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Abstract

Colour naming links vision and language. Yet, effective cross lin-
guistic colour communication is limited by the lack of multilingual
data and computational models for comprehensive colour name
translation. We collected 6,408 unique colour naming responses in
five languages using online experiments and fieldwork. For each lan-
guage, we train a spin colour forest, a novel partially rotated decision
trees model that accurately estimate colour naming distributions
across the full gamut, consistently outperforming existing meth-
ods. Unlike prior work that assumed 11 universal colour categories,
our results reveal cross-linguistic variation in naming granularity:
American English uses 47 indispensable colour names, British Eng-
lish 32, French 27, Greek 32, and the Himba 7 to categorise the same
perceptually uniform colour space. Building on these findings, we
develop a colour translation benchmark, which we demonstrate
by evaluating both the lexical and perceptual accuracy of a large
language model. Our evaluation reveals a critical lexical-perceptual
disconnect, demonstrating that language models lack perceptual
grounding in colour translation. Our data, models, and benchmark
provide an empirical foundation for inclusive design that reflects
how people communicate colour across cultures.
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1 Introduction

Colour naming sits at the intersection of perception and cognition
with direct implications for human-computer interaction (HCI).
Humans compress thousands of perceivable colours into a smaller
set of names such as yellow, turquoise, or olive green [31, 42, 58, 92].
These lexicons vary across languages in size, lexicalisation, and
category boundaries. For example, English distinguishes red and
pink, while some languages such as Himba uses a single term,
serandu, to name both regions of colour space [63, 72]. Colour
names are not mere labels: they mark perceptually meaningful
regions of the colour space that support memory, recognition, and
discrimination in HCI tasks such as data visualisation, interface
design, and cross-cultural communication [19, 27, 30, 32, 51].

Colour naming experiments provide an empirical foundation to
investigate the mapping between colour names and the correspond-
ing regions of perceptual colour spaces. Since the 1950s, researchers
have elicited names from speakers using controlled colour samples
such as colour chips from the “Munsell Book of Color” [57] to study
how languages partition colour space and how naming relates to
perception and cognition [6, 10]. The World Colour Survey [38]
and subsequent laboratory [8, 78], field [21], and online colour
naming experiments [54, 56, 61] have revealed both cross-linguistic
diversity and recurrent regularities in colour categorisation. For ex-
ample, while languages differ in vocabulary size, many converge to
a shared subset of colour terms. These experimental methods form
the methodological foundation for our own cross-lingual colour
naming experiments in British English, American English, French,
Greek, and Himba [31, 59, 61, 63, 66].

Computational colour naming models aim both to assign names
to colours and to interpret colour names that are meaningful across
languages. We can, for instance, ask a model to translate turquoise
into another language, or to provide its best colour example—the
focal colour. Yet, alignment with human colour categories is not
guaranteed. Most models are shaped by the Basic Colour Terms
(BCT) framework, assuming a universal inventory of up to eleven
colour categories: in English, these are black, white, red, yellow,
green, blue, brown, orange, purple, pink, and grey [6, 38]. However,
by presuming universal categorisation, such models miss the richer,
language-specific partitioning observed in actual language use. Fig-
ure 1 illustrates this key limitation: given the continuous surface of
a perceptual colour space (Figure 1, left), the 9 (excluding white and
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Figure 1: Segmentation of perceptual colour space showing the gap between assumed eleven universal categories and actual
language use: (left) perceptually continuous surface colours; (middle) nine Basic Colour Terms in British English (excluding
white and black from the canonical eleven); (right) sixteen indispensable British English colour names.

black) basic terms in British English provide only coarse segmen-
tation (Figure 1, middle), while, based on our data, British English
speakers use 16 colour names to naturally describe the same sur-
face colours, revealing finer-grained boundaries than BCT (Figure 1,
right) [63]. Consequently, BCT-based models limit the effectiveness
of natural language [32, 51] and complicate direct translation [41]
for colour selection and data visualisation in HCL

Recent advances in multilingual large language models [11, 23]
and chatbots [47] have raised expectations for effective machine
colour translations. Colour names, however, are not standard lexical
items: category regions vary across languages, and many terms lack
one-to-one equivalents. For example, English blue maps to two dis-
tinct basic terms in Greek (yaAd{10/galazio for light and pmAe/ble
for dark blue) and Lithuanian (Zydra/zydra, mélyna/melyna) [41, 76].
Machine translation or text generation systems typically map words
rather than align colour categories, leading to systematic perceptual
mismatch [65, 81]. For example, periwinkle in English is challenging
to translate into languages without a corresponding flower refer-
ence. Prior work also shows that language models achieve compet-
itive quality for high-resourced languages but perform less reliably
in low-resource settings [33, 35]. Existing terminology translations
focus mainly on technical domains such as medicine and finance
[84], leaving colour largely unexplored. To date, no systematic
multilingual colour naming benchmark exists.

Effective colour communication requires more than lexical trans-
lation: it requires understanding of how different communities per-
ceive and talk about colour [62]. Without it, cross-cultural visual
communication and interaction risk misinterpretation or exclusion.
We present new and existing systematic data, models, and bench-
marks for cross-lingual colour naming. Our three key contributions
provide an empirical foundation for inclusive design that reflects
how people communicate colour across cultures:

(1) Multilingual datasets. We release unconstrained colour
naming datasets (i.e., freely named colours without predeter-
mined category restrictions) for American English, British

English, French, Greek and Himba, collected through a com-
bination of online crowdsourcing and offline fieldwork. The
dataset consists of 70,052 responses to 600 colour stimuli,
extending beyond basic colour terms and enabling richer
cross-linguistic comparison in CAM16-UCS, a perceptually
uniform colour space.
(2) Spin Colour Forests. We introduce a novel ensemble re-
gression method for naming colours. By applying partial
orthogonal transformations in perceptual colour space, our
model accurately captures colour category boundaries, lead-
ing to the identification of the indispensable vocabularies
required to name the entire colour gamut in each language:
47 for American English, 32 for British English, 27 for French,
32 for Greek, and 7 for Himba.
Colour translation benchmark. Using our indispensable
colour name sets, we establish translation pairs across lan-
guages, proposing the first, to our knowledge, colour trans-
lation benchmark. As a demonstrator, we measure whether
Al translation systems respect cultural diversity in colour
categorisation or merely substitute words while breaking
perceptual correspondence.

(3

=

Figure 2 presents our complete methodological workflow, or-
ganised into six main stages: (1) we collected colour naming data
through online experiments for four languages and field studies
with the Himba people of Namibia; (2) we then processed these re-
sponses through filtering and normalisation procedures to compute
probabilistic naming patterns; (3) using processed data, we trained
Spin Colour Forest models via cross-validation and hyperparam-
eter optimisation to (4) predict colour naming across the colour
space; (5) we identified the indispensable colour vocabularies—the
minimal set of terms required for complete colour space coverage
in each language; finally, (6) we developed a translation benchmark
that evaluates large language models on both lexical accuracy us-
ing character-level similarity scores (chrF++) [70] and perceptual
accuracy using CAM16-UCS colour space distance (AE) [48].
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€ 1. Data Collection (§3.1-3.2)

Online experiments: BrEn, AmEn, Fr, Gr
Field study: Himba
600 colour stimuli

v

Y 2. Data Processing (§3.3-3.4)

Filter responses (vision status, completeness, idiosyncratic terms)
Normalise spellings and multiword expressions
Compute P(W | ¢) and P(C | w)

v

&2 3. Model Training (§4.2-4.3)
3-fold cross-validation per language
Spin Colour Forest with orthogonal transformations
Hyperparameter optimisation (Optuna)
Evaluate via CNF (accuracy + distributional similarity)

v

%" 4. Colour Naming Prediction (§4.4)

Predict P(W | ¢) across CAM16-UCS grid (7,072 points)
Assign most-likely name to each grid colour
Spatial convex filtering of category extents

v

@ 5. Indispensable Colour Names (§5.1-5.2)
Minimal vocabularies per language for full coverage
AmEn 47; BrEn 32; Fr 27; Gr 32; Himba 7
Completeness validated via top-n accuracy

v
BB 6. Translation Benchmark (§6.1-6.5)
JSD similarity — information loss
Lexical evaluation: chrF++
Perceptual evaluation: AE
BCTs vs. non-BCTs

Figure 2: Methodological workflow from multilingual data
collection to model training, indispensable vocabulary iden-
tification, and translation benchmarking.

2 Related Work

Our work builds on prior work on colour naming (§2.1), colour-
naming experiments (§2.2), computational models (§2.3) and ma-
chine translation (§2.4). We review these foundations and highlight
the limitations that motivate our datasets, model and translation
benchmark.

2.1 Colour Naming

The number of colour names in languages is often large, which
improves colour communication precision [45]. Yet, only a smaller
number of colour names are shared and well understood by speakers
in each language [8, 10, 21, 92]. Berlin and Kay’s study [6] reported
shared regularities on the surface of the colour solid across cul-
tures and proposed a universal inventory of eleven basic colour
categories, the Basic Colour Terms (BCTs). Their criteria for the
identification of BCTs were based on multiple factors (e.g. single
word terms that are not the name of an object) judged by experts
as not being equally applicable across languages [7, 18, 74]. Others
have segregated BCTs on more rigorous behavioural criteria such
as frequency, response time and consistency [8, 21, 61, 78].
Explanations for the development of colour naming systems
range from universalist accounts grounded in physical, optical and
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physiological processes [39, 68, 71, 75] to cultural accounts em-
phasising the communicative need to describe object properties
[10, 26, 29, 77]. Current consensus suggests that both perception
and language influence the cognitive organisation of colour, lead-
ing to a growing view that basicness is not a simple dichotomy
between basic and non-basic terms, but rather a continuous, grad-
ual characteristic of lexical colour spaces [86]. The quest for a more
cross-culturally legitimate approach to identify the minimal set of
names that can name all colours thus remains open.

2.2 Colour Naming Experiments

Understanding how languages categorise colour requires systematic
empirical methods for eliciting and analysing naming behaviour
across diverse linguistic and cultural contexts. Colour naming ex-
periments have long provided the empirical foundation for study-
ing how languages partition colour space. Early work by Brown
and Lenneberg [10] introduced the concept of linguistic codability,
demonstrating systematic links between naming behaviour and
recognition. Berlin and Kay extended this approach cross linguisti-
cally in 110 languages, using Munsell samples to elicit best examples
of BCTs, what they termed colour foci. Their methodology inspired
the World Color Survey [38], which gathered constrained naming
and focus data in 110 unwritten languages, revealing both broad
commonalities and some variation in categorical boundaries.

Subsequent laboratory studies refined these methods by map-
ping BCTs in perceptual spaces. Boynton and Olson [8] established
a quantitative approach to deriving colour foci in the OSA system
as the stimuli receiving both the highest naming consensus (agree-
ment across participants) and shortest response times within each
colour category, demonstrating that these focal colours are named
more frequently, quickly, and consistently than peripheral category
members. Sturges and Whitfield [78] extended this work in the
Munsell system, while Davies and Corbett [21] introduced mea-
sures of dominance and stability to quantify consensus in the field.
Zeki and colleagues [93, 94] used Land Colour Mondrian experi-
ments to name and match colours to Munsell chips under different
viewing conditions in a Bayesian framework. Heer & Stone’s [32]
probabilistic approach for determining foci used the average of the
4 top most likely colours of each name. In parallel, field studies
adapted elicitation procedures to smaller communities, showing
the importance of local saliency alongside cross-linguistic compa-
rability [15, 20].

More recently, online experiments have scaled colour naming to
large populations: Moroney’s distributed psychophysics [54] repro-
duced lab results at scale, Munroe’s XKCD dataset [56] generated
millions of unconstrained responses for computational modelling,
and the ongoing multilingual experiment by Mylonas [61, 63, 66]
has collected tens of thousands of responses across more than
twenty languages with associated metadata and compared them
against consistent laboratory [60] and fieldwork settings [59].

Together, these traditions, from laboratory precision to field
adaptability and online scalability, have established colour naming
as a robust paradigm for probing both universal tendencies and
language-specific variation. However, most existing datasets are
either restricted to single languages or to BCT inventories, limiting
their usefulness for cross-lingual modelling and translation.
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Our work builds on this foundation by providing new and exist-
ing unconstrained multilingual datasets that extend beyond BCTs
and by introducing models and benchmarks designed to capture
and evaluate perceptual meaning across languages.

2.3 Colour Naming Models

A wide range of computational colour naming models have been
developed to support colour communication across domains and
modalities. Early efforts, such as the ISCC-NBS dictionary [40],
mapped thousands of English colour names to regions in the Mun-
sell system to enable cross-disciplinary colour standardisation.
However, its ad hoc vocabulary and lack of formal syntax lim-
ited usability. The Colour Naming System [5] introduced a more
structured approach by aligning with the BCTs and allowing inter-
mediate hues to be defined through systematic combination in HSL
colour space.

Subsequent models incorporated perceptual and probabilistic
techniques to improve accuracy and robustness. Tominaga [79]
proposed a multi-level naming hierarchy derived from digitised
Munsell samples, while Lammens [44] applied fuzzy set theory to
model BCT membership distributions. Motomura [55] used Maha-
lanobis distances to preserve BCT category mapping across media.
Lin et al. [49, 50] and Menegaz et al. [53] focused on defining cate-
gory boundaries using experimental data and fuzzy interpolation
in CIELAB space. Benavente et al. [4] extended Lammens’ com-
putational model with Gaussian-Sigmoid distribution functions,
while Parraga and Akbarinia [67] introduced a biologically inspired
model based on cone contrast encoding.

In parallel, data-driven models leveraged image statistics and
large-scale naming datasets. Weijer et al. [83] estimated colour dis-
tributions for the BCTs from Google Image search results using
probabilistic latent semantic analysis (PLSA). While rapid auto-
mated training approaches scale efficiently compared to expensive
colour naming experiments, they suffer from poor correspondence
with psychophysical data [67] and cannot capture cross-linguistic
differences that are crucial for multilingual applications. Chuang
et al. [14] and Heer & Stone [32] used existing colour naming data
[38, 56] to develop probabilistic models of naming saliency that
corresponded well to the BCTs and demonstrating practical appli-
cations in colour selection, image editing, and palette design.

The first significant extension to multilingual contexts came
from Kim et al. [41], who created models across 14 languages and
revealed systematic cross-linguistic differences in colour categorisa-
tion. Like Heer & Stone [32] and Chuang et al. [14], their translation
models [41] were narrowed down to BCTs with only 10 clusters
corresponding to English BCTs and 16 for Korean, limiting appli-
cability to the rich colour vocabularies people use in their native
languages. Mylonas et al. [64] applied a Maximum a Posteriori esti-
mator to crowdsourced colour naming data, enabling classification
into a broader set of 47 commonly used English terms.

These models have supported diverse applications across human-
computer interaction, including colour selection interfaces [32],
categorical palettes for data visualisation [30, 51], and categorical
perception in interactive graphics [80]. They have also been ap-
plied in computer vision domains such as image understanding,
enhancement, and person re-identification [13, 89, 91].
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Most existing systems remain limited to BCTs and operate under
the assumption of universal colour categories. This creates signifi-
cant challenges for cross-cultural interface design and international
user experiences, where the number, boundaries, and semantics of
colour categories vary widely across languages.

2.4 Machine Translation Tools

Modern Machine Translation (MT) relies on three main approaches:
encoder—decoder Neural Machine Translation (NMT), which cap-
tures cross-lingual patterns; decoder-only Large Language Models
(LLMs) such as Generative Pre-trained Transformer (GPT), which
generate context-driven output; and Sparsely Gated Mixture of Ex-
perts (MoE) models like NLLB-200 [16], which enhance efficiency
and reduce multilingual interference. While purpose-built NMT sys-
tems such as NLLB-200 remain strong baselines, Hendy et al. [33]
showed that LLMs like GPT can achieve competitive performance
in high-resource languages (e.g., German) despite being trained
largely on monolingual data, though their performance declines for
low-resource languages (e.g., Icelandic). The latter reflects a broader
issue in low-resource MT: data collection is both resource-intensive
and logistically complex, slowing overall progress [43].

In this study, we expect LLMs to find difficulties in translating
to Himba, an unwritten language, whilst performing best on Eng-
lish and French, which are consistently classified as high-resource;
Greek, however, is labelled high-resource in NLLB [16] but medium-
resource in Euas-20 [35]. To systematically quantify language re-
source availability, we use Wikipedia article counts as a transparent,
reproducible proxy measure [85]. English Wikipedia contains 7.1M
articles, French 2.6M, Greek 235K, whilst Himba has no presence.
This 30,000-fold difference directly reflects the training data dispar-
ities that affect LLM performance across languages [37, 46]. Whilst
Wikipedia coverage does not capture all dimensions of language
resources, it serves as a reliable indicator of textual training data
availability that fundamentally shapes neural translation systems
[69].

Our focus on colour terminology translation represents a spe-
cialised domain where lexical equivalence does not guarantee per-
ceptual or cultural correspondence. Wassie et al. [84] provide evi-
dence for such domain-specific challenges, showing that although
open-source LLMs exhibit potential for general translation tasks,
their performance deteriorates when translating specialized termi-
nology. Their experiments on medical domain translation across
four language pairs (English-French, English-Portuguese, English-
Swabhili, and Swahili-English) revealed that the task-oriented NLLB-
200 3.3B model outperformed all evaluated LLMs, particularly evi-
dent in medium-resource and low-resource language settings. Enis
& Hopkins [24] reported that Claude 3 Opus exhibits exceptional
resource efficiency and robustness across domains, outperforming
baselines like NLLB-54B and Google Translate in many xxx—eng
pairs (e.g., Bengali-English, Maltese-English). Its translation quality
is less dependent on resource level compared to other LLMs such
as GPT-4 and Llama, and it generalizes well to diverse datasets
like BBC News and MASRI-HEADSET. While weaker in eng—xxx
overall, Claude still surpasses baselines for some pairs, including
English-Korean and English-Thai and will be evaluated here as a
case study.
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Critical gaps remain in handling cultural diversity. Yao et al. [90]
introduced benchmarks for evaluating machine translation with
cultural awareness, focusing specifically on culture-specific items
that often lack direct translations across languages. Their findings
reveal that current systems, both NMT and LLM-based, frequently
fail to preserve culturally specific conceptual boundaries, with LLMs
showing superior capability only when provided with external
cultural knowledge through prompting strategies. This limitation
is directly relevant to colour naming translation, where cultural
variation in colour categorisation creates fundamental challenges
beyond simple lexical mapping. Since colour names are culturally
specific, context-aware translation has become a practical necessity
for creating inclusive and effective multilingual systems.

3 Data Collection

We collected colour naming data through online experiments for
written languages and field studies for unwritten languages, de-
signed to capture unconstrained colour naming responses across
the colour gamut. Our methodology provides consistency while
accommodating different cultural and technological contexts.

3.1 Colour Stimuli

Colour stimuli consisted of 600 samples drawn from the Munsell
Renotation dataset, including 589 chromatic and 11 achromatic
samples, providing approximately uniform coverage of the colour
solid. Following Billmeyer’s sampling recommendations [78], we
used variable numbers of hues at different Value and Chroma lev-
els: 10 hues at Chroma 2, increasing by 10 hues at each successive
Chroma step, reaching all 40 hues from Chroma 8 to the SRGB
boundaries [64]. This approach maintains an approximately percep-
tually uniform distribution of samples in the cylindrical Munsell
system. Colour stimuli were 2-degree uniformly coloured patches
with 1-pixel black outlines displayed for online experiments on
participants’ own devices and on calibrated monitors for the field
studies, both targeting SRGB colour specifications. All presenta-
tions used mid neutral grey backgrounds to enable surface colour
perception necessary for appropriate naming of colours like grey
and brown and to avoid perceptual compression of dark colours as
occurs when viewed against a white background [32, 56]. In this
study, colour stimuli were transformed to CAM16-UCS [48] that
offers state-of-the-art perceptual uniformity for measuring colour
differences. Yet, the a’ and b’ opponent chromatic dimensions of this
uniform space do not align well with unique hue directions [87, 88],
meaning that colour naming boundaries can appear complex in
standard coordinates.

3.2 Language-Specific Data Collection

British and American English, French and Greek data were collected
through web-based experiments (available at colornaming.net) Par-
ticipation was anonymous, and the experimental sessions were
voluntary and conducted after obtaining informed consent. To min-
imize the number of disruptive and poorly motivated participants
a high entrance barrier technique [90] was used requiring par-
ticipants to adjust the brightness of their display for viewing a
greyscale test image and provide metadata on colour vision status,
software and hardware specifications, and viewing conditions. Each

CHI 26, April 13-17, 2026, Barcelona, Spain

Colour Naming Task

Name each colour sample with the best representative colour term that you remember.
Press the Arrow button [>] or Enter on your keyboard once you have finished naming the
colour for the next colour sample to appear. Name as many colour samples (20+) as you can
for higher ranking on colour namers. You will need to press the Finish button to start the next
task. Your response time will be recorded.

#1

Name the colour of the patch }

Figure 3: Colour naming task of online colour naming exper-
iment (available at colornaming.net).

participant named sequentially one-at-a-time presented colours
using unconstrained text input (Figure 3; for all steps see Supple-
mentary Materials Figure S1).

In total data were collected from 598 American English, 600
British English, 153 French and 527 Greek observers providing
12,000, 11,940, 13,138, 9,908 raw responses with 2,780, 2,369, 1,447,
2,439 unique colour terms respectively. The study received ethical
approval from Northeastern University London (No.0001 16th May
2023).

For Himba, a field study in Namibia was conducted using a
computerized but offline approach to maintain methodological con-
sistency [59]. Two Asus Transformer Mini T102HA tablets were
calibrated towards sRGB specifications using ColorCal CRS col-
orimeter and RadOMA spectroradiometer. The measured CIE 1931
chromaticity coordinates of the white point of the monitors were x
=0.3067,y = 0.3318, and x = 0.3055, y = 0.3296 with a correlated tem-
perature of 6816 K and 6907 K, respectively within 0.003 drift over
the fieldwork period. Stimuli were presented using PsychoPy soft-
ware with observers seated 80cm from monitors inside tents during
daytime. Participants named colours aloud in their native language,
with responses audio-recorded and transcribed by research assis-
tants fluent in Himba to ensure appropriate cultural context and
handling. No sensitive, offensive, or culturally inappropriate terms
were encountered in responses. The 55 Himba observers provided
33,000 raw responses across the 600-colour stimulus set. Participant
metadata were assigned anonymous identifiers with no linkage
to individuals. Participants were compensated for their time with
gifts of flour. The field study received ethical approval from Gold-
smiths College, University of London (No.1390, 4th of June 2018).
Anonymised datasets and analysis code for all languages and vari-
ables are available at https://doi.org/10.17605/OSF.IO/3BQMP under
a CC BY 4.0 licence.

3.3 Data Pre-processing

We excluded responses from observers with possible diverse colour
vision (5.59%) and removed incomplete, vernacular, numerical and
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empty responses (1.84%). Spelling errors were regularized by na-
tive speakers, with hyphenated words treated as multiword ex-
pressions. Spelling corrections were applied to 5.09% of Ameri-
can English unique raw terms, 4.78% of British English, 4.66% of
French, 2.02% of Greek, and 0.02% of Himba unique terms. For
Greek specifically, 16.6% raw responses were offered in Latin char-
acters (Greeklish) rather than Greek script, requiring transliteration
to standard Greek orthography before normalisation. Multiword
colour expressions (e.g., dark blue, light green) were preserved with
space-to-underscore standardization for data formatting consis-
tency. Multi-word terms comprised 34.3% of American English
clean vocabulary (363 terms), 37.6% of British English (395 terms),
32.8% of French (229 terms), 22.7% of Greek (224 terms), and none in
Himba, reflecting cross-linguistic variation in colour naming gran-
ularity. Responses unique to single participants represented 5.32%
of total responses and were eliminated as potentially idiosyncratic.
These singleton terms comprised substantial proportions of raw
responses: 1,617 terms in American English (68.2% of raw unique
responses), 2,007 in British English (72.2%), 871 in French (60.2%),
1,727 in Greek (70.8%), and 10 in Himba (21.3%). This filtering pri-
marily removed typographical errors, ambiguous entries, and data
input noise rather than legitimate rare colour terms. The resulting
70,052 clean responses yielded 510, 492, 276, 356, 24 unique colour
names for British English, American English, French, Greek and
Himba respectively. French, Greek and Himba terms are presented
in Latin script transliteration for readability, while preserving the
original native language colour names used by participants.

3.4 Diversity of Languages

To quantify colour vocabulary diversity within each language, we
modelled these multilingual datasets as conditional probabilities
P(W/|c) and P(C|w), representing the likelihood of word w given
colour ¢, and colour ¢ given word w respectively. Vocabulary rich-
ness was quantified using the Shannon entropy of P(C|w), which
captures how broadly each name spans the colour space, that is,
the specificity of individual terms. Higher average entropy across
words indicates greater lexical diversity in colour naming. Vocabu-
lary richness varied across languages (Figure 4). British and Amer-
ican English exhibit the highest average entropies (1.94 and 1.89
bits) and largest vocabularies (510 and 492 distinct terms), reflecting
diverse colour naming systems. Greek and French show intermedi-
ate complexity (1.34 and 1.21 bits; 356 and 276 terms respectively).
In contrast, Himba demonstrates the lowest entropy (0.26 bits) with
only 24 distinct terms, consistent with a compact colour naming
system. These differences establish the baseline diversity that our
multilingual colour naming model must accommodate, spanning
from highly detailed industrial vocabularies to efficient traditional
systems. Data preprocessing reduced entropy by 21.2-42.6% whilst
preserving linguistic complexity ordering (see Supplementary Ma-
terials Table S1).

4 Mapping Colour Names to Colours

4.1 Motivation and Problem Formulation

Understanding how people name colours across cultures is fun-
damental for designing inclusive interfaces and culturally aware
systems. Our challenge lies in modelling colour naming behaviour
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3.5 1 [ American English
3.01 British English
2.51 [ French
2.01 [ Greek
215 Himba
2
o 1.01
[a)]
>
0.5 1 /
0 1 2 3 4 5 6

Entropy of P(C|w)

Figure 4: Diversity of colour lexicons in American and British
English, French, Greek and Himba measured as the square
root of the P(C|w) Entropy in bits.

across diverse linguistic communities, from languages with very
limited vocabularies to those with much richer lexicons, using com-
putational methods that can generalise to unseen colours in the
entire perceptual colour space. Our training data comprises 600
colour samples approximately perceptually uniformly distributed
in CAM16-UCS colour space (J’, a’, b"), with naming responses col-
lected from speakers of five languages. From participant responses,
we model conditional probabilities P(W|c), which serve as regres-
sion targets for predicting human colour naming distributions. Our
goal is to learn a function f : Ry — [0,1]V, f(c) — P(W|c)
that maps colour coordinates ¢ = (J', a’, b”) across CAM16-UCS to
probability distributions over N colour names.

4.2 Spin Colour Forest

We introduce Spin Colour Forest (SCF), a novel ensemble method
that applies random orthogonal transformations to the three di-
mensional perceptual colour space before training the individual
decision trees. The name reflects how the model spins perceptual
colour space to find simpler views of category boundaries. The
key insight is that colour naming boundaries often look complex
in the CIECAM16-UCS (J’, @, b’) coordinates but in transformed
coordinate systems, these boundaries may appear simpler and bet-
ter aligned with the perceptual structure of human categorisation.
For example, boundaries for Greek yaAa{io (light blue) or Himba
serandu (pink-red) may follow diagonal paths in standard coordi-
nates but appear as clean, axis-aligned splits in rotated views. By
training trees in randomly transformed coordinate systems, each
tree discovers boundaries oriented at arbitrary angles in the origi-
nal space, rather than being constrained to splits along lightness,
redness-greenness, or yellowness-blueness axes alone. Our Spin
Colour Forest extends traditional ensemble approaches [9, 28, 73]
by: (a) applying random orthogonal transformations to the full
three-dimensional colour space rather than using Principal Compo-
nent Analysis (PCA) on feature subsets; (b) targeting regression to
probability distributions P(W |c) rather than classification; (c) treat-
ing CIECAM16-UCS (J’,a’ ,b’) coordinates as a single perceptual
unit, using dense 3 X 3 transformation matrices; and (d) adopting
a fractional transformations strategy, where only a proportion of
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the trees receive transformed inputs while the rest use the origi-
nal inputs, to accommodate varying vocabulary sizes and preserve
interpretability.

4.3 Algorithm Description

Spin Colour Forest applies systematic orthogonal transformations
to training data in CAM16-UCS colour space to enable optimal deci-
sion tree construction (Figure 5). For each tree t in our ensemble of
T trees, we generate orthogonal matrix R, € R**® using QR decom-
position of random 3 X 3 matrix A; with entries drawn from N 1)
following standard practice for random orthogonal matrix gener-
ation O [34]. Orthogonal matrices R; are generated once during
tree initialization and applied consistently to all training samples
for tree t, ensuring each tree learns decision boundaries in a fixed
transformed coordinate system. We apply column sign correction
to ensure positive diagonal elements in the upper triangular matrix
R:if R[4, j] < 0 then Q[:,i] « —Q[: i]. This procedure generates
orthogonal matrices Q; in O(3) that include both proper rotations
and reflections, enabling exploration of decision boundaries with
fixed random geometric orientations including mirror symmetries.
The partial transformation strategy is controlled by p € [0,1]:

R - {Q, €0(3) ift<|pT]
L ift > | pT]
For transformed features:
X} = Xscaled X Re

where X;cqeq represents standardized CAM16-UCS coordinates
(J/,a’, b"). The ensemble prediction combines both geometric per-
spectives:

LpT] T

.1

j=5 |2 ACRY D fiX-h)
t=1 t=pT|+1

This combination is crucial for handling diverse vocabularies
ranging from 24 to over 510 colour names in our data, as it allows
the ensemble to capture both simple contrasts aligned with per-
ceptual dimensions (e.g., light vs. dark along J’-axis) and more
nuanced distinctions requiring oblique boundaries (e.g., turquoise
vs. teal in the a’, b’ plane). The parameter p controls the exploration-
exploitation trade-off: higher values prioritize geometric flexibility
through transformation, while lower values maintain interpretabil-
ity through axis-aligned cuts.

We employ Optuna’s Tree-structured Parzen Estimator [2] to
optimise hyperparameters including number of estimators (200-
400), maximum depth (10-25), minimum samples for splitting (2-8),
leaf samples (1-4), maximum features (0.6-1.0), and transformation
fraction p € [0.3,0.9]. Through systematic evaluation, we found
that Random Forest’s deterministic split optimization synergises
effectively with orthogonal transformation, as optimal thresholds
can be better identified within transformed coordinate systems
compared to random split selection (see Supplementary Materials
Table S3).

The optimization objective maximizes our Colour Naming Fi-
delity (CNF) score, which combines two complementary metrics:

(1) Peak accuracy measures whether the model correctly predicts
the most frequently used colour name. For each test colour
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Figure 5: Visualisation of partial orthogonal transformation
strategy in CAM16-UCS space. (top) Original coordinate sys-
tem, (bottom) Transformed coordinate system.

c, we select the term W with highest predicted probability
P(W]|c), using their overall frequency for tie-breaking. Peak
accuracy is the proportion of correct predictions.
Distributional similarity quantified by the Bhattacharyya
coefficient between predicted and observed naming pat-
terns over colours, ranging from 0 (no overlap) to 1 (perfect
match). It captures the full spectrum of naming variability
(e.g., whether a blueish colour sample is called blue 60%, navy
30%, dark blue 10%).

—
N
~

High CNF requires both correctly identifying the most conven-
tional term and representing naming variation. Model performance
was evaluated using 3-fold cross-validation within each language
dataset. For each model-language combination, we computed per-
formance metrics (peak accuracy, distributional similarity, and com-
bined CNF) by averaging results across the three folds, with hyper-
parameter optimization conducted to maximize CNF scores. Sta-
tistical comparisons between models were conducted using paired
t-tests at the language level (n = 5 languages), where each language
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contributes one aggregated performance value per model, ensuring
independent observations for statistical testing.

4.4 Grid Construction for Indispensable Colour
Name Identification

To identify the minimal set of indispensable colour names required
to comprehensively name all colours within the perceptual gamut,
we constructed a systematic test grid within CAM16-UCS colour
space assuming sRGB viewing conditions. Lightness (J') was sam-
pled at 9 levels corresponding to Munsell values: J’ = 15, 24, 34, 45,
55,65, 75,83, and 92, with chromaticity coordinates (a’, b’) sam-
pled at 2-unit spacing across £65 unit ranges. All coordinates were
validated for SRGB compatibility using round-trip conversion test-
ing with AE < 1 tolerance. Here, AE represents the Euclidean
distance in CAM16-UCS space [52], and AE = 1 approximates
a just-noticeable difference, yielding 7,072 perceptually uniform
colour samples.

We identified indispensable colour vocabularies through a two-
step filtering process. First, for each test colour sample of our grid,
we selected the colour name with the highest predicted probability.
Second, we retained only terms appearing as the top prediction
at > 4 grid locations, filtering out names with insufficient spatial
extent. The > 4-grid-cells criterion is theoretically motivated by
the principle that colour category extensions form convex sets in
perceptually uniform three-dimensional colour spaces across all
languages [25, 36]. Grid points where the top-predicted term was
filtered out were reassigned to their next-highest probability term
from the retained vocabulary. This methodology eliminates isolated
colour names while identifying the minimal vocabulary needed to
assign meaningful names to all perceptual colours.

For determining focal colours for each indispensable colour name
within each language, we follow Boynton and Olson’s [8] logic
of identifying foci as the colour samples with maximum within-
category agreement, selecting the single highest P(C|w) colour for
each name. When multiple colours share the maximum agreement
value, we compute the focal coordinates as their mean, avoiding
the arbitrary thresholds of previous studies [32]. This approach
facilitates the convex hull analysis of colour category volumes and
determines their focal colours for practical applications.

5 Evaluation

Having established our methodological framework, our evaluation
procedures address three key questions: (i) how effectively does
SCF learn colour name distributions P(W|c) compared to baseline
ensemble methods? (§5.1); (ii) how well does our indispensable
colour name set represent the entire colour naming space? (§5.2);
and, (iii) how do our indispensable sets of colour names compare
with previous models? (§5.3).

5.1 Model Performance

We evaluated our SCF model across five languages, comparing
standard ensemble methods against transformed-enhanced vari-
ants (Table 1). SCF consistently achieved the highest combined
fidelity scores across all languages, with improvements ranging
from 2.7% (Himba) to 4.4% (French and American English). Transfor-
mations improved both peak accuracy and distributional similarity
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(Bhattacharyya coefficients) across all languages. American English
improved from 1.259 to 1.315 CNF score with coverage expanding
from 40 to 47 valid names (17.5% increase). French achieved the
strongest distributional gains (0.758 to 0.776 Bhattacharyya) whilst
maintaining competitive peak accuracy. Optimal transformation
fractions clustered at p = 0.615 (American English, French, Himba)
and p = 0.837 (British English, Greek), suggesting distinct geo-
metric complexity patterns in colour naming systems requiring
different degrees of coordinate transformation. Valid name cover-
age on systematic test grids improved consistently with orthogonal
transformation. Himba achieved the highest coverage percentage
(29.2% vs 25.0% baseline) despite having only 24 colour terms, whilst
specialised vocabulary languages showed substantial absolute gains
in valid name identification. Extra Trees generally outperformed
Random Forest, particularly for French (1.538 vs. 1.498) and Greek
(1.321 vs. 1.306). Himba achieved exceptionally high baseline per-
formance (1.858-1.889) reflecting regular structure in basic colour
term systems yet still benefited from transformation (1.901). These
findings demonstrate that transformed ensemble methods provide
systematic improvements across diverse linguistic colour naming
systems, with benefits scaling appropriately to vocabulary complex-
ity and geometric structure within each cultural-linguistic context.

Statistical analysis using paired t-tests demonstrated that our
transformation-enhanced approach (SFC) significantly outperformed
all baseline methods across five languages. The SFC method achieved
improvements of 0.87% over Extra Trees (¢(4) = 4.62, p = 0.010, Co-
hen’s d = 2.07), 2.65% over Random Forest (¢(4) = 8.42, p = 0.001,
Cohen’s d = 3.76), and 4.18% over the unrotated variant (¢(4) = 19.28,
p < 0.001, Cohen’s d = 8.62). All comparisons remained statistically
significant after conservative Bonferroni correction for three pair-
wise tests (adjusted a = 0.017): SFC vs. Extra Trees (p = 0.030), SFC
vs. Random Forest (p = 0.003), and SFC vs. Unrotated (p < 0.001),
with large effect sizes indicating substantial practical differences.
SFC shows universal improvements across all tested languages,
suggesting robust cross-cultural applicability. The magnitude of
improvements ranged from moderate gains in structurally regular
languages like Himba (2.7% improvement) to substantial enhance-
ments in specialised vocabulary systems like French and American
English (4.4% improvement each).

We conducted three validation analyses to confirm our method-
ological choices. Data normalisation substantially improved model
performance (mean CNF increase: 11.3%, t(4) = 3.20, p = 0.033,
Cohen’s d = 1.43) and enabled identification of larger indispens-
able vocabularies (Supplementary Materials Table S2). Threshold
sensitivity analysis across values 1-6 confirmed our >4 grid-cell cri-
terion as optimal: thresholds >5 showed 100% intersection with our
reference (only reducing inventory), whilst threshold 1 captured
5.9-16.1% spurious names (Supplementary Materials Figure S2).
Finally, systematic evaluation across 10 random seeds showed par-
tial rotation consistently improved performance for all languages
with CNF gains from +2.3% (Himba) to +5.7% (British English), with
paired t-tests confirming significant improvements (all £(9) > 10.44,
p < 0.001, Cohen’s d > 3.30) that survived Bonferroni correction
(Supplementary Materials Figure S3).
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Table 1: Performance comparison of ensemble methods for
cross-linguistic colour naming. Models include Extra Trees
(ET), Random Forest (RF), unrotated ensemble (UR), and Spin
Colour Forest (SCF). Evaluation metrics: cross-validated peak
accuracy, distributional similarity via Bhattacharyya coef-
ficient P(W|c) Similarity, combined Colour Naming Fidelity
score (CNF), and valid colour names identified on systematic
test grid (Names). Bold values indicate highest CNF score per
language. AmEn and BrEn corresponds to American English
and British English, respectively.

Language Model Acc. P(W]|c) Similarity CNF Names
AmEn ET 0.66 0.632 1.292 32
RF 0.635 0.642 1.277 35
UR 0.61 0.649 1.259 40
SCF 0.652 0.663 1.315 47
BrEn ET 0.68 0.619 1.299 34
RF 0.645 0.628 1.273 36
UR 0.648 0.602 1.25 29
SCF 0.68 0.629 1.309 32
French ET 0.793 0.745 1.538 18
RF 0.748 0.749 1.498 21
UR 0.725 0.758 1.483 25
SCF 0.773 0.776 1.549 27
Greek ET 0.677 0.644 1.321 33
RF 0.652 0.653 1.304 33
UR 0.615 0.648 1.263 34
SCF 0.678 0.651 1.329 32
Himba ET 0.952 0.937 1.889 6
RF 0.937 0.922 1.858 6
UR 0.922 0.929 1.851 6
SCF 0.953 0.947 1.901 7

5.2 Indispensable Colour Names

The systematic grid quantification reveals fundamental differences
in naming granularity across languages: American English requir-
ing 47 indispensable terms, British English 32, French 27, Greek
32, and Himba 7 to comprehensively name the same perceptual
colour space (Figure 6). While Basic Colour Terms cover larger
areas with higher consistency, previous saliency-based studies left
substantial portions of the colour space unlabelled [32]. Our ap-
proach identifies the complete set of empirically supported colour
names necessary for comprehensive spatial coverage within each
linguistic community.

5.2.1 Completeness analysis. Table 2 summarises the character-
istics of our indispensable colour vocabularies across languages,
including vocabulary size of indispensable sets, their coverage of
the total unique colour names, and completeness in capturing hu-
man naming patterns across different accuracy thresholds. The
indispensable vocabularies range from 7 terms (Himba) to 47 terms
(American English), with corresponding coverage of the system-
atic test grid ranging from 5.49% (French) to 29.17% (Himba). For
each colour chip, we ranked colour names by probability P(W|c)
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Table 2: Vocabulary characteristics and completeness anal-
ysis of indispensable colour terms across languages, show-
ing vocabulary size, coverage percentage, and top-n accuracy.
AmEn and BrEn corresponds to American English and British
English, respectively.

top-n completeness

Language Vocab. Indisp. Cov. Top1 Top 2 Top3 Top 4
Size Sets (%)

AmEn 492 47 9.55 91.17 97.7 99.7 100
BrEn 510 32 6.27 97.00 99.8 100 100
French 356 27 549 9833 100 100 100
Greek 276 32 899 9550 995 99.8 100
Himba 24 7 29.17 99.33 100 100 100

Table 3: Performance comparison of Spin Colour Forest
across languages with floor (average P(W|c) across all sam-
ples) and ceiling (bootstrapping with replacement, n = 1000)
bounds in terms of mean Bhattacharya coefficient.

Language Min bound Max bound SCF
American English 0.26 0.90 0.66
British English 0.26 0.90 0.63
French 0.32 0.94 0.78
Greek 0.27 0.90 0.65
Himba 0.65 0.97 0.95

and calculated top-n matches against the reduced vocabulary of
indispensable names. Frequency-based tie-breaking was applied
when P(W]|c) values were equivalent, prioritizing more frequent
colour names based on overall corpus frequency consistently im-
proving performance. Near-complete coverage was achieved across
all languages with top-1 accuracy exceeding 95% for all languages
and with top-2 accuracy approaching or reaching 100% for most
languages. All languages demonstrated 99.8%+ top-3 accuracy, indi-
cating comprehensive capture of human colour naming behaviour.

5.2.2 Theoretical Performance Bounds. To contextualize our results
within achievable limits, we established floor-ceiling bounds for
Bhattacharyya coefficient performance. The floor represents simple
averaging of conditional probabilities P(W|c) across all samples,
whilst the ceiling was determined through bootstrap resampling
with replacement (1,000 iterations) to estimate theoretical maximum
performance given inherent variability in human responses (Table
3).

The theoretical ceiling varies systematically across languages
due to vocabulary size effects (shown in Figure 4 and 6). Himba
achieves a much higher ceiling (0.97) than European languages
(0.90-0.94) because with only 7 colour terms, speakers show higher
consensus because when multiple Himba speakers name the same
colour, they are more likely to choose the same term from their lim-
ited vocabulary. In contrast, American English speakers choosing
among 47 names show greater individual variation even when re-
ferring to the same perceptual colour. For example, a mid-saturation
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Figure 6: Cross-linguistic colour naming distributions across CAM16-UCS lightness levels. Each subplot displays colour name
assignments for five languages (American English (N = 47 names), British English (N = 32), Greek (N = 32), French (N = 32)
and Himba (N=7) across nine lightness slices J’ = 15 to 92) spanning the range from dark to light colours under sRGB viewing
conditions. Each point represents a systematic grid location in the a’b’ chromatic plane, with point size indicating model
prediction confidence and colours corresponding to the perceptual centroids of each colour category as determined by the Spin

Colour Forest model.

blue might be called blue, light blue, sky blue, or navy blue by dif-
ferent American English speakers (shown in Figure 6’s first row
blue regions), producing lower distributional agreement. The same
Himba speakers would consistently use burou (their single blueish
term in last row of Figure 6), yielding higher theoretical maximum
performance.

Our SCF method achieved 58-94% of theoretical maximum across
languages, with performance scaling to vocabulary diversity: Himba
(94% utilization) approached near-optimal distributional modelling
in efficient vocabulary systems, whilst diverse languages (American
English 63%, British English 58%, Greek 60%, French 74%) showed
consistent mid-range utilization, directly reflecting the vocabu-
lary richness-consensus trade-off described above. Crucially, all
languages demonstrated substantial improvements over baseline
(0.37-0.63-point gains above floor), confirming that transformation-
enhanced regression captures genuine cross-cultural linguistic struc-
ture rather than methodological artifacts. The analysis validates
both the practical significance of our improvements and the ap-
propriate scaling of performance relative to theoretical constraints
across diverse colour vocabulary systems.

5.3 Comparisons Against Previous Colour
Naming Models

To validate our approach against previous methods, we evaluated
Spin Colour Forest on two established benchmarks. First, we tested

classification accuracy on the Sturges and Whitfield [78] Munsell ar-
ray (n = 330 chips). Second, we conducted perceptual comparisons
using CAM16-UCS colour differences (AE) between our empirically
derived foci and centroids against established probabilistic models
for HCI [32, 41].

The benchmark dataset contains ground truth labels for 111
samples corresponding to the eleven Basic Colour Terms, with
the remaining 219 samples unlabelled. Our model achieved 100%
classification accuracy on the 111 BCT-labeled samples when ex-
cluding modifiers from our predictions to match the monolexemic
ground truth, matching the performance of state-of-the-art colour
naming models that are constrained to the eleven BCTs [67]. The
Spin Colour Forest extended meaningful coverage to the previously
unlabelled portions of the array without introducing classification
errors, identifying seven additional empirically supported terms
across the full array: peach, cream, mustard, turquoise, teal, lilac, and
maroon. Figure 8 shows the performance comparison, with detailed
error analysis and category counts provided in Table 4.

To compare our results against existing English-centric (Heer &
Stone, 2012) and multilingual BCT-based (Kim et al. [41]) probabilis-
tic models, we measured colour differences (AE) in CAM16-UCS
assuming sRGB viewing conditions between our empirically de-
rived focal and centroids colours and the output of their models
(Supplementary Materials Table S4, Table S5 and Table S6)
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Figure 7: Performance of Spin Colour Forest on Munsell array against Sturges & Whitfield (1995) ground truth data. Sturges
and Whitfield’s mapping of BCTs in British English are drawn with black boxes. Colour regions show predicted colour name
assignments, with each category displayed using the coordinates of the foci in sSRGB.

Table 4: Performance comparison of colour naming mod-
els on Sturges & Whitfield (1995) Munsell array benchmark.
Models were evaluated on 111 Basic Colour Term-labelled
samples from the 320-chip array. Coincidences indicate cor-
rect classification, Errors show misclassifications, % repre-
sents error rate, and Number of names indicates the total
colour vocabulary identified across the full array on the sur-
face of the colour solid.

Models Coincidences Errors % Number of Names
LGM 92 19 17 11
MES 107 4 4 11
TSM 108 3 3 11
SFKM 111 0 0 11
TSEM 111 0 0 11
PLSA 109 2 2 11
NICE 111 0 0 11
SCF 111 0 0 18

The comparison of our 47 American English focal colours against
Heer and Stone’s colour naming thesaurus [32] revealed large
perceptual differences (MAE = 12.08,SD = 5.76). Yet, our focal
colour computation differs from Heer & Stone’s approach. When
we compute foci by using their top-4 averaging method for a fairer
comparison, our foci showed better but still moderate agreement
(MAE = 10.60, SD = 4.82). Focused on the 11 BCTs the discrepancies
were lower with (MAE = 8.93,SD = 3.20) with residual differences
potentially attributable to adaptation variations collected against
different background colours (white background in XKCD data) vs.
neutral grey background ours.

The comparison of our 10 BCT centroids against Kim et al.’s [41]
10-cluster multilingual model revealed language-dependent percep-
tual alignment in the available common languages (Figure 8) Amer-
ican English centroids showed good agreement (MAE = 5.66,SD =
1.99). For comparison, differences between our own American and
British English BCT centroids were significantly smaller (MAE =
1.55,SD = 0.84;t(18) = 6.22,p < 0.001), approaching the just
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Figure 8: Comparison of Basic Colour Term centroids in
CAM16-UCS space (a’, b’ coordinates). American English (cir-
cles) and French (diamonds) centroids from the current study
are compared against Kim et al’s [41] English (squares) and
French (triangles) multilingual model. Greater spatial prox-
imity between markers indicates stronger perceptual align-
ment of colour categories across languages.

noticeable difference threshold of AE = 1 [1]. French centroids
exhibited larger deviations (MAE = 7.24,SD = 3.21), indicating
greater perceptual misalignment.

These comparisons reveal three key findings: (1) methodological
choices in focal colour calculation substantially impact results, with
our maximum probability approach yielding more precise category
representatives than averaging methods; (2) BCT-constrained mod-
els achieve better perceptual agreement than models attempting
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full vocabulary coverage yet capture only a small fraction of in-
dispensable colour names; and (3) experimental design critically
affects data quality, with our online methodology using grey back-
ground yielding substantially better within-language consistency
than parallel web surveys.

6 Translation Benchmark

Our data and models establish empirical baselines for how colour
names map to perceptual space within each language. This ground-
ing enables a critical question: do current large language models
translate colour terms in ways that preserve perceptual meaning
across cultures, or do they simply map words without respecting
the categorical structure we have documented? Our translation
benchmark addresses this question in two stages. First, we estab-
lish information-theoretic baselines for translation pairs (§6.1) and
validate them with human participants (§6.2). Second, we evaluate
LLMs against these human-validated baselines on two dimensions:
lexical(§6.4) and perceptual accuracy of colour naming translations
(§6.5) for BCTs and non-BCTs(§6.6). This visual-language eval-
uation demonstrates why empirically-grounded benchmarks are
essential for assessing cross-linguistic colour translation.

6.1 Information-Theoretic Baseline Translation

To establish theoretical constraints for cross-linguistic colour trans-
lation, we conducted an information-theoretic analysis using Jensen-
Shannon divergence (JSD) to quantify semantic closeness between
colour names. Semantic closeness measures whether two colour
terms—either within a language or across languages—refer to simi-
lar regions of perceptual colour space. JSD operates on the prob-
ability distributions P(W|c) of where speakers use each name
across our stimulus set. For example, if English turquoise and Greek
tiprxova({ are both used primarily for the same blue-green region,
they have high semantic closeness (low JSD); if they systemati-
cally refer to different hues, their JSD increases. Unlike simple
lexical matching, JSD captures perceptual similarity: terms can be
semantically close even with different labels, or semantically distant
despite being translation equivalents in a dictionary. We computed
JSD similarity matrices from empirical colour naming data across
five languages, enabling systematic comparison across 10 language
pairs.

Instead of relying on arbitrary cut-offs, our analysis employed
empirically derived thresholds, specifically, the 75th, 90th percentiles,
and a moderate mean + SD of all JSD similarity values, to define a
robust baseline for translation connectivity. Analysis at the moder-
ate threshold (M = 0.281) revealed mean connection density of 0.136
(SD=0.063) with source coverage of 0.954 (SD=0.064). Translation
entropy averaged 9.2 bits (SD=1.2), indicating moderate information
complexity in cross-linguistic colour mappings.

Languages with small lexicons showed systematically higher
connectivity: Himba language pairs demonstrated 2.5-times higher
connection density than European language pairs. This pattern is
robust across all empirically derived thresholds, with a low coeffi-
cient of variation of 0.034 reflecting a genuine linguistic structure.
Translation from high-diversity to low-diversity languages loses
information, while the reverse introduces ambiguity (Figure 5). For
example, American English distinguishes nine blueish terms (light
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blue, sky blue, blue, navy blue, teal, dark teal, cyan, turquoise, aqua),
all mapping to single Himba term burou—unavoidable many-to-one
information loss. Conversely, translating Himba burou into English
is ambiguous without perceptual context—which of the nine Eng-
lish terms? This asymmetry, visualised in Figure 6, explains why
compact vocabularies create denser, more consolidated semantic
spaces with stronger but less granular cross-linguistic mappings.
Translation between languages with different categorical structures
creates additional complexity. Greek distinguishes yaAa{10/galazio,
light blue) and prAe/ble, dark blue) as basic-level terms, while Eng-
lish uses basic blue with optional modifiers. Translating English
blue to Greek is ambiguous (yaAa{io or umAe?), whilst translating
Greek yada{io as light blue loses basic-term status.

Our chain analysis across a multi-step translation, from higher
to lower diverse colour lexicons, pathway revealed a cumulative
loss of translatability. As shown in Figure 9, a translation chain
from American English to Himba via three intermediary languages
resulted in an end-to-end coverage of 0.834 at the moderate thresh-
old, with a cumulative loss of 0.166. This demonstrates that while
cross-cultural colour translation remains largely viable, it faces
theoretical constraints where a portion of the source information
is inherently lost or diluted with each translation hop.

The establishment of this information-theoretic baseline pro-
vides an empirically grounded context for evaluating the perfor-
mance of machine translation systems, such as LLMs. Our results
show that linguistic structure fundamentally shapes translation
connectivity, and any effective translation system must navigate
these inherent patterns and constraints.

Within this information-theoretic framework, analysis of 370
optimal translation pairs reveals fundamental differences between
BCTs and non-BCTs. BCT-to-BCT translations achieve significantly
higher semantic similarity than non-BCT translations (0.5821 *
0.1283 vs 0.4728 + 0.0917 JSD; U = 2,847, p < 0.001, Cohen’s d = 0.95).
This 0.1093 JSD advantage represents a large effect size, confirming
that BCTs exhibit greater cross-linguistic consistency than non-
BCTs [6, 41].

6.2 Human Validation of Baseline Translations

To validate the quality of our information-based translations used
as ground truth in the translation benchmark (§6), we conducted a
human evaluation study with bilingual speakers.

6.2.1 Participants. We recruited 19 bilingual participants across
three language pairs: American English < British English (n=7,
M age=27.3, SD=3.9, range: 23-35), British English < French (n=>5,
M age=35.2, SD=18.6, range: 24-72), and British English < Greek
(n=7, M age=50.0, SD=11.7, range: 42-78). For the British English
& French pair, French proficiency varied (native: 3, intermediate:
1, basic: 1) while British English proficiency was consistently high
(native: 2, Advanced C1-C2: 3). For the British English <> Greek
pair, all evaluators demonstrated native Greek proficiency with
British English proficiency at native (n=2) or Advanced C1-C2 (n=>5)
levels. Ethical approval was granted by Northeastern University
London (No. 0001, 16th May 2023).

6.2.2 Procedure. Participants evaluated baseline translations via
Microsoft Forms, rating each translation pair (e.g., beige — pme()
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Figure 9: Translation chain connectivity visualization across five languages. Node size reflects convex hull volume of corre-
sponding colour category, node colour indicates empirical colour foci, and edge thickness represents JSD similarity strength

above a moderate threshold of JSD = 0.281.

on a 5-point scale: 1.00 (Perfect match), 0.75 (Very good match), 0.50
(Acceptable match), 0.25 (Poor match), and 0.00 (No match). The
evaluation covered 202 unique translation pairs across all language
combinations.

6.2.3 Results. Baseline translations received generally high rat-
ings (M=0.795, SE=0.017), confirming their suitability as ground
truth. Translation quality did not vary significantly across source
languages (F(3, 198) = 0.865, p = 0.460). Critical differences emerged

between BCT and non-BCT translations (Figure 10). BCTs achieved
significantly higher human ratings (M=0.980, SE=0.007) compared
to non-BCTs (M=0.705, SE=0.021; £(200) = 8.962, p < .001, Cohen’s d
= 1.339) while non-BCT translations still received high absolute rat-
ings. This pattern remained consistent across all source languages:
American English (#(45) = 3.564, p < .001, d = 1.228), British English
(+(94) = 5.875, p < .001, d = 1.262), French (£(25) = 5.107, p < .001, d
= 2.000), and Greek (£(30) = 3.622, p = 0.001, d = 1.322).
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Figure 10: Human validation ratings for BCT versus non-
BCT translations across language pairs. Error bars represent
standard error.

This human validation confirms that: (1) our baseline transla-
tions represent empirically grounded cross-linguistic mappings suit-
able for benchmarking; (2) BCTs demonstrate significantly higher
translatability than non-BCTs, validating our information-theoretic
analysis.

6.3 LLM case study: Evaluation of Claude’s
Colour Naming Translations

We evaluated the colour translation capabilities of Claude Sonnet
4, Anthropic’s latest model as a case study. Data was collected be-
tween 01/08/2025 and 10/09/2025, ensuring all translations were
performed on the same model version. We used a standardized,
direct prompt to translate the 138 indispensable colour terms from
our cross-linguistic study. The benchmark included 552 transla-
tions across 4 source languages (American English, British English,
Greek, French) and 5 target languages (these four plus Himba).
We notably excluded Himba as a source language because initial
tests revealed that Claude consistently failed to provide transla-
tions when prompted with Himba terms. This limitation highlights
a gap in the model’s knowledge for less-resourced languages and
underscoring the value of our empirically grounded baseline for
assessing cross-cultural Al performance.

The evaluation protocol employed standardized prompts admin-
istered through separate chat sessions for each language pair to
prevent cross-contamination of responses:

e Lexical translation prompt: “Translate [colour name] to [tar-
get language]”

e Perceptual accuracy prompt: “Give best RGB examples for
each colour word in [list]”

Each chat session followed a consistent two-stage protocol: first,
obtain lexical translations for all target colour terms, then request
RGB colour specifications for the translated terms. This sequential
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approach within single chat sessions ensured that Claude’s RGB out-
puts corresponded directly to its own lexical translations, enabling
precise evaluation of the lexical-perceptual coupling in the model’s
colour translation performance. This methodology design allows
for systematic comparison of both lexical accuracy, via chrF++
character-level similarity metrics [73], and perceptual accuracy,
via CAM16-UCS AE colour difference measurements [90] against
our baselines, while maintaining experimental control across the
diverse linguistic and cultural contexts represented in our bench-
mark.

6.4 Translation Lexical Accuracy

We evaluated Claude’s lexical translation performance using the
chrF++ metric [70], which quantifies character-level overlap be-
tween Claude’s output and our ground truth translations shown
in Figure 11. The overall mean chrF++ score was 53.60 (SE=1.89),
suggesting a moderate degree of character-level similarity with
significant differences between both target languages (H=73.55,
p<0.001) and source languages (H=13.66, p=0.003). Lexical perfor-
mance followed a clear hierarchy: English variants performed best
(American English: M=73.23, SE=4.15; British English: M=67.17,
SE=4.15), European languages showed moderate accuracy (French:
M=54.59, SE=4.23; Greek: M=54.30, SE=4.18), whilst Himba trans-
lations were poorest (M=28.90, SE=3.24). The best lexical perfor-
mance was British English to American English (chrF++=78.99),
whilst Greek to Himba showed near-complete failure (chrF++=3.57).
Lexical translation accuracy revealed hierarchical performance dif-
ferences (chrF++ range: 3.57-78.99) with English variants outper-
forming Greek and French, which in turn vastly exceeded Himba
translations, demonstrating systematic biases toward linguistically
similar and well-represented languages in training data.

To contextualize LLM translation performance, we examined the
relationship between language resource availability and translation
quality. Using Wikipedia article counts as a proxy for training data
availability (American/British English: 7.1M articles; French: 2.6M;
Greek: 235K; Himba: 0), we found a strong positive correlation
between Wikipedia article count and lexical translation accuracy
(Spearman’s p = 0.97, p = 0.005). This relationship demonstrates that
Claude’s lexical translation performance follows a clear hierarchy
aligned with training data availability: well-resourced languages
achieve substantially higher chrF++ scores, while under-resourced
languages like Himba show markedly poorer lexical accuracy.

Character-level similarity metrics like chrF++ are sensitive to
string-level variations such as hyphenation (navy blue vs. navy-
blue) and character substitutions (grey vs. gray). Qualitative anal-
ysis of bidirectional American Englishe<British English transla-
tion (79 terms) revealed that 39.2% of translations received low
chrF++ scores despite semantic equivalence (Supplementary Ma-
terials Table S7 and Table S8). Failures clustered into three cate-
gories: synonym mismatches (48%; e.g., lavender vs. lilac, chrF++
7.11), modifier differences (42%; e.g., navy blue vs. dark blue, chrF++
26.09), and colour family grouping (23%; aqua/cyan/teal mapped to
turquoise, chrF++ 0-9.51) because of their different number of in-
dispensable colour names. Complete lexical mismatches (chrF++ =
0) occurred for synonymous pairs like cyan/turquoise and rose/pink.
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Figure 11: Lexical translation accuracy for Claude across
source-target language pairs. The heatmap displays M chrF++
scores with colour intensity indicating translation quality
(yellow = better, purple = worse). Best results are for English
variants and poorest for Himba translations.

This demonstrates that chrF++ penalizes lexical variation in spe-
cialised colour vocabulary where cross-linguistic correspondences
involve synonym selection rather than direct translation.

However, human validation revealed that chrF++ performs well
overall as a translation quality metric. Claude Sonnet 4’s lexical
translation accuracy measured via chrF++ showed strong positive
correlation with human validation ratings of our baseline trans-
lations (r = 0.826, p < .001). Higher chrF++ scores reliably indi-
cate translations that bilingual speakers rate more favourably. The
strong overall correlation demonstrates that while chrF++ has sys-
tematic limitations for synonym variation, it serves as a meaningful
proxy for human-judged translation quality when interpreted ap-
propriately.

These findings justify chrF++ as our lexical evaluation met-
ric when complemented with qualitative interpretation of low-
scoring cases. Claude demonstrates strong lexical translation com-
petence, particularly for well-resourced language pairs, achieving
high human-validated accuracy. This lexical competence, however,
does not guarantee perceptual accuracy, as we demonstrate next.

6.5 Perceptual Accuracy

We evaluated whether Claude preserves perceptual meaning when
translating colour names across languages. For each translation,
Claude provided both the target language term and its best RGB
colour example. We compared these RGB values against empirically
derived colour foci to measure perceptual accuracy using CAM16-
UCS AE colour difference, assuming the Internet-standard sRGB
viewing conditions, where values exceeding 10 AE units represent
very large perceptual differences [1, 52].
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Analysis of 138 colour name translations across five target lan-
guages revealed uniformly poor perceptual accuracy (Figure 12).
Target language significantly affected performance (Kruskal-Wallis
H=45.98, p<0.001), with Western languages showing very large
colour differences (American English: M=16.86, SE=1.03; British
English: M=19.27, SE=1.14; French: M=16.92, SE=0.99 and Greek:
M=18.56, SE=0.91). Himba translations showed substantially worse
alignment (M=28.13, SE=1.45), significantly exceeding all European
languages in pairwise comparisons with Bonferroni correction (all
p<0.001).

Notably, while Claude claimed insufficient knowledge to provide
RGB examples when directly prompted for Himba colour names as
a source language, it readily generated RGB values for Himba terms
when presented within a translation context from other languages.
Further examination revealed that Claude generated mostly identi-
cal RGB values for corresponding colour names regardless of target
language. For example, Claude provided the same RGB coordinates
(0,0,255) for blue whether translating from Greek pmAe, French bleu
or American English blue. Yet, our empirical data demonstrate that
colour foci vary across languages—the best example of blue differs
between Greek, French, English and Himba (burou) speakers.

The varying perceptual errors across target languages thus mostly
reflect the degree to which each language’s empirical colour naming
system deviates from Claude’s assumed universals. While Himba
shows the worst performance (MAE = 28.13), even well-resourced
European languages exhibit very large perceptual errors (MAE ~
18). This demonstrates that Claude’s universal mapping strategy
fails across all languages—not just low-resource ones—suggesting
that the problem is not merely a matter of insufficient lexical
training data but a fundamental failure to ground colour terms
in language-specific perceptual structures.

6.6 Perceptual and Lexical Evaluation for BCTs
and nonBCTs

We examine the relationship between perceptual and lexical ac-
curacy in colour translation, focusing on how Claude Sonnet 4
handles BCTs versus less frequent non-BCTs. Because BCTs are
more common in multilingual training data, one might expect both
lexical and perceptual accuracy to be higher for BCTs. By jointly
analysing character-level similarity (chrF++) and perceptual colour
differences (AE) across 552 name translation pairs from four source
languages to five target languages, we test whether these two di-
mensions align or reveal systematic dissociations.

Claude Sonnet 4’s translation performance reveals discrepan-
cies between lexical and perceptual accuracy when handling BCTs
versus non-BCTs. Figure 13 shows that Claude achieves substan-
tially higher lexical accuracy for BCT translations (75.94 + 39.96 vs
40.91 + 41.65 chrF++; U = 49,269, p < 0.001), representing a 35-point
advantage with a large effect size (Cohen’s d = 0.85). This demon-
strates that Claude’s training has effectively captured the lexical
regularity of BCT translations across languages.

For perceptual translation accuracy, BCT translations showed
significantly better alignment with empirical colour foci (18.07 =
12.32 vs 21.85 + 13.45 AE; U = 29,336, p = 0.001), with this 3.8 AE
improvement representing a small effect size (Cohen’s d = 0.29).
Lower AE values indicate better perceptual accuracy. However, both
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Figure 12: Perceptual accuracy of colour naming mappings
by target language measured as CAM16-UCS perceptual dis-
tances (AE) between Claude’s RGB colour outputs and empir-
ical colour foci. Lower AE values indicate better perceptual
alignment between translated colour exemplars and target
language colour categories.

BCT and non-BCT translations exhibited large perceptual errors
(both M > 18 AE), well exceeding the 10 AE threshold for very large
perceptual differences. The modest perceptual advantage for BCTs
contrasts sharply with the 35-point lexical advantage, revealing that
Claude’s strong lexical performance for BCTs does not translate
into proportionally strong perceptual accuracy.

Correlation analysis reveals a weak association between lexi-
cal and perceptual dimensions. Claude’s lexical accuracy (chrF++,
higher is better) shows only a weak negative relationship with per-
ceptual distance (AE, lower is better) (r = -0.3123, p < 0.001, R? =
0.0975), explaining less than 10% of variance. This weak predictive
power is similar for both BCTs (r = -0.3367, R? = 0.113) and non-
BCTs (r = -0.2572, R? = 0.066), indicating that lexical competence
predicts perceptual accuracy equally poorly for both term types.

Despite BCTs’ substantially higher lexical accuracy, their lexical
advantage does not create a stronger connection between producing
correct words and representing correct colours. The weak corre-
lations demonstrate that high lexical accuracy does not reliably
predict perceptual accuracy, confirming the dissociation between
word-level translation competence and grounded colour under-
standing.
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Figure 13: Translation performance for perceptual (left) and
lexical accuracy (right) across BCTs and non-BCTs. Error bars
represent standard error. Perceptual accuracy is measured
as AE CAM16-UCS colour difference from empirical target
language colour foci, where lower values indicate better align-
ment. Lexical accuracy is measured as chrF++ character-level
similarity scores, where higher values indicate better per-
formance. Claude shows a large lexical advantage for BCTs
(35.0 chrF++ points) but a small perceptual advantage (3.8
AE units), demonstrating dissociation between lexical and
perceptual translation quality.

7 Discussion

The empirical foundation of this work represents both a substantial
expansion in scale and critical methodological advances over previ-
ous cross-cultural colour naming studies. Unlike earlier research ex-
amining only saturated surface colours (n=330) with small observer
groups restricted to monolexemic terms [6, 8, 78] or with colours
viewed against white background that compresses dark colours
[32, 56], we sampled the full colour solid (n = 600) using a large
number of participants providing unconstrained naming responses
against neutral grey background across five languages. This ex-
perimental advancement enables us to examine fundamental ques-
tions about cross-linguistic colour categorisation, computational
colour naming modelling, and machine translation capabilities for
specialised perceptual domains, providing practical guidance for
human-computer interaction practitioners working across cultural
contexts.

7.1 Beyond Basic Colour Terms: The Case for
Indispensable Vocabularies

The identification of indispensable colour vocabularies, ranging
from 47 in American English, 32 in British English, 32 in Greek, 27 in
French to 7 in Himba, aligns with previous research demonstrating
that speakers of highly diverse lexicons use ranging from 25 [50] to
50 [12, 22, 31] colour names in their native language and that the
Himba have 5-7 proper colour terms [59, 72]. These vocabularies
represent empirically validated minimal sets for comprehensive
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colour reference within each linguistic community, departing from
BCT frameworks [6] that constrain computational models to univer-
sal eleven-category systems [4, 14, 53, 67, 82, 83] and aligning with
accounts that emphasise communicative need in the development
of colour naming systems [26, 29, 59, 62, 72, 77].

Our >4-grid-cell threshold for identifying these vocabularies
is theoretically motivated by the idea that colour categories form
convex sets in perceptually uniform colour spaces [25, 36]. Thresh-
old sensitivity analysis confirmed that vocabulary sets stabilize
at >4: thresholds 5 and 6 showed 100% intersection with our ref-
erence threshold, while lower thresholds progressively captured
spurious peripheral terms (16.1% additional names at threshold 1
for American English). This stability demonstrates that our indis-
pensable vocabularies reflect genuine linguistic structure rather
than methodological artifacts.

While BCTs show higher cross-linguistic consistency (JSD simi-
larity 0.582 vs 0.473 for non-BCTs) and achieve better translation
accuracy, they capture only 23-41% of the indispensable vocabu-
laries we identified across the four written languages. For British
English, the 11 BCTs leave substantial portions of colour space inad-
equately described, with 21 additional indispensable terms required
for comprehensive coverage. This reveals a fundamental trade-off:
BCTs achieve cross-linguistic alignment by marking major colour
categories that many languages share, but this universality comes
at the cost of coarse granularity. Non-BCTs enable finer perceptual
discrimination—for example, introducing turquoise between blue
and green, or distinguishing lilac from purple [63]—at the expense
of reduced cross-linguistic correspondence.

7.2 Geometric Transformations Capture Colour
Category Structure

Our Spin Colour Forest model demonstrates that geometric transfor-
mation of perceptual colour space can capture the complex bound-
aries of human colour naming across diverse linguistic communi-
ties. The systematic improvements across all five languages (2.7% to
4.4%) confirm that colour naming boundaries often exhibit simpler
structure in transformed coordinate systems than in the standard
CAM16-UCS space.

The mechanism underlying these improvements relates directly
to the structure of colour spaces. While CAM16-UCS optimizes
perceptual uniformity for measuring Euclidean distances, its or-
thogonal chromatic dimensions (a’, b") do not align with unique
hue axes [87, 88] or linguistic category structures [58]. The a’ axis
does not align with red-green, nor b” with yellow-blue. This creates
systematic misalignment: Greek yaAda{io (light blue) and pmle
(dark blue) are separated by a boundary cutting diagonally through
both the lightness (J’) and blue-yellow-related (b") dimensions [17],
requiring multiple oblique splits in standard coordinates. This mis-
alignment is even more striking in Himba, where category bound-
aries span regions that Western languages typically partition differ-
ently. For instance, serandu (reddish) and grine (greenish) overlap in
desaturated regions [59]. In standard coordinates, a decision tree
must learn multiple complex splits to approximate these bound-
aries. However, in an appropriately rotated coordinate system, these
same boundaries can be captured with cleaner axis-aligned splits,
reducing model complexity whilst improving generalisation.
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Our fractional transformation strategy (p ~ 0.6-0.8 across lan-
guages) proves essential for balancing geometric flexibility with
interpretability. Pure rotation would maximise boundary-finding
capability but sacrifice the interpretable alignment between colour
space dimensions and perceptual attributes. By training a propor-
tion of trees in transformed spaces and the remainder in standard
coordinates, our ensemble captures both simple categories aligned
with perceptual dimensions (e.g., “dark” varying along J’) and
complex categories requiring oblique boundaries (e.g., turquoise
spanning the (a’-b’) plane with lightness constraints). Rotation-
enhanced ensemble methods have demonstrated superior perfor-
mance across diverse continuous feature classification problems
[3], supporting the generalisability of this approach to broader HCI
applications.

7.3 Information-Theoretic Constraints on
Colour Translation

Our translation benchmark reveals fundamental asymmetries in
cross-linguistic colour communication that cannot be overcome
through better algorithms or larger training sets. These constraints
arise from the categorical structure of colour naming itself: when
languages partition colour space differently, some information is
necessarily lost or ambiguous in translation. The directional asym-
metry is most evident when translating from a vocabulary-rich
language to Himba—for example, American English’s nine blueish
terms (light blue, sky blue, blue, navy blue, teal, dark teal, cyan,
turquoise, aqua) all collapse a single term in Himba, burou. This
compression is unavoidable given the vocabulary difference: no
translation system can preserve distinctions that the target lan-
guage does not lexicalise [92]. Conversely, translating Himba burou
into English produces one-to-many ambiguity—which of the nine
English terms is appropriate depends on perceptual context unavail-
able to text-only translation systems. This information-theoretic
analysis explains the systematic pattern in Figure 9’s translation
chain connectivity: vocabulary compression (high—low diversity)
shows strong but semantically broad mappings, whilst vocabulary
expansion (low—high diversity) shows weak, dispersed connec-
tions. The human validation confirms that our baseline translations
represent empirically grounded cross linguistic mappings suitable
for benchmarking machine translation systems, providing ground
truth that reflects both perceptual alignment and human judgment
of translation adequacy.

7.4 The Lexical-Perceptual Disconnect in LLM
Translation

Our systematic translation benchmark evaluation reveals critical
limitations in current large language model approaches to cross-
cultural colour communication. Analysis of Claude Sonnet 4 across
552 translation instances demonstrates performance hierarchies
that undermine conversational interface effectiveness. Translation
accuracy follows a clear resource-based pattern [33, 85]: European
language pairs achieve moderate performance (British— American
English: 78.99 chrF++; intra-European: 54-67 chrF++) while cross-
cultural translations fail systematically (all European—Himba: 28.90
chrF++; Greek—Himba: 3.57 chrF++). This hierarchy reveals that,
even within languages, Claude attains competence mainly for the
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well-resourced BCTs while systematically failing on the less fre-
quent non-BCTs. The limitation becomes particularly severe when
considering perceptual accuracy, where large colour differences
exceeding on average 17 AE units [1] indicate substantial cross-
cultural misalignment that compromises meaningful colour com-
munication [52, 62]. The 34.2-point lexical advantage for BCTs con-
trasts sharply with minimal perceptual improvement (2.8 points),
confirming that linguistic training captures word associations with-
out cultural colour understanding. The benchmark establishes that
current LLMs create misleading user experiences: surface-level
linguistic competence of frequent words within similar language
families masks systematic failures in cross-cultural colour under-
standing, resulting in confident-appearing translations that deliver
low perceptual fidelity precisely where inclusive HCI applications
require robust cross-cultural communication capabilities.
Claude’s perceptual translation failures reveal a critical limita-
tion: mapping all language-specific names onto a mostly invari-
ant set of universal focal colours conflicts with documented cross-
linguistic variation. The varying perceptual errors across languages
reflect deviations from Claude’s Western centric prototypes, most
dramatically in Himba (MAE=28.13) but also substantial in well-
resourced European languages (MAE~18). This demonstrates that
the problem is not merely insufficient training data but a fundamen-
tal failure to ground colour terms in language-specific perceptual
structures. Lexical accuracy (producing the correct word) does not
entail perceptual accuracy (understanding what colour that word
denotes in its cultural context), with significant implications for
cross-cultural communication systems relying on LLM translations.

7.5 Implications for Al-powered HCI

Our findings challenge assumptions about general-purpose lan-
guage model effectiveness for specialised cross-cultural applica-
tions. The performance hierarchy reveals systematic biases toward
linguistically similar, high-resource languages, creating immediate
implications for global interface design where colour-dependent ap-
plications risk systematic misinterpretation in non-Western cultural
contexts.

Three critical HCI domains are particularly affected. Design soft-
ware (e.g., Figma, Adobe Creative Suite) increasingly incorporates
Al-powered colour suggestions and natural language colour selec-
tion, but our LLM evaluation shows that such suggestions could
potentially favour English speakers while delivering perceptually
inaccurate results for other languages. E-commerce platforms rely
on colour name translation for product listings, yet our benchmark
reveals that translations achieve lexical accuracy whilst delivering
wrong colours to customers. Accessibility tools for diverse visual
abilities (colour vision deficiency, age-related changes in colour
perception) depend on accurate colour naming and translation,
but current systems’ Western-centric biases exclude non-English
speakers from effective assistive technology.

Our evaluation extends Heer and Stone’s [32] vision of colour
naming interfaces while revealing fundamental cross-cultural limi-
tations. While their English-centric applications—including name-
based pixel selection, colour dictionaries, and palette evaluation
tools—demonstrated effective natural language interaction, cur-
rent LLM translation approaches cannot extend these capabilities

Mylonas, et al.

across cultural boundaries. The weak correlation between lexical
and perceptual accuracy (r = 0.31) means that confident-appearing
Al translations systematically misrepresent colour categories as
understood by different cultural communities.

Our findings align with Kim et al.’s [41] identification of cross-
linguistic colour naming variation, which demonstrated additional
nameable blueish colours in Korean and Russian beyond English
BCTs. However, while Kim et al. focused on identifying these dif-
ferences within traditional frameworks, our coverage-based ap-
proach reveals the fundamental inadequacy of BCT assumptions:
the 23-34% of indispensable vocabularies that BCTs represent con-
trasts sharply with the systematic cross-linguistic differences docu-
mented across languages. Claude achieves competence primarily
for BCTs representing only 23-34% of indispensable colour vocab-
ularies, while systematically failing on the remaining 66-77% of
names users naturally employ in conversational interfaces. This
limitation directly undermines modern HCI paradigms that promise
natural language interaction. Users expect design software, voice
assistants, and accessibility tools to understand their full colour
vocabulary from sage green in web design to burgundy in fashion
applications. When systems fail to comprehend common terms like
teal, maroon, or peach, the user experience degrades from natural
interaction to frustrating constraint-based selection.

Comparison of our empirically derived focal colours against
Heer and Stone’s [32] model revealed moderate perceptual differ-
ences (MAE=10.60 for 47 American English terms using their top-4
averaging method; MAE=38.93 for 11 BCTs), whilst comparison
of centroids against Kim et al.’s [41] multilingual model showed
better alignment for American English (MAE=5.66) and moderate
alignment for French (MAE=7.24). While these are substantially
larger than our own American and British English BCT centroids
showing tight agreement (MAE=1.55), the differences with existing
models remain substantially smaller than Claude’s translation er-
rors (MAE=17-28). These differences likely reflect methodological
variations including background colour (white vs. neutral grey)
and sampling of the colour space, but establish that purpose-built
colour models achieve reasonable perceptual accuracy. Claude’s
2-4x larger errors therefore represent a fundamental regression:
general-purpose language models trained on text alone cannot re-
cover the perceptual grounding that specialized models achieve
through explicit colour space modelling.

Claude applies universal colour prototypes consistently across
languages rather than performing genuine cross-cultural transla-
tion. The variation in translation accuracy reflects differential align-
ment between Claude’s fixed colour mappings and target languages’
empirical colour spaces. This creates misleading user experiences
where linguistic competence masks systematic failures in genuine
cross-cultural colour understanding, delivering poor perceptual
fidelity precisely where inclusive HCI applications require robust
cross-cultural communication capabilities.

Applications requiring precise colour reference—such as accessi-
bility interfaces, cross-cultural e-commerce, or international design
collaboration—need translation systems integrating empirically
grounded colour-semantic mappings rather than relying solely
on distributional linguistic patterns. The systematic breakdown
for non-European languages illuminates broader challenges in de-
veloping culturally aware Al systems extending beyond resource
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availability to architectural constraints in representing cultural
diversity.

7.6 Limitations and Future Directions

LLM evaluation. Our concentrated evaluation of Claude Sonnet 4
enables deep analysis of systematic patterns in current state-of-the-
art LLM translation capabilities. Preliminary studies of other LLMs
support that the observed lexical-perceptual dissociation represents
general architectural constraints rather than model-specific issues.
Comprehensive evaluation across diverse LLM architectures will
be pursued in future work; here we establish the methodological
template and demonstrate it with a leading contemporary model.

Our evaluation focuses on literal colour naming and does not
address contextual or figurative uses where colour terms carry
cultural meanings beyond perceptual reference. Expressions like
“green with envy" or Greek “rpdoiva dloya” (green horses = absur-
dities) require understanding both perceptual referents and culture-
specific associations—linguistic competencies beyond the percep-
tual grounding we evaluate here.

Language coverage. Our five-language scope was deliberately
chosen to span critical dimensions of cultural and linguistic diver-
sity, from efficient traditional systems (7 terms in Himba) to complex
industrial vocabularies (47 terms in American English), with Greek
and French representing intermediate complexity. This strategic
sampling reveals fundamental patterns that broader but shallower
coverage could not detect. However, critical gaps remain: languages
with unique categorical distinctions (e.g., Italian’s multiple blue
categories) and under-represented regions (South Asia, Southeast
Asia, indigenous Americas). Our methodology framework enables
rapid expansion: ongoing data collection across 20+ language com-
munities can be seamlessly integrated to extend cultural coverage
while maintaining analytical depth.

Viewing conditions and scope. Our web-based data collection
reflects ecologically valid diversity—participants used personal de-
vices with varying display technologies and ambient lighting. We
collected extensive metadata on these variables but did not systemat-
ically analyse device-specific effects on colour naming consistency.
Such investigation requires focused, single-language examination
of individual parameters and represents a distinct research question
for future work.

Design implications and future directions. Our findings have di-
rect implications for colour interface design, though realising these
implications requires dedicated HCI research. Potential applications
include: uncertainty visualisation when colour naming confidence
is low, focal exemplar swatches illustrating cross-linguistic category
centres, cross-lingual palette mediators that account for vocabu-
lary asymmetries, and AE-based warnings when translations ex-
ceed perceptual acceptability thresholds. The datasets, models, and
benchmarks we provide establish the computational foundations
necessary for such interfaces, whilst the design, implementation,
and evaluation of these UI patterns merit future investigation com-
bining our cross-cultural colour models with user-centred design
methodologies. Promising extensions include active learning for
efficient data collection in under-resourced languages, multi-modal
vision-language models to address perceptual grounding failures,
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and explicit cultural-semantic representations capturing meaning
beyond perceptual overlap.

8 Conclusion

This study establishes empirical foundations for cross-linguistic
colour communication through three interconnected contributions
that advance both cross-cultural understanding of how people com-
municate about colour and human-computer interaction. First, we
created comprehensive datasets of unconstrained colour naming
responses in five languages to capture genuine linguistic diversity.
Second, we developed the Spin Colour Forest model, which applies
partial orthogonal transformations to perceptual colour space, con-
sistently improving colour naming prediction across five languages
while identifying minimal indispensable vocabularies. Third, we
developed a systematic benchmark for evaluating large language
model colour translation, revealing fundamental dissociations be-
tween lexical accuracy and perceptual fidelity in current translation
capabilities of Al systems.

For HCI practitioners, our findings provide actionable guidance:
colour interfaces should support language-specific indispensable
colour vocabularies rather than assuming universal categories; Al-
powered colour tools require perceptual grounding beyond text-
based training; and cross-cultural design systems must account for
fundamental information-theoretic constraints in colour translation.
The datasets, models, and benchmarks we release enable designers
and researchers to build culturally-aware colour tools grounded in
empirical understanding of how different communities categorise
and communicate about colours (Available on GitHub and OSF.
The Colour Spinner (colorspinner.colornaming.com) provides an
interactive demonstration.
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