), consistent with appropriateness being a convergent-thinking measure that should
anti-correlate with output diversity by construction.

None of the tests is a good predictor of scientific ideation. On LiveldeaBench (n = 17), every
test’s raw validity is near zero (r € [—0.11, 40.20]) and no specificity cell reaches p < 0.05. DAT
and CDAT show modest positive specificity (r|g &~ +0.24 and +0.21), but neither is statistically
significant. We discuss why semantic distance alone may be insufficient to predict scientific ideation
ability in Section 6.

No single test predicts all constructs well. With DAT being the best predictor of creative writing,
CDAT as the best predictor of divergent thinking, and none of the tests as good predictors of scientific



ideation, it is evident that each test is a local predictor of creative achievement tied to a specific
construct rather than a general-purpose “creativity” measure.

How close are tests to the validity-specificity frontier? = Empirically, we find that observed
tests are well below the validity-specificity frontier for nearly every benchmark in Figure 4(b). This
indicates significant headroom to design more effective creativity tests. The (v*, s*) points marked
in Figure 4 give the validity-specificity pair on the frontier that maximizes the sum v + s for each
construct or benchmark. They are the most that any test could jointly achieve on both axes given the
benchmark’s coupling to capability, and the gap between each observed test and its (v*, s*) measures
how much room is left for better tests of the same construct.

6 Discussion

Designing creativity tests that predict scientific ideation ability In Section 5, we found that
existing semantic distance tests fail to reliably predict scientific ideation ability. Most surprisingly,
even the CDAT, which measures both utility and novelty, fails to achieve significant validity and
specificity on this construct. A key measure of utility for scientific ideation is whether ideas can
be validated with experiments [44, 34], which the appropriateness dimension in CDAT may fail
to adequately capture. Future evaluations of this ability may need to better reflect the cognitive
primitives implicated in scientific ideation rather than rely solely on semantic distance measures,
as recent studies have begun to address. [21] proposed algorithmic tasks that required creative,
far-sighted leaps, mirroring cognitive mechanisms implicated in the scientific process [4, 16]. Later,
[33] proposed a constrained graph pathfinding task, where constraints reflected common pitfalls
observed in large-scale LLM-for-science studies [35, 34]. [41] also proposed a test-time creativity
evaluation (CREATE) that measured associative creativity using real knowledge graphs, scoring an
LLM by the diversity and validity of multi-hop associations it generated between concepts drawn
from those graphs.

Ontology-based distances measures In text-to-image creativity studies, hierarchical concept
ontologies that decompose visual concepts (e.g., Sofa) into constituent parts (e.g., leg, cushion) and
associated uses (e.g., support, rest) have been proposed to support combinatorial creativity in a more
explicit way [12]. Ontology-based distance measures may better capture hierarchical and logical
relationships between concepts, and can be explored alongside semantic distance measures in future
work.

Testing for transformational creativity One understudied facet of creativity that has historically
played an outsized role in economic innovation, scientific discovery, and artistic achievement [4] is
transformational creativity, which involves altering existing conceptual spaces in ways that radically
transform the scope of conceivable artifacts.® Recent work has begun to explore both empirical
evaluation of this ability [39, 28], as well as its conceptual and theoretical foundations [32], each of
which should be incorporated in future large-scale benchmarking and test design studies.

Limitations of tests versus open-world evaluations Although creativity tests offer convenient and
controllable scoring, there are inherent limitations to how much variance in creative achievement
minimal assessments can capture, due to the complex, long-horizon, and open-ended nature of real-
world tasks. [14] has recently called for open-world evaluations: “long-horizon, messy, real-world
tasks assessed through small-sample qualitative analysis rather than benchmark-scale automation.”
Although in some respects, creativity can be reduced to cognitive primitives and concrete mechanisms

37], real-world creative processes are complex and typically modeled using distinct stages [42].
Accordingly, creative achievement may be best measured through a combination of minimal tests and
open-ended, long-horizon assessments.

6.1 Limitations

Before concluding, several limitations of our work are worth discussing. Some benchmarks in our
suite have n < 25 models with full coverage of the capability stack due to limited coverage on
already-evaluated models (see Table 1). Validity and specificity should be interpreted cautiously
here, and future work can aim to expand benchmark coverage to ensure greater statistical reliability.

8Einstein’s relativity theory and Copernicus’s heliocentric theory being two canonical examples [32].



Although we study a large set of LLMs, this pool consists exclusively of instruction-tuned LLMs,
and our findings may not generalize to base models, as post-training often reduces diversity [47].

7 Conclusion

In this work, we conducted the first systematic study to assess the effectiveness of semantic distance
tests in predicting creative achievement across three constructs: creative writing, divergent thinking,
and scientific ideation. Our findings provide clear practical takeaways and directions for future work,
identifying tests which are best suited to predict each construct, and suggesting that novel tests are
needed to reliably predict scientific ideation ability.
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A Derivation of the Validity-Specificity Frontier

The theoretical ceilings plotted in Figure 4 (benchmark validity-specificity frontier) are built on a
covariance matrix bound that we prove here.

Theorem 1 (Validity-Specificity Frontier, restated). Let g = (Z1, . .., Zx) be a vector of general
capability proxies, let Yg denote the ordinary least squares prediction of Y from g, and define
R = corr(Y,Y,). For any test X with validity v = corr(X,Y), the semi-partial correlation
r(X,Y | g) = r(X,Y —Y,) satisfies

[r(X,Y | g)] < vv/1—R2 + |R|V1—2%

Proof. Without loss of generality, we standardize X and Y to have unit variance, and let 7 = Yg /R
so that o(Z) = 1 as well. Since correlation is scale-invariant, corr(X, Z) = corr(X,Y,) =: a and
corr(Y, Z) = R. The covariance matrix of the unit-variance triple (X,Y, Z),

1 v a
Ez(v 1 R>,
a R 1

must be positive semi-definite. Expanding the determinant gives

det(¥) =14 2vRa —a®> —v* —R?> > 0 Q)
2 2, 2

_ - < 0.

= 1 a 20Ra + (R +v*—=1) <0 (6)
« B r

Applying the quadratic formula to Equation (6) with coefficients «, 3, T yields

a € [vR—14, vR+6], § = /(1= R2)(1—?). @)
Finally, applying this into the semi-partial correlation:
r(X,Y | g) =r(X,Y —¥,) @®)
Cov(X,Y — Y,

a(X)o(Y - Yy)

X, Y) - XY,
_ Cov(X,Y) — Cov(X, ¥) (X has unit variance)  (10)

o(Y —Y,)
_v= aU(Yg)
Co(Y =Y, .

The last step substitutes v := Cov(X,Y’) and applies Cov(X,Y,) = corr(X,Y,) o(X) o(Y,) =
a-1-0(Y,) = ac(Y,), where the second equality uses corr(X, Y,) = a (by definition) and o/(X) = 1
(since we standardized X).

From here, it remains to address (Y,) and o(Y — Y,). The former follows directly from our
definition of R := corr(Y, }A’g), along with the fact that least-squares residuals are orthogonal to their
predictor (i.e, Cov(Y — }797 f/'g) =0):

R = corr(Y, Yg) 12
_ Cov(¥,¥y) -
o(Y)o(Yy)
= Cov( 9 Yg) + COVA(Y - Yy, g) 14)
o(Y)o(Yy)
Var(Yg) o .
=—% (Cov(Y — Y}, Y,) = 0 by least-squares orthogonality) (15)
oY)o(Y,) g9
= Z((Y?)) =o(Yy) (Var(Yy) = 0*(Y,) and o(Y) = 1). (16)



>

= \/Var(Y) + Var(Y,) — 2Cov(Y, Y,) (18)

— 14+ R =2 con(Y,Y,) - 0(Vy) - oY)  (Since S0 — con(v, V) =: R)

=+/1+ R? - 2R? (20)
=+1-R? (21)

Substituting back into (11) and combining with the bounds on a from Equation (7), we obtain

v—aR
r(X,Y|g) = —— 22
v—(vVR+4d0R v—(vR—96)R
, from Eq. (7 23
= [vV/1 - R? — |[RIV1 -2, v\/1- R?+|R]\V1—?], (24)
which gives the bound in Equation (4). O
Restated Remark on Theorem 1. In particular, a perfectly valid test (v = 1) has speci-

ficity bounded by v/1 — R2; a benchmark with R near +1 therefore leaves almost no speci-
ficity headroom for any test, regardless of construction. This is why Arena CW (R = 0.98 on
g = (Arena Overall, MMLU-Pro)) caps specificity at ~ 0.20 for a perfect-validity test, while Novel-
tyBench Utility (R ~ —0.33) admits a much wider ceiling (Figure 4, bottom row).

B Per-Model Test Scores

In Table 2, we report the mean + SEM scores for the DAT, CDAT, CDAT-N, CDAT-A, and PACE per
model. DAT is scored under GloVe across all valid trials at T € {1.0,1.5,2.0} (at 120 total trials
per model). CDAT, CDAT-N, and CDAT-A are scored under Sentence-BERT all-mpnet-base-v2,
where CDAT is novelty restricted to the temperatures passing the false discovery rate o = .001
appropriateness gate (“— if no temperature passed), and CDAT-N and CDAT-A are the ungated
novelty and appropriateness scores aggregated over all 50 cues at all three temperatures. PACE is
scored under FastText across all valid chains (up to 150 chains per model: 50 seeds x 3 chains).

As a sanity check, our per-model mean + SEM values fall within the score ranges reported in the
original papers. PACE across our 54 models spans ~0.65-0.76, overlapping the ~0.69-0.83 range
reported by [29] across their 30-model set. Gated CDAT novelty across our models spans ~62-75,
within the ~55-75 band shown in Figure 3 of [22]. Our evaluation extends both sets to a larger
number of models.

Table 2: Mean 4+ SEM of DAT, CDAT, CDAT-N, CDAT-A, and PACE per model, grouped by provider.
“—" indicates cells where no valid scores were collected (no temperature passed the appropriateness
gate) on the CDAT, or responses were otherwise invalid.

Model DAT CDAT CDAT-N CDAT-A PACE
OpenAl

gpt-3-5-turbo 78.2440.78 73.07+0.54 72.66+£0.39 132.9240.63 0.71540.004
gpt-4-1 86.29+0.27 69.2340.69 70.10+0.42 140.86+0.55 0.74440.002
gpt-4-1-mini 81.60+£0.49 66.884+0.88 67.75+0.58 143.78+0.66 0.73040.003
gpt-4-1-nano 81.93£1.33 72.544+1.01 71.284+0.72 137.84+0.94 0.70740.004
gpt-4-turbo 84.84+1.54 66.494+0.90 66.92+0.57 144.02+0.67 0.73240.003
gpt-4o 82.94+1.15 65.144+1.02 66.26+0.69 144.54+0.78 0.72940.002
gpt-4o-mini 78.704+1.34 70.53+0.76 71.52£0.46 138.414+0.69 0.70740.003
gpt-5 89.334£0.21 69.854+0.85 69.77+0.52 141.96+0.62 0.74740.002
gpt-5-4 91.7240.19 68.28+0.88 68.63£0.49 143.704+0.54 0.72740.003

(continued on next page)
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Model DAT CDAT CDAT-N CDAT-A PACE
gpt-5-4-mini 84.06+£0.32 65.2140.83 65.47+0.52 145.88+0.59 0.73440.002
gpt-5-4-nano 83.77£0.29 63.2041.11 63.15+0.58 147.61+£0.64 0.67840.004
gpt-5-mini 82.924+0.36 67.9040.86 68.02+0.49 143.90+£0.57 0.74140.003
gpt-5-nano 80.664+0.32 62.39£1.04 63.11+0.59 147.954+0.63 0.712+0.003
03 89.46+£0.24 70.0940.78 70.06+0.44 142.25+0.54 0.74840.004
03-mini 76374042 65.32+1.03 65.67£0.61 144.174+0.71 0.71540.003
o4-mini 84.44+0.36 68.3240.81 68.77+0.46 142.61£0.58 0.73240.003
Anthropic

claude-3-5-haiku 87.36£0.22 66.624+0.76 67.95+0.43 141.52+0.52 0.72640.002
claude-3-haiku 78.871+0.23 62.85+0.94 62.53£0.58 146.2240.65 0.69740.005
claude-haiku-4-5 85.74+£0.26 67.614+0.90 67.80+0.51 143.71£0.65 0.66740.010
claude-opus-4-5 89.26+£0.21 69.714+0.75 69.90+0.38 143.03+£0.46 0.74240.003
claude-opus-4-6 89.70+£0.97 — 67.2240.00 148.68+0.00 0.750+0.002
claude-sonnet-4 86.69+0.16 70.0440.59 69.784+0.37 141.69+0.53 0.73940.004
claude-sonnet-4-5 86.67£0.17 66.934+0.84 66.43+0.48 146.01£0.56 0.75640.002
claude-sonnet-4-6 88.97+0.21 — — — 0.75540.002
Google

gemini-2-0-flash-001 82.324+0.41 70.7240.68 70.32+0.41 139.44+0.55 0.73040.003
gemini-2-5-flash 76.681+0.54 68.54+0.85 68.54+£0.49 143.3940.58 0.74240.002
gemini-2-5-pro 89.6940.25 71.18+£0.59 71.13+0.34 139.024+0.49 0.761£0.002
gemma-2-27b-it 81.87+£0.44 70.4642.10 70.92+0.61 138.29+0.85 0.69440.008
gemma-2-9b-it 77.894+1.52 74.09+0.62 72.77+£0.51 133.714+0.73 0.72840.003
gemma-3-27b-it 86.49+0.25 71.7540.59 72.05+0.33 137.58+0.51 0.72840.005
Meta

llama-3-1-70b-instruct 84.78+2.07 71.104+1.06 68.19+0.80 141.56+£0.98 0.71340.004
llama-3-1-8b-instruct 79.88+3.14 — 72.9940.78 134.844+1.09 0.701£0.006
llama-3-2-1b-instruct 81.20+£0.25 52.4645.27 58.92+1.33 146.46+£1.67 0.58640.017
llama-3-2-3b-instruct 84.11£0.14 64.4242.47 68.31+0.50 139.37+0.67 0.71140.005
1llama-3-3-70b-instruct 82.47+2.04 68.364+1.71 69.81+0.63 139.24+0.81 0.71840.004
llama-4-maverick 85.284+0.26 67.3440.63 67.45+0.44 141.98+0.56 0.70740.005
llama-4-scout 84.48+1.05 66.904+0.84 67.39+0.50 141.42+0.61 0.69640.005
Mistral

mistral-7b-instruct-v0-1 81.20£0.01 69.134+0.96 69.16+0.54 135.43+£0.56 0.61340.011
mistral-large-2407 88.15+£0.24 70.7140.56 70.36+0.34 138.80+0.55 0.73740.002
mistral-large-2411 81.91£0.40 64.8740.82 64.54+0.49 146.01£0.54 0.72240.003
mistral-nemo 78.174+3.01 — 71.09£0.95 137.00+1.28 0.70940.005
mistral-small-24b-instruct-2501 82.39+2.09 — 73.5640.76 132.2440.94 0.717+0.003
QOwen

qwen-2-5-72b-instruct 72.284+2.64 68.89+2.00 68.98+£0.82 138.684+0.92 0.70310.004
qwen3-14b 81.36£1.76 — 73.8941.20 131.844+1.70 0.606+0.017
qwen3-235b-a22b 84.95+0.45 68.654+0.91 68.63+0.62 142.18+0.78 0.72540.003
qwen3-32b 85.18+1.57 — 74544134 135.62+1.72 0.658+0.019
qwen3-8b 83.31£0.35 67.534+0.80 68.53+0.45 141.87+0.60 0.69440.004
qwq-32b 82.63+0.50 — — — —
DeepSeek

deepseek-chat 81.124+0.40 68.334+0.75 67.50+0.53 143.11£0.71 0.72940.003
deepseek-chat-v3-0324 80.144+1.81 68.36£0.90 68.00+0.55 143.134+0.68 0.730+0.004
deepseek-rl 83.80+£0.39 68.754+0.72 69.284+0.45 141.384+0.65 0.72040.003
Cohere

command-a 82.28+0.33 62.9941.12 63.224+0.64 147.80+£0.66 0.71440.003
command-r-plus-08-2024 87.69+0.45 69.6140.83 69.44+0.49 138.70+£0.64 0.72240.003
NVIDIA

llama-3-1-nemotron-70b-instruct 84.38+2.71 70.2743.86 69.62+0.76 140.32+0.93 0.638+0.013
Microsoft

phi-4 74.29+3.24 — 72.7140.64 134.344+1.03 0.680+0.006

C Per-Model Benchmark Scores

Table 3 reports each model’s score on every external benchmark used in this study. The general
capability proxies are Arena Overall (Chatbot Arena Elo) and MMLU-Pro accuracy [45], the creative
writing benchmarks are Arena CW (Elo), EQ-Bench CW v3 (Elo) [26], and Mazur CW [18], the
divergent thinking (output-diversity) benchmarks are Hivemind diversity (1— intra-model cosine
similarity) [13] and NoveltyBench Utility (NovB.; cumulative-utility score) [48], and the scientific
ideation benchmark is the LiveldeaBench [30] idea score average across five dimensions: originality,
flexibility, feasibility, clarity, and fluency. Cells marked “—" are missing because the corresponding
benchmark does not score that model—future work can expand the coverage of these benchmarks to
improve the statistical robustness of observed correlations.
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Mazur CW snapshot. Mazur CW scores are transcribed from commit 80b7£17 (an absolute 0—10
mean-rubric leaderboard with 50 graded models). The leaderboard has since been regraded with
a new ensemble of judges, eventually deprecating the absolute-rating system entirely in favor of a
pairwise Thurstone ranking. We retained this snapshot rather than the latest version because it covers
the largest set of models intersecting our evaluation pool (n = 20 overlap, vs. < 10 for any later
snapshot), keeping per-cell sample sizes comparable to the other creative writing benchmarks.

MMLU-Pro source. MMLU-Pro accuracies are taken from the TIGER-Lab MMLU-Pro leader-
board (CSV at TIGER-Lab/mmlu_pro_leaderboard_submission), which is methodologically tied
to the original MMLU-Pro paper [45]. Models without a leaderboard entry receive no MMLU-Pro
value and are excluded from the specificity computation for that cell, which is why the per-benchmark
specificity sample sizes are smaller than the validity sample sizes (Table 1).

Hivemind mean-similarity estimate. [13] does not publish a mean intra-model similarity for each
model. Instead, Table 6 in their paper reports, for each of 79 models, the percentage p;, of response
pairs whose pairwise cosine similarity falls into each of ten bins covering [0, 1] in 0.1-wide steps. We
estimate the per-model mean similarity as the bin-midpoint-weighted sum, and report “Hivemind
diversity” as 1 — intra-sim.”, where intra-sim is given by:

10
intra-sim = 55 > pe-mw,  my € {0.95,0.85,...,0.05}, (25)
b=1

Table 3: Per-model benchmark scores. Columns: Arena Overall (Elo), MMLU-Pro (accuracy),
Arena CW (Elo), EQ-Bench CW v3 (Elo), Mazur CW, Hivemind diversity, NoveltyBench Utility,
LiveldeaBench (5-dim Average). “—" indicates the corresponding benchmark does not score that
model.

Model Arena Ovr MMLU-Pro Arena CW EQ-B.CW Mazur Hive. NovB. Liveldea
OpenAl

gpt-3-5-turbo 1223 — 1187 519 — — — —
gpt-4-1 1413 0.82 1402 1419 — — — —
gpt-4-1-mini 1382 — 1349 1231 — — — —
gpt-4-1-nano 1321 — 1306 1034 — — — —
gpt-4-turbo 1323 0.64 1322 — — 0.14 — 6.56
gpt-4o 1443 0.75 1423 1484 818 0.12 3.27 6.69
gpt-4o-mini 1317 0.63 1295 950 672 0.11 3.11 6.25
gpt-5 1433 0.87 1376 1301 8.60 — — —
gpt-5-4 1466 0.88 1429 2019 — — — —
gpt-5-4-mini 1459 — 1417 1726 — — — —
gpt-5-4-nano 1402 — 1336 — — — — —
gpt-5-mini 1389 — 1326 1301 8.31 — — —
gpt-5-nano 1337 — 1250 866 — — — —
03 1431 0.85 1384 — 839 — — —
03-mini 1347 0.79 1301 —  6.15 0.17 — 6.51
o4-mini 1390 — 1338 — 7150 — — —
Anthropic

claude-3-5-haiku 1323 0.62 1303 1241 735 0.11 2.50 6.37
claude-3-5-sonnet — 0.78 — — — — 2.36 6.92
claude-3-haiku 1260 0.42 1214 848 — 013 — —
claude-3-opus — 0.68 — — — — 267 6.36
claude-haiku-4-5 1408 — 1384 — — — — —
claude-opus-4-5 1468 0.87 1462 1769 — — — —
claude-opus-4-6 1496 0.89 1467 1965 — — — —
claude-sonnet-4 1389 0.84 1384 1516 8.09 — — —
claude-sonnet-4-5 1451 0.87 1450 1777 — — — —
claude-sonnet-4-6 1462 0.87 1444 1991 — — — —
Google

gemini-1-5-pro — 0.70 — — — — 273 6.85
gemini-2-0-flash-001 1360 0.78 1346 1252 7.15 015  3.17 7.07
gemini-2-0-flash-1lite-001 1353 0.72 1345 — — — 320 6.60
gemini-2-0-pro — 0.79 — — — — 264 7.03

(continued on next page)

This is exact when within-bin similarity values are concentrated at the bin midpoint and approximate (with worst-case
error £0.05) under uniform within-bin distributions; the rank order of models is, nonetheless, preserved unless within-bin
distributions differ substantially across models
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(continued from previous page)

Model Arena Ovr  MMLU-Pro ArenaCW EQ-B.CW Mazur Hive. NovB. Liveldea
gemini-2-5-flash 1411 — 1399 1255 7.65 — — —
gemini-2-5-pro 1448 0.86 1448 1415 8.38 — — —
gemma-2-27b-it 1288 0.57 1291 — — 016 3.77 6.65
gemma-2-2b-it — 0.16 — — — — 463 —
gemma-2-9b-it 1265 0.52 1257 920 — 017 393 —
gemma-3-27b-it 1365 0.68 1348 1256  7.99 — — —
Meta

1lama-3-1-405b-instruct — 0.73 — — — — 3.39 6.62
1lama-3-1-70b-instruct 1293 0.63 1257 851 — 0.18 — 6.62
llama-3-1-8b-instruct 1211 0.44 1178 840 — 019 376 —
1llama-3-2-1b-instruct — 0.12 — — — — 2.81 —
1lama-3-2-3b-instruct 1166 0.22 1144 — — 0.20 3.24 —
1llama-3-3-70b-instruct 1318 0.66 1286 — — 013 2387 6.06
1llama-4-maverick 1327 0.81 1307 944 6.20 — —
1llama-4-scout 1322 0.74 1290 899 — — — —
Mistral

mistral-7b-instruct-v0-1 1148 0.26 1104 — — 019 — —
mistral-large-2407 1313 0.66 1287 1400  6.90 — — —
mistral-large-2411 1305 0.68 1276 1082 690 0.14 — 6.79
mistral-nemo 1108 0.45 1090 966 — 0.20 — —
mistral-small-24b-instruct-2501 1273 0.66 1227 — — 0.18 — 6.41
QOwen

qwen-2-5-72b-instruct 1302 0.72 1254 — — 0.14 — 6.62
qwen3-14b — — — — — 0.13 — —
qwen3-235b-a22b 1374 0.83 1324 1379  8.30 — — —
qwen3-32b 1347 — 1306 — — 0.15 — —
qwen3-8b — — — — — 0.12 — —
qwg-32b 1336 0.69 1296 1262 8.02 — — 7.06
DeepSeek

deepseek-chat 1358 0.76 1349 — — 0.14 — 6.72
deepseek-chat-v3-0324 1395 0.81 1390 1473 7770 0.14 — —
deepseek-ri 1398 0.84 1374 1500  8.30 — — 7.18
Cohere

command-a 1353 — 1337 1184 — — — —
command-r-08-2024 1249 — 1209 — — — 298 —
command-r-plus-08-2024 1276 — 1263 — — 023 3.08 —
command-r7b-12-2024 — — — — — — 335 —
NVIDIA

1llama-3-1-nemotron-70b-instruct 1298 0.63 1277 — — — — —
Microsoft

phi-4 1255 0.70 1210 — 626 0.15 — 6.72

D Greedy Algorithm for the DAT

The greedy algorithm that can trivially “solve” the DAT is given in Algorithm 1. Starting with
a random word from a valid vocabulary set V' (e.g., the ~ 42,000 single-token English nouns in
WordNet N GloVe 840B), the algorithm then proceeds to minimize the mean cosine similarity
(equivalently, maximize the mean cosine dissimilarity, matching Equation (1)) of all subsequent
words, while avoiding any repetition.

Figure 5 reports the result of running the algorithm for 120 independent seeds, and scoring each
sequence according to Equation (1) under GloVe, FastText, and Sentence-BERT. The three scores are
averaged per trial and across embeddings to produce the values in Figure 5. As shown, the algorithm
trivially exceeds the distribution of LLM and human scores.

E Prompts

Below, we report the exact prompts used to administer the DAT, CDAT, and PACE. On CDAT, the
cue word varies across 50 cues drawn from semantically diverse categories (Physical world, Animals,
Food & drink, Body, Emotions, ... ); for PACE the seed word varies across 50 seeds from the same
category set. We show one instantiation with cue/seed "rock" for illustration.
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m= Humans (GloVe only, Olson 2021, n =141
= LLMs (55 models, n=2082)
0.3 4 m= Greedy algorithm (n: =120)
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Figure 5: A simple algorithm outperforms humans and LLMs on the DAT. Three distributions are
reported in this plot: the DAT score distributions for humans ([24], Study 1A, n = 141, GloVe-scored;
mean = 78.4, std. dev. = 6.4), the distribution over our 54-model LLM pool (n = 2078 trials at
T = 1.0; mean = 83.75, std. dev. = 5.13), and the results of our greedy algorithm over GloVe noun
embeddings (n = 120; mean = 94.1, std. dev. = 0.9). Humans are on the GloVe scale only because
[24] only reports final scores—not raw word lists. The dashed lines mark group means.

Algorithm 1 Greedy maximization algorithm for the DAT

Require: vocabulary V', embedding E, number of words n (= 10 for the DAT)
Ensure: word list W = (wy,...,w,)

1: wy ~ Uniform(V) /I random first word
W+ [wl]

:fori=2...ndo 1

W]

A wN

w; < arg min,cy\w ZuEW cos(E(v), E(u))

5: W+ Wu {wz}
6: end for
7: return W

E.1 DAT

Please enter 10 words that are as different from each other as possible, in all
meanings and uses of the words. Only use single nouns. Do not use proper nouns
(names, places, brands). Do not use variations of the same word (e.g., don’t
use both ‘run’ and ‘running’).

Respond with ONLY a JSON array of exactly 10 words, like: ["wordl", "word2",
"word3", "word4", "word5", "word6", "word7", "word8", "word9", "wordl0"]

E.2 CDAT (cue: rock)

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: '"rock". Only use single nouns. Do not use proper nouns. Do not
use the cue word itself or variations of it. Respond with ONLY a JSON array of
exactly 10 words, like: ["wordl", "word2", "word3", "word4", "word5", "word6",

"word7", "word8", "word9", "word10"]
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E.3 PACE Stage 1 (seed: rock)

Starting with the word "rock", generate three different words that directly
associate with this initial word only (not with each other). Please put down
only single words, and do not use proper nouns (such as names, brands, etc.).

For each word, provide a brief explanation of its connection to "rock". Return
in JSON format:
{"results" . [{"WOI‘d" : nn s "reason": " ||} s {"word" . nn s "reason": n ||} s
{Ilwordll . nn "reason": n ll}] }

: ’ :

E.4 PACE Stage 2 (seed: rock, first-association: stone)

Starting with the word pair "rock" -> "stone", generate a chain of 20 words
where each new word should be associated with ONLY the word immediately before
it. Generate the third word based on "stone", then generate the fourth word
based on your third word, and so on. Please put down only single words, and do
not use proper nouns (such as names, brands, etc.). For each word, provide a
brief explanation of its connection to the previous word. Return in JSON format
with exactly 20 entries:

{"results": [{“word”: "stone", "reason": '<stage-1 reason>"}, {"word": "
"reason": ""}, ... 1}
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