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Abstract

Creative collaboration benefits when collabora-
tors can absorb the nuances embedded in oth-
ers’ subjective expressions. We focus on espe-
cially difficult-to-notice nuances, which we call
minor nuances, and provide initial empirical
evidence that supporting their communication
can improve creative collaboration outcomes.
We then propose a commonsense-generation-
based method that identifies minor nuances in
subjective expressions and presents them as
cues for collaborators. We evaluated the pro-
posed method in a collaborative image-caption
revision experiment designed to reflect brain-
storming. Compared with a baseline in which
collaborators freely explained the nuances em-
bedded in their own subjective expressions, our
method significantly improved output-quality
ratings from human evaluators. These results
provide initial evidence suggesting that explic-
itly sharing minor nuances supports richer cre-
ative expression by helping convey fine-grained
aspects of senders’ inner states that are difficult
to communicate through ordinary explanations.

1 Introduction

In creative collaboration, collaborators incorporate
others’ ideas to refine their own ideas and produce
better outcomes. Because such ideas are difficult to
define objectively, they are often conveyed through
subjective expressions. We refer to a collaborator
who produces a subjective expression as the sender
and a collaborator who interprets it as the receiver.
Subjective expressions can contain nuances that the
receiver can readily interpret and others that they
find difficult to interpret. We refer to the former as
major nuances and the latter as minor nuances.
In this work, we provide initial empirical evidence
that supporting the communication of minor nu-
ances can improve creative collaboration outcomes.
In what follows, we focus on the sender–receiver
pair as the most basic unit of interaction in creative
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Figure 1: Motivation. Sender-specific, less-dominant
(minor) nuances embedded in subjective expressions can
be lost in creative collaboration when receivers converge
on commonly inferred (major) nuances.

collaboration, considering only one-way commu-
nication from the sender to the receiver. Although
other collaborators may influence such interactions
in multiparty settings (Sawyer, 2003), these influ-
ences are beyond the scope of this study.

In creative collaboration, a sender weighs rela-
tively minor nuances more heavily than in casual
conversation (Sato, 1992, 1996). However, because
major nuances are, by definition, more readily asso-
ciated with a subjective expression, receivers tend
to focus on them while overlooking minor nuances.
If collaborators incorporate only such commonly
associated nuances, their ideas may converge on
common or predictable outcomes. For example,
from the subjective expression “pale white,” re-
ceivers easily infer major nuances such as “bright”
or “soft,” whereas the sender may intend a minor
nuance such as “foggy” (Figure 1). In this case, the
novel and useful color texture the sender intended
to convey may be lost, replaced by a more con-
ventional color. This view is consistent with prior
work suggesting that creative cognition is associ-
ated with accessing less dominant or more remote
associations (Mednick, 1962).

Qualitative studies of expert collaboration have
also suggested that such collaboration can improve
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outcomes by eliciting minor nuances in others’ sub-
jective expressions (Howard, 1982; Ikuta, 2008;
Isaka et al., 2024). However, the effect of explicitly
communicating minor nuances in creative collabo-
ration remains insufficiently examined. To address
this gap, we formalize minor nuances with associa-
tive strength, as detailed in Section 3.

Our research question is therefore as follows:

Research question Does communicating minor
nuances in subjective expressions improve the qual-
ity of outcomes in creative collaboration?

To answer this, we propose a communication
framework for creative collaboration settings in-
volving subjective verbal expressions, such as
workplace discussions and brainstorming, in Sec-
tion 3. The framework identifies nuances that are
generally weakly associated with the sender’s sub-
jective expression but are relatively salient for the
sender in creative collaboration, and it presents
them to the receiver as cues to incorporate other-
wise unnoticed minor nuances into their own ideas.

2 Related Work

2.1 Support for Communicating Subjective
Expression

Many methods have been proposed to support com-
munication of subjective expressions, often in tasks
where language can be grounded in objective refer-
ents such as lexical definitions (Maekawa and Imai,
2023), physical objects (Narayan-Chen et al., 2019;
Ichikawa and Higashinaka, 2022), diagrams (Mit-
suda et al., 2022), and programming code (Sarkar
et al., 2025). In these communication settings,
the nuance of a subjective expression can be de-
termined by identifying the correct referent or se-
lecting standardized labels. Creative collaboration
differs because the nuances in subjective expres-
sions are difficult to ground in objective references.

Prior work has examined the functions and roles
of subjective expressions in creative collabora-
tion (Howard, 1982; Carter, 2004; Ikuta, 2008;
Sato, 1996).

Clinical interviewing methods have explored
how to help people verbalize private images and
embodied experiences as subjective expressions,
using this verbalization to support psychological
care (Gendlin, 1997; Lawley and Tompkins, 2000;
Petitmengin, 2006). However, to the best of our
knowledge, no prior work has directly examined
how sharing minor nuances affects creative out-
comes.

2.2 Support for Enhancing Creativity

2.2.1 Idea Expansion through Relevant
External Information

Most creativity-support methods help users explore
ideas by providing external stimuli during indi-
vidual or collaborative ideation. For individual
ideation, such stimuli include images (Nakakoji
et al., 1999; Wang et al., 2010; Petridis et al., 2021),
word recommendations (Wise and Kenett, 2024),
concrete examples (Siangliulue et al., 2016), and al-
ternative expressions or rewrites of user input (Pad-
makumar and He, 2022; Chakrabarty et al., 2024).
For collaborative ideation, prior methods present
relationships among words or ideas expressed
by collaborators (Sumi et al., 1996; Hori, 1994;
Sumi et al., 1997) or conflicting viewpoints (Finke
et al., 1992) as cues for reflection and recombina-
tion. Recent large-language model (LLM)-based
methods further extend external-stimulus-based
creativity support by generating fluent long-form
text (Di Fede et al., 2022) and intricate visual con-
tent (Chakrabarty et al., 2024). In contrast to prior
creativity-support studies, our work targets a differ-
ent problem in creative collaboration: not how to
add stimuli to expand ideas, but how to support the
interpretive phase in which a receiver tries to under-
stand the minor nuance in another collaborator’s
subjective expression.

2.2.2 Breaking Fixation through Random or
Unrelated Stimuli

Creativity support methods based on lateral-
thinking techniques deliberately introduce unre-
lated stimuli to help people break out of stalled
problem frames (de Bono, 1970; Eno and Schmidt,
1975). Although this approach is valuable for over-
coming ideation blocks, it focuses on a different
phase of creative work from that targeted in this
paper. In the interpretive phase of subjective ex-
pressions that we focus on, unrelated stimuli can
become noise or distractions when the receiver tries
to decipher the sender’s intended nuance.

Importantly, these creativity-support methods
and our method are not mutually exclusive; rather,
they are complementary and can support different
phases of a creative collaboration.
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Figure 2: Overview of the proposed communication framework using actual examples collected in our collaborative
image-captioning experiment. (A) In creative collaboration, a sender conveys their idea through a subjective
expression. (B) The proposed method generates a pair of nuances (e.g., “translucent” and “silky”) and shares the
sender’s annotation for the receiver to catch the sender’s minor nuances. (C) This pair of minor nuances encourages
the receiver to incorporate the sender’s otherwise unnoticed nuance into their own idea.

3 Approach

3.1 Formulating Concept of Minor Nuances
in Subjective Expressions

Here, we describe our concept to support receivers
in noticing minor nuances in senders’ subjective
expressions. Following the view that concepts
combine multiple components (Finke et al., 1992),
we model a subjective expression X (e.g., “Pale
white”) as a weighted combination of candidate
nuances:

X ≈ α1P1 + α2P2 + · · ·+ αnPn,

where each Pi is a candidate nuance, and the weight
αi indicates how strongly the sender includes that
nuance.

Major nuances are those that many people assign
high weight to, whereas minor nuances are those
that only particular senders assign high weight
to. This explains why subjective expressions in
creative collaboration are difficult to convey: the
sender and receiver either do not share the same
nuances underlying the expression or, even if they
do, weigh those nuances differently.

Although the sender’s latent minor nuance is
difficult to directly recover, we aim to guide the
receiver toward an associative region where the
minor nuance becomes noticeable. This concept
can be understood as directly enhancing creativity,

defined as the ability to reach less dominant associ-
ations in Mednick’s associative theory (Mednick,
1962).

3.2 Framework for Conveying Minor Nuances

Based on the concept described in Section 3.1, we
propose a communication framework for conveying
minor nuances in creative collaboration (Figure 2).
The framework introduces a system mediator that
helps bridge the gap between the sender’s subjec-
tive expression and the receiver’s interpretation.

After the sender produces a subjective expres-
sion, the mediator generates candidate nuances as-
sociated with that expression by using a common-
sense generation model. It then operationalizes
their associative strengths and determines two low-
association nuances spanning different interpretive
directions, as detailed in Section 4. The sender
annotates which nuance better matches their intent,
and the resulting annotation is shared with the re-
ceiver.

The receiver uses this annotation as a cue to rein-
terpret the sender’s subjective expression and in-
corporate the sender’s otherwise unnoticed nuance
into their own creative output.

Our Hypothesis The proposed framework im-
proves creative collaboration by conveying nuances
that are generally weakly associated with a subjec-
tive expression but relatively salient for the sender.
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Compared with conventional discussion, this frame-
work helps the receiver incorporate the sender’s
otherwise overlooked nuances into their final out-
put, thereby enhancing creativity.

Our contributions are as follows.

Contributions

• To the best of our knowledge, this study pro-
vides the first proof of concept explicitly test-
ing whether communicating minor nuances in
subjective expressions can improve creative
collaboration outcomes.

• To conduct this test, we propose a novel
method that helps collaborators catch the
sender’s minor nuances in subjective expres-
sions, particularly those weakly associated
with the expression yet relatively salient to
the sender.

• We evaluate the proposed method in a col-
laborative image-captioning task conducted
in Japanese and find that it significantly im-
proves the quality of outcomes over a conven-
tional communication baseline.

4 Method

Following Section 3, we implement a method that
generates low-association nuance pairs for subjec-
tive expressions and asks the sender to annotate
which of the pair better matches their intent. Fig-
ure 3 provides an overview of the method.

As a characteristic of human judgment, evalu-
ating three or more ambiguous, subjective candi-
dates makes people susceptible to response biases,
such as central tendency and satisficing (Krosnick,
1991; Tourangeau et al., 2000), which can obscure
within-person differences in relative importance.
We therefore use a pairwise relative judgment be-
tween nuances: as shown in Figure 3(c), the sender
is asked to choose which of the two words is closer

COMET

Subjective 
expression 

X Pj*Pi*
si1 si2

..

COMET

P1
P10

P2
X・・ si10

Pi

Figure 3: Overview of the low-association cue genera-
tion method. (a) Generate nuances P1–P10. (b) Reapply
COMET to each Pi and generate secondary nuances
Si1–Si10. (c) Select nuance pair (Pi∗ , Pj∗) with fewest
shared secondary nuances.

to their intent. This is a standard format for elic-
iting personal characteristics while reducing the
burden of multi-item subjective evaluation (Thur-
stone, 1927; Bradley and Terry, 1952).

4.1 Generating Candidate Nuances

We first need a reasonable set of nuances associated
with the input expression. We generate this set
using COMET (Bosselut et al., 2019), which is
an established baseline model for commonsense
generation. Given an input language expression,
COMET can produce a broad set of nuances that it
can be plausibly associated with.

Later models, such as COMET-ATOMIC 2020,
DiffuCOMET, and NovaCOMET (Hwang et al.,
2021; Gao et al., 2024; West et al., 2023), extend
COMET by providing broader coverage and lever-
aging stronger pretrained sequence-to-sequence
models. Because these models follow the same
commonsense-generation paradigm, demonstrating
our method’s usefulness on the original COMET
would suggest it also transfers to later COMET
variants. We therefore select the original COMET,
which provides a stable proof-of-concept imple-
mentation for testing our research question.

For each input expression, we generate 10 nu-
ances. In a preliminary inspection, requesting more
than 10 outputs from COMET led to duplicate out-
puts rapidly increasing; see Appendix A.1 for de-
tails. We therefore used 10 outputs as a practical
upper limit for obtaining unique nuance candidates
from COMET.

4.2 Selecting a Low-Association Pair

The selected pair should satisfy two requirements:

(i) be minor nuances rather than central, readily
inferred ones.

(ii) span different associative directions, reduc-
ing the chance of missing the sender’s minor
nuance.

Following theories that nuances with many
shared features tend to be more central and readily
recalled (Rosch and Mervis, 1975; Tversky, 1977;

Input Nuance candidates Selected pair

Dragonfly Slender, Hard, Insect, Silky,
Noisy, Flying, Translucent,
Fast, Small, Useless

Silky,
Translucent

Table 1: Example input and output of the proposed
method. Appendix A.2 provides additional examples.
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Giora, 1997), we define nuances that share fewer
features with other nuances as minor nuances.

If we optimized only for requirement (i), we
could select the two nuances that overlap the least
with all other nuances on average. Instead, we
choose the two nuances that mutually overlap the
least to cover requirement (ii). This criterion ap-
proximates maximum coverage over the associative
directions available to ordinary people, while still
tending to avoid major nuances.

Our goal is to select two nuances whose evoked
associations differ as much as possible. We there-
fore compare overlap between the association sets
generated for each nuance using exact string match-
ing within COMET’s output space. This directly
captures differences in associative content, rather
than relying on word embeddings, which measure
general distributional similarity in a corpus.

For each nuance Pi, we reapply COMET and
generate a set of secondary nuances Si as the set of
associations evoked by Pi:

Si = {si1, si2, . . . , si10}. (1)

If two nuances Pi and Pj evoke different associ-
ations, their corresponding sets Si and Sj should
overlap less.

We therefore compute the Jaccard distance be-
tween all pairs of Si:

dJ(Si, Sj) = 1− |Si ∩ Sj |
|Si ∪ Sj |

. (2)

Then, we select the pair with the maximum dis-
tance:

(i∗, j∗) = arg max
1≤i<j≤10

dJ(Si, Sj), (3)

and present (Pi∗ , Pj∗) to the sender. Table 1 shows
an example input-output of this method.

Because LLMs can also potentially generate mi-
nor nuances, we selected ChatGPT, the most widely
used AI assistant (Barenholtz, 2025), as our LLM
baseline and conducted two auxiliary comparisons,
detailed in Appendix A.4. The results suggest that
the proposed method can generate more minor nu-
ances in subjective expressions than ChatGPT.

5 Experiment

5.1 Image Captioning Task
5.1.1 Task Design and Procedure
We conducted a participant experiment to test
whether conveying minor nuances supports collab-

Create 
initial caption

Explain initial 
caption in two way

×5 rounds

×5 rounds
Initial caption Free form Minor nuance

Other’s
initial caption

Revise own
caption

Baseline
condition

Proposed
condition

Revise own 
caption

Other’s
minor nuance

Other’s
initial caption

Other’s
free form

Figure 4: Overview of the experimental procedure.

orative caption revision. We recruited 30 partici-
pants through a participant recruitment agency us-
ing non-probability sampling. Eligibility required
no difficulty reading or writing Japanese. Partic-
ipants were 20 women and 10 men aged 20–60
years (mean = 43). All participants were Japanese,
and the experiment was conducted in Japanese.
We therefore implemented a prototype system that
could generate and present minor-nuance pairs in
Japanese. 1

We adopted collaborative image captioning as
a creative collaboration task modeled on building
on others’ ideas during brainstorming. This task
naturally elicits subjective expressions of visual
impressions and produces relatively short textual
outputs that human evaluators can readily compare.

Then, we selected the sender’s free-form expla-
nation of the caption as our baseline for two rea-
sons. First, free-form explanations are likely to
mainly convey the sender’s major nuances. Sec-
ond, in brainstorming—an intended use case for the
proposed framework—senders often explain their
subjective expressions in their own words to help
receivers understand them. Thus, free-form sender
explanations provide a valid baseline for ordinary
communication in this experiment.

Figure 4 summarizes the experimental proce-
dure. We conducted five sessions of a six-round
image-captioning task, with six participants per ses-
sion. We assigned the 30 participants to either the
baseline or proposed condition (15 per condition),
and each session included 3 participants from each
condition, as illustrated in Table 2.

Each session used one image and a partially writ-
ten caption with a blank (e.g., Skyscrapers like [..]).
We manually selected the images from an image-
caption dataset (Chen et al., 2015) and a photogra-
pher’s portfolio (Kimoto, n.d.) so that each image

1Implementation details of the prototype system and
screenshots of the experiment interface are provided in Ap-
pendix A.3 and A.6, respectively.
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Session Baseline Proposed

1 1 (H), 3 (M), 5 (L) 2 (M), 4 (H), 6 (L)
2 7 (H), 8 (M), 9 (L) 10 (M), 11 (M), 12 (M)
3 13 (H), 15 (H), 16 (L) 14 (M), 17 (L), 18 (L)
4 19 (H), 20 (M), 24 (M) 21 (H), 22 (L), 23 (H)
5 25 (H), 26 (L), 27 (M) 28 (M), 29 (M), 30 (L)

Table 2: Participant assignments by session and con-
dition. Each entry shows participant ID (RAT cluster).
L, M, and H denote the low-, middle-, and high-score
clusters defined from the distribution of all participants’
Remote Associates Test (RAT) scores (Section 5.1.2).

contained multiple salient entities and supported
more than one plausible interpretation.

In each session, participants first wrote an initial
caption and then revised it five times, referring to
others’ initial captions and feedback. Thus, each
participant submitted six captions in total: one ini-
tial and five revised. Each round of caption writing
or revision had a 3-minute time limit, based on
a pilot test in which five participants who did not
take part in the main experiment completed the task
comfortably and without fatigue. No participant in
the main experiment was required to stop writing
because of the time limit. Prior to the main ses-
sion, participants completed a practice session to
familiarize themselves with the task procedure.

5.1.2 Remote Associates Test
Before the captioning task, we administered the
Japanese Remote Associates Test (RAT) (Orita
et al., 2018). The RAT measures each partici-
pant’s ability to find connections among seemingly
weakly related concepts, a fundamental component
of creative thinking (Mednick, 1962). Because our
method presents nuances weakly associated with
a subjective expression, we used RAT scores to
balance this ability across conditions and exam-
ine whether it influenced the method’s effects in
Section 7.

5.1.3 Creation and Explanation of Initial
Caption

We instructed participants to complete the caption
by filling in the blank with a phrase that described
the image as detailed and figuratively as possible,
while keeping the caption to within five words. This
constraint was intended to encourage participants
to embed nuance in concise expressions and make
the subsequent explanations useful for extracting
that nuance.

After submitting the initial caption, all partici-

pants explained it in two ways, regardless of con-
dition. First, they wrote a free-form explanation.
Then, they rated which of the pair of minor nuances
presented by the proposed method was closer to
the intended nuance using a slider ranging from 0
to 1. Because COMET’s limitations can lead to
nonsensical outputs for multiword inputs, partici-
pants selected up to two keywords from their initial
captions, and a minor-nuance pair was generated
separately for each keyword.

5.1.4 Iterative Revision and Subjective
Evaluation

Participants revised their captions over five rounds,
referring in each round only to the initial caption
and associated feedback of a different one of the
other five participants in the same session. These
initial captions were created before any condition-
specific feedback was presented; other participants’
revised captions were never shown. The feedback
shown to each participant depended on their as-
signed condition: baseline participants saw the
caption author’s free-form explanation, whereas
proposed-condition participants saw the author’s
minor-nuance annotations. We instructed partici-
pants that they could leave their previous caption
unchanged if they thought it was already optimal.

After the five rounds, participants rated their sat-
isfaction with their final caption and the usefulness
of each round’s feedback they had viewed, using
5-point Likert scales.

5.2 Ranking of Submitted Captions

Following the basic rationale of the consensual
assessment technique (Amabile, 1982), we aggre-
gated independent subjective judgments from mul-
tiple general readers to assess perceived caption
quality. For each session, submitted captions were
ranked by 6–8 evaluators drawn from the same 30-
participant pool described in Section 5.1.1. Eval-
uators were instructed to assign higher rankings
to captions that described the image in greater de-
tail and more figuratively. They evaluated only
captions from sessions in which they had not par-
ticipated and whose images they had not seen be-
forehand. In those sessions, they were blinded to
caption authorship and interactions among partici-
pants.

Before evaluation, we excluded 9 captions con-
taining 15 words or more because they substantially
exceeded the approximately 5-word limit. We as-
sessed inter-rater agreement using Kendall’s co-
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efficient of concordance (W ) for caption rankings
separately for each image and revision round (mean
W = .325).

6 Analysis Methods and Results of
Experiment

6.1 Analysis Methods
Because the number of captions evaluated per ses-
sion varied, we normalized each evaluator’s rank-
ing to a value between 0 and 100 using a Borda-
style score (de Borda, 1781):

S(c) = 100 · 1

R

R∑︂

r=1

m− rankr(c)

m− 1
, (4)

where c is a submitted caption, rankr(c) is the
rank assigned to caption c by evaluator r, m is the
number of captions in the session, and R is the
number of evaluators. A higher S(c) indicates a
higher creativity ranking.

Caption Quality Metrics We then calculated
two creativity-improvement measures:

∆Sglobal = S(chighest)− S(cinit), (5)
∆Sstep(t) = S(ct)− S(cinit), t = 1, . . . , 5. (6)

where cinit denotes the participant’s initial cap-
tion, ct denotes the caption submitted after revision
round t, and chighest denotes the highest-scoring
caption among the participant’s six submissions in
the session.
∆Sglobal is computed once for each participant

and captures improvement from the initial caption
to the highest-scoring caption among that partic-
ipant’s submissions. ∆Sstep is computed at the
revision-round level and captures improvement
from the initial caption after each feedback expo-
sure.

Statistical Analysis For the nonparametric
between-condition comparisons, we used the
Brunner–Munzel test and report Cliff’s δ as the
effect size. Positive Cliff’s δ indicates that the
proposed condition was higher than the baseline
condition.

Since ∆Sstep contains repeated observations
from the same participant, we used generalized es-
timating equation (GEE) models (Liang and Zeger,
1986) with participant-level clustering for the pri-
mary analysis of this measure. We set the signifi-
cance level at α = .05.

Metric Proposed Baseline p δ

∆Sstep 5.13 [0.10, 10.15] −2.78 [-6.99, 1.43] .009 .26

∆Sglobal 37.95 [27.13, 48.77] 23.07 [16.97, 29.17] .026 .49

GEE for ∆Sstep: βP−B = 7.91, p = .192

Table 3: Comparison of creativity-score improvements
between proposed and baseline conditions. Values in
brackets indicate 95% confidence intervals for each con-
dition mean. δ denotes Cliff’s δ. Bottom row presents
results of GEE analysis of ∆Sstep with participant-level
clustering. ; βP−B represents the estimated condition
effect in direction Proposed − Baseline. Higher means
and statistically significant p values are shown in bold.

Metric Proposed Baseline p δ

Caption satisfaction 4.00 [3.59, 4.41] 3.58 [3.21, 3.96] .159 .298

Feedback usefulness 2.37 [2.02, 2.72] 3.02 [2.66, 3.38] .020 −.506

Table 4: Comparison of subjective ratings between the
proposed and baseline conditions.

6.2 Results: Effects on Caption Quality

We analyzed data from 27 participants after exclud-
ing three participants: one who did not complete
the task and two who showed signs of drowsiness
or difficulty concentrating early in the experiment.

As shown in Table 3, the proposed condition
had a significantly higher ∆Sglobal than the base-
line condition. The mean ∆Sstep was also higher
in the proposed condition, but the GEE analysis
accounting for within-participant dependence did
not show a statistically significant difference.

6.3 Results: Participants’ Subjective
Evaluation

As shown in Table 4, final-caption satisfaction was
higher in the proposed condition than in the base-
line. In contrast, feedback usefulness was signifi-
cantly higher in the baseline condition than in the
proposed condition. In Section 7.4, we discuss the
mismatch between feedback usefulness and the ob-
served improvements in creativity scores (Table 3).

7 Discussion

7.1 Effects of Conveying Minor Nuances

The experimental results support our hypothesis
that conveying minor nuances improves creative
collaboration. As shown in Table 3, the proposed
condition showed a statistically significant advan-
tage over the baseline in ∆Sglobal. These results
suggest that the proposed method can improve cre-
ative outcomes when a receiver iteratively revises
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their ideas using input from different senders.

7.2 Relationship with RAT Scores
7.2.1 Analysis by RAT Cluster
In the experimental results in Section 6, the
proposed method showed a significantly larger
∆Sglobal than the baseline. However, they did not
significantly differ in ∆Sstep. Because the proposed
method is designed to support catching less domi-
nant associations, participants’ associative abilities,
which can be assessed using the RAT, may influ-
ence its effects.

We therefore conducted analyses by dividing par-
ticipants into three RAT clusters—low, middle, and
high—using thresholds at approximately ±1σ from
the mean, on the basis of the RAT scores obtained
in Section 5.1.2. For each measure, we applied the
Holm correction across the three condition compar-
isons in the low-, middle-, and high-RAT clusters.

Table 5 shows the analysis results. The proposed
condition significantly improved over the baseline
for both ∆Sglobal and ∆Sstep in the low-RAT clus-
ter, and for ∆Sstep in the high-RAT cluster.

7.2.2 Interpretation of RAT-cluster Results
The following interpretation may explain why the
proposed method showed a numerically greater ad-
vantage over the baseline in the low- and high-RAT
clusters than in the middle-RAT cluster. High-RAT
receivers may have been actively seeking minor
nuances to improve their captions. For them, the
proposed method was effective because it provided
exactly the minor nuance they needed but had not
noticed on their own. By contrast, free-form expla-
nations from lower-RAT collaborators may have
contained nuances that high-RAT receivers could
already infer, making them less useful for further
improving the caption.

Low-RAT receivers may have had difficulty ex-
tracting useful nuances from free-form explana-
tions, especially those written by higher-RAT col-
laborators. The proposed method compressed use-
ful minor nuances into a simpler form, making
them easier to incorporate.

Middle-RAT receivers may have faced a differ-
ent situation. Because they could, with some effort,
understand captions from collaborators with sim-
ilar RAT scores, they may have formed plausible
interpretations of nuance. In the proposed condi-
tion, these self-generated interpretations may have
competed with the minor nuances presented by the
proposed method.

RAT Metric Proposed Baseline p δ GEE β GEE p

Low
∆Sstep 13.63 [7.36, 19.89] −12.02 [-20.00, -4.04]<.001 .78 25.65 <.001

∆Sglobal 51.48 [33.25, 69.71] 19.27 [8.91, 29.63] .038 .80 – –

Middle
∆Sstep −5.81 [-12.75, 1.14] 2.66 [-4.08, 9.41] .117 −.25 −8.47 .313

∆Sglobal 26.87 [13.65, 40.08] 31.94 [23.80, 40.08] .338 −.36 – –

High
∆Sstep 22.14 [13.33, 30.95] 0.26 [-5.85, 6.37] <.001 .71 21.89 .060

∆Sglobal 42.90 [30.08, 55.72] 19.02 [9.09, 28.94] .190 1.00 – –

Table 5: Comparison of creativity-score improvements
within each RAT cluster. p values are Holm-adjusted
across the three RAT clusters. For ∆Sstep, results of
GEE analysis are also shown. β represent estimated
condition effects (Proposed − Baseline).

Based on these considerations, the high- and
low-RAT results support our hypothesis, suggest-
ing that explicitly presenting minor nuances can
improve creativity more than nuances that receivers
can readily infer. The middle-RAT results further
suggest that future work should adapt the degree of
minor nuance to the receiver’s associative ability.

7.3 Comparison with Nuances of Different
Associative Strengths

To examine whether the experimental results in
Section 6.2 were specific to minor nuances, we
compare the effect of minor nuances with three
alternatives: nuances strongly associated with the
original expression, unrelated nuances, and ran-
domly selected nuances with uncontrolled associa-
tive strength.

First, the baseline free-form explanations in Sec-
tion 5 can be regarded as strongly associative nu-
ances, because they reflected the senders’ own
attempts to explain their captions. A semantic-
distance analysis provided support for this inter-
pretation, showing that these explanations were
semantically closer to the original captions than the
proposed minor nuances (Appendix A.4.2). Con-
sistent with our hypothesis, the experimental re-
sults showed that these highly associative nuances
were less effective than the proposed minor nuances
(Section 6.2).

Second, unrelated nuances are unlikely to sup-
port interpretation of the sender’s subjective ex-
pression and may even interfere with it, as dis-
cussed in Section 2. To examine this possibility,
we conducted a post hoc analysis of 12 rounds in
which participants reported in the questionnaire
that the minor nuance introduced by the proposed
method was incomprehensible or unrelated to the
corresponding caption. We treated these rounds
as pseudo-unrelated-stimulus cases and compared
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changes in human evaluators’ output-quality rat-
ings for these rounds with those for the remaining
proposed-method rounds. The ratings decreased
in these pseudo-unrelated-stimulus rounds but in-
creased in the other proposed-method rounds, as
detailed in Appendix A.5.

Third, randomly associative nuances would
likely be less effective than the proposed method
because they would mix useful minor nuance with
nuances that are either too highly associated or
unrelated.

Taken together, these considerations suggest that
the observed benefit of the proposed method can-
not be reduced to the effect of other associative
strengths.

7.4 Mismatch Between Creativity Gains and
Perceived Usefulness

The proposed method improved creativity out-
comes, yet participants rated it as less useful than
free-form explanations. One possible interpretation
is that the minor nuances did not work as imme-
diately understandable explanations. Instead, they
may have stimulted participants’ own unverbalized
interpretations of the subjective expressions, which
were not consciously recognized as useful. This is
consistent with research on implicit memory, prim-
ing, and tacit knowledge, in which prior stimuli
can affect later performance without explicit aware-
ness (Schacter, 1987; Polanyi, 1966).

Alternatively, minor nuances may simply have
been confusing, irrelevant, or unhelpful. The
present evidence does not distinguish these pos-
sibilities.

8 Conclusion and Future Work

8.1 Conclusion

This study provides initial empirical evidence that
our approach to communicating minor nuances can
improve caption quality in a collaborative image-
caption revision task conducted in Japanese. As
a proof of concept for our approach, we devel-
oped a commonsense-generation-based method
that presents two low-association nuances derived
from subjective expressions, along with sender an-
notations.

Compared with the conventional communication
baseline, the proposed method showed a statisti-
cally significant advantage in maximum improve-
ment from the initial caption over five revision
rounds (∆Sglobal). The difference in improvement

averaged across rounds (∆Sstep) was not statisti-
cally significant overall. Both measures showed
statistically significant advantages in the low-RAT
cluster, suggesting that the proposed method can as-
sist participants who have difficulty identifying re-
mote associations. This finding further supports our
hypothesis that conveying minor nuances helps re-
ceivers incorporate otherwise overlooked nuances
into their creative outputs.

Taken together, these findings provide initial
empirical evidence suggesting that our approach
can facilitate a finer-grained understanding of oth-
ers’ subjective expressions—a fundamental pro-
cess shared across forms of language-based cre-
ative collaboration—and enhance the creativity of
the resulting outputs.

8.2 Future Work

Validating Minor Nuances Developing an ap-
propriate procedure for assessing whether gen-
erated nuances are relevant to senders’ intended
meanings yet difficult to associate with their origi-
nal expressions remains an important methodologi-
cal challenge. Possible approaches include senders’
relevance ratings, free-association tasks conducted
before the generated nuances are presented, and
semi-structured interviews with senders.

Isolating Component Effects Clarifying the re-
spective contributions of minor-nuance content,
presentation format, and sender annotation is an im-
portant challenge for future work. Addressing this
requires controlled comparisons that include major-
nuance and random-pair conditions with matched
presentation formats and annotation requirements,
conditions without sender annotations, and length-
controlled free-form explanations, alongside mea-
surements of cognitive load and processing effort.

Extending Nuance Generation Future imple-
mentations could explore other ConceptNet rela-
tions and compare or combine different language
models to broaden the range of output nuances.
Implementations that operate directly in the tar-
get language would also allow evaluation without
translation.

Evaluating Broader Settings Larger studies
should examine the framework in other languages
and creative tasks involving subjective verbal
expressions, including multiparty collaboration
where participants exchange and develop ideas to-
gether.
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9 Limitations

Study Scope and Translation The study ana-
lyzed data from 27 of 30 recruited Japanese partici-
pants in an image-caption revision task. The small
sample, particularly within RAT clusters, limits
generalization to other populations and creative
tasks. Japanese–English translation before and af-
ter COMET generation may also have altered or
failed to preserve fine-grained nuances in the origi-
nal Japanese captions.

Nuance Validation and Coverage The opera-
tionalization of minor nuances was validated only
indirectly. We did not directly verify whether the
selected nuances were both relevant to senders’
intended meanings and difficult to associate with
their original expressions. Moreover, using only
the ConceptNet HASPROPERTY relation restricted
the generated nuances to attribute-like descriptions.

Presentation and Effort Confounds The exper-
iment compared the proposed method as a whole
with free-form explanations. The presented feed-
back differed in content, format, length, and the in-
clusion of sender annotations. Reading-related cog-
nitive load and processing effort were not strictly
controlled; completion within the three-minute
limit does not establish comparable cognitive de-
mands. All participants produced both explanations
and annotations. The contributions of reflection
during annotation and of displaying the resulting
annotations were not isolated.

Missing Control Conditions We included no
separate major-nuance, random-pair, or annotation-
free control conditions. The post hoc analysis of
cues perceived as unrelated does not establish su-
periority over randomly presented stimuli. Con-
sequently, the observed gains cannot be attributed
specifically to minor-nuance content.

Interpreting Usefulness Ratings The lower use-
fulness ratings also permit multiple interpretations.
Some nuances may have required effort to interpret,
whereas others may simply have been unhelpful.
The available evidence does not distinguish these
possibilities or establish the mechanism underlying
the observed improvements. Qualitative follow-up
methods, such as semi-structured interviews with
receivers, could help the reasons for these ratings.

One-Way Communication Finally, real-world
creative collaboration involves participants continu-
ously influencing one another through the exchange

and interpretation of ideas (Sawyer, 2003). Par-
ticipants in our experiment referred only to oth-
ers’ fixed initial captions and associated feedback,
so the study did not capture reciprocal exchanges
through which ideas evolve among multiple collab-
orators.
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A Appendix

A.1 Number of Nuances Generated by
COMET

In principle, COMET can generate an arbitrary
number of nuances. However, increasing the num-
ber of outputs often results in many duplicate
strings. We therefore conducted a preliminary anal-
ysis to determine a practical number of nuances
for the experiment in Section 5, aiming to cover
the widest possible range of COMET-generated
nuances while keeping the experiment feasible.

We selected 30 impression words commonly
used to describe images or paintings (Kurita et al.,
1992), such as cool, refreshing, luxurious, and so-
phisticated. Each word was used as the input to
COMET, and the number of requested outputs was
varied. We then counted the number of unique
string outputs for each input word and averaged the
results across all 30 words.

As shown in Figure 5, the number of unique
strings increased almost linearly up to around 10
requested outputs but then increased much more
slowly. Requesting more outputs continued to yield
few additional unique strings, and many of the extra
outputs were duplicates. On the basis of this result,
we set the number of nuances to 10 in the nuance
generation procedure described in Section 4.
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Figure 5: Preliminary analysis of the number of unique
nuances generated by COMET. The horizontal and ver-
tical axes indicate the number of outputs requested for
COMET and the average number of unique outputs, re-
spectively.

A.2 Additional Examples of Generated
Nuances and Caption Revisions

A.2.1 Additional Examples of Generated
Nuance Pairs

To illustrate the range of nuances generated by the
proposed method beyond the examples in the main
text, Table 6 shows additional examples of the input
subjective expressions, COMET-generated nuance
candidates, and the selected low-overlap nuance
pairs. This method selects pairs in which each nu-
ance is less readily associated with the input and
the two evoke associations that are clearly differ-
ent, as described in Section 4. Consequently, the
selected nuance pairs tend to appear semantically
incoherent from the input expression.

A.2.2 Illustrative Examples of Caption
Revisions

Table 7 shows illustrative examples of caption
revisions after participants referred to proposed
nuances. For example, in one round, a receiver
referred to another participant’s initial caption,
“Dragonfly,” together with the proposed minor-
nuance pair Translucent / Silky. The receiver then
revised their own caption from “Magic creation”
to “Shining magic,” and the output-quality ratings
improved by approximately three positions.

A.3 Prototype Implementation Details of
Proposed Method

We describe the implementation details of the proto-
type system used in the experiment. The proposed
method in Section 4 defines a general procedure
for presenting low-association cues, but the exper-
iment required a specific implementation capable
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Input Nuance candidates Selected nuance pair

Magic items Fun to touch, Cool, Fun, Beautiful, Dangerous, Unpredictable, Fun
to borrow, Fun to use, Fun to watch, Fun to read

Beautiful / Unpredictable

Noble Important, Right-wing, Good than poor, Arrogant, Right-handed,
Moral, Selfish, Rich, Generous, Good

Arrogant / Right-handed

Lighthouse Creepy, Beautiful, Romantic, Scary, Large, Dangerous, Dark, Im-
pressive, Cool, Pretty

Large / Romantic

Table 6: Additional examples of input expressions, generated nuance candidates, and selected minor-nuance pairs.

Referenced caption Referenced minor nu-
ances

Caption revision Approx. rank
improvement

Dragonfly Translucent / Silky Magic creation → Shining magic 3 positions
Magic items Beautiful / Unpredictable Sword piercing night sky → Fairy’s

wand
3 positions

Noble Arrogant / Right-handed Elegant while looking back → King of
the sky

6 positions

Lighthouse Large / Romantic Scarecrow king → Watchful woman 4 positions

Table 7: Illustrative examples of caption revisions after participants referred to minor nuances. Referenced
caption indicates the other participant’s initial caption that the participant referred to during revision. Referenced
minor nuances indicate minor-nuance pairs generated by the proposed method referred to during revision. Rank
improvement indicates the improvement in output-quality ratings after revision.

of processing Japanese subjective expressions and
presenting cues to participants in Japanese.

Because COMET operates in English but the ex-
periment was conducted in Japanese, we used ma-
chine translation before and after COMET genera-
tion. Specifically, the sender’s Japanese subjective
expression was first translated into English using
the DeepL API (DeepL SE, n.d.). The translated
expression was then input into COMET (Bosse-
lut et al., 2019) using the HASPROPERTY rela-
tion, which specifies the relation between the input
concept and the generated output. We selected
HASPROPERTY because it represents a relation be-
tween two concepts, A and B, such that A has B as
a property or can be described as B (Speer et al.,
2017). We considered this the most direct relation
for generating nuances that reflect how a subjective
expression may be perceived.

The prototype then selected a low-overlap nu-
ance pair on the basis of the cue-selection proce-
dure described in Section 4.2. Finally, the selected
nuance pair was translated back into Japanese using
the DeepL API and presented to the participants.

In the prototype, we used the ConceptNet pre-
trained model from the original COMET implemen-
tation2. COMET provides multiple decoding op-
tions for generating candidate output phrases from

2https://github.com/atcbosselut/
comet-commonsense. Accessed May 25, 2026.

an input concept and relation. For reproducibility,
we used beam search rather than stochastic sam-
pling, setting the beam size to 10 on the basis of the
candidate-number analysis in Appendix A.1. Other
parameters were left as the default settings of the
original implementation.

A.4 Preliminary LLM Comparison and
Semantic-Distance Analysis

We conducted two auxiliary analyses to examine
whether the proposed method is more effective than
LLMs at extracting minor nuances from subjective
expressions.

A.4.1 Preliminary LLM Comparison
We compared COMET with ChatGPT-4o (Ope-
nAI et al., 2024), a general-purpose LLM. For
each of 30 impression words commonly used to
describe images or paintings (Kurita et al., 1992),
such as cool, refreshing, luxurious, and sophisti-
cated, each model generated 10 candidate nuances
that the word could convey.

For ChatGPT-4o, we used two generation
prompts that differed in how strongly they en-
couraged minor nuances (Table 8). We then used
ChatGPT-4o as an LLM judge (Zheng et al., 2023),
assigning it the role of an expert in word associa-
tions to classify each candidate as easy or difficult
to associate with the input word.

Because ChatGPT-4o both generated and evalu-
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ated its own candidates, this evaluation may involve
circularity and model-specific bias. We therefore
repeated the evaluation with Claude Fable 5 (An-
thropic, 2026) using the same criteria. Under both
judges, COMET generated the highest mean num-
ber of difficult-to-associate nuances (Table 9).

A.4.2 Semantic-Distance Analysis Using
Experimental Data

We conducted a semantic-distance analysis using
the experimental data. We embedded English trans-
lations of the submitted captions and three types
of explanatory text—proposed-method annota-
tions, free-form explanations, and LLM-generated
nuances—using Sentence-BERT (Reimers and
Gurevych, 2019) and computed their cosine dis-
tances from the corresponding captions. We gener-
ated the LLM nuances with GPT-5 mini (OpenAI,
n.d.) using the prompt shown in Table 10, which
instructed the model to approximate the proposed
method’s output by producing two nuances asso-
ciated with each subjective expression but weakly
related to each other.

We visualized the distance distributions using
kernel density estimation (KDE). Greater distance
indicates greater semantic separation from the orig-
inal caption. As shown in Figure 6, the nuances
generated by the proposed method had the right-
most peak, suggesting that they were less readily
associated with the caption than the free-form ex-
planations and LLM-generated nuances.

Because the experimental pipeline in Section 5
involved Japanese–English translation, we repeated
the analysis in a Japanese embedding space to ver-
ify that the observed pattern was not specific to
the English embedding space. Using a Japanese
Sentence-BERT model (Sonobe, 2021), we ob-
tained the same ordering of KDE peaks: free-
form explanations (0.606), LLM-generated nu-
ances (0.763), and proposed-method annotations
(0.859).

These auxiliary analyses suggest that the pro-
posed method better captures minor nuances in
subjective expression than human free-form expla-
nations or LLMs.

A.5 Comparison with Unrelated Cue

As a post hoc analysis, we examined rounds in the
proposed condition in which participants’ free-text
comments suggested that the cue was unrelated
to or difficult to connect with the original caption.
We treated these rounds as perceived-unrelated-
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Figure 6: Distributions of semantic distances between
captions and explanatory texts in the English domain.

cue cases and compared their subsequent revision
gains with those of the remaining proposed-method
rounds. The outcome was the change in third-party
creativity score from the previous round, ∆Sstep.

As shown in Figure 7, perceived-unrelated cue
rounds showed a negative mean change (M =
−1.20, n = 12), whereas the remaining proposed-
method rounds showed a positive mean change
(M = 2.67, n = 73). This pattern suggests that
cues perceived as unrelated may hinder revision,
while cues that remain meaningfully connected to
the caption may support improvement.
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Figure 7: Comparison of revision gains between
perceived-unrelated cue rounds and other proposed-
method rounds. The vertical axis shows the change
in third-party creativity score from the previous round,
∆Sstep. Error bars indicate 95% confidence intervals.

A.6 Experiment Interface

This appendix shows screenshots of the prototype
interface used in the participant experiment (Sec-
tion 5). Figure 8 illustrates the three main screens
used during the image captioning task: the screen
for annotating a pair of minor nuances, the base-
line revision screen using another participant’s free-

5444



Prompt type Prompt

Judge prompt You are an expert in nuance associated with words. For each nuance, classify it as either
"easy to associate" or "difficult to associate" from the given word and briefly explain your
judgment.

Prompt 1 Output 10 nuances that can be associated with the given word, considering minor perspec-
tives, in English phrases of about one clause each.

Prompt 2 Two people are brainstorming ideas to create a creative caption for an image. To help
one person understand the nuance of the word proposed by the other, output 10 possible
nuances for the word in English, each about one clause long. Include minor perspectives
and extreme viewpoints that people would not normally consider.

Table 8: Prompts used in the preliminary LLM comparison.

Table 9: Mean number of difficult-to-associate nuances
per input among 10 generated nuances, evaluated by
ChatGPT-4o and Claude Fable 5.

Generator ChatGPT-4o Claude Fable 5

COMET 4.03 7.37
ChatGPT-4o (Prompt 1) 0.13 0.50
ChatGPT-4o (Prompt 2) 0.20 4.43

form explanation, and the proposed-method revi-
sion screen using another participant’s annotated
minor-nuance pair.
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Prompt type Prompt

Nuance-generation prompt Given a subjective expression (X), generate two nuance phrases that can be associated
with X but are as weakly related to each other as possible. Prioritize minor or extreme
perspectives that would not readily come to mind. Do not generate synonyms, near-
synonyms, or a hypernym–hyponym pair.
Return only valid JSON in the following format: nuance A:" ", nuance B:" ",
rationale A:" ", rationale B:" ". Each nuance must contain no more than five
words. Each rationale must briefly explain why its corresponding nuance was generated
and contain no more than 20 words.

Table 10: Prompt used to generate GPT-5 mini nuances for the semantic-distance analysis. Only nuance A and
nuance B were used in the analysis.

(a) Annotating a minor-nuance pair.

(b) Referring to another participant’s ini-
tial caption and free-form explanation
in baseline condition.

(c) Referring to another participant’s ini-
tial caption and minor nuances in the
proposed condition.

Figure 8: Screenshots of the prototype interface used in the experiment. (a) Participants annotated which of two
minor nuances better matched their intended meaning by using a slider ranging from 0 to 1. (b) In the baseline
condition, participants revised their captions while referring to another participant’s initial caption and free-form
explanation. (c) In the proposed-method condition, participants revised their captions while referring to another
participant’s initial caption and the sender’s annotation on a minor-nuance pair.
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