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A B S T R A C T

The electromagnetic spectrum of light from a rainbow is a continuous signal, yet we perceive it vividly in
several distinct colour categories. The origins and underlying mechanisms of this phenomenon remain partly
unexplained. We investigate categorical colour perception in artificial neural networks (ANNs) using the odd-
one-out paradigm. In the first experiment, we compared unimodal vision networks (e.g., ImageNet object
recognition) to multimodal vision-language models (e.g., CLIP text-image matching). Our results show that
vision networks predict a significant portion of human data (approximately 80%), while vision-language models
account for the remaining unexplained data, even in non-linguistic experiments. These findings suggest that
categorical colour perception is a language-independent representation, though it is partly shaped by linguistic
colour terms during its development. In the second experiment, we explored how the visual task influences the
colour categories of an ANN by examining twenty-four Taskonomy networks. Our results indicate that human-
like colour categories are task-dependent, predominantly emerging in semantic and 3D tasks, with a notable
absence in low-level tasks. To explain this difference, we analysed kernel responses before the winner-takes-all
stage, observing that networks with mismatching colour categories may still align in underlying continuous
representations. Our findings quantify the dual influence of visual signals and linguistic factors in categorical
colour perception and demonstrate the task-dependent nature of this phenomenon, suggesting that categorical
colour perception emerges to facilitate certain visual tasks.
1. Introduction

The electromagnetic spectrum of light from a rainbow reaches
our eyes as a continuous signal, yet our conscious perception of the
rainbow divides it into discrete categories, such as red, orange, yellow,
green, blue, indigo, and violet—a phenomenon known as categor-
ical perception (Harnad, 2003). The underlying mechanism of this
phenomenon involves a multitude of perceptual and cognitive pro-
cesses (Witzel, 2019). We have a good understanding of the early visual
processes. In the initial stage of visual processing, cone photoreceptors
absorb light at different wavelengths, creating a three-dimensional
space often modelled by LMS colour space (i.e., Long-, Medium-, and
Short-wavelength sensitive cones) (Gegenfurtner & Sharpe, 1999). In
the subsequent stage, the output of cone photoreceptors is combined
antagonistically, as modelled by the DKL colour space (i.e., Derrington-
Krauskopf-Lennie) (Derrington, Krauskopf, & Lennie, 1984). At these
neurophysiological levels, visual processing operates in the continuous
domain, and it is estimated that the human eye can discern nearly
two million colours (Linhares, Pinto, & Nascimento, 2008; Pointer
& Attridge, 1998). In the later visual processes, the enormous com-
plexity of the visual scene is simplified into cognitively manageable
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elements by segregating foreground objects from the background, and
it is estimated that average subjects can recall about thirty colour
categories (Derefeldt & Swartling, 1995). However, there remains a
significant gap in our understanding of the intermediate operations in
colour processing that connect a vast continuum of colours to a small
set of discrete categories.

This gap has been a topic of discussion among scientists, particularly
concerning the role of language in the formation of colour categories,
resulting in two competing theories: universalism and relativism. Uni-
versalists argue that the mechanism underpinning categorical colour
perception is an inherent aspect of physiological processes. This idea
was initially suggested by Berlin and Kay (1969), who showed that
eleven colour categories are remarkably similar across all cultures and
languages. This view was hotly debated by relativists, associated with
Benjamin Lee Whorf (Kay & Kempton, 1984), arguing that perception is
shaped by the semantic categories of one’s native language (Davidoff,
2001). They highlight challenges such as the difficulty children face
in acquiring colour names (Roberson, Davidoff, Davies, & Shapiro,
2004), variations in colour terms across languages (Roberson, Davies,
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& Davidoff, 2000), an instance of a patient with language impair-
ments showing colour sorting problems (Roberson, Davidoff, & Braisby,
1999), and the absence of colour categories in some primates (Fagot,
Goldstein, Davidoff, & Pickering, 2006). Nonetheless, scientific consen-
sus leans towards moderate universality: universal patterns exist be-
yond superficial discrepancies across different cultures (Kay & Regier,
2006). This is supported by a large overlap of focal colours across
diverse cultures (Regier, Kay, & Cook, 2005) and findings from non-
verbal experiments (Indow, 1988), free categorisation tasks (Indow &
Kanazawa, 1960), visual searches (Cropper, Kvansakul, & Little, 2013),
and studies indicating categorical colour perception in pre-linguistic
infants (Franklin, Pilling, & Davies, 2005; Skelton, Catchpole, Abbott,
Bosten, & Franklin, 2017).

Despite the extensive body of literature on this topic, two key ques-
tions remain to be thoroughly addressed. First, we need to disentangle
the bottom-up and top-down processes in categorical colour percep-
tion (Witzel & Gegenfurtner, 2018) and quantify the contributions of
linguistic and perceptual processing to this phenomenon. Second, if
the universalism theory is favoured, it remains unclear why our visual
system adopts a categorical colour representation—whether this is due
to the neural circuitry of our system or linked to the visual tasks we
perform (de Vries, Akbarinia, Flachot, & Gegenfurtner, 2022). In this
article, we aim to contribute to answering these questions by adopting
a computational modelling approach, specifically leveraging the capa-
bilities of artificial neural networks (ANNs), which possess sufficient
complexity to emulate the ecological validity of human observers while
remaining amenable to controlled experiments.

Computational modelling approaches to colour categorisation have
a long-standing history in the literature. The visual mechanisms un-
derlying colour categorisation have been modelled using continuous
mathematics, such as fuzzy logic. Early studies fitted human data to
variations of Gaussian functions (Mojsilovic, 2005). Subsequently, the
k-means algorithm emerged as a natural choice for clustering psy-
chophysical colour points (Seaborn, Hepplewhite, & Stonham, 2005).
Other approaches that have been explored include the triple-sigmoidal
parametric model (Benavente, Vanrell, & Baldrich, 2008) and proba-
bilistic latent semantic indexing (van de Weijer, Schmid, Verbeek, &
Larlus, 2009). More recently, three-dimensional ellipsoids have been
proposed to partition the colour space into distinct colour categories
(Parraga & Akbarinia, 2016). Currently, artificial neural networks are
receiving considerable attention for investigating colour categories.
Chaabouni, Kharitonov, Dupoux, and Baroni (2021) demonstrated that
the accuracy-complexity trade-off in human colour terms emerges in
two artificial agents playing a communication game. This finding aligns
with efficient communication theory, which asserts that human colour
categories closely approach the theoretically optimal limit (Gibson
et al., 2017; Zaslavsky, Kemp, Regier, & Tishby, 2018), thereby rein-
forcing the pivotal role of language in shaping colour categories. In
a contrasting approach, de Vries et al. (2022) illustrated that colour
boundaries reported by human observers manifest in object recognition
networks trained on natural images without any language component.
This observation aligns with categorical perception theory, asserting
that perceptual colour space is warped by stretching at category bound-
aries or by within-category compression (Bornstein & Korda, 1984;
Witzel & Gegenfurtner, 2018).

In this study, we adopt a different approach from Chaabouni et al.
(2021) and de Vries et al. (2022) by employing the linear probes
technique (Alain & Bengio, 2017), trained on a generic colour discrim-
ination task that is independent of the specific colour categorisation
experiments we conducted. Our analysis focuses on two main experi-
ments: (1) comparing multimodal vision-language and unimodal vision
deep neural networks to dissect the contribution of each modality,
and (2) examining the representations within an identical architecture
(ResNet50) trained on different visual tasks to explore whether the
system’s functional role influences categorical colour representation.

Our findings can be summarised in three key points:

2 
1. Role of language: unimodal vision models, such as ImageNet
object recognition networks, explain over eighty per cent of
human data, with the remaining portion attributed to multi-
modal vision-language models, such as CLIP text-image match-
ing networks. This suggests that categorical colour perception
constitutes a language-independent representation, despite the
significant influence that linguistic colour terms have on its
developmental trajectory.

2. Effect of visual task: human-like colour categories predomi-
nantly emerge in models trained on semantic visual tasks, in-
cluding image segmentation, object recognition, and scene clas-
sification. Networks optimised for 3D tasks exhibit moderately
human-like colour categories, while those focused on 2D low-
level tasks, such as autoencoding and denoising, fail to repro-
duce human-like colour categories.

3. Internal representation: The continuous representation of
colour distribution remains rather similar across a network’s
layers, diverging into distinct colour categories only after the
winner-take-all process partitions the internal space. This di-
vergence typically occurs at a mid-level process, suggesting
that categorical colour perception is shaped by mid-level visual
representations, which likely facilitates certain visual tasks.

. Methods

All research materials, including the source code for training/testing
rtificial neural networks and analysing the data, are openly accessible
n our GitHub project page: https://arashakbarinia.github.io/projects/
olourcats/.

.1. Stimuli

To train and test the concept of colour categories in ANNs, we
sed images with a resolution of 224 × 224 pixels, consistent with
he image resolution used during the pretrained stage of all examined
etworks. Each image stimulus consists of two uniformly coloured com-
onents: foreground and background (see Fig. 1). Foreground shapes
ere systematically selected from a set of 2904 geometrical shapes

refer to Appendix A for details). During training, the colours of the
oreground shapes were selected from a uniform random distribution,
hile the background was always achromatic, also selected from a

andom uniform distribution (see below for details). At test time,
oreground colours were systematically changed to different Munsell
hips, and the background was always set to a mid-grey value (𝑅 =
𝐺 = 𝐵 = 128). Before inputting into a pretrained network, the images
are normalised to the expected range of values for that network.

2.2. Comparison to human colour categories

We systematically investigated the categorical colour representation
within artificial neural networks, utilising Munsell chips (see panel d in
Fig. 1). This set gained prominence through its inclusion in the World
Colour Survey (WCS) (Kay, Berlin, Maffi, Merrifield, & Cook, 2009) and
is frequently employed in colour category literature (e.g., Chaabouni
et al., 2021; Parraga & Akbarinia, 2016; Regier, Kay, & Khetarpal,
2007; Zaslavsky et al., 2018). In our experiments, we compared the
networks to the human data from Berlin and Kay (1969) and Sturges
and Whitfield (1995) on eight universal colour categories (pink, red,
orange, brown, yellow, green, blue, and purple). Achromatic colour
terms (white, grey, and black) were excluded because our stimuli
background is achromatic during training and specifically grey at test
time, resulting in grey Munsell chips not being visible in the image. The
reported accuracies represent the average over the union of ground-
truths provided by these two studies, which contains 209 Munsell chips

(see panel e in Fig. 1).

https://arashakbarinia.github.io/projects/colourcats/
https://arashakbarinia.github.io/projects/colourcats/
https://arashakbarinia.github.io/projects/colourcats/
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Fig. 1. The Psychophysical framework for assessing colour categories in artificial neural networks. Panel a: a linear classifier trained on features from a frozen pretrained network
for a four-part odd-one-out task. Panel b: Vision layer assessment using conflicting odd images—test colour presented alongside two focal colours, with the category determined
by the non-selected focal colour. This is systematically repeated for all pairs of focal colours to eliminate bias. Panel c: Language model colour category testing through zero-shot
evaluation. The network is prompted with eight phrases, the category based on the term with the highest probability. Panel d: Displaying 320 Munsell chips as test colours. Panel
e: Comparison of colour categories between one example network and human data (Berlin & Kay, 1969; Sturges & Whitfield, 1995). Filled cells represent network outputs, with
mismatches indicated by a cross coloured based on human data. In the human data, white cells are not associated with any of the eight examined colour terms.
2.3. Pretrained networks

We investigated twenty-eight pretrained artificial neural networks
coming from three sources:

• ImageNet—An object recognition dataset containing 1.5 million
images spanning over 1000 categories (Deng et al., 2009). Pre-
trained networks on ImageNet have been extensively compared
to human vision, e.g., (Cichy, Khosla, Pantazis, Torralba, & Oliva,
2016; Khaligh-Razavi & Kriegeskorte, 2014; Storrs, Kietzmann,
Walther, Mehrer, & Kriegeskorte, 2021; Yamins et al., 2014).
Our investigation focused on two pretrained networks from this
dataset, encompassing both contemporary architectural types:
ResNet50 – a convolutional network (He, Zhang, Ren, & Sun,
2016) and ViT-B32 (Dosovitskiy et al., 2021) – a transformer
network.

• CLIP—A multimodal framework designed to align images and
captions (Radford et al., 2021). Contrastive Language-Image Pre-
training (CLIP) networks comprise two encoders (text and im-
age) that are simultaneously optimised to predict correct pairings
of image-text batches. In our investigation, to align with the
architectures of the chosen ImageNet pretrained networks, we
specifically examined CLIP ResNet50 and CLIP ViT-B32, two pre-
trained networks released by OpenAI. CLIP features have been
reported to account for some characteristics of the human visual
system (Akbarinia, Morgenstern, & Gegenfurtner, 2023; Geirhos
et al., 2021).

• Taskonomy—A multitask framework offering an excellent op-
portunity to compare visual features learnt from different vi-
sual tasks (Zamir et al., 2018). This dataset includes 24 pre-
trained networks, all designed with a common encoder archi-
tecture (ResNet50) and trained on an identical set of images
(approximately 4 million images, predominantly depicting indoor
scenes). Any differences observed between these 24 pretrained
networks are attributable to the optimisation of their weights
with respect to specific visual tasks, such as edge detection,
3 
depth estimation, and scene segmentation, etc. These task-specific
ANNs have been previously used to study functions of the visual
cortex (Akbarinia et al., 2023; Dwivedi, Bonner, Cichy, & Roig,
2021).

To summarise, we investigated twenty-eight pretrained networks:
two with a ViT-B-32 architecture and twenty-six with a ResNet50
architecture. The weights of all aforementioned pretrained networks
are sourced from their original PyTorch implementation and are kept
frozen throughout the entirety of our experiments.

2.4. Language models: zero-shot evaluation

We conducted psychophysical experiments directly with the lan-
guage layer of the CLIP ResNet50 and CLIP ViT-B-32 using zero-shot
evaluation, eliminating the need for any intermediate steps (see panel
c in Fig. 1):

• For each foreground shape, we applied a Munsell chip colour and
presented the network with eight phrases corresponding to eight
colour terms.

• We used the template ‘‘This is a {colour} shape’’., where
‘‘{colour}’’ is one of the following: red, orange, yellow, brown,
green, blue, purple, pink.

• The network outputted a probability for each phrase, indicating
the likelihood of the phrase matching the image. The phrase with
the highest probability was taken as the network’s final output.

• For each Munsell chip, this procedure was repeated for all 2905
shapes, resulting in a total of 23,240 trials (8 × 2905).

2.5. Vision models: odd-one-out linear classifier

Directly querying a neural network trained on a visual task like
object recognition about colour categories is not feasible, as the net-
work is specialised for a different task. To address this, we employed
the linear probing technique (Alain & Bengio, 2017) to evaluate the
categorical representation of colours in unimodal vision networks.
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This method enables the execution of psychophysical experiments with
artificial neural networks using paradigms similar to those in human
studies (Akbarinia et al., 2023). Linear probing also allows for the
extraction of features at any layer, thereby facilitating the investigation
of intermediate features.

We utilised the osculari Python package (Akbarinia, 2023) to im-
plement a four-part odd-one-out colour discrimination task (see panel
a in Fig. 1). During training, four images were individually input
into a frozen pretrained network (i.e., with unaltered weights). The
extracted features were then concatenated into a single vector and
fed into a linear classifier. This classifier was trained to distinguish
the odd image, which was identical to the other three in all aspects
except for its foreground colour. To eliminate colour bias in the linear
classifier, foreground colours were randomly selected from a uniform
RGB distribution, while the background was uniformly chosen from
achromatic colours (i.e., 𝑅 = 𝐺 = 𝐵). The training procedure for the
inear classifier was consistent across all pretrained networks: a single
PU with a batch size of 32 for ten epochs of 15K samples (i.e., 150K

terations), using the stochastic gradient descent (SGD) optimiser with
learning rate of 0.1 and the categorical cross-entropy loss.

For each architecture, we assessed colour categories at six distinct
ayers, comprising five intermediate layers and the final layer. In
esNet50, the intermediate layers are defined as areas 0 to 4, while

n ViT-B32, they correspond to blocks 1, 4, 7, 10, and 11. Although
e endeavoured to align the intermediate layers across architectures
y selecting layers at similar depths, it is important to note that an
xact match is unattainable due to the inherent differences in their
rchitectures.

It is well known that initial weights prior to training lead to
ubstantial differences in the representations learnt by a neural net-
ork (Mehrer, Spoerer, Kriegeskorte, & Kietzmann, 2020). To address

his issue and ensure our findings reflect the readout features from
rozen pretrained networks rather than the trained linear classifier,
e repeated the process of training the colour-discriminator linear

lassifier five times for each set of readout features from the pretrained
etworks. The resulting colour categories from these five instances
xhibit remarkable consistency (refer to the almost imperceptible stan-
ard deviations in panel a of Fig. 2). This observation strongly implies
hat the colour categories assigned by artificial networks are predomi-
antly shaped by features acquired during their pretraining phase, with
inimal influence from the colour-discriminator linear classifier.

During testing, we assessed the categorical characteristics of pre-
rained networks by introducing conflicting odd images (see panel b
n Fig. 1). In this scenario, the background colour is always mid-grey
i.e., 𝑅 = 𝐺 = 𝐵 = 128). Two of the four images are identical, featuring
he test colour in their foreground, while the other two images display
he focal colour of two distinct categories in their foregrounds. The uns-
lected focal colour indicates the colour category of the test colour from
he perspective of the network. To mitigate bias associated with our
ategorical colour perception, this procedure is repeated for all twenty-
ight pairs of colour categories ( 8×72 ). This procedure was repeated for
ll 2904 shapes, and the positions of focal colours were swapped to
nsure unbiased results. In total, 162,624 trials were conducted for each
unsell chip (2904 × 2 × 28).

. Results

To investigate the role of language and visual signals in categorical
olour perception, we examined two types of networks: unimodal vision
nd multimodal language-vision models.
4 
.1. Role of language

To study the role of language on categorical colour perception,
e analysed four pretrained networks resulting from a combination
f two tasks, multimodal text-image matching (Radford et al., 2021)
nd unimodal object recognition (Deng et al., 2009), and two archi-
ectures: Vision Transformer—ViT-B32 (Dosovitskiy et al., 2021) and
onvolutional Network—ResNet50 (He et al., 2016). We examined the
etworks at six different layers to elucidate the role of low-, mid-,
nd high-level visual representation in explaining categorical colour
erception. Fig. 2 illustrates the accuracy of predicting human data,
easured by assigning the same colour category for each Munsell chip.
ur findings reveal that unimodal vision models can explain up to
6% of human data. In contrast, multimodal language-vision models
chieve higher accuracy, reaching up to 95% with their language com-
onent and notably 89% even without the language component when
xclusively testing the vision layers. These results underscore the dual
ole that language plays in categorical colour perception: a significant
ortion of human data is explained independently of language, while
anguage-vision models show a 16% improvement in explaining human
ata, even when tested exclusively with their vision modality (similar
o nonverbal psychophysics). Interestingly, testing with the language
odule (similar to verbal psychophysics) increases accuracy by a mod-

rate 5%, suggesting that language shapes the development of colour
ategories, but the resulting representation is language-independent.

To contextualise the accuracy of networks, we compared them to
1) the RGB baseline, and (2) state-of-the-art algorithms of colour
ategorisation (Parraga & Akbarinia, 2020).

1. Given that the input colour space to networks is RGB, we defined
a categorical model that computes the Euclidean distance to fo-
cal colours, with the smallest distance assigning the category of
a Munsell chip. This baseline achieved a high accuracy of 68% in
explaining human data, equivalent to the accuracy achieved by
ImageNet ResNet50. However, when we applied a threshold to
the results for higher confidence, the RGB accuracy substantially
dropped to a third, whereas the accuracy of the networks did
not change considerably (compare the purple and blue curves in
Fig. 2). These results indicate that the input colour space is not
the primary determinant of categorical colour perception.

2. The highest reported accuracy in the state-of-the-art for colour
categorisation is achieved by Neural Isoresponsive Colour Ellip-
soids (Parraga & Akbarinia, 2016), with approximately 98%
accuracy for the human data examined in this study. Triple
Sigmoid-Eliptic Sigmoid model (Benavente et al., 2008) achieves
the second highest score, around 92%. These two models, along
with other state-of-the-art algorithms, are specifically fitted to
human data, making their high accuracy unsurprising. In this
study, we demonstrate that pretrained networks such as CLIP can
achieve a similar level of accuracy without any fitting to human
data. This finding suggests that pretrained networks are highly
promising models for studying colour categorisation.

Undertaking a qualitative analysis, the right panel of Fig. 2 presents
the outcomes of a network prediction on a rainbow image. The arches
of the rainbow, sharing identical values in saturation and value, display
a continuous increase in hue by one degree. Despite the absence of
any physical discontinuity in the rainbow arches, we distinctly perceive
them in different colour bands. How do artificial networks interpret
this image? In this experiment, we evaluated networks utilising nine
colour terms, including the teal/turquoise category, given its qualita-
tive visibility in the rainbow image and widespread usage (Mylonas &
MacDonald, 2016). Our observations reveal that the early layer differs
significantly from our human colour perception, as it categorises bluish
pixels as red and brown. In contrast, the intermediate representation
closely mirrors how humans would categorise the rainbow image,

except for the purple/pink split, almost entirely classified as purple. The
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Fig. 2. The influence of language on colour categories. Panel a: Shows accuracy in matching human data across six layers of four networks. Blue curves include all results, while
purple curves indicate outcomes thresholded at 90% confidence. Transparent regions depict one standard deviation among five instances of linear classifiers trained with the same
pretrained network (see Section 2). The green horizontal line marks the accuracy when testing the network with the language module. Dashed horizontal lines represent colour
categories based on Euclidean distance in RGB (networks’ input colour space). Panel b: Displays a rainbow image with continuous hue arches on the left. On the right, colour
categories are obtained from an example network at three different layers.
language layer resolves this discrepancy by adjusting the purple and
pink categories, perfectly aligning with our perception of the rainbow
image.

3.2. Effect of visual task

The Taskonomy dataset (Zamir et al., 2018) consists of twenty-four
pretrained networks with an identical encoder architecture (ResNet50),
trained on the same set of images for various visual tasks, spanning
from low-level edge detection to mid-level depth estimation and high-
level object classification. This dataset offers a unique opportunity to
investigate the impact of a network’s functional role (the visual task a
network is optimised towards) on its categorical colour representation.
Employing the same analysis as detailed earlier, we scrutinised the
networks at six different layers.

A significant disparity is evident among networks in predicting
human data—assigning the same colour category for each Munsell
chip (see the left panel of Fig. 3). The networks are ranked based
on their peak accuracy across six layers, highlighting a substantial
gap between the best-performing network, achieving 82% accuracy,
and the least-performing one, attaining 16% accuracy. On one end
of the spectrum, networks optimised for high-level semantic tasks,
like ‘‘Object Classification’’, consistently demonstrate human-like cat-
egorical representations. Conversely, networks performing 2D visual
tasks, such as ‘‘2D Edge Detection’’, consistently fall short of achieving
human-like colour categories. Their predictive capability essentially
hovers around chance levels across all layers, markedly lower than the
baseline (Euclidean distance in RGB, the network’s input colour space).
This implies that categorical colour representation is not a beneficial
representation for networks trained on 2D visual tasks.

The taxonomy we adopted to classify these networks into four
groups (2D, 3D, geometric, and semantic) relies on established crite-
ria from prior literature, including methods such as representational
similarity analysis (RSA) (Dwivedi & Roig, 2019) and feature transfer
learning (Zamir et al., 2018). Remarkably, our analysis yields similar
clusters: along the spectrum of explaining human data, 2D tasks are
5 
situated on the left, 3D tasks in the middle, and semantic tasks on
the right. This distinction holds true even for equivalent perceptual
tasks in different dimensions. For example, the network trained on
‘‘3D Edge Detection’’ achieves human-like colour categories, whereas
its corresponding 2D networks do not (as observed in the right panel
of Fig. 3). This pattern extends to other corresponding 2D/3D tasks,
such as keypoint detection. Collectively, these findings suggest that the
nature of the visual tasks a system is designed to perform strongly
influences its representation of colour categories. It can be hypothesised
that our categorical colour perception has evolved due to living in a
three-dimensional space and tackling semantic tasks.

3.3. Internal representation

The comparison of networks/layers to human data has revealed
a distinct division. Some networks/layers closely approximate human
colour categories, while others fail to align with them. This raises the
question of whether there is a fundamental difference in how these
two groups of layers/networks represent colours. It is important to
note that networks’ colour categories are determined through a winner-
take-all operation on an eight-class distribution. This is essentially a
discrete procedure where one colour wins the category while the rest
are silenced. However, before the discretisation stage, the underlying
representation is a continuous distribution of the winning ratio among
pairs of colour categories, which is a matrix of size 8 × 8 (refer to
Fig. B.1 in the supplementary material). To compare the internal rep-
resentations of colour categories in networks/layers, we calculated the
average Spearman correlation coefficients on this eight-class confusion
matrix for each Munsell chip.

The left panel in Fig. 4 presents a pairwise comparison of all
probed layers in CLIP and ImageNet networks. Notably, the contin-
uous representation (upper triangle) exhibits better agreement across
networks/layers compared to the discrete categories (lower triangle).
The average correlation in categorical distributions (continuous) across
all layers of CLIP/ImageNet ViT-B32/ResNet50 networks is 0.63 ± 0.12.
In contrast, the percentage of matching colour categories (discrete)
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Fig. 3. Effect of Visual task on colour categories. Left: Ranks Taskonomy networks by their peak accuracy in explaining human colour categories. Right: shows accuracy in
matching human data across six layers of four Taskonomy networks (see Fig. C.1 for all twenty-four networks). Blue curves include all results, while purple curves indicate
outcomes thresholded at 80% confidence. Dashed horizontal lines depict colour categories based on Euclidean distance in RGB (networks’ input colour space). Networks names
are colour-coded by task types (Dwivedi et al., 2021): 2D, geometric, 3D, and semantic.
Fig. 4. Comparison of continuous and discrete representations. On the left, the upper triangular cells present Spearman correlations in the categorical distribution between pairs of
layers, while the lower triangle indicates the percentage of matching colour categories. The dark-bordered squares represent layers within a single network. Cells are colour-coded:
green indicates high correlation and high matching rate; purple indicates low correlation and low matching rate. On the right, the same format is applied to Taskonomy networks.
The values in each cell are averages across the corresponding six layers in the networks. Network names are colour-coded based on task types (Dwivedi et al., 2021): 2D, geometric,
3D, and semantic. The dark-bordered squares delineate networks within a specific task type.
shows both a lower average and higher standard deviation (0.54 ±
0.18), indicating that the underlying continuous representations are
considerably more similar than the discrete colour categories. This
high correlation in the underlying continuous representation is par-
ticularly evident within the layers of a single network (depicted by
dark-bordered squares; 𝑟𝑠 = 0.72 ± 0.04), and it is notably pronounced
in ViT networks.

The right panel in Fig. 4 illustrates a parallel analysis conducted
for the Taskonomy networks. The presented comparisons between net-
works are averaged over layerwise values (i.e., six layers). The first
notable observation is the low ratio of matching colour categories
across all 24 Taskonomy networks (purple cells in the lower triangle).
This observation is not surprising, given the substantial variation in the
6 
ability of the Taskonomoy networks to explain human data (see Fig. 3
in the main text and Fig. C.1 in the supplementary material). A second
noteworthy pattern is the moderate green cells in the upper triangle,
indicating a decent correlation (𝑟𝑠 = 0.65) in the categorical distribution
of most visual tasks, except the networks trained on 2D tasks (blue
labels). This suggests that although the winner colour categories for
these networks are notably different, the underlying representation is
not significantly dissimilar.

We further examined the continuous representations of the net-
works in relation to human consistency data from colour naming ex-
periments involving British and German adults (Witzel, Flack, Sanchez-
Walker, & Franklin, 2021). The language layers in CLIP networks
demonstrated a high correlation coefficient (𝑟 = 0.65), closely aligning
𝑠
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with the correlation observed between British and German speakers
(𝑟𝑠 = 0.67). The vision layers in multimodal language-vision net-

orks (CLIP) exhibited a similar correlation coefficient (maximum
𝑠 = 0.63), whereas unimodal vision networks (ImageNet) showed

a more moderate correlation (𝑟𝑠 = 0.35). These findings indicate
hat pretrained networks exhibit a considerable degree of similarity to
uman categorical colour perception, even at the level of continuous
epresentation.

. Discussion

Communication plays an integral role in categorical colour per-
eption, evident in our frequent use of colour names, even during
nner speech. Recent studies, supporting the universalists’ standpoint,
ropose that efficient communication underlies the formation of colour
ategories (Chaabouni et al., 2021; Twomey, Roberts, Brainard, &
lotkin, 2021; Zaslavsky et al., 2018). This concept is also seen in
he animal kingdom, where colour categories are intertwined with
onverbal communication needs like sexual mating (Caves et al., 2018).
imilarly, the role of communication cannot be fully discarded in
onverbal human experiments indicating the emergence of colour cat-
gories independent of language, such as those involving stroke pa-
ients (Siuda-Krzywicka et al., 2019) and prelinguistic infants (Skelton
t al., 2017). The interaction between language and vision is insepa-
able, due to the nature of our brain throughout its development. In
he realm of artificial agents, the inherent co-development of language
nd vision can be excluded, enabling the testing of models devoid of
anguage and communication components. This advantage has been
everaged in artificial neural networks for object recognition, revealing
hat human-like colour categories emerge to a considerable extent
ased solely on their utility for a particular vision task (de Vries
t al., 2022). Our results advance this understanding by quantifying the
ontributions of each essential component—visual signals and linguistic
actors. Notably, we find that a significant portion (about 80%) of
uman colour categories emerge in unimodal vision models. Neverthe-
ess, a small yet important portion (about 20%) remains unexplainable
urely on the basis of visual signals, which is clarified by the inclu-
ion of multimodal language-vision models, underscoring the intricate
nterplay of these components in the development of categorical colour
erception.

The utility of colour naming in communication is evident, as it is
nfeasible to reference every discriminable tristimulus value with a
nique colour name (Lindsey & Brown, 2021). Hence, using distinct
olour names for a broader range of hues proves efficient. However, the
irect relevance of colour categories to a visual system is less apparent
n the absence of communication or language interactions. To explore
his, we examined Taskonomy networks, encompassing twenty-four
istinct functional roles (i.e., visual tasks defining the optimisation loss)
sing an identical neural circuitry (i.e., ResNet50 encoder architecture)
nd training environment (i.e., exposed to the same set of images).
he results resonate with the idea that the primary function of colour

s to provide information relevant to behavioural tasks in the natural
nvironment (Conway, 2018) by revealing the task-dependent nature of
olour categories (Koida & Komatsu, 2007; Webster & Kay, 2012) in a
ualistic manner. While human-like categorical colour representation
oes not emerge in networks trained on 2D tasks, it is not scarce
n other functional roles. This challenges the proposition of a unique
onnection between object recognition and colour categorisation (de
ries et al., 2022). Indeed, our findings suggest that, besides semantic

asks, 3D tasks such as shade parametrisation, depth estimation, and 3D
dge detection yield human-like colour categories. The exact benefits
f colour categories for specific functional roles, as opposed to others,
emain to be investigated. However, categorical colour representation
ight be associated with foreground-background segmentation (Gibson

t al., 2017), a fundamental task continuously performed by infants

n their daily lives, potentially explaining the early development of

7 
categorical colour perception in prelinguistic infants (Maule, Skelton,
& Franklin, 2023).

The first and second stages of colour processing, involving cone
activation to different wavelengths of light and the antagonistic com-
bination into colour opponency, are well-established (Gegenfurtner &
Kiper, 2003) and reported to manifest in artificial neural networks (Ak-
barinia & Gil-Rodríguez, 2021; Rafegas & Vanrell, 2018). While these
low-level mechanisms account for colour discrimination thresholds,
they prove insufficient in explaining colour categories (Roberson, Han-
ley, & Pak, 2009; Witzel & Gegenfurtner, 2013) and their robustness
across illuminant changes (Morimoto, Yamauchi, & Uchikawa, 2023).
Our experiments affirm this limitation; irrespective of the network’s
architecture, modality, or training dataset, the initial layer does not
exhibit any categorical effect. It has been postulated that, given the
inadequacy of low-level mechanisms in elucidating colour categories,
higher-level cognitive processes influenced by linguistic terms medi-
ate categorical colour perception (Roberson et al., 2009). Our results
challenge this notion by demonstrating that beneath different colour
categories, a similar continuous colour representation may exist. This
observation is independent of language modulation and consistently
emerges in unimodal vision models. The involvement of high-level
visual processes in categorical colour encoding remains uncertain (Bird,
Berens, Horner, & Franklin, 2014; Conway et al., 2010; Witzel & Gegen-
furtner, 2018). However, our findings do not support this perspective
in artificial networks, as the peak accuracy in matching human colour
categories is never observed in the final layer. Conceptually, this aligns
with the idea that high-level concepts should not strongly associate
their representation with colour categories (e.g., recognising an apple
based on its shape rather than its colour), and low-level processes
should favour generic features in a continuous colour representation
(e.g., detecting edges based on fine details of pixel values rather than
coarser colour categories).

The connection between continuous colour perception and discrete
colour categories remains a major challenge in the field of colour
science (Siuda-Krzywicka, Boros, Bartolomeo & Witzel, 2019; Witzel,
2019). Our analysis of twenty-eight artificial neural networks indicates
a greater degree of similarity in colour representation at the continuous
level compared to discrete categories. This phenomenon may also be
present in humans, where individuals across different languages and
cultures, despite diverging slightly in their colour terms due to the
cognitive influence of language, show a higher degree of alignment in
their colour perception. For instance, in several languages, including
Russian (Paramei, 2005), Italian (Paggetti, Menegaz, & Paramei, 2016),
and Japanese (Kuriki et al., 2017), there are two terms covering the
blue category of English; nevertheless, in colour discrimination, their
patterns of results are not markedly different (Martinovic, Paramei,
& MacInnes, 2020; Roberson et al., 2009). To better disentangle the
perceptual and cognitive components of colour categorisation, we posit
that a meticulous analysis of intermediate layers in artificial networks
can offer valuable insights into this intricate topic. In our experiments,
Taskonomy networks (ResNet50 architecture) consistently show cat-
egorical colour representation emerging early in area 1, with peak
accuracy sustained at mid-level representation (usually areas 1–2),
followed by a rapid decline in deeper layers. Similar patterns are
observed in ImageNet and CLIP networks (across both ResNet50 and
ViT-B32 architectures). However, language models experience a more
moderate drop in deeper layers, likely attributed to language modu-
lation interacting directly with the final visual layer. These findings
suggest that categorical colour representation is a mid-level feature
in artificial neural networks, loosely aligning with the observation in
rhesus monkeys that mechanisms for encoding colour categorically
should occur earlier than visual area V4 (Walsh, Kulikowski, Butler,
& Carden, 1992). The investigation into why mid-level mechanisms
favour a categorical colour representation remains a subject for future
exploration, yet insights from artificial neural networks propose that
they may hold the key to advancing our understanding of categorical

colour perception (Peirce, 2015).
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5. Conclusion

In this article, we demonstrate that artificial neural networks are
a suitable tool for investigating colour perception through hypothesis-
driven experiments (Bowers et al., 2023). We examined the roles of
vision and language in categorical colour perception by quantifying the
contribution of each modality. Our results indicate that a significant
portion of human data can be explained by vision models that lack any
language component. Furthermore, we show that not all vision models
achieve human-like colour categories, and such representations are
highly dependent on the network’s training task. High-level semantic
tasks, such as object recognition, are the primary drivers of categorical
colour representation, reinforcing the view that the primary function
of colour is to provide information relevant to behavioural tasks in the
natural environment (Conway, 2018). The implications of our findings
for future research are twofold:

• Theoretical: This study systematically investigated two aspects
of categorical colour representation: the role of language and
visual tasks. An important aspect that remains unexplored is the
network’s training dataset. The networks we examined were pre-
trained on datasets of natural images, which closely align with the
statistics of the natural environment. By systematically manipu-
lating the global and local statistics of the pretrained dataset, one
can investigate the influence of the environment on categorical
colour representation. This approach would provide a clearer
understanding of the utility of categorical colour representation
to a visual system (Geisler, 2008).

• Applied: Current state-of-the-art colour categorisation algorithms
operate at the pixel level, meaning that an arbitrary RGB value
will always correspond to the same colour category, regardless
of its context and surroundings. Our findings demonstrate that
pretrained artificial neural networks inherently achieve state-of-
the-art accuracy. Given these networks’ sophisticated representa-
tion of complex scenes, they are ideally suited for developing a
dynamic colour categorisation model that can account for local
and global context, which is known to significantly impact human
colour perception (Gegenfurtner & Kiper, 2003).
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Fig. A.1. Example of thirty-six superellipse shapes obtained by keeping 𝑎 = 𝑏 = 0.5
and systematically varying the 𝑚 and 𝑛 values in Eq. (1).

Appendix A. Stimuli shapes

To create the test shapes in our study, we employed the superellipse,
defined in the Cartesian coordinate system as the set of all points (𝑥, 𝑦)
satisfying the equation
|

|

|

|

𝑥
𝑎
|

|

|

|

𝑚
+
|

|

|

|

𝑦
𝑏
|

|

|

|

𝑛
= 1, (1)

where 𝑎, 𝑏, 𝑚 and 𝑛 are positive numbers. Fig. A.1 depicts thirty-six
examples of these superellipse shapes. The selection of a systematic ge-
ometrical shape serves the purpose of exploring the interaction between
object shape and colour perception, although this aspect falls outside
the scope of the current article.

Appendix B. Raw experimental data

The exhaustive examinations conducted to evaluate the categorical
representation of colours in vision layers through linear probing yield
an 8 × 8 multi-class confusion matrix, as illustrated in Fig. B.1. Several
noteworthy aspects of this matrix warrant attention:

• Higher values indicate a robust category effect, while values
close to 0.5 (chance level) suggest an absence of categorical
representation.

• The summation of winning ratios for a specific pair of colours may
not necessarily equate to 1.0. For example, in Fig. B.1, the sum of
winning ratios for the orange-red colour categories is 0.99. The
remaining percentage pertains to scenarios where the test colour
has been selected as the odd image. This can be construed as
noise in the linear classifier. Overall, the magnitude of this noise
is minimal, accounting for only 0.02 across all layers.

• The relationship between colour categories is not entirely tran-
sitive. In Fig. B.1, although orange prevails over red 78% of
the time, when compared to brown and purple categories, red
obtains a marginally higher winning ratio (1% more, i.e., 100
versus 99). Whether this discrepancy is attributable to noise
in the linear classifier or signifies the non-transitive nature of
colour categories remains unclear. Nevertheless, similar to the
aforementioned point, the impact is exceedingly marginal.
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Fig. B.1. Distribution of winning colour categories (Derived from Block-10 of CLIP Vit-B32). Each cell denotes the percentage of a category selected as the colour for the illustrated
test-Munsell chip. The values in the upper and lower triangles may not necessarily add up to 1; the remaining percentage (typically minimal) indicates instances where neither
category is chosen. The numbers reflect the average across 5810 tests. Cells are colour-coded, with green representing 1 and purple representing 0.
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Fig. C.1. Results of Taskonomy networks. Accuracy matching human data in six layers of 24 Taskonomy networks. Blue curves include all results, while purple curves indicate
outcomes thresholded at 80% confidence. Dashed horizontal lines depict colour categories based on Euclidean distance in RGB (networks’ input colour space). Networks names
are colour-coded by task types (Dwivedi et al., 2021): 2D, geometric, 3D, and semantic.
Appendix C. Taskonomy results

Fig. C.1 illustrates the accuracy in matching with human colour cat-
egories for all twenty-four Taskonomy networks across six layers. The
networks are arranged in ascending order based on their peak accuracy
in explaining human data. Notably, in the top two rows, all networks
grouped under the 2D task type (Dwivedi et al., 2021) demonstrate
inferior performance compared to the RGB baseline. This observation
implies that categorical colour representation is inconsequential to their
functional role.
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