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People are capable of using simple perceptual features such as color to signify complex
meanings (perceptual semantics), an important aspect of nonverbal communication.
This paper considers the nature and structure of the mental representations that support
these abilities, using color semantics as a key example. Prior work has shown that people
can judge the strength of association between essentially any color and any concept.
Across four experiments we show that such associations express a low-rank conceptual
space, color semantic space, whose dimensions can be well-characterized using color
space regression. The color semantic space is distinct from classical connotative
(affective) and denotative (literal) semantic spaces and from perceptual color space.
Further, color semantic relations help to predict human judgments of word-meaning
similarity across a diverse set of concepts—even when such judgments are nor explicitly
about color. The methodology we develop is general, offering a means of evaluating
the mental structures underlying other aspects of nonverbal communication. Together,
the work suggests that color—concept associations are encoded within a previously
unrecognized conceptual representation space, and opens the possibility that human
thought may rely on multiple different kinds of conceptual spaces—with implications
both for cognitive science generally and for understanding the use of color in domains
such as visual communication.

color-concept associations | conceptual similarity | low-dimensional psychological spaces |
language models

A central issue in cognitive science concerns the nature, origins, and structure of the
conceptual representations that allow people to communicate, understand, and reason
about the world (1-4). Since Rosch’s pioneering work (5, 6), a widespread view is that
conceptual representations model the structure of the environment, as filtered through
perception, action, and language (7—12). From this perspective, concepts can be viewed as
points within a continuous denotative semantic space where items sharing many properties
in the world lie near one another and are understood to be similar “kinds of things” (13).
Thus wasp and buctterfly are proximal because they share many properties and are both
kinds of insect whereas sun is distal to both because it shares few properties with insects
and is understood to be a quite different kind of thing. To estimate coordinates of
concepts within a denotative space, researchers typically compute embeddings from
human-generated datasets that rely on denotative meaning, such as semantic feature
norms, semantic similarity judgments, or patterns of word-co-occurrence in natural
language. The resulting representational geometry (i.e., patterns of interitem distances)
captures both explicit judgments of meaning similarity (14, 15) and the tendency to
generalize properties from one item to another during learning (8); for instance, learning
that the butterfly “has plaxium inside” generalizes more to the (nearby) wasp than to the
(distal) sun.

These ideas help to explain many aspects of behavior, but render others mysterious.
Human knowledge, communication, and inference can hinge on mental associations
that do not transparently reflect the structure of experience, suggesting that there exist
conceptual spaces that go beyond a first-order statistical model of the environment.
Indeed, cognitive science has generally recognized a second, qualitatively different
connotative semantic space, revealed by early work on semantic differentials, showing
that people can consistently rate concepts on anchored scales of polar adjectives even
when these adjectives are not veridical attributes of the concepts (16, 17). For instance,
people systematically judge whether tornadoes are “fair” or “unfair” or whether the sun is
“dirty” or “clean.” Across different cultures and languages, ratings on such scales exhibit
low-dimensional structure with concepts falling along three latent affective dimensions:
Evaluation (valence), Potency (strength), and Activity (energy), collectively known as EPA
space (18-20). A concept’s location within this space reflects its affective connotations
rather than its literal denoted meaning: butterfly and sun lie near one another and far from
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wasp because they evoke positive feelings whereas the wasp
does not (21, 22). EPA space can also be recovered when
embedding emotion words based on perceptual associations
(colors, shapes, sounds, music) (23-25), and when embedding
colors or music based on emotion associations (26-30). Thus,
EPA space describes mental representations that connect words to
perceptual features via affect, allowing people to relate otherwise
incommensurate domains such as color and music [emotion
mediation hypothesis (26-28)].

This paper considers whether other qualitatively different
conceptual spaces may exist, taking color semantics as a key
example. Work on visual communication has shown that people
can judge the association strength between any color and any
concept, and that such associations constrain the meanings
people infer from colors in visualizations like graphs and maps
(31-38). Moreover, such associations seem to contravene the
representational geometries encoded by both denotative and
connotative spaces: Concepts with similar denoted meanings
and affective connotations can evoke dissimilar color associations
(e.g. raspberries and blueberries), while items dissimilar in kind
and affect can have similar color associations (e.g. night and
socks). Thus, color—concept associations, and the inferences
about color meaning they support, may be encoded within a color
semantic conceptual space that aligns with neither denotative nor
connotative spaces. If so, this raises the possibility that human
thought is undergirded by multiple different conceptual spaces.
Alternatively, color—concept associations may be mediated pri-
marily by the EPA space, or by some combination of relations
within denotative and connotative spaces; or the representations
underlying such color—concept associations may not cohere as a
conceptual space at all.

To adjudicate these possibilities, we operationalize criteria for
a novel conceptual space as a form of mental representation
that: 1) allows people to infer meanings of stimuli, 2) can be
characterized as a continuous low-dimensional space, 3) supports
generalization of information across items, and 4) encodes
representational geometries that differ and are not predictable
from other conceptual spaces.

Prior work has shown that patterns of color—concept as-
sociation strongly influence the meanings people attribute to
colors in graphical displays of information, for both abstract
and concrete concepts and for concepts with both high and
low color diagnosticity (32, 33, 36, 39, 40). Thus color—
concept associations already meet criterion 1. We therefore assess
whether they also meet the remaining criteria, and if so, whether
human perceptions of word-meaning similarity encompass color
semantic relations.

To evaluate whether color—concept associations express a low-
dimensional representation space (criterion 2), Experiment 1
measured mean associations for 30 concepts across 71 colors
spanning perceptual color space, then tested the resulting matrix
for low-rank structure using singular-value decomposition. If
patterns of color—concept association are largely arbitrary, a
matrix encoding association strengths between 7 concepts and 7
colors would be nearly full-rank (i.e., would require the smaller of
n or m orthogonal components to reconstruct). Alternatively, if
patterns of color—concept association “hang together” in reliable
ways, the matrix will be low-rank, that is, well-approximated by
a small number of dimensions £ where £ < 7, m.

To evaluate whether the resulting space supports generalization
(criterion 3), we tested whether it predicts associations between
colors and concepts not used to estimate the space. For colors,
we first applied regression to understand how the dimensions of
color semantic space vary with respect to six different metric
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properties of color. We then used the resulting models to
predict the conceptual associations of new colors from their
metric properties. For concepts, we evaluated whether the color
semantic space predicts color associations for 40 new words
belonging to different semantic categories. Significant above-
chance prediction for both analyses provides evidence that color
semantic space supports generalization.

We then evaluated whether the representational geometry of
color semantics differs from that of connotative and denotative
spaces (criterion 4). Experiment 3 used semantic differential rat-
ings to estimate EPA (connotative) coordinates for words used in
Experiments 1 and 2, while Experiment 4a estimated denotative
coordinates via two natural-language processing (NLP) methods.
In each case, we applied Procrustes correlation to quantify the
alignment of representational geometries between color semantic
space and alternative conceptual spaces. Finally, Experiment 4b
used regression to assess whether color semantic information
accounts for unique variance in the similarities people discern
among word meanings.

Together, these experiments suggest that color—concept as-
sociations reveal a previously unrecognized conceptual space,
which expresses representational geometries distinct from both
denotative and connotative semantics. They also illustrate a
general methodology for finding such spaces in other perceptual
modalities, with implications both for our basic understanding
of human conceptual knowledge and for practical applications,
such as in visual communication.

Results and Discussion

Experiment 1: Evaluating Structure and Generalization of Color
Semantic Space. This experiment investigated whether color
semantic space a) is low rank and b) generalizes to held out
colors and concepts. We tested these possibilities using color—
concept association ratings data from human participants for
each of 71 colors spanning perceptual color space [UW-71 color
library (36)] and each of 30 concepts spanning six broad semantic
categories ranging in concreteness (Table 1). We structured the
mean association ratings (averaged across participants) in a matrix
X of 30 concepts by 71 colors (Methods).

Estimating the dimension of color semantic space. To determine
whether color semantic space is low rank, we decomposed the

Table 1. Concepts used in Experiments 1 and 2 orga-
nized by category and the number of rater judgments
used to estimate color-concept associations for each
concept within each category

Category Concepts n
Experiment 1
Clothes Dress, Pants, Shirt, Socks, Shoes 48
Fruits Blueberry, Lemon, Mango, Strawberry, Watermelon 46
Scenes Beach, Field, Ocean, Sky, Sunset 45
Emotions Angry, Disgust, Fearful, Happy, Sad 50
Directions Above, Below, Beside, Near, Far 44
Times of Day Dawn, Day, Dusk, Noon, Night 46
Experiment 2
Animals Bear, Bird, Lion, Frog, Fish 45
Automobiles Airplane, Car, Boat, Truck, Train 51
Fruits Apple, Banana, Cherry, Grape, Peach 46
Vegetables Carrot, Celery, Corn, Eggplant, Mushroom 45
Weather Blizzard, Drought, Hurricane, Lightning, Sandstorm 52
Values Evil, Greed, Justice, Love, Peace 50
Activities Driving, Eating, Sleeping, Leisure, Working 45
Properties Comfort, Efficiency, Reliability, Safety, Speed 44
pnas.org
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color—concept association ratings matrix X via singular value
decomposition (SVD). In contrast to other matrix factorization
techniques, SVD need not operate on a covariance matrix derived
from a dataset, but can decompose X directly, even if asymmetric.
To extract # orthogonal latent components from a matrix X with
m rows (words) and 7 columns (colors), SVD models the data
as the matrix product: Xoyxn = Upxcir - Dixch (VT)/exn, where
U encodes the direction each concept “points” in # dimensions,
VT encodes the direction of each color in 4 dimensions, and
D is a kxk diagonal matrix whose entries indicate the singular
values (importance) for each dimension, ordered from largest to
smallest. The matrices U - Dand D - V7 constitute embeddings
of the words and the colors, respectively, within the same
k-dimensional space. When the number of components 4 is equal
to the smaller of 7 or #, the matrix product U - D - vt perfectly
recovers the original matrix. If, however, the matrix is low-rank,
it can be closely approximated by a much smaller number of
components (see Fig. 1).

To test for low-rank structure, we reconstructed the original
matrix using between 1 and 30 singular vectors and measured the
quality of the reconstruction as the Pearson correlation between
the original and reconstructed matrices. The blue curve in
Fig. 1 (labeled “true data”) shows that this metric increased from
1 to 6 components and leveled off when further components
were added, suggesting that a rank 6 approximation captures the
association ratings well (average 7(69) = 0.96; 94% of variance
explained). The red curve (labeled “permuted mean”) shows
the average reconstruction correlation expected under the null
hypothesis of no low-rank structure, computed via permutation
sampling (S7 Appendix); at rank 6 it was far lower than the
observed correlation (r(69) = 0.67, 45% of variance explained)
and 23 components were needed to reach the performance
of 6 components for true data. Thus, the true color—concept
association matrix expressed low-rank structure beyond that
expected from a comparable random matrix.

The columns of matrix V7 in the decomposition encode how
each of the 71 colors contributes to each latent dimension of
the color semantic space, as shown in Fig. 24, which plots the
colors ranked from lowest to highest value along each dimension.
To understand how a color’s coordinate along each dimension
relates to properties of its appearance, we fit a color-space
regression model based on CIELCh space, previously established
to capture patterns of variability in color preferences (41). The
model includes predictors for lightness (L*) and chroma (C*),
and captures variability in hue using the sine and cosine of

Experiment 1
1.0, true data

hue angle (h) to obtain the “dominant hue” (first harmonic)
and sin(2h) and cos(2h) to obtain the “dominant axis” (second
harmonic). The first harmonic captures hue opponency (e.g.,
peak at red; trough at green) while the second captures weight on
both ends of an opponent axis (e.g., peak at red and green;
trough at blue and yellow). Using both sine and cosine as
predictors allows us to represent any amplitude (strength) and
phase (angle). Collectively, these predictors can be thought of
as metric characteristics of colors that extend beyond the three-
dimensional perceptual space to capture complex patterns, such
as component 2 varying from light blues to darker reds and greens
(Fig. 2A). The resulting regression models allowed us to both (a)
interpret each dimension of color semantic space in terms of color
properties and (b) predict conceptual associations for new colors
not used to construct the space.

We fit a color space regression model to each of the 6
dimensions in Fig. 24, with model predictions shown in Fig. 2B.
The model predictions fit the components well ((69) = 0.55
to 0.85, Ps < 0.001; Fig. 2 A and B), establishing a systematic
relationship between the CIELCh color properties and each of
the color semantic dimensions. Fig. 2C shows the regression
weights for the dominant hue (79p) and dominant axis (Midedle)
for each dimension. Together, the dominant hue and dominant
axis correspond to the more positive values in Fig. 2 4 and B, and
the opposing hue/axis correspond to the more negative values.
The dominant hue plots (Fig. 2C) show hue angle in polar
coordinates, with the dominant hue shown as a black dot and its
opposing hue as a white dot. The radius represents the weight
of the dominant hue in the regression model, corresponding to
its strength. For example, component 1 has a relatively weak
dominant hue around purplish-blue and component 2 has a
stronger dominant hue around blue. The dominant axis plots are
similar (Fig. 2C), but show the dominant axis of opposing hues as
a pair of black dots and the opposite axis (rotated 90 degrees) as a
pair of white dots, with radius indicating weight in the regression
model. For example, component 1 has a relatively weak dominant
axis from purplish-blue to greenish-yellow and component 2 has
a stronger dominant axis from greenish-blue to orangish-yellow.
Fig. 2C (Bottom) shows the weights on lightness and chroma,
with black (white) dots indicating positive (negative) weight. For
example, component 1 has a strong positive weight on darker,
lower chroma colors and component 2 has a less strong positive
weight on lighter, lower chroma colors. The combination of the
dominant hue, dominant axis, lightness, and chroma gives rise
to the patterns in Fig. 24, as illustrated by regression equation

Experiment 2
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Fig. 1. Pearson correlation between the data matrix X of concepts x colors and its SVD reconstruction U - D - VT as the number of components varies (blue
curve; “true data”). For Experiment 1, using 6 components for 30 concepts achieves a mean r = 0.96. A corresponding analysis for randomly shuffled data (red
curve; “permuted mean”) shows the low-rank structure is lost. Experiment 2 shows a similar pattern, where using 7 components for 70 concepts achieves a

mean r = 0.96.
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Fig. 2.

(A) Loadings for each UW-71 color on each of the 6 color semantic space dimensions estimated via SVD sorted from lowest to highest. (B) Predicted

loadings on each color using color-space regression models. Arrows between (A) and (B) indicate Pearson correlations between true and predicted loadings.
(C) Dominant hue (first row), dominant axis (second row), and lightness and chroma (third row) for each of the six components. Peaks are black circles and

troughs are white circles. See text for details.

predictions in Fig. 2B (See SI Appendix, section 3 for further
details).

Together these results show that the latent space underlying
color—concept associations meets two additional criteria for a
conceptual space: It is low-dimensional and, by virtue of its sys-
tematic relation to measurable properties of colors, might support
generalization of information about conceptual associations to
new, held-out colors (i.e., colors not used to estimate the space).

We further note that this color semantic space differs qualita-
tively from perceptual color space. Capturing the latent structure
of the color—concept association matrix requires minimally
6 dimensions, complexity that cannot be captured by the three-
dimensional nature of perceptual color similarity (for those with
typical trichromatic vision). To see this, consider that a given item
can have strong associations with multiple perceptually distinct
colors; for instance, watermelons are strongly associated with
both red and green (i.e., opposites in a perceptual color space),
but not blue or yellow. Capturing such patterns requires that
perceptually distal colors contribute similarly to a given color
semantic dimension—for instance, reds and greens contribute
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similar, negative weights to the second component shown in Fig.
2A. Because this is so, relating metric properties of color to color
semantic coordinates requires predictors that contort perceptual
space, such as the dominant axis information shown in Fig. 2C.
Generalization to new colors. The preceding analysis suggests we
should be able to predict associations of a new color (i.e., one
not used to construct the space) with all 30 concepts by right-
multiplying its CIELCh coordinates by the matrix product U -
D- W as shown in Fig. 3B. We tested this form of generalization
using leave-one-out cross-validation: Given the color—concept
association matrix of 30 concepts and the UW-71 colors, X, we
iteratively held out one color (column) and decomposed the
resulting 30 X 70 matrix of associations as in Fig. 34. We then
predicted the held-out color’s association with each concept as
in Fig. 3B and computed the correlation between this prediction
and the color’s true pattern of concept associations (i.e., the
held-out column of X). We repeated this process for each color.
The resulting correlations (Fig. 44) were significantly positive for
all colors after applying the Holm—Bonferroni correction (mean
7(28) = 0.87, SD = 0.08, range: 0.51 to 0.98, P < 0.001

pnas.org
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for a new concept with all colors.

for all). Thus, color semantic space, characterized via color space
regression, supports generalization to colors not included in the
original dataset.

Generalization to new concepts. The low-rank structure of color
semantic space further suggests we should be able to predict the
full complement of color associations for a new concept (i.e., one
not used to construct the space) from its association ratings with
a small, carefully chosen set of basis colors—colors selected to
provide the most information about a concept’s loading on the
6 color semantic dimensions. Using the Joshi and Boyd method
(42), we found that 7 such “basis colors” were sufficient to
capture the full color semantic space: dark purple, dark blue, light
blue, black, dark green, red, and yellow (SI Appendix, Fig. S2).
Given color—conceptassociation ratings between the new concept
and these basis colors, we used linear regression to estimate the
concept’s directions U, then multiplied the result by the matrix
of color directions V7 to obtain predictions for the concept’s
associations with all other colors (Fig. 3C).

We tested this form of generalization using leave-one-out cross-
validation: From X we iteratively held out one concept (row)
and decomposed the resulting 29 x 71 matrix of associations
(Fig. 3A), then predicted the held-out concept’s association with
each color using only its associations with the 7 basis colors
(Fig. 3C). We computed the correlation across the remaining
64 colors between predicted and true association strengths (i.e.,
held-out row of X), repeating this process for each concept.
The resulting correlations (Fig. 4B) were significantly positive
for all but one concept (“beside”) after correcting for multiple
comparisons (mean 7(62) = 0.81, SD = 0.17, range: 0.20 to
0.97, P < 0.001 for all but one). Thus, color semantic space

PNAS 2026 Vol. 123 No. 38 e2526862123

supports generalization to concepts not used to estimate the space:
Association data from just seven basis colors were sufficient to
estimate associations between the new concepts and any color.

In summary, Experiment 1 suggests that color semantic space
meets essential criteria for a conceptual space: It is low-rank
(i.e., low-dimension, criterion 2) and supports generalization
of information about color—concept associations both for new
colors (via their color space coordinates) and new concepts (via
their associations with a few colors; criterion 3). Moreover, each
dimension of color semantic space can be interpreted as encoding
a different linear combination of 6 metric properties of color
captured by CIELCh color space.

Experiment 2: Assessing Generalization of Color Semantic
Space to Concepts Drawn from New Categories. Experiment 2
investigated whether the color semantic space from Experiment 1
generalizes to concepts belonging to semantic categories not used
to construct the space. In Experiment 1, generalization to the new
concepts may simply reflect shared category membership of the
held out concept with the concepts that were not held out, with
each category possessing its “own” color semantic space. If so, the
model should fail to generalize beyond the original six categories.
Successful generalization to new categories would instead suggest
a common, category-independent color semantic space.

To test this idea, we evaluated how well the space constructed
from the 30 concepts in Experiment 1 predicts associations for
5 new items from each of 7 new categories—animals, vegetables,
vehicles, weather phenomena, human values, activities, other
abstract properties—plus 5 additional fruits with distinct color
associations from Experiment 1 (Table 1; see Methods). If strong
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Fig. 4.

(A) Pearson correlations between predicted and true association ratings for each UW-71 color with all concepts Numbers on the x-axis correspond to

the index of the color in the UW-71 colors (see Table S1 in Supporting Information). (B) Correlations between predicted and true association ratings for each
concept with all UW-71 colors, from Experiment 1. (C and D) Similar to (B), but for Experiment 2, using the color semantic spaces from Experiments 1 and 2,
respectively. Filled-in bars are statistically significant at the 0.05 level after correcting for multiple comparisons. All correlations are computed in leave-one-out

fashion.

generalization in Experiment 1 was due to test items sharing
categories with training items, the space should generalize better
to new fruits than to concepts in other new categories (e.g.,
animals, automobiles). Alternatively, if the space extends across
domains, it should generalize similarly well to the new fruits and
concepts from new categories.

Using the mean color—concept association ratings for the
40 new concepts and UW-71 colors (Methods), we followed
the procedure in Fig. 3C to 1) situate each concept in the
color semantic space from Experiment 1 using association data
from the 7 basis colors, 2) estimate that concept’s associations
with the remaining 64 of the UW-71 colors, and 3) correlate
these estimates with participants’ ratings to assess performance.
Predicted associations correlated significantly and positively with
true associations for 33 of the 40 novel concepts (Fig. 4C).
Among the items showing nonsignificant or negative correlations,
2 were from the fruit category, whereas the concepts with the
5 highest correlations contained no fruits. These results suggest
that good generalization does not arise only for concepts drawn
from categories used to construct the semantic space.

Nevertheless, the mean predicted—true correlation across the
40 concepts in Experiment 2 (mean 7(62) = 0.54, SD = 0.38;
see Fig. 4C) was significantly lower than the mean correlation for
the 30 concepts in Experiment 1 ((62) = 0.81) (Fig. 4B). This
result suggests that the original six dimensions from Experiment 1
were not sufficient to fully capture color semantic structure
among the new concepts. Indeed, the rank 6 solution observed in
Experiment 1 may have arisen precisely because we drew concepts
from 6 semantic categories (Table 1). If so, then the number of
components needed to model the expanded set of associations
in Experiment 2 should scale approximately linearly—adding
7 semantic categories to the original 6 should roughly double
the required number of components. Conversely, if the color
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semantic space from Experiment 1 is domain-general, then
adding far fewer components should suffice to capture color—
concept associations for all 70 items (combining those from
Experiments 1 and 2).

To adjudicate these possibilities we aggregated data from both
experiments (70 concepts) and repeated the procedure in Fig. 34,
computing correlations between true and reconstructed ratings
using rank 1 to 70 matrices (Fig. 1, Right). Reconstructing the
ratings matrix with comparable performance to the 6 components
in Experiment 1 (r(69) 0.96; 93% cumulative variance)
required 7 components, far fewer than the dozen that would
be required if rank scaled linearly with the number of semantic
categories. Descriptions of each of the 7 components in terms of
color space regression models can be seen in S/ Appendix, Fig. S3.
These results provide further evidence that color semantic space
is indeed low rank and scales sublinearly with the set of concepts
used to construct the space.

To assess whether the addition of a seventh latent component
produced better generalization to the 40 novel items than did the
original 6D space, we used the 7D space to estimate association
ratings for each of the 40 concepts from Experiment 2, applying
the same leave-one-out procedure from Experiment 1 (Fig. 3C).
In this case the Joshi and Boyd method suggested that 11
basis colors were optimal for estimating a held out concept’s
7D loadings. Using color—concept association ratings for the 40
concepts on those 11 colors, we generated predicted associations
on the remaining 60 colors. The correlations between predicted
and true values were significantly positive for all but 4 concepts,
and the mean correlation of 7(58) = 0.73 was significantly
higher than the mean correlation for predictions from the original
6D space, 7(62) = 0.54 (¢(39) 3.17, P < 0.01; Fig.
4D). All Pearson 7 values were first transformed to normally
distributed values using Fisher’s 7-to-z transformation prior to
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comparisons using # tests. We also compared the predicted vs.
true association strengths for just the original 30 concepts from
Experiment 1 using the 7D space (7(58) = 0.77) vs. the 6D
space (7(62) = 0.81) and found they did not significantly differ
(#(29) = —0.57, P = 0.57). Together these results suggest
that the addition of the seventh dimension did not further
improve estimates for the original 30 concepts, but that it was
needed to represent the additional 40 concepts introduced in
Experiment 2.

In summary, Experiment 2 revealed that color semantic space
a) remains low-rank when items from many new semantic
categories are added to the estimation set (criterion 2), requiring
only one additional dimension to capture an additional 40 items;
and b) generalizes well to items from new semantic categories
(criterion 3). Predicted vs. true association ratings for each
color—concept pair are in S/ Appendix, Figs. S6-S10 spanning
Experiments 1 and 2.

Experiment 3: Comparing Color Semantic Space to EPA Space.
Results to this point establish that color semantic representations
meet the criteria for a conceptual space noted in the introduction.
A remaining question is whether this space is distinct from other
known conceptual spaces (criterion 4). For instance, it may be
that color—concept associations are mediated by the same affective
representations captured by connotative semantics (43). If so,
the coordinates of words in the color semantic space should be
highly correlated with the coordinates of the same words in the
connotative space. Alternatively, color—concept associations may
be mediated by a qualitatively different representational structure.
In that case coordinates of words within color semantic space
should 7oz strongly correlate with coordinates in EPA space.
Adjudicating these hypotheses requires measuring the alignment
between two spaces, each encoding coordinates for the same set
of items—in this case, embeddings of words.

To this end we applied Procrustes alignment (44), which
finds a rigid transformation (translation, scaling, rotation, and
reflection) of items in a source space that matches each point
as closely as possible with the corresponding point in a second
target space. Alignment is measured by the Procrustes correlation
between aligned spaces, a multidimensional analog of Pearson’s 7
(81 Appendix). Since Procrustes alignment finds the best possible
match between spaces, ityields positive correlation values even for
points randomly situated in each space—thus the significance of a
positive correlation is evaluated with respect to a null distribution
simulated via permutation sampling. The global representational
geometries of two spaces are significantly related if their measured
Procrustes correlation lies above the significance cutoff in the null
distribution—if not, the geometries of the two spaces are no more
similar than expected by chance.

Experiment 3 applied the method of semantic differentials
to estimate EPA space coordinates for the 70 concepts from
Experiments 1 and 2, then measured the Procrustes correlation
between EPA and color semantic coordinates. Specifically, we
collected new ratings for each concept on Osgood et al.’s 54
semantic differential scales (16, 18) (e.g., rate the concept “apple”
on a scale from dry to wet). See SI Appendix for details and S/
Appendix, Table S7 for the full set of scales. We then organized
the mean ratings into a concept X scale matrix and estimated
EPA coordinates for each of the concepts following the same
dimensionality reduction techniques used in prior work (16, 18).

The first three components collectively accounted for 76.44%
of the variance in the rating matrix, and the top 6 scales loading
on each component were similar to the scales that were originally
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identified as highly loading on each component by Osgood (18),
suggesting good replication of the EPA space for our 70 concepts
(81 Appendix, Table S8).

To match the three dimensions of EPA space, we estimated
a 3D embedding of the words based on their color—concept
associations. We then computed the Procrustes correlation (44)
of the 70 concepts in the two spaces (S Appendix, Fig. S1A).
While we observed a moderate global correlation between the
two spaces (7(68) = 0.30, P < 0.01), the individual dimensions
of the two spaces were not all aligned whether assessed using
Procrustes alignment or more stringent regression methods. S/
Appendix, section 5 outlines these other approaches including
Procrustes alignment in 7 dimensions. Thus, given that EPA
space only explains approximately 9% of the variance in color
semantic space and the individual dimensions do not reliably
align, our findings suggest that color semantic space and EPA
space are not reliably similar for a general set of concepts. While
prior work had shown that EPA space could account for people’s
associations between colors and emotion words (23), our results
suggest EPA cannot account for associations between colors
and a broader set of concepts, including concepts with similar
affective connotation but highly different colors (e.g., blueberry
and peach), see also General Discussion.

Experiment 4: Comparing Color Semantic Space to Denotative
Spaces and Human Judgments of Meaning. Finally, we consider
whether color semantic space is distinct from denotative semantic
spaces. Further, since denotative semantics are often construed as
the “default” meanings people discern, we additionally consider
whether human judgments of word-meaning similarity ever re-
flect structure unique to color semantics. Because the data needed
to estimate human-perceived similarities grows exponentially
with the number of items (Methods), Experiment 4 employed
the 30 words used in Experiment 1.

Experiment 4a: Alignment of color semantic and denotative
semantic spaces. We adopted two approaches to estimation
of denotative semantic spaces, each broadly representative of
modern techniques: word2vec (45) trained on the COCA-fiction
corpus (46), whose embeddings reflect co-occurrence statistics
of words in large-scale language corpora; and word-embeddings
extracted from GPT-3.5, a large language model (LLM) (47, 48)
trained on web-scale corpora of text-based language data. We
used GPT-3.5 as it was the most performant model that allowed
extraction of single word embeddings via its API.

Fig. 5 shows hierarchical cluster plots of word-to-word
similarities in color semantic and both denotative spaces. Both
denotative spaces largely capture semantic category information,
for instance grouping spatial terms together and separating these
from emotions and times of day. Color semantic space splits such
categories across clusters, expressing more abstract relations—
for instance, grouping some spatial relations (below, far) with
negative emotions (angry, sad) with later times of day (night,
dusk).

To quantify alignment across spaces, we again reduced embed-
dings in both spaces to three dimensions via multidimensional
scaling, then computed Procrustes correlations between each pair
of spaces (r values in Fig. 5). The two denotative spaces correlated
significantly with each other ( = 0.76, P < 0.001), showing
that the different methods lead to similar representational
geometries. Neither denotative space correlated significantly with
color semantic space (word2vec: » = 0.33, P = 0.14; GPT-3.5:
r = 0.34, P = 0.11). S] Appendix reports additional approaches
to measuring alignment, all suggesting no relationship between
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Fig. 5. Hierarchical cluster dendrograms of the 3D multidimensional scaling coordinates for (Top) color-concept association ratings, (Left) word2vec
embeddings, and (Right) GPT-3.5 embeddings for each of the 30 concepts from Experiment 1. The colored bars next to each concept indicate the most
associated colors with that concept from the Uw-71 colors. Arrows between dendrograms indicate Procrustes correlation values. The color-concept association
dendrogram displays an organization of concepts based on similarity of color association as opposed to semantic category. This organization is indicated by
terminal leaves on many branches having different shapes corresponding to different categories. GPT-3.5 and word2vec primarily organize concepts based on

semantic similarity.

denotative and color semantic structure. Thus, color semantic
space is distinct from both connotative and denotative spaces,
meeting criterion 4 for a novel conceptual space.
Experiment 4b: Human judgments of word meaning reflect color
semantic structure. To understand whether color semantic sim-
ilarities influence human perception of word-meaning, we used
a triadic comparisons task to estimate word-embeddings directly
from human judgments of semantic similarity in different task
conditions. On each trial, participants decided which of two
option words was most similar to a target word in some respect.
From many such judgments one can embed the corresponding
words in a low-dimensional space such that items nearby in the
space are often selected as similar to one another (49-53).

Typically when participants judge similarity without any
further instruction, the resulting word embeddings express a
representational geometry that correlates with denotative seman-
tics (53-55). When instructed to focus on a particular semantic
dimension such as size or category, however, geometries of the
resulting embedding change to emphasize the information to
be retrieved (56). The task thus provides a means of assessing
varieties of semantic structure discerned in different task contexts.
We collected data in three task conditions, each testing a different
hypothesis about when similarity judgments will reflect color
semantic structure. First, participants may only access color
semantic information when explicitly thinking about color—
concept associations; thus the color-only condition asked them to
judge based solely on colors associated with the words. Second,
participants may discern color semantic relations in any task
requiring abstract, metaphorical thought; thus the symbolic
condition asked them to judge which option was best used as a
symbol or metaphor for the target. Third, color semantic relations
may influence perceived meaning similarity more generally; thus
the kind task asked participants to judge which option referred
to a more similar “kind of thing.”

From the resulting data we computed a 3D word embedding
separately in each condition, yielding three different representa-
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tional geometries. We then fit regression models to predict each
word’s coordinates along each dimension within each space from
its coordinates in the 3D denotative spaces (running separate
analyses for the COCA and GPT-3.5 embeddings) and the first
3 dimensions of color semantic space. This effectively removed
variation in the human-derived space explained by denotative
semantic relations. If color semantic relations explain unique
variance in perceived word meaning in a given task condition,
coordinates in color semantic space should then account for
significant additional variation in the residuals.

As expected from prior work, denotative predictors from both
GPT-3.5 and word2vec explained significant variance under all
three conditions, but critically, color semantic relations explained
additional unique variation in all three dimensions of the human-
derived embeddings for all three task conditions (Fig. 6B). Color
semantic coordinates explained the most variation for color
similarity judgments, but also explained significant variation in
both the symbolic and kind-based judgments—strongly suggesting
that color semantics influences perceived similarity, not just when
color is directly relevant or in contexts requiring abstract thought,
but also in more general contexts invoking word meanings.

General Discussion

Human concepts encompass knowledge of highly abstract rela-
tionships that go beyond the immediate sensory-motor structure
of the environment (8, 57-59). While early work on associations
between percepts, like color, and words (concepts) focused
on affect (“connotative semantics”) as the critical medium for
representing such knowledge (17, 18), the current work reveals
a qualitatively different kind of abstract, cross-modal conceptual
structure: a color semantic space. People can report association
strengths between essentially any color and any concept (34);
we have shown that these associations encode a latent space
possessing key hallmarks of other conceptual structures: 1)
they allow people to infer meanings of percepts (32, 33, 39),
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Fig. 6. (A) Structure of triplet behavioral experiment and visualizations of the concepts from each condition (color, symbolic, kind) using the first two
embedding coordinates. (B) Regression coefficient t-values for models predicting the 3-dimensional triplet embedding coordinates from word-embedding and
color-concept association components. Asterisks indicate coefficients that reliably improve model fit with P < 0.05,** P < 0.01,*** P < 0.001. Empty boxes
indicate coefficients that were not statistically significant. R2 values next to each row correspond to variance explained in each human embedding dimension

by language embedding and color-concept association components.

2) they exhibit low-rank structure that differs from perceptual
color space, 3) they support generalization of color—concept
associations across all of color space and from a small set of “basis”
colors to a much broader set of linguistic concepts (Experiments
1 and 2). We have also shown that the space is novel insofar as it
encodes representational geometries among words distinct from
those encoded in both the connotative semantic space revealed
by Osgood and colleagues (Experiment 3) and from denotative
spaces estimated from contemporary natural language processing
techniques (Experiment 4a). Moreover, color semantic relations
explain unique variance in human judgments of meaning similar-
ity in tasks explicitly requiring color association, tasks demanding
symbolic/metaphorical thinking, and even tasks tapping semantic
knowledge more broadly (Experiment 4b)—suggesting that color
semantics permeates the conceptual relations people discern in
word meanings generally.

Understanding how the human mind represents associations
between concepts and colors is fundamental for understanding
the human ability to interpret colors as “standing for” a variety of
ontologically distinct meanings, from temperatures to emotions
to political identities to sports teams (60-62). Color—concept
associations constrain the meanings people derive from colors

PNAS 2026 Vol. 123 No. 38 e2526862123

in graphical presentations of data (e.g., bar graphs) (39, 63—
65) and determine when people can discriminate between the
meanings of different colors in a graph (32, 33, 36). The
present work shows that these abilities rest on a low-dimensional
psychological space (color semantic space) that is distinct from
denotative and connotative spaces. We use the term color-
semantic to describe the space our work uncovers because color—
concept associations critically constrain the meanings that people
attribute to colors in visual communication. By this we do not
intend to imply that color-semantic knowledge is independent
of color perception, nor that it relies solely or predominantly on
linguistic semantics. Our focus is not on the question of whether
color-semantics is mainly perceptual or mainly conceptual, but
rather on the question of how color-semantic structure relates
to the cross-modal sensory, motor, and linguistic structure of
the environment. The latter is an important topic that we hope
future work will address.

The current results differ from established literature in two
important respects. First, most prior work on the dimensional
structure of color—concept associations focused on emotion
concepts, with EPA space emerging as the dominant organizing
framework (16). Here we showed that emotions are well situated
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in color semantic space alongside both highly abstract concepts
(properties, values) and highly concrete ones (fruits, vegetables).
This implies a) theories of color—concept associations need not
treat emotions separately, and b) prior approaches to color—
emotion associations via affective/connotative semantics do not
scale to the wider concept range studied here, since their latent
structure cannot be recovered from purely connotative semantic
structure.

Second, little prior work has considered whether color
semantic knowledge impacts word meanings outside color-
meaning interpretation contexts. Experiment 4b suggests it
does—color semantics explains unique variance in judgments
about word meanings when color is not central to the task.
Future work can investigate to what extent other sources of
perceptual knowledge—rtactile texture, sound, olfaction—might
also influence semantic judgments. As mentioned at the outset,
the present approach taken for color semantics can be extended
to these sensory domains to potentially uncover modal semantic
spaces, which might each mediate percept—concept associations.
Characterizing such modal spaces might be critical for developing
generalized theories of how percepts and concepts are represented
in the mind.

Our results raise the important question of the role of language
in acquiring color semantics. Prior work suggested color—
concept associations may be learned from language’s higher-order
covariance structure. For example, Liu et al. (66) showed that
distributional language models (e.g., GPT) predict color—concept
associations comparably for sighted and blind participants. More-
over, Kim et al. (67) argued that congenitally blind participants’
linguistically transmitted causal knowledge (e.g., photosynthesis
makes plants green) produces shared associations with sighted
individuals. However, our results challenge this: Color semantic
relations could not be recovered from embeddings derived from
word2vec or a high-performance language transformer (GPT
3.5; Experiment 4). An alternative is that such knowledge arises
from cross-modal experiential structure—not just the structure
of language alone, but how language connects to visual and
sensory-motor experience. Indeed, this proposal accords with
contemporary thinking about semantic knowledge acquisition
generally (68).

Related open questions concern why color semantic dimen-
sions are structured as they are. For instance, while compo-
nent 1 in our present data distinguishes blues from greens
and darker/low-chroma from lighter/high-chroma colors, the
environmental characteristics that produce these patterns remain
unclear. Targeted experiments exposing participants to novel
concepts under varying environmental color statistics might
reveal how environments shape people’s color semantic space. For
instance, Schoenlein et al. (69) taught participants novel words
for visual objects (“aliens”) varying in shape and color. Each
label denoted aliens with a distribution of possible colors, with
some colors more likely than others, though shape alone could
determine the correct label. After learning, participants associated
newly learned words more strongly with colors more likely for the
corresponding alien shape—consistent with associations arising
from cross-modal sensory learning. Ongoing work is assessing
whether higher-order cross-modal structure can support learning
more abstract word-to-color associations.

Finally, while we have emphasized how our results advance
our understanding of human conceptual representation, the
current work also has important practical implications when
it comes to human visual communication. Color is a core
visual channel through which information is transmitted in
information visualizations (35, 70, 71). When color is used
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to convey meaning, color semantic structure strongly influences
the ease with which intended meanings are communicated (32—
34, 36, 37, 39). Our work suggests that such associations can be
efficiently computed for essentially any concept or color with only
a handful of human measurements, so long as the measurements
are selected so as to fully span the color semantic space. This opens
up the possibility for scalable design of bespoke visualizations,
whose effectiveness rests on metrics derived from such human
color—concept associations.

Methods

Color-Concept Association Rating Task. Experiments 1 and 2 used a rating
task to assess people’s associations between each color from the UW-71 color
library and concepts that spanned a variety of categories (e.g., fruits, emotions,
scenery; see Table 1).

Participants. Participants were UW-Madison undergraduates who received
extra course credit for their participation. All participants in this and subsequent
experiments gave informed consent, and the UW-Madison IRB approved the
experimental protocol. Experiment 1 tested 315 participants (M age = 20.67,
with gender self-reported as 174 women, 139 men, 2 other). We excluded
n = 36 for atypical color vision, assessed using 1) two self-report questions
asking if the participant had difficulty distinguishing between colors relative
to the average person and if they considered themselves colorblind (excluded
if they reported "yes" to at least one question) and 2) using digital Ishihara
plates (excluded if incorrectly identified the number in more than 1/6 Ishihara
plates); final n = 279. In Experiment 2, data for fruits, vegetables, properties,
and activities were collected as part of Mukherjee et al. (36) (n = 185; M
age = 18.66, 99 women, 86 men; 5 excluded for atypical color-vision, final
n = 180). Data for the remaining concept categories (Table 1) were collected in
a second batch (n = 220; M age = 18.59, 142 women, 77 men, 1 nonbinary;
22 excluded for atypical color-vision, final n = 198).

Design, displays, and procedure. Participants were randomly assigned to one
concept category (e.g. fruits, emotions, scenery) and rated associations between
each of 71 colors (S/ Appendix, Table S2) and five concepts within that category
(Table 1). The UW-71 color library includes 71 colors, with 58 sampled uniformly
in CIEL*a*b* space (AE = 25) and an additional 13 colors at L = 88 to
accommodate a greater range of greens and yellows (36).

Experiment 1 employed 30 concepts spanning 6 different conceptual
categories (clothes, directions, fruits, times of day, scenes, and emotions)
varying in abstractness and the specificity of their color-concept associations.
Experiment 2 added 7 additional categories also varying in abstractness and
specificity (see Table 1 for the full set). Both used the same blocked randomized
design and procedure, with participants rating associations between each of the
71 colors for a given concept (in a random order) before going on to the next.
Concept order was randomized. On each trial, a single Uw-71 color was shown
as a color patch (80 px x 80 px) centered on the screen with the concept word
displayed above (font-size: 24 pt, font-family: Lato). Below the colored square
was a line-mark slider scale (400 px long), with the left end labeled "not at all”
and the right end labeled "very much” and the center marked with a vertical line
(3 pxwide and 32 px tall). Participants rated how much they associated the given
colorand concept by moving the slider marker and clicking a "continue” button
to record their response. Trials were separated by a 1000ms intertrial interval.
The background was gray (CIE llluminant D65, x = 0.3127,y = 0.3290, Y =
10 cd/m?) so that very dark colors (e.g., black) and very light colors (e.g., white)
could be seen against the background. Participants completed the experiment
online on their own devices and the color coordinates were translated from
CIELAB to RGB values assuming a standard sRGB display. The precise colors that
each participant saw varied with the specifications of their monitor as is typical
in online color experiments, which aim to be generalizable across displays
(36, 37, 72-74). The experiment was coded in jsPsych (75, 76) for online data
collection.

Before beginning the task, participants completed an anchoring procedure
so they knew what associating "not at all" and "very much" meant to them in
the context of these colors and concepts (77). They were shown a screen with
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all 71 colors and the five concepts they had been assigned. They were asked to
identify the color they most and least associated with each concept.

Semantic Differentials Task. Experiment 3 assessed the 70 concepts from
Experiments 1 and 2 on Osgood's semantic differentials rating task (18) using
the same scales.

Participants. We tested 361 UW-Madison undergraduates who received extra
credit in their Psychology course.

Design, displays, and procedure. Data were collected in two phases. The first
phase focused on the 18 scales that loaded most heavily on the first three
components in Osgood et al. (18). The full set of scales and number of raters
can be seen in S/ Appendix, Table S7. To reduce the number of ratings for each
participant, we divided the 18 scales into 3 sets of 6 scalesand randomly assigned
participants to sets. Within sets, we also randomly assigned participants to judge
either the 30 concepts from Experiment 1 or the 40 concepts from Experiment
2.We used a blocked randomized design, such that participants rated all of their
assigned concepts on a given scale (random order) before going on to the next
scale (scale order was also randomized). On each trial, participants saw a concept
word in the center of the screen with a ratings slider below it. The ends of the
slider were labeled with the two endpoints of the scale they were being asked
to rate the concept on. Participants could use their cursor and click to indicate
their associations for the concept on the scale.

The second phase tested the remaining scales from refs. 16 and 18
comprising a total of 54 items sans the 18 items collected in the first phase. We
divided the remaining 36 scales into 6 sets of 6 scales and once again collected
ratings for all 70 concepts on these new scales as described for the first phase.
We aimed to collect ~20 ratings per concept-scale combination.

Triadic Comparisons Task. Experiment 4b used triadic comparisons, imple-
mented using the SALMON onlinetool (78), to estimate embeddings that capture
human-perceived semantic similarities among the 30 words from Experiment 1
under different task instructions (49).

Participants. 36 UW-Madison undergraduates completed the experiment in
exchange for extra course credit (M age = 19.43). Three were excluded
for failing attention checks or responding too quickly on average (mean
RT < 1,500 ms), yielding a final sample size of 33 participants.
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