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Abstract

We evaluate GPT-40’s color naming across
nine languages using both synthetic and
human-derived stimuli. Using hue wheels,
fixed basic categories, low-chroma hue lines,
and dense binned CIELAB grids, we separate
lexical availability of color terms from distri-
butional agreement with human color naming.
GPT-4o0 reliably names vivid, high-chroma col-
ors and reproduces several known language-
specific distinctions under constrained settings.
However, its performance degrades sharply for
low-chroma colors and for stimuli near hu-
man category boundaries. In these regions,
model-human divergence remains high. Over-
all, GPT-40 shows strong cross-linguistic lexi-
cal knowledge but does not reliably match hu-
man color-naming distributions, especially in
low-chroma and boundary regions.

1 Introduction

Color naming is a classic testbed for theories of
semantic structure, linguistic relativity, and per-
ceptual organization. Languages partition color
space differently, but these systems follow regu-
lar patterns shaped by universal perceptual con-
straints and language-specific lexical conventions
(Berlin and Kay, 1969; Kay and Regier, 2003;
Regier et al., 2007; Shepard, 1992; Jameson and
D’Andrade, 1997; Zaslavsky et al., 2018). The
Russian contrast between goluboy ‘light blue’ and
siniy ‘dark blue’ illustrates how lexical boundaries
affect discrimination and categorical perception
(Winawer et al., 2007; Thierry et al., 2009).

Color naming lets us separate two behavioral
questions that are often conflated. First, does GPT-
40 have lexical availability of color terms in a tar-
get language, meaning that it can produce plausible
language-specific color names for a given patch?
Second, do its sampled naming distributions show
distributional agreement with human color nam-
ing, meaning that the model assigns probability
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mass to color terms in ways similar to human an-
notators for the same stimuli? We use the sec-
ond criterion as behavioral evidence about percep-
tual grounding, but we do not directly inspect the
model’s internal perceptual representations. This
distinction echoes classic grounding arguments:
symbolic competence does not guarantee percep-
tual categories (Harnad, 1990).

Multimodal language models (MLLMs) per-
form well on recognition, captioning, and open-
ended reasoning (Li et al., 2022; Alayrac et al.,
2022; OpenAl, 2023, 2024), but it is unclear how
much perceptual structure they actually encode.
Prior work shows that models name vivid colors
reasonably well yet diverge from human behav-
ior on desaturated or boundary-region stimuli and
in languages with distinct lexical systems (Liang
et al.,, 2025). Most existing evaluations focus
on a single language, small synthetic palettes, or
coarse accuracy, leaving open whether a model
like GPT-40 matches human color-naming distri-
butions across languages and across both synthetic
and human-derived color spaces.

We ask whether a strong multimodal model’s
color naming is merely lexically plausible, or
whether it also resembles human naming distri-
butions across perceptually difficult regions of
color space. This distinction matters because a
model can know that Russian has both romxy6oit
and cunwmii, or that English has terms such as teal
and turquoise, without using those terms in human-
like ways for ambiguous or low-chroma stimuli.

Our approach. We evaluate GPT-40 in four
settings (Table 1) that progressively move from
lexical probing to human-distribution comparison:
open-vocabulary naming of synthetic high-chroma
hues, fixed-vocabulary naming of the same hues,
naming of human low-chroma hue-line stimuli,
and naming of full binned CIELAB grids with hu-
man reference distributions (Section 4).
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Main finding. GPT-40 names vivid colors well
and recovers some known language contrasts. It
fails on low-chroma and boundary regions, where
it often replaces human chromatic terms with gray
or beige. Divergence from humans stays high
across languages. This shows strong lexical avail-
ability, but weak distributional agreement with hu-
man color naming in low-chroma and boundary re-
gions.

‘We make four contributions:

1. We provide a multilingual behavioral evalua-
tion of GPT-40 color naming across synthetic
high-chroma hue wheels, fixed-vocabulary
category tasks, human low-chroma hue-line
stimuli, and full CIELAB grids with human
naming distributions.

2. We separate lexical availability from
human-distribution agreement by comparing
open-vocabulary prompts, fixed-vocabulary
prompts, and human-matched distributional
evaluations across the same color spaces.

3. We identify recurring cross-linguistic failure
patterns in low-chroma and boundary regions,
including collapse to desaturated labels, re-
duced coverage of human color terms, vocab-
ulary compression, and a strong association
between human category concentration and
model-human agreement.

4. We introduce control experiments (text-only
ablation, saturation ratings, and low-chroma
temperature sweeps) that help distinguish the
effects of lexical priors, chroma sensitivity,
and sampling behavior.

2 Related Work

2.1 Color naming across languages

Research since Berlin and Kay (1969) shows that
languages partition color space in ways shaped by
perceptual structure and communicative pressures
(Kay and Regier, 2003; Regier et al., 2007; Za-
slavsky et al., 2018). Russian has played a cen-
tral role because the lexical split between goluboy
‘light blue’ and siniy ‘dark blue’ correlates with
differences in discrimination, categorical percep-
tion, and memory (Winawer et al., 2007; Thierry
et al., 2009). Work in perceptual psychology em-
phasizes that human color categories emerge from
the interaction of universal perceptual constraints
and language-specific lexical histories (Shepard,

1992; Jameson and D’ Andrade, 1997). Color nam-
ing is therefore a robust benchmark for semantic
theories and a sensitive test of perceptual ground-
ing.

Neural models of grounded color reference
show that pragmatic reasoning mainly improves
performance on the hardest discriminations (Mon-
roe et al., 2017). This reinforces the idea that
fine-grained color distinctions expose the role of
perceptual evidence. A longstanding concern in
vision and language research is that strong tex-
tual priors can mask weak perceptual grounding
(Cadéne et al., 2019; Bisk et al., 2020). Our
work addresses this issue directly by comparing
model predictions to human distributions in low-
chroma and cross-boundary regions where visual
cues should dominate. The new text-only base-
line and saturation probes further isolate how much
structure GPT-40 derives from vision rather than
from lexical frequency.

2.2 Human color naming datasets

The UW Color Naming corpus includes many
more languages, but for this study we analyze
nine: English, Russian, Chinese, Korean, German,
French, Spanish, Polish, and Portuguese. After
filtering (section 3), six languages (English, Chi-
nese, Korean, German, Russian, and Spanish) re-
tain dense CIELAB coverage and serve as our
primary evaluation set. French, Polish, and Por-
tuguese retain moderate coverage and are treated
as exploratory.

2.3 Multilingual color naming and
cross-lingual comparison

The Kim et al. (2019) dataset has supported work
on salient colors, alignment across languages, and
category structure. Most analyses focus on hu-
man cross-linguistic patterns rather than on model
evaluation. Our study differs in purpose: we
use these human naming distributions as the refer-
ence for evaluating a general-purpose multimodal
model. This makes it possible to test whether a
model trained on large-scale vision and language
data matches human color-naming distributions,
human uncertainty patterns, and cross-linguistic
lexical boundaries.

2.4 LLMs and perceptual grounding

Multimodal language models achieve strong re-
sults on captioning, recognition, and high-level
reasoning (Li et al., 2022; Alayrac et al., 2022;
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OpenAl, 2023), but their perceptual grounding is
usually evaluated through tasks that do not re-
quire fine-grained visual discrimination. A grow-
ing body of work argues that models often rely
on strong linguistic priors rather than visual evi-
dence (Cadene et al., 2019). Grounded semantics
requires sensitivity to perceptual structure, not tex-
tual co-occurrence (Bisk et al., 2020).

Work on color naming indicates that models
label vivid, high-chroma colors reasonably well
but diverge from human judgments on desatu-
rated and boundary-region stimuli and outside En-
glish (Liang et al., 2025). These evaluations typi-
cally rely on accuracy over small synthetic sSRGB
palettes and rarely examine distributional align-
ment with human data.

To our knowledge, no prior study evaluates a
model like GPT-40 on synthetic hue wheels, hu-
man low-chroma hue lines, and dense CIELAB
grids, nor compares model and human naming dis-
tributions across multiple languages.

Recent work in the audio domain reports a
closely related dissociation. Chen et al. (2026)
show that large audio-language models often rely
on lexical or transcript-level cues rather than acous-
tic information when performing emotion and par-
alinguistic judgments. Despite strong task perfor-
mance, these models fail to exhibit human-like sen-
sitivity to fine-grained acoustic structure. Together
with our results, this suggests that the gap between
lexical competence and perceptual grounding may
be a general property of current multimodal mod-
els, not limited to vision.

3 Methods

3.1 Overview

Our goal is to evaluate how GPT-40 names col-
ors across multiple languages and to compare its
naming distributions directly to human judgments.
We run four complementary experiments that vary
in stimulus type, response format, and evaluation
metric: A) lexical range under minimal constraints,
B) coarse category boundaries under fixed vocabu-
laries, C) performance on perceptually ambiguous
low-chroma stimuli, and D) distributional agree-
ment with human naming across the full color
space.

Experiments A and B probe the model’s intrin-
sic lexical behavior in the absence of human data.
Experiments C and D directly compare GPT-4o0 to
human naming distributions and test whether its re-

sponses show human-like distributional structure
rather than only lexical plausibility.

3.2 Languages

Experiments A—C use English and Russian, follow-
ing prior work that emphasizes the English blue
category and the Russian cunuii versus conyboii dis-
tinction. Experiment D extends the analysis to nine
languages selected from the UW Color Names cor-
pus: English, Russian, Chinese, Korean, German,
French, Spanish, Polish, and Portuguese.

Human coverage varies substantially across lan-
guages (see bin counts in Table 5). After filter-
ing, English, Chinese, Korean, German, Russian,
and Spanish retain the largest number of usable
LAB bins. French, Polish, and Portuguese retain
fewer bins and are included as exploratory lan-
guages rather than primary evaluation languages.
The prompting pipeline, normalization procedures,
filtering, and Jensen—Shannon divergence compu-
tations are identical across languages.

3.3 Stimuli

We use three classes of stimuli.

Synthetic hue wheels. We generate evenly
spaced high-chroma HSV values (36 bins), convert
them to sSRGB, and render each as a flat color patch
at a fixed resolution. All synthetic images are pro-
duced by the same script and passed to GPT-40
without further compression. These stimuli allow
controlled probing of lexical behavior that is free
from human dataset biases.

Human hue-line stimuli. We use the low-
chroma hue lines from Kim et al. (2019). These
are diagnostic for perceptual category boundaries
because humans disagree more in low-chroma re-
gions. Russian and English hue-lines are used.

Full CIELAB grids. Following Kim et al.
(2019), we analyze human color-name judgments
after aggregation in CIE L*a*b* (CIELAB) space.
The UW corpus bins the full-color data into 10 x
10 x 10 CIELAB bins and provides human nam-
ing distributions over surface color terms. All nine
selected languages are evaluated in Experiment D.
Each retained CIELAB bin is converted to sSRGB
and rendered as a uniform color patch before being
shown to GPT-40.

3.4 Binning of Human and Model Data

We quantize CIELAB by rounding each channel af-
ter dividing by 10: binL = round(L/10), binA =
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Exp. Stimuli Languages

Main question

A Synthetic  high-chroma hue  EN, RU
wheel, open-vocabulary naming
B Synthetic hue wheel, fixed basic EN, RU
terms
C Human low-chroma hue lines EN, RU
D Full binned CIELAB grid EN,RU, ZH, KO,
DE, FR, ES, PL,
PT

What lexical range and language-specific distinctions emerge under response-
constrained open-vocabulary prompting?

Does GPT-40 place major category boundaries, such as the Russian romy6oii vs.
cunuii distinction, in the expected regions?

Does GPT-40 match human color-naming distributions on perceptually ambiguous
and diagnostic low-chroma stimuli?

How closely do GPT-40’s naming distributions match human data across the entire
CIELAB space, including low-chroma and cross-boundary regions?

Table 1: Overview of the four experiments. EN = English, RU = Russian, etc.

round(a/10), binB = round(b/10). This groups
nearby colors while preserving local structure in
LAB space and ensures sufficient human annota-
tion counts per bin for stable distributional com-
parisons.

3.5 Model Query Procedure

Each stimulus is rendered as a flat RGB image
and passed to GPT-40 using the multimodal API.
All experiments used the OpenAl GPT-40 model
(identifier: gpt-40) accessed through the OpenAl
Python SDK (openai v2.9.0). All images use the
same rendering pipeline as described in the Stimuli
section.

Prompts. We use language-specific prompts re-
questing one natural color word or very short
phrase in the target language only, with no expla-
nation or additional commentary. The prompts are
provided in Appendix A.

Sampling settings. Sampling temperatures are
chosen to trade off lexical diversity and stability.
Higher temperatures encourage exploration of the
model’s vocabulary, while lower temperatures en-
force more deterministic category choices. We per-
form a targeted temperature sweep for low-chroma
bins (Experiment C) and use fixed temperatures for
the main experiments.

» Experiment A: open-vocabulary naming, 100
samples per hue, 7' = 0.3 and T' = 0.9 (lexi-
cal exploration).

» Experiment B: fixed vocabulary, 20 samples
per hue, T' = 0.1 (sharp category decisions).

* Experiment C: hue-line, 20 samples per chip,
T = 0.7 (moderate diversity).

* Experiment D: CIELAB grid, 3—-5 samples
per bin, 7' = 0.7.

3.6 Control Experiments

In addition to Experiments A-D, we run three small
control experiments to clarify the role of linguistic
priors, perceptual input, and sampling temperature.
A text-only baseline reuses the hue-line prompts

without images to estimate purely linguistic color-
name priors. A saturation sanity check asks GPT-
40 to rate the saturation of a few high- vs. low-
chroma tiles, and a low-chroma temperature sweep
probes whether the failure patterns depend on sam-
pling temperature. Summary results are reported
in Section 4.5.

3.7 Normalization

Model outputs are normalized by lowercasing, re-
moving punctuation, stripping diacritics when ap-
propriate, and performing language-specific cor-
rections such as Russian é to e and German /3 to
ss. We then apply language-specific head—mod-
ifier parsing to extract heads that correspond to
surface-level human lexical entries.

3.8 Human Naming Distributions

Here, p(t | V') (ptV) denotes the normalized prob-
ability that human annotators assign surface color
term ¢ to visual stimulus V.

For each LAB bin (L, A, B) we sum ptV values
per surface color term to obtain a probability dis-
tribution,

phuman(t ’ L7 A7 B)7

which we use throughout as the human naming dis-
tribution for that bin.

3.9 Surface and Head-Level Categories

Because human labels are highly variable, we
compute: (1) surface distributions: raw normal-
ized labels, and (2) head distributions: labels
with modifiers stripped (e.g. sapxo-cunuii — cunuii,
light blue — blue). A small set of seed modifiers
per language (for example light, dark, bright in En-
glish and spxo-, céem.no- in Russian) is augmented
with additional modifiers automatically extracted
from the human vocabulary. This procedure yields
a compact set of heads while preserving the main
lexical contrasts.

Examples of head-modifier pairs for several lan-
guages are listed in Table 10 in the Appendix. For
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Russian, head categories are further collapsed us-
ing robust stems (for example cony6, cun, 3enen,
po3, guon, cep). For Chinese and Korean, head
extraction relies on a small set of character-level
roots supplied by the dataset rather than full mor-
phological analysis. This approximation keeps
heads compact but may merge genuinely distinct
lexical items in some cases.

3.10 Filtering

Filtering is applied only to Experiment D, where
human responses are aggregated into CIELAB
bins. A bin is retained only if it has sufficient
human annotation support, a sufficiently concen-
trated dominant human head category, and valid
RGB values. Default thresholds are £ = 8 annota-
tions and ppi, = 0.20 dominant-head proportion,
with slightly looser thresholds for languages with
lower retained coverage or annotation density (e.g.,
Russian, Polish, and Portuguese use £ = 4 and
Pmin = 0.15). After filtering, the per-language re-
tained bin counts are shown in Table 2. The re-
leased configuration also caps retained bins by lan-
guage to control API cost.

Lang EN ZH KO ES DE RU FR PL PT
Bins 150 150 150 92 48 80 27 36 50

Table 2: Retained CIELAB bins per language in Exper-
iment D after applying frequency and proportion filters.

3.11 Evaluation Metrics

Jensen—Shannon divergence. We compute JS
divergence between human and model head dis-
tributions. Because human—human JS values are
not available and model distributions are sparsely
sampled, we treat absolute magnitudes cautiously
and focus on relative patterns across languages,
chroma levels, and error types.

Top-1 agreement. We compare human and
model top categories per bin.

Vocabulary compression. We measure

|{t : pmodel(t | b) > 0}’
|{t : phuman(t | b) > 0}|7

vocab_ratio =

the ratio of the number of distinct labels used by
the model to the number used by humans in each
bin, where ¢ ranges over color terms and b denotes
a CIELAB bin. This measure ignores label overlap
and may exceed 1 if the model produces more dis-
tinct labels than humans. Unlike the in-vocabulary

mass in Table 5, which captures probability over-
lap, vocab_ratio is a count-based measure of inven-
tory size used to characterize collapse or expansion
behavior across bins.

Human category concentration. We compute
the proportion of human responses assigned to the
dominant head category per bin and test whether
stronger human category agreement predicts lower
model-human divergence.

Automatic error typing. For descriptive analy-
sis, bins are grouped into broad quality categories
(good, mid, bad) based on head-level JS diver-
gence thresholds.

Per-hue vocabulary size (Experiment A). For
the open-vocabulary hue-wheel experiment, we
also measure the number of distinct labels GPT-40
uses for each hue and language. For hue index h
and language ¢, we define

vocab_size(h, £) = [{t : Pmodel ( | h,€) > O}, (1)

that is, the number of distinct normalized color
terms observed across the n samples for that hue.
Large values indicate that the model does not set-
tle on a stable category for that color and in-
stead spreads probability mass over many near-
synonymous labels.

4 Results

We organize results by experiment. Experiments
A-B probe GPT-40’s lexical behavior on synthetic
hue wheels. Experiment C evaluates the model
on human low-chroma hue-lines. Experiment D
compares human and model naming distributions
across the full binned CIELAB grid in nine lan-
guages.

Experiments A and B primarily evaluate lexical
availability and category boundary behavior under
controlled prompting, whereas Experiments C and
D evaluate distributional agreement with human
naming.

Figure 1: Entropy (left) and vocabulary size (right) by
hue index for English and Russian under two sampling
temperatures (' = 0.3 and 7' = 0.9).
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4.1 Experiment A: Open-vocabulary Naming
on Synthetic Hue Wheels

In this experiment, we collect 100 samples at T =
0.9 for each of the 36 hue bins. Figure 1 addition-
ally compares entropy and vocabulary size under a
lower sampling temperature (7" = 0.3) to illustrate
the effect of sampling diversity on lexical variabil-

ity.

The left plot in Figure 1 shows that GPT-40’s
naming entropy is lowest near prototypical reds
and yellows and highest in the turquoise-blue-
purple region, indicating stable lexical choices for
warm hues and multiple competing labels for mid-
spectrum hues. To complement entropy, we also
examine the per-hue vocabulary size (1). The right
plot in Figure 1 shows the vocabulary size by hue
index for English and Russian. High-chroma reds
and yellows typically elicit only one or two con-
sistent labels, whereas the turquoise-blue—purple
range often produces 8-15 distinct terms across
the same number of samples. Russian vocabulary
sizes are generally larger than English in this re-
gion, reflecting productive roots such as econyo-,
cum-, bupios-, and guon-.

Hue Range EN top label RU top label
scarlet, vermilion ambIit
2-4 tangerine, amber MaH/IapHHOBBII, 0Xpa
5-7 sunflower, neon yellow spko-»K&Tblii, IMMOHHBIH
8-12 lime, neon green J1IalMOBBIN

CcaJaToBblit
MSTHBII1, OUPIO30BbIH
OGUPIO30BBII

neon green
16-17  mint, aqua
cyan, sky blue, azure
cyan, sky blue, azure  romyGoit
cyan, sky blue, azure  spko-romxy6oit
cobalt APKO-CHHMH, CHHUI YMEKTPHK, KOOANBTOBBIH
clectric blue WHJITO
violet (roneToBbIit
magenta, fuchsia (byKcHs, MaTHHOBBIH
crimson AITH3apPHHOBBIH

Table 3: Top open-vocabulary labels across synthetic
hue ranges. Rows are ordered by increasing hue index
around the HSV wheel. Split rows indicate changes in
dominant labels within previously grouped ranges.

The top open-vocabulary labels per hue in Ta-
ble 3 differ across languages: English often uses
teal, turquoise, and purple, while Russian uses
bupiozoeulil, eonyootl, cunul, and ¢uonemosuolii.
These cross-linguistic differences reflect lexical
conventions rather than human-like distributional
behavior, consistent with Experiment A probing
lexical knowledge rather than grounded categories.
Experiment A therefore establishes GPT-40’s lex-
ical competence but does not test distributional
agreement with human color naming.

4.2 Experiment B: Fixed Basic Categories on
Synthetic Hue Wheels

In Experiment B, we restrict GPT-40 to basic color
terms and lower the sampling temperature to 7' =
0.1 to isolate major category boundaries. Table 4
shows that Russian exhibits finer internal parti-
tioning of the blue region under fixed-vocabulary
prompting. These partitions approximate the ma-
jor human boundaries but do not match them pre-
cisely. Entropy under fixed categories is near
zero for most English hues, while Russian shows
entropy peaks near boundary regions. GPT-40
therefore reproduces some language-specific lex-
ical boundary behavior under constrained prompt-
ing. However, agreement under fixed vocabularies
does not imply full distributional agreement with
human color naming, as the low-chroma and full-
grid results show.

These results confirm that GPT-40 can repro-
duce major lexical boundary behavior under con-
strained prompting, without demonstrating full dis-
tributional agreement with human color naming.

Boundary EN RU
RED — ORANGE 12 -2
ORANGE — YELLOW 34 3-5
YELLOW — GREEN 67 67

GREEN — BLUE 16-18 17-20
BLUE — PURPLE 22-25  23-26
PURPLE — RED 33-35 33-35

Table 4: Experiment B: Category boundaries (hue
ranges) under fixed basic color inventories.

4.3 Experiment C: Human Low-Chroma
Hue-Lines

The low-chroma hue-line stimuli from Kim et al.
(2019) are designed to probe perceptual ambiguity.
We query GPT-40 (20 samples per chip, T' = 0.7)
and compare its head distributions to human nam-
ing. Figure 2 shows Russian results: JS divergence
is high across nearly all bins, and English exhibits
a similar pattern (figure omitted for space). GPT-
4o frequently replaces diverse human chromatic
responses with a narrow set of desaturated labels
such as cepwiii, b6escesoiil, gray, and beige. The
model rarely selects the human top category, espe-
cially in low-chroma boundary regions.

Because Experiment D generalizes this behav-
ior across the full CIELAB space, we treat Experi-
ment C as a diagnostic probe. We interpret this as
evidence that GPT-40 appears to rely more heavily
on lexical priors in regions where humans them-
selves show weaker agreement about color cate-
gories.

141



Russian hue-line: S after collapsing to categories
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Hue index

Figure 2: JS divergence on Russian hue-line categories
(Exp. C).

Lang Bins JS, JS;, 1IVy 1V, VR,
ZH 150 0.762 0.217 0.180 0.692 0.472
DE 48 0.460 0.365 0.406 0.524 0.307
KO 150 0.563 0.474 0.338 0.409 0.190
PL 36 0.602 0.589 0.364 0.390 0.661
RU 80 0.726 0.641 0.231 0.337 0.795
FR 27 0.739 0.744 0.186 0.227 0.419
EN 150 0.770 0.821 0.109 0.117 0.043
ES 92 0.869 0.876 0.084 0.090 0.549
PT 50 0.925 0.965 0.060 0.025 0.795

Table 5: Experiment D: Per-language distributional
agreement on full CIELAB grids. JS,/JS, = sur-
face/head Jensen—Shannon divergence. 1V,/IV), = in-
vocabulary human mass. VRj, = head-level vocabulary
ratio.

4.4 Experiment D: Full CIELAB Grid
Across Nine Languages

This experiment evaluates distributional agree-
ment between GPT-40 and human naming over the
full binned CIELAB grid. As described in Section
3.5, we sample GPT-40 3-5 times per bin; JS is in-
terpreted comparatively. Figure 3 shows example
RGB tiles presented to GPT-40 in Experiment D,
sorted by approximate LAB chroma.

Table 5 reports mean surface and head-level JS
divergence and in-vocabulary mass by language.
VR;, reports the mean head-level vocab ratio
across retained bins per language. In-vocabulary
mass denotes the fraction of human probability
mass under the normalized human distribution
Phuman (t) that is assigned to labels appearing in the
model output. Values are averaged across retained
bins per language.

To test whether divergence is associated with
reduced chroma, we computed Spearman correla-
tions between CIELAB chroma C* = v/a*2 + b*2
and head-level JS divergence. Several languages,
including English (p = —0.22, p = .008), Chinese
(p = —0.19, p = .017), and Spanish (p = —0.24,
p = .019), showed weak negative correlations,
indicating somewhat higher divergence in lower-
chroma regions. However, this relationship was
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Figure 3: Experiment D: Example full-grid stimuli
drawn from the retained CIELAB bins. Each tile is one
bin shown to GPT-4o0.

inconsistent across languages and absent in several
cases, suggesting that chroma alone does not fully
explain model-human divergence.

By contrast, the proportion of human responses
assigned to the dominant head category was
strongly negatively correlated with JS divergence
across all languages (e.g., English p = —0.75, Rus-
sian p = —0.54, German p = —0.90). Bins with
strong human category agreement therefore tended
to show much closer model-human agreement.

4.4.1 Cross-Linguistic Summary

Table 5 summarizes Experiment D across nine
languages. We focus on the six high-coverage
(data-rich) languages (ZH, EN, KO, DE, RU, ES);
FR/PL/PT are treated as exploratory because their
coverage and/or annotation density after filtering is
less stable for the present analyses. For a bin with
in-vocabulary mass m, the fraction of human mass
on labels never produced by the model is 1-m.
Many languages show low in-vocabulary mass (of-
ten below 0.2), meaning most human probability
mass lies on labels absent from the model’s sam-
pled outputs.

4.4.2 Error Types and Bin Quality

We classify bins into good, mid, or bad using JSycaq
thresholds. Table 6 shows per-language counts.
Chinese displays the lowest divergence with many
“good” bins, while Korean has the largest number
of bad bins, followed by Spanish and English.

Lang #Bins Good Mid Bad
Chinese 150 107 28 15
English 150 71 55 24
French 27 9 13 5
German 48 24 15 9
Korean 150 42 57 51
Polish 36 11 14 11
Portuguese 50 21 21 8
Russian 80 25 37 18
Spanish 92 33 32 27

Table 6: Experiment D: counts of bins labeled good,
mid, or bad (good < 0.3, bad > 0.7).

Error patterns are consistent across languages:

» High-chroma bins (reds, greens, blues) are
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usually aligned with human naming.

* Low-chroma bins account for many “bad”
cases and show fallback to gray or beige la-
bels.

* Mid bins reflect small shifts across neighbor-
ing human categories.

4.4.3 Confusion Patterns

Typical errors include overuse of desaturated la-
bels (e.g., gray, cepwiii, 3]Y), collapsing multiple
human blues (e.g., sky blue, turquoise, eony6oii)
into a single head, and pink/purple spillover in
neighboring chromatic regions. These behaviors
match the vocabulary-compression statistics in Ta-
bles 5 and 6 and recur across languages.

4.5 Control Experiments: Text, Saturation,
and Temperature

The control experiments address three possible
confounds: purely linguistic priors, weak chroma
sensitivity, and sampling temperature.

Text-only baseline. Removing the image and
prompting GPT-40 in text-only mode produces dis-
tributions that are almost maximally different from
human naming on the hue-line tiles, as shown in
Table 7. For English, JS divergence between hu-
man and text-only model distributions lies in a nar-
row and very high range (0.971 < JS < 0.982,
mean 0.977). For Russian, divergence is slightly
lower but still very high (0.833 < JS < 0.949,
mean 0.902). The intrinsic color-name prior in
both languages is therefore not human-like. Any
partial agreement with human naming in the image-
based experiments cannot be attributed to linguis-
tic priors alone.

Saturation ratings. Table 8 shows the results of
the saturation sanity check. GPT-40 shows only
weak separation between high- and low-chroma
patches. In English, mean ratings for both groups
are essentially identical (both near 2.0 on a 1-5
scale). In Russian, high-chroma tiles receive mean
ratings around 2.0 and low-chroma tiles around
1.7, with substantial variability and overlapping
ranges. Across both languages, GPT-40 rarely as-
signs ratings near the extremes of the scale and
does not treat high-chroma stimuli as clearly more
saturated than low-chroma ones. These results are
consistent with weak chroma sensitivity for uni-
form patches, though rendering and preprocessing
effects cannot be ruled out.

Temperature sweep. The low-chroma tempera-
ture sweep shows that the gray-collapse effect is

robust to sampling settings (Table 9). For En-
glish, mean JS divergence on the ten selected low-
chroma tiles remains extremely high at all tempera-
tures (mean JS 0.985at T’ = 0.1,0.979atT = 0.3,
0.977 at T = 0.7, and 0.978 at T = 1.0). Rus-
sian shows slightly lower but still very high diver-
gence (mean JS 0.956, 0.952, 0.946, and 0.928 for
the same temperatures). Temperature adjustments
do not rescue model performance in low-chroma
regions. GPT-40 continues to collapse diverse hu-
man chromatic responses into a small set of grayish
labels.

5 Discussion

Across languages and stimulus types, GPT-40
shows a stable pattern. The model has strong
lexical knowledge of high-chroma colors and re-
produces several language-specific distinctions at
the category-head level (for example, Russian
eonybou—cunuii and German blau—griin) when
category boundaries are unambiguous, consistent
with heavy text-based training.

The contrast between the synthetic hue wheel
(Experiment A) and the human-derived CIELAB
grids (Experiment D) is partly associated with
low-chroma regions, although the relationship be-
tween chroma and divergence is weak and incon-
sistent across languages. Experiment A contains
only vivid, high-saturation hues with strong vi-
sual signals, whereas the full-grid evaluation in-
cludes many low- and mid-chroma regions where
cues are weak. Under these conditions, GPT-
40 frequently produces desaturated labels such as
“gray” or “beige,” even when human naming re-
mains chromatic. Because the same RGB render-
ing pipeline is used across experiments (with HSV
or CIELAB as color sources), these discrepancies
are most plausibly related to weak or insufficiently
exploited chroma cues rather than implementation
differences.

Across low-chroma settings (Experiments C
and D), the model displays the same qualitative
behavior: it replaces diverse human labels with a
small set of high-frequency, desaturated terms.

The control experiments sharpen this interpre-
tation. The text-only baseline shows that GPT-
40’s purely linguistic color-name prior is highly di-
vergent from human naming on low-chroma tiles,
while the saturation sanity check indicates weak
separation between high- and low-chroma patches,
and the temperature sweep shows that fallback to
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Lang 7T MeanJS Std  Min-Max
EN 0.1 0.985 0.013 0.971-1.000
Lang Chroma Mean Std EN 03 0.979 0.009 0.966-0.999
Lang MeanJS Std Min JS Max JS EN high 2.000.00 EN 0.7 0.977 0.009 0.967-0.999
English  0.9770.003 0.971 0.982 EN low 2.070.12 EN 1.0 0.978 0.009 0.968-0.995
Russian  0.902 0.030 0.833 0.949 RU high 2.001.00 RU 0.1 0.956 0.038 0.884-1.000
RU low 1.670.58 RU 03 0.952 0.037 0.874-1.000
Table 7: Text_only baseline on RU 0.7 0.946 0.031 0.880-1.000
hue-line tiles. Table 8: Saturation rating san- RU 1.0  0.928 0.020 0.890-0.960
ity check.

Table 9: Low-chroma temperature

sweep.

desaturated labels persists regardless of sampling
settings. These results suggest that GPT-40 ap-
pears to rely more heavily on lexical priors in re-
gions where human category structure is weaker
or less concentrated. GPT-40 is dependable for
vivid, high-chroma colors but inconsistent for low-
and mid-chroma stimuli. The text-only baseline
and control experiments indicate that the model
shows limited behavioral sensitivity to fine chroma
distinctions in this setup, and applications requir-
ing subtle color judgments should therefore treat
current multimodal LLMs as unreliable in low-
chroma regions without explicit calibration to hu-
man data.

6 Conclusion

GPT-40 shows lexical knowledge of color terms
and reproduces language-specific distinctions un-
der constrained prompting, but across nine lan-
guages and hundreds of CIELAB bins, it does not
reliably approximate human color-naming distri-
butions. The contrast between strong lexical avail-
ability and weaker distributional agreement is most
pronounced in low-chroma and boundary regions.
These results suggest that current multimodal lan-
guage models remain less reliable for subtle color
judgments and may benefit from training regimes
that more tightly couple language with perceptual
supervision.

Limitations

Coverage across languages is limited by the avail-
ability of human naming datasets; eight languages
include > 30 bins for robust comparison, and re-
sults for French (27 bins) should be treated as ex-
ploratory.

Image rendering is standardized but not cali-
brated to display hardware or to the exact condi-
tions of the original human experiments; absolute
color appearance may therefore differ between our
setup and the one used to collect the UW data.

GPT-40 sampling cost constrained us to sparse
sampling in the human-derived evaluations: Ex-
periment D uses 3—5 draws per bin, while the hue-
line and control experiments use larger but still lim-
ited sample counts.

Our conclusions about human distributional
agreement are therefore interpretive rather than
causal: the present design cannot fully rule out ren-
dering artifacts, temperature effects, or prompt bi-
ases as contributing factors.

Finally, this work does not investigate the in-
ternal representations or generation dynamics that
contribute to vocabulary collapse; future work
should examine model internals more directly.

Because retained bins differ across languages af-
ter filtering, chroma ranges are not identical across
language-specific analyses.

Ethical Considerations

This study analyzes a pretrained multimodal model
using synthetic stimuli and existing, anonymized
human color-naming datasets. No new human sub-
jects were involved and no personal or sensitive
data were collected. The work poses minimal di-
rect ethical risk and is intended to inform evalua-
tion and model design rather than normative claims
about perception or language.

Data and Code Availability. Code for
stimulus generation, prompting, normaliza-
tion, evaluation, and figure generation is

available at https://github.com/bondfeld/
multilingual-color-naming-gpt4o. The human
color-naming data are derived from the publicly

available UW Color Names corpus (Kim et al.,
2019).
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A Appendix: Prompts

A.1 Experiment A: Open-vocabulary prompt

English You see a solid-colored square. Give a
natural, descriptive English color name. Avoid us-
ing only basic color words like red, orange, yel-
low, green, blue, or purple. Use a more specific or
nuanced color term, such as ’scarlet’, ’deep red’,
’lime green’, ’teal’, aquamarine’, magenta’, or a
similar descriptive phrase. Answer with one word
or a very short phrase.

Russian Brul
OJHHM ILIBETOM.
Ha3BaHHE JTOro ILIBETA.
TOJIBKO 0a30BBIMU

BUIUTE  KBajgpaT,  3aJUTHIHA
JlaiiTe ecTeCTBEHHOE pyCCKOE
He orpannuuBaittech
LBETaMU (kpacHbIH,
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OpPAHKEBBIH, KENTBIH, 3eJIEHBIH, CHHUM,
roiy0oii, ¢uonerossrii). Mcmonmssyiite Oomnee
TOYHOE WJIM OTTEHOYHOE HAa3BaHHE, HaIpUMep
’anblii’, *60pAOBEI’, *OUPIO30BBIN’, *Ma3ypHBI’,
‘nmuiaoBbId’ U T.I. OTBETBTE OJHUM CJIOBOM HIIA

OYeHb KOPOTKOH (pazoil.

A.2 Experiment B: Fixed categories

English You see a solid-colored square. Name
its BASIC color category in English. Use ex-
actly ONE word from this list: red, orange, yel-
low, green, blue, purple, pink, brown, gray, black,
white. Answer with just that single word.

Russian Bbl BuguTe OJHOLBETHBIN KBaJpar.
Hazosure EI'O OCHOBHYIO KATEI'OPHIO
OBETA mno-pyccku.Mcnons3yiite posHo OJHO
CIIOBO M3 ITOTO CIMCKA: KPAaCHBIH, OpaHXKEBBIH,
XKENTBIN, 3eTEHBIN, CHHUH, TOTy0OH, (DHONIETOBBIH,
PO30BBIM, KOPHUHEBBIN, CephI, YEPHBIH, OEINBIM.
OTBETBTE TOIBKO OHUM CIIOBOM.

A.3 Experiment C: Hue-line Divergence

English You see a solid-colored square. Give a
natural, descriptive English color name. Avoid us-
ing only basic color words like red, orange, yel-
low, green, blue, or purple. Use a more specific or
nuanced color term, such as ’scarlet’, *deep red’,
’lime green’, ’teal’, aquamarine’, ’magenta’, or a
similar descriptive phrase. Answer with one word
or a very short phrase.

Russian Bw  Bumure  kBajpar, 3aJIUTHIN
OIHUM LBETOM. JlaiiTe €CTECTBEHHOE PYCCKOE
Ha3BaHHWE 3Toro IBera. He orpanuumuBaiTech
TOJIBKO 0a30BBIMH LIBETaMHU (kpacHbIH,
OpaHXEBBIN, JKENTHIN, 3€NEHBIN, CHHUHN, TOTYOOH,
(huOoNEeTOBBIN). Ucnone3yiite Oonee ToYHOE
WM OTTEHOYHOE HA3BAHME, HAIPUMEDP «ajblil»,
«OOpHOBHIITY, «OUPIO30BEIITY, «JIa3ypHBII,
«TWIOBBI» U T.I. OTBETHTE OIHUM CIOBOM WIJIH
OYEHBb KOPOTKOH (hpa3oid.

A.4 Experiment D: Full CIELAB Grid

Experiment D uses the same open-vocabulary
prompt family as Experiments A and C, instan-
tiated in nine languages (English, Russian, Chi-
nese, Korean, German, French, Spanish, Polish,
Portuguese). For each CIELAB bin, GPT-40 sees
a solid color patch and is asked for a single natu-
ral color name in the target language, with no lan-
guage mixing or explanation.

Lang

ZH (Chinese)
EN (English)
FR (French)
DE (German)
KO (Korean)
PL (Polish)

PT (Portuguese)
RU (Russian)
ES (Spanish)

#Subjects
5686
145709
2968
3721
13507
1085
1661
1682
4124

Table 11: Unique human participants per language in
the UW color-naming dataset.

Generic template (all languages) You see a
solid-colored square. Give a natural, descriptive
[target language] color name. Answer with one
word or a very short phrase in [target language]
only.

English (used in A, C, and D) You see a solid-
colored square. Give a natural, descriptive En-
glish color name. Avoid using only basic color
words like red, orange, yellow, green, blue, or pur-
ple. Use a more specific or nuanced color term,
such as “scarlet”, “deep red”, “lime green”, “teal”,
“aquamarine”, “magenta”, or a similar descriptive
phrase. Answer with one word or a very short

phrase.

Russian (used in A, C, and D) Bu Bugute
KBaJpaT, 3aJIUTHIA OJHHUM I[BETOM. Jlaiite
€CTECTBEHHOE PyCCKOE Ha3BaHUE 3TOTO 1BeTa. He
OTpaHUYMBAUTECh TOJIHKO Oa30BBIMU I[BETAMHU

(KpacHBIN, OpaHXKEBBIM, JKENTHIA, 3CIEHBIN,
CUHMIA, Tomy0oii, ¢uomneroBblif). Mcmnonp3yiiTe
0ojgee TOYHOE MM OTTEHOYHOE Ha3BaHHE,

HaIpUMep «ajbli», «O0OpIOBBINY, «OUPIO30BEII,
«J1a3ypHBII, WINIOBBIH» U T.N. OTBEThTE OJHUM
CJIOBOM HJI O4Y€HB KOPOTKOH (hpa3oi.

Additional Languages For Chinese, Korean,
German, French, Spanish, Polish, and Portuguese,
we use direct translations of the generic template,
with the language name and example color terms
adapted to the target language.

B Appendix: Additional Figures

Language  Full form Head
EN light blue blue

EN dark green green
RU SIPKO-CUHUHN CUHUI
RU CBETJIO-3€IEHBIN  3€NEHBIN
ES verde claro verde

Table 10: Examples of head—modifier normalization.
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B.1 Experiment C: Hue-Line Divergence

B.2 Experiment D: Full CIELAB Grid

Russian full color: |S vs human entropy
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Figure 4: Russian full-grid: human entropy vs JS diver-
gence.

English full color: JS vs human entropy (sampled bins)
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Figure 5: English full-grid: human entropy vs JS diver-
gence.

english: distribution over bins (n_bins=200)
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Figure 6: JS;, distributions for English (Exp. D).

chinese: distribution over bins (n_bins=200)
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Figure 7: JS;, distributions for Chinese (Exp. D).
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spanish: distribution over bins (n_bins=92)
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JS;, distributions for Spanish (Exp. D).

korean: distribution over bins (n_bins=200)
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Figure 9: JS, distributions for Korean (Exp. D).

russian: distribution over bins (n_bins=34)
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Figure 10: JS, distributions for Russian (Exp. D).



