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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 not 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 asso-
ciations 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.
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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 butterfly 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 inter-item 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
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and far from 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 asso-
ciations (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 primarily 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
association 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), Experi-
ment 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 n concepts and m 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 k where k < n, m.

To evaluate whether the resulting space supports general-
ization (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 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 geom-
etry of color semantics differs from that of connotative
and denotative spaces (criterion 4). Experiment 3 used
semantic differential ratings 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
associations 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 (see Methods).
Estimating the dimension of color semantic space.
To determine whether color semantic space is low rank, we
decomposed the 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 k orthogonal latent
components from a matrix X with m rows (words) and n
columns (colors), SVD models the data as the matrix product:
Xmxn = Umxk © Dixk - (VT)kxn, where U encodes the
direction each concept “points” in k dimensions, VT encodes
the direction of each color in k 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-D and D-V7T constitute embeddings
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Fig. 1. A. Our process for estimating color semantic space from human color-concept association ratings. The matrix of color-concept associations (X) is decomposed using
singular value decomposition (SVD) into matrices U, D, and V7. Matrix V7' is further decomposed using regression into a matrix of feature weights (1) times colorimetric
feature coordinates (C). Each row of matrix V7' constitutes one of the dimensions of color semantic space. B. Method for estimating the associations for a new color with all
concepts using the color semantic space and colorimetric predictors. C. Method for estimating associations for a new concept with all colors.

of the words and the colors, respectively, within the same
k-dimensional space. When the number of components k is
equal to the smaller of m or n, the matrix product U - D - V7T
perfectly recovers the original matrix. If, however, the matrix
is low-rank, it can be closely approximated by a much smaller
number of components.

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 Figure 2 (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 r(69)=.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
(see Supplementary Information); at rank 6 it was far lower
than the observed correlation (r(69)=.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 Figure 3A, 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, pre-
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Fig. 2. 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 = .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 = .96.

viously 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 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 (Figure
3A). The resulting regression models allowed us to both (a)
interpret each dimension of color semantic space in terms of
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Fig. 3. 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.

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 dimen-
sions in Figure 3A, with model predictions shown in Figure
3B. The model predictions fit the components well (r(69) =
.85 t0 .55, ps < .001; Figures 3A-B), establishing a systematic
relationship between the CIELCh color properties and each
of the color semantic dimensions. Figure 3C shows the
regression weights for the dominant hue (top) and dominant
axis (middle) for each dimension. Together, the dominant
hue and dominant axis correspond to the more positive values
in Figure 3A-B, and the opposing hue/axis correspond to the
more negative values. The dominant hue plots (Figure 3C)
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 (Figure
3C), but show the dominant azis 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. Figure 3C (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 Figure 3A, as illustrated by regression equation predictions
in Figure 3B (See section 3 in SI for further details).
Together these results show that the latent space underly-
ing color-concept associations meets two additional criteria
for a conceptual space: it is low-dimensional and, by virtue of
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Fig. 4. A. Pearson correlations between predicted and true association ratings for each UW-71 color with all concepts. 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 .05 level after correcting for multiple comparisons. All correlations are computed in leave-one-out fashion.

its systematic relation to measurable properties of colors,
supports 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
qualitatively 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
similar, negative weights to the second component shown
in Figure 3A. 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 Figure 3C.

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 Figure 1B. 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 Figure 1A. We then predicted the held-out color’s associa-
tion with each concept as in Figure 1B and computed the cor-

relation 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
(Figure 4A) were significantly positive for all colors after
applying the Holm-Bonferroni correction (mean r(28) = .87,
SD = .08, range: .51-.98, p < .001 for all). Thus, color seman-
tic space, characterized via color space regression, supports
generalization to colors not included in the original dataset.

Generalization to new concepts. The low-rank struc-
ture 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 (see SI Figure S2). Given color-concept association
ratings between the new concept and these basis colors, we
used linear regression to estimate the concept’s directions U,
then multiply the result by the matrix of color directions V7'
to obtain predictions for the concept’s associations with all
other colors (Figure 1C).

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 asso-
ciations (Figure 1A), then predicted the held-out concept’s
association with each color using only its associations with
the 7 basis colors (Figure 1C). 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



(Figure 4B) were significantly positive for all but one concept
(“beside”) after correcting for multiple comparisons (mean
r(62) = .81, SD = .17, range: .20-.97, p < .001 for all but
one). Thus, color semantic space supports generalization to
concepts not used to estimate the space: association data from
just seven basis colors was 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.

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

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

Experiment 2: Assessing generalization of color
semantic space to concepts drawn from new cate-
gories 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 con-
structed from the 30 concepts in Experiment 1 predicts associ-
ations for 5 new items from each of 7 new categories—animals,
vegetables, vehicles, weather phenomena, human values, activ-
ities, other abstract properties—plus 5 additional fruits with
distinct color associations from Experiment 1 (Table 1; see
Methods). If strong 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 simi-
larly 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 (see Methods), we followed
the procedure in Figure 1C 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 (Figure 4C). Among the items
showing non-significant 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 r(62) = .54, SD =.38;
see Figure 4C) was significantly lower than the mean
correlation for the 30 concepts in Experiment 1 (r(62) = .81)
(Figure 4B). This result suggests that the original six dimen-
sions 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 semantic space from
Experiment 1 is domain-general, then adding far fewer com-
ponents 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 Figure 1A, computing correlations between true and
reconstructed ratings using rank 1-70 matrices (Figure 2,
right). Reconstructing the ratings matrix with comparable
performance to the 6 components in Experiment 1 (r(69) =
.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 Supporting Information (SI) Figure S3.
These results provide further evidence that color semantic
space is indeed low rank and scales sub-linearly with the set
of concepts used to construct the space.

To assess whether the addition of a 7th latent component
produced better generalization to the 40 novel items than did
the original 6D space, we used the 7D space to estimate asso-
ciation ratings for each of the 40 concepts from Experiment 2,
applying the same leave-one-out procedure from Experiment
1 (Figure 1C). In this case the Joshi 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 r(58)
= .73 was significantly higher than the mean correlation
for predictions from the original 6D space, r(62) = .54
(t(39) = 3.17, p < .01; Figure 4D). All Pearson r values



were first transformed to normally distributed values using
Fisher’s r-to-z transformation prior to comparisons using
t-tests.We also compared the predicted vs. true association
strengths for just the original 30 concepts from Experiment 1
using the 7D space (r(58) = .77) versus the 6D space (r(62) =
.81) and found they did not significantly differ (¢(29) = —.57,
p = .57). Together these results suggest that the addition
of the 7th 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 Figures
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 not 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
multi-dimensional analog of Pearson’s r (see Supporting
Information). Since Procrustes alignment finds the best
possible match between spaces, it yields 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
Supporting Information for details and 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 identified as highly loading on
each component by Osgood (18), suggesting good replication
of the EPA space for our 70 concepts (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 (see Figure S1 A
in Supporting Information). While we observed a moderate
global correlation between the two spaces (r(68) = .30, p <
.01), the individual dimensions of the two spaces were not
all aligned whether assessed using Procrustes alignment or
more stringent regression methods. Section 5 in SI 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.,
blueberries and peaches), 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 reflect structure
unique to color semantics. Because the data needed to
estimate human-perceived similarities grows exponentially
with the number of items (see Methods), Experiment 4
employed the 30 words used in Experiment 1.

Ezxperiment 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.

Figure 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
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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.

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
embeddings in both spaces to three dimensions via multi-
dimensional scaling, then computed Procrustes correlations
between each pair of spaces (r values in Figure 5). The two
denotative spaces correlated significantly with each other (r
= .76, p <.001), showing that the different methods lead to
similar representational geometries. Neither denotative space
correlated significantly with color semantic space (word2vec:
r = .33, p=.14; GPT-3.5: » = .34, p = .11). Supporting
Information reports additional approaches to measuring
alignment, all suggesting no relationship between 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.

Ezxperiment 4b: Do human judgments of word
meaning reflect color semantic structure? To under-
stand whether color semantic similarities 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 semantics (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 embed-
ding separately in each condition, yielding three different
representational 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 (see Figure 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
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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 ¢-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** or p < 0.001***. Empty boxes indicate coefficients that were not statistically significant.
R? values next to each row correspond to variance explained in each human embedding dimension by language embedding and color-concept association components.

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
relationships 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 (60); 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), (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 represen-
tational 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 rela-
tions explain unique variance in human judgments of meaning
similarity 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 asso-
ciations 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 (61-63). Color-concept associations constrain the
meanings people derive from colors in graphical presentations
of data (e.g., bar graphs) (39, 64-66) 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 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—tactile 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.
(67) showed that distributional language models (e.g., GPT)
predict color-concept associations comparably for sighted and
blind participants. Moreover, Kim et al. (68) argued that con-
genitally 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 (69).

Related open questions concern why color semantic
dimensions are structured as they are. For instance, while
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component 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. (70)
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, 71, 72). When color is used 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 undergrad-
uates 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 non-binary; 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 (Supporting Information 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 px wide and
32 px tall). Participants rated how much they associated
the given color and concept by moving the slider marker
and clicking a “continue” button to record their response.
Trials were separated by a 1000ms inter-trial interval. The
background was gray (CIE Illuminant D65, x = .3127, y =
.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, 73-75). The experiment was coded
in jsPsych (76, 77) 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 (78). They were shown a screen
with 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 undergradu-
ates who received extra credit in their Psychology course.

Design, Displays, and Procedure. Data was 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 SI Table S7. To reduce the number of ratings for
each participant, we divided the 18 scales into 3 sets of 6
scales and 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
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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 (16)
and (18) comprising a total of 54 items less 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 tri-
adic comparisons, implemented using the SALMON online
tool (79), to estimate embeddings that capture human-
perceived semantic similarities amongst the 30 words from
Experiment 1 under different task instructions (49).

Participants. 36 UW-Madison undergraduates com-
pleted 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 <
1500ms), yielding a final sample size of 33 participants.

Design, Displays, and Procedure. On each trial
participants viewed a target word at the top middle of the
screen and two option words positioned symmetrically below.
The words were sampled randomly from the pool of 30
with uniform probability on each trial. Participants were
instructed to base their judgments either on (1) similarity
of associated colors, (2) symbolic similarity, or (3) similarity
in “kind of thing” (instructions varied between-subjects).
They then selected the option they judged most similar
to the target either by pressing the left / right arrow key
or by clicking on their choice with a mouse. Words were
presented in a font-size adjusted to screen dimensions. There
was an inter-trial interval of 500ms and no feedback. Each
participant completed 200 trials, yielding 2200 judgments per
condition. From these data we used the CrowdKernel ordinal
embedding algorithm implemented in SALMON to compute
word embeddings in 3 dimensions in each condition.

Denotative Word Embeddings. Two models were
used to compute word embeddings for the 30 Experiment
1 concepts. First was a word2vec model trained on the
COCA-fiction corpus (80), which was chosen because fiction
expresses abstract and analogical language more often than
other forms of text found on the internet. The second was
GPT-3.5 (48), a transformer-based large language model
(LLM) (47). Embeddings were extracted using OpenAl’s
text-embedding-ada-002 API, the last model in the GPT
series that allowed users to query for token embeddings.

Data and code availability. Data and code are available at
https://github.com/SchlossVRL/semantic_spaces_public/
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Supporting Information Text
1. Permutation Testing for Assessing Low-Rank Structure

In Figure 2. in the main text we show how the true color-concept association ratings data shows lower rank structure relative to
a permuted matrix. In practice, we shuffled the values in the full 30 x 71 matrix (Exp. 1) and 70 x 71 matrix (Exp. 2) matrix
10,000 times and each time, we reconstructed reconstructed the the original matrix using 1 — 30 (Exp. 1) and 1 — 70 (Exp. 2)
components. The ‘permuted mean’ red line in Figure 2 corresponds to the mean of the Pearson r values across permutation folds.

2. Choosing Basis Colors for Experiments 1 and 2
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Fig. S1. Estimating optimal number of basis colors for Experiments 1 and 2. Each graph shows the mean correlation between true ratings and reconstructed ratings for all
concepts (30 concepts in Exp 1; 70 concepts in Exp 2) when different numbers of basis colors are used following the Joshi Boyd method. We find that 7 and 11 colors allow us
to estimate the 6D and 7D color semantic spaces, respectively, and consequently the full ratings as up to 19 basis colors.

Experiment 1 basis colors (6D space)

Experiment 2 basis colors (7D space)

Fig. S2. The 7 basis colors used in Experiment 1 and the 11 basis colors used in Experiment 2.
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3. Further Details on Color Space Regressions

Below we report analogous color-space regression results for the seven Experiment 2 dimensions as was presented for the six
Experiment 1 dimensions in main text. Figure S4 visualizes the dominant hue and axis patterns over hue angles and how they
sum together to give the overall pattern of color weightings seen in Figure S3B.
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Fig. S3. A. Loadings for each UW-71 color on each of the 7 color semantic space dimensions estimated via SVD in Experiment 2 sorted from lowest to highest. B. Predicted
loadings on each color using colorimetric regression models. Arrows between A. and B. indicate Pearson r correlations between true and predicted loadings. C. Weights on the
colorimetric regressors for each color semantic space dimension—dominant hue, dominant axis, lightness, and chroma. In the top row, the filled black circle represents the
dominant hue and the open circle represents the opposing hue, with radius representing the strength of the weight. In the second row, the filled circles connected by a solid line
represent the dominant hue axis whereas the open points connected by dashed lines correspond to the opposite axis. The weighted combination of the dominant hue and
dominant axis provide a profile over hue. The bottom row shows weights on lightness and chroma. Taken together, these weights describe how each dimension of color
semantic space can be viewed as a weighted blend of colorimetric properties.
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Fig. S4. Hue harmonic patterns for the color-semantic space dimensions from Experiment 1 (top 2 rows) and Experiment 2 (bottom 2 rows). The 1st and 2nd harmonic curves
were constructed by plotting the trigonometric functions weighted by their 3 coefficients from the color-space regression models. The second and fourth rows sum up the first
and second harmonics to indicate the profiles of a a given component over hue angles. Sometimes the first and second harmonic are in phase and the resultant sum leads to
high peaks and at other times they are out of phase leading to troughs. Thus, together both harmonics explain the pattern of loadings seen in Figures 3.A and S3.A.

Color ‘ Sort Ind. ‘ X ‘ y ‘ Y ‘ L* ‘ a* ‘ b*
1 | 50 | 0178 | 0.140 | 1842 | 50.00 | 28.89 | —73.59
2 | 53 | 0174 | 0.083 | 442 | 2500 | 5386 | —72.28
3 | 54 | 0217 | 0.136 | 1842 | 50.00 | 53.86 | —72.28
4 | 55 | 0259 | 0.131| 1842 | 50.00 | 78.82 | —70.97
5 | 46 | 0187 | 0.192 | 1842 | 50.00 | 262 | —49.93
6 | 51 | 0191 | 0130 | 442 | 2500 | 2758 | —48.62
7 | 52 | 0231 | 0184 | 842 | 50.00 | 2758 | —48.62
8 | 57 | 0255 | 0.123| 442 | 2500 | 5255 | —47.32
9 | 56 | 0279 | 0.176 | 1842 | 50.00 | 5255 | —47.32
10 | 61 | 0328 | 0.167 | 1842 | 50.00 | 77.51 | —46.01
11| 45 | 0224 | 0284 | 4828 | 75.00 | —23.66 | —26.27
12 | 47 | 0208 | 0214 | 442 | 2500 | 131 | —24.97
13 | 48 | 0245 | 0.254 | 1842 | 50.00 | 131 | —24.97
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14 | 49 | 0263 | 0274 | 4828 | 75.00 | 131 | —24.97
15 | 58 | 0286 | 0199 | 442 | 2500 | 2627 | —23.66
16 | 59 | 0298 | 0241 | 1842 | 50.00 | 2627 | —23.66
17 | 60 | 0303 | 0262 | 4828 | 75.00 | 2627 | —23.66
18 | 62 | 0369 | 0181 | 442 | 2500 | 5124 | —22.35
19 | 63 | 0353 | 0226 1842 | 50.00 | 51.24 | —22.35
20 | 64 | 0408 | 0.211 | 1842 | 50.00 | 7621 | —21.04
21 | 44 | 0238 | 0357 | 7207 | 88.00 | —49.93 | —2.62
22 | 43 | 0253 | 0351 | 1842 | 50.00 | —24.97 | -1.31
23 | 42 | 0269 | 0345 | 4828 | 75.00 | —24.97 | -1.31
24 | 41 | 0275 | 0343 | 7207 | 83.00 | —24.97 | -1.31
25 | 6 | 0313] 0329 000 | 000 | 000 | 0.00
26 | 5 | 0313 | 0329 442 | 2500 | 000 | 0.0
27 | 4 | 0313 | 0329 1842 | 5000 | 000 | 0.0
28 | 3 | 0313 | 0329 4828 | 7500 | 000 | 0.0
29 | 1 | 0313 | 0.329 | 100.00 | 100.00 | 000 | 0.00
30 | 2 | 0313 ] 0329 7207 | 8.00 | 000 | 0.00
31 | 67 | 0410 | 0291 | 442 | 2500 | 2497 | 131
32 | 68 | 0374 | 0305 1842 | 50.00 | 2497 | 131
3 | 69 | 0357 | 0312 4828 | 75.00 | 2497 | 131
34 | 66 | 0434 | 0281 | 1842 | 50.00 | 4993 | 2.62
3% | 65 | 0492 | 0257 | 1842 | 50.00 | 7490 | 3.93
36 | 40 | 0270 | 0433 | 4828 | 75.00 | —51.24 | 22.35
37 | 39 | 0276 | 0418 | 7207 | 88.00 | —51.24 | 22.35
38 | 36 | 0308 | 0524 | 442 | 25.00 | —2627 | 23.66
39 | 33 | 0316 | 0444 | 1842 | 50.00 | —26.27 | 23.66
0 | 32 | 0317 | 0410 | 4828 | 75.00 | —26.27 | 23.66
41 | 31 | 0317 | 0399 | 7207 | 88.00 | —26.27 | 23.66
2 | 20 | 0418 | 0450 | 442 | 25.00 | —-131 | 24.97
43 | 17 | 0382 | 0407 | 1842 | 50.00 | —-131 | 24.97
4 | 16 | 0364 | 0386 | 4828 | 75.00 | -1.31 | 24.97
45 | 15 | 0357 | 0379 | 7207 | 88.00 | -131 | 2497
46 | 10 | 0522 | 0377 | 442 | 2500 | 2366 | 26.27
47 | | 0447 | 0370 | 1842 | 50.00 | 23.66 | 26.27
48 | | 0410 | 0362 | 4828 | 75.00 | 23.66 | 26.27
49 | | 0509 | 0.333| 1842 | 50.00 | 4862 | 27.58
50 | 70 | 0566 | 0299 | 1842 | 50.00 | 7359 | 28.89
51 | 38 | 0297 | 0577 | 1842 | 50.00 | —52.55 | 47.32
52 | 35 | 0310 | 0503 | 4828 | 75.00 | —52.55 | 47.32
53 | 34 | 0313 | 0479 | 7207 | 88.00 | —52.55 | 47.32
54 | 28 | 0368 | 0.525| 1842 | 50.00 | —27.58 | 48.62
55 | 28 | 0360 | 0471 | 4828 | 75.00 | —27.58 | 48.62
56 | 26 | 0356 | 0453 | 7207 | 88.00 | —27.58 | 48.62
57 | 22 | 0437 | 0472 | 1842 | 50.00 | —262 | 49.93
58 | 19 | 0409 | 0439 | 4828 | 75.00 | —2.62 | 49.93
59 | 18 | 0399 | 0427 | 7207 | 88.00 | —262 | 49.93
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60 | 13 | 0502 | 0421 | 1842 | 50.00 | 2235 | 51.24
61 | 12 | 0457 | 0407 | 4828 | 75.00 | 2235 | 51.24
62 | 11 | 0563 | 0373 ] 1842 | 50.00 | 4732 | 52.55
63 | 71 | 0618 | 0.330 | 1842 | 50.00 | 7228 | 53.86
64 | 37 | 0300 | 0.564 | 72.07 | 88.00 | —7882 | 70.97
65 | 29 | 0343 | 0561 | 48.28 | 75.00 | —53.86 | 72.28
66 | 30 | 0345 | 0532 | 72.07 | 88.00 | —53.86 | 72.28
67 | 24 | 0394 | 0521 | 48.28 | 75.00 | —28.89 | 73.59
68 | 25 | 0389 | 0500 | 72.07 | 88.00 | —28.89 | 73.59
69 | 23 | 0444 | 0481 | 4828 | 75.00 | —3.93 | 74.90
0 | 21 | 0432 | 0467 | 7207 | 8.00 | —3.93 | 74.90
1| 14 | 0492 | 0443 | 4828 | 75.00 | 21.04 | 76.21

Table S1. Coordinates for the UW-71 colors in CIE 1931 xyY space and CIELAB color space. The white point used to convert between CIE
1931 xyY and CIELAB space was CIE llluminant D65 (x = 0.313, y = 0.329, Y = 100). The ‘Sort Ind.’ column indicates the index of the color
when the colors are sorted by hue angle and chroma.

Concept ‘ L ‘ C ‘ cos(H) ‘ sin(H) ‘ cos(2H) ‘ sin(2H) ‘ k
above | 0.005 | 0.001 | -0.051 | -0.104 | -0.104 | -0.104 | 0.183
angry | -0.005 | 0.001 | 0.063 | 0.099 |  0.099 | 0.099 | 0.526
apple | -0.001 | 0.003 | -0.026 | 0201 | 0201 | 0201 0.151
banana | 0002 | -0.0| 0027 | 0177 | 0177 |  0.177 | 0.062
beach | 0.004 | -0.001 | -0.106 | -0.146 |  -0.146 |  -0.146 | 0.292
bear | -0.003 | -0.004 |  0.048 | 0.167 |  0.167 |  0.167 | 0.656
below | -0.005 | -0.002 | -0.021 | 0.039 |  0.039 |  0.039 | 0.808
beside | 0.001 | -0.0] -0.007 | -0.027 | -0.027 | -0.027 | 0.431
bird | 00]-0.002 | 0.003]| 0.023] 0.023| 0023 0553
blizzard | 0.003 | -0.004 | -0.062 | -0.272 | -0.272 | -0.272 | 0.422
blueberry | -0.001 | -0.0 | -0.104 | -0.232 | -0.232 | -0.232 | 0.448
boat | 0.001 | -0.004 | -0.038 | -0.159 | -0.159 | -0.159 | 0.513
car | -0.0 | -0.003 | 0.05 | -0.009 |  -0.009 | -0.009 | 0.485
carrot | -0.001 | 0.002 | -0.026 | 0.209 | 0209 | 0.209 | 0.22
celery | -00] 00] -0155| @ 0.19 | 0.19 | 0.19 | 0.182
cherry | -0.002 | 0.003 |  0.057 | 0.093 |  0.093 |  0.093 | 0.179
comfort | 0.003 | -0.002 |  0.022 | -0.07 | -0.07 | -0.07 | 043
corn | 0.001 | -0.0 | 0.0 | 0206 | 0206 | 0206 | 0.103
dawn | 0.003 | -0.001 |  0.054 | -0.033 | -0.033 | -0.033 | 0.332
day | 0.007 | 0.001 | -0.068 | -0.083 | -0.083 | -0.083 | 0.087
disgust | -0.004 | -0.001 |  -0.04 | 0201 | 0201 | 0201 | 0.652
dress | 0.002 | -0.001 | 0.077 | -0.112 | -0.112 | -0.112 | 0.393
driving | 00| -0.0| -0.041| 0041 | 0041 |  0.041 | 0475
drought | -0.0 | -0.003 | 0.11 | 0193 | 0193 |  0.193 | 0.469
dusk | -0.005 | -0.002 |  0.039 | -0.051 | -0.051 | -0.051 | 0.815
eating | 0.0 0001 | -0005| 0.102] 0102 |  0.102 | 0.344
efficiency | 0.003 | 0.001 | -0.033 | -0.055 | -0.055 | -0.055 | 0.266
eggplant | -0.002 | 0.0 | 0.062 | 0019 |  0.019 | 0.019 | 0.332
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evil | -0.006 | -0.0 | 0.006 | 0.084 | 0084 |  0.084 | 0.699

far | -0.002 | -0.002 | -0.013 | -0.014 |  -0.014 | -0.014 | 0.676
fearful | -0.004 | -0.001 |  0.022 | 0.046 |  0.046 |  0.046 | 0.63
field | -0.001 | -0.0 | -0.079 | 0.175 |  0.175 |  0.175 | 0.406
fish | -0.0 | -0.001 | -0.087 | -0.071 | -0.071 | -0.071 | 0.548
frog | -0.003 | -0.001 | -0.179 | 0.166 |  0.166 |  0.166 | 0.547
grape | -0.002 | 0.002 | 0.034 | 0.03 | 0.03 | 0.03 | 0.268
greed | -0.004 | -0.0 | -005| 0133 | 0133 |  0.133 | 0.633
happy | 0.006 | 0.004 | -0.006 | -0.091 | -0.091 | -0.091 | -0.015
hurricane | -0.002 | -0.002 | -0.118 | -0.128 |  -0.128 | -0.128 | 0.675
justice | 0.001 | -0.002 |  0.049 | -0.056 | -0.056 | -0.056 | 0.441
leisure | 0002 | -0.0 | -0.045| -0.092 | -0.092 | -0.092 | 0.42
lemon | 0003 | -00| 003 | 0115| 0115 |  0.115 | 0.051
lightning | 0.004 | -0.002 |  0.048 | -0.054 |  -0.054 | -0.054 | 0.202
lion | -00|-0.001| 0102 | 0212| 0212 | 0212 | 0.389
love | 0.003 | 0.003 | 0167 | -0.075 | -0.075 | -0.075 | 0.069
mango | 0.001 | 0.002 | 0029 | 0.164| 0164 | 0.164 | 0.132
mushroom | 0.0 | -0.004 |  0.104 |  0.17 | 0.17 | 0.17 | 0.387
near | 0.002 | 0.001 | 0007 | -0.025| -0.025 | -0.025 | 0.304
night | -0.007 | -0.003 | -0.013 | -0.053 |  -0.053 | -0.053 | 0.923
noon | 0.006 | 0.001 | -0.037 | -0.056 | -0.056 | -0.056 | 0.1
ocean | 00| -0.001 | -0247 | -0.29 | -0.29 | -0.29 | 0.514
pants | -0.001 | -0.005 |  0.024 | -0.046 | -0.046 | -0.046 | 0.622
peace | 0.006 | -0.001 |  0.018 | -0.102 | -0.102 | -0.102 | 0.221
peach | 0.002 | 0.001 | 0126 | 0125| 0125 | 0.125 | 0.073
plane | 0.002 | -0.004 | 0.01 | -0.113 | -0.113 | -0.113 | 0.408
reliability | 0.002 | -0.001 | ~ 0.025 | -0.035 | -0.035 | -0.035 | 0.361
sad | -0.004 | -0.004 | -0.058 | -0.069 |  -0.069 | -0.069 | 0.856
safety | 0.003 | -0.001 | -0.014 | -0.048 | -0.048 | -0.048 | 0.403
sandstorm | 0.001 | -0.003 | ~ 0.148 | 0193 | 0193 |  0.193 | 0.343
shirt | 0.001 | -0.003 | 0.038 | -0.059 | -0.059 | -0.059 | 0.614
shoes | 0.001 | -0.004 | 0.082 | -0.028 | -0.028 | -0.028 | 0.51
sky | 0.002 | -0.002 | -0.152 | -0.303 | -0.303 | -0.303 | 0.439
sleeping | -0.003 | -0.004 | -0.026 | -0.117 |  -0.117 | -0.117 | 0.863
socks | 0.001 | -0.004 |  0.086 | 0.001 |  0.001 |  0.001 | 0.465
speed | 0.003 | 0.004 | -0.021 | -0.007 | -0.007 | -0.007 | 0.083
strawberry | -0.001 | 0.002 | -0.001 |  0.12 | 0.12 | 0.12 | 0.232
sunset | 0.002 | 0.003 | 0132 | -0.012 | -0.012 | -0.012 | 0.137
train | -0.001 | -0.002 |  0.022 | 0.062 | 0062 | 0062 | 0.6
truck | -0.002 | -0.004 |  0.041 | 0.029 |  0.029 |  0.029 | 0.593
watermelon | -0.001 | 0.003 |  -0.06 | 0.167 |  0.167 |  0.167 | 0.233
working | -0.001 | -0.003 | -0.017 | 0.043 |  0.043 |  0.043 | 0.639

Table S2. Regression coefficients for color space regression models fit to each concept’s color-concept associations. L refers to lightness,
C refers to chroma, H refers to hue angle and k is a constant.
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4. Concept-wise and Color-wise Correlations from Experiments 1 and 2

The following tables list the exact Pearson r correlation values observed when predicting held out colors and concepts in

Experiments 1 and 2. Visualizations of the estimated color-concept associations can be seen later in this document.

Color ‘ Correlation ‘ p-value H Color ‘ Correlation ‘ p-value

53
52
42
13
11
12
56
37
36
59
66
67
24
55
31
14
68
26
35
65
41
58
20
61
51
5

54
57
10
18
21
70
47
2

38
16
17
63
2

0.975
0.971
0.960
0.957
0.955
0.952
0.949
0.949
0.948
0.938
0.937
0.936
0.935
0.935
0.934
0.933
0.926
0.925
0.923
0.922
0.921
0.920
0.918
0.916
0.914
0.913
0.911
0.908
0.906
0.905
0.902
0.900
0.772
0.761
0.751
0.713
0.682
0.609
0.510
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43
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8
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62
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46
1

9

45
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6
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48
39
27
44
60
19
28
49
4

33
3

34
22

0.896
0.892
0.891
0.890
0.883
0.882
0.876
0.872
0.869
0.869
0.863
0.863
0.859
0.849
0.847
0.841
0.840
0.840
0.839
0.839
0.838
0.832
0.829
0.826
0.821
0.814
0.813
0.808
0.796
0.785
0.777
0.773
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.05
.05
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.05
.05
.05
.05
.05
.05
.05
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Table S3. Holdout correlations between true and predicted ratings for each color in the UW-71 set.

Concept Correlation | p-value H Concept | Correlation | p-value
sad 0.966 < .05 disgust 0.898 < .05
noon 0.956 < .05 ocean 0.897 < .05
sky 0.952 < .05 below 0.869 < .05
pants 0.949 < .05 night 0.857 < .05
day 0.948 < .05 far 0.854 < .05
strawberry 0.941 < .05 beach 0.804 < .05
shoes 0.931 < .05 fearful 0.799 < .05
watermelon 0.925 < .05 happy 0.755 < .05
mango 0.919 < .05 blueberry 0.742 < .05
dusk 0.918 < .05 socks 0.739 < .05
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above 0.913 < .05 near 0.695 < .05
sunset 0.910 < .05 dress 0.634 < .05
field 0.904 < .05 lemon 0.615 < .05
angry 0.598 < .05
dawn 0.596 < .05
shirt 0.572 < .05
beside 0.200 0.113

Table S4. Holdout correlations between true and predicted ratings for each concept in Experiment 1.

Concept ‘ Correlation | p-value H Concept ‘ Correlation | p-value

frog 0.952 < .05 comfort 0.669 < .05
sleeping 0.952 < .05 efficiency 0.648 < .05
plane 0.937 < .05 mushroom 0.637 < .05
lion 0.928 < .05 speed 0.606 < .05
boat 0.884 < .05 apple 0.556 < .05
greed 0.828 < .05 bear 0.538 < .05
evil 0.828 < .05 safety 0.530 < .05
cherry 0.827 < .05 working 0.511 < .05
sandstorm 0.815 < .05 peace 0.442 < .05
blizzard 0.814 < .05 carrot 0.417 < .05
celery 0.807 < .05 truck 0.379 < .05
hurricane 0.805 < .05 justice 0.317 0.075
drought 0.769 < .05 eating 0.258 0.199
love 0.767 < .05 train 0.237 0.238
banana 0.755 < .05 peach 0.213 0.274
corn 0.743 < .05 bird 0.030 1.000
lightning 0.730 < .05 car —0.071 1.000
leisure 0.696 < .05 grape —0.297 0.103
reliability 0.687 < .05 eggplant —0.379 < .05
fish 0.677 < .05 driving —0.630 < .05

Table S5. Holdout correlations between true and predicted ratings for each concept in Experiment 2 using the 6D color semantic space from
Experiment 1.

Concept ‘ Correlation | p-value H Concept ‘ Correlation | p-value
sky 0.982 < .05 cherry 0.842 < .05
lion 0.973 < .05 plane 0.836 < .05
sad 0.959 < .05 peach 0.800 < .05
dusk 0.956 < .05 above 0.798 < .05
noon 0.953 < .05 happy 0.791 < .05
below 0.953 < .05 apple 0.788 < .05
boat 0.953 < .05 love 0.778 < .05
sunset 0.950 < .05 fish 0.777 < .05
truck 0.947 < .05 greed 0.771 < .05
hurricane 0.946 < .05 grape 0.746 < .05
shoes 0.943 < .05 dress 0.734 < .05
day 0.942 < .05 banana 0.729 < .05
blizzard 0.938 < .05 sleeping 0.720 < .05
leisure 0.934 < .05 reliability 0.720 < .05
pants 0.929 < .05 watermelon 0.706 < .05
blueberry 0.918 < .05 carrot 0.697 < .05
ocean 0.911 < .05 strawberry 0.680 < .05
sandstorm 0.906 < .05 fearful 0.643 < .05
celery 0.892 < .05 near 0.632 < .05
socks 0.890 < .05 far 0.594 < .05
train 0.889 < .05 lightning 0.586 < .05
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disgust 0.888
shirt 0.888
bear 0.882
drought 0.881
frog 0.881
mushroom 0.879
car 0.878
night 0.872
beach 0.865
mango 0.845
justice 0.845
working 0.844
eggplant 0.842

.05
.05
.05
.05
.05
.05
.05
.05
.05
.05
.05
.05
.05

ANANANANANANANNANNA

efficiency 0.575
eating 0.545
speed 0.516
driving 0.503
dawn 0.500
beside 0.485
bird 0.463
peace 0.459
angry 0.391
corn 0.387
evil 0.359
field 0.289
lemon 0.212
safety 0.153
comfort 0.053

.05
.05
.05
.05
.05
.05
.05
.05
.05
.05
.05
0.100
0.312
0.488
0.690

ANANANNANANANNANANA

Table S6. Holdout correlations between true and predicted ratings for each concept in Experiment 2 using the 7D color semantic space.

5. Semantic Differential Ratings Experiment

Scale # Raters
agitated vs. calm 38
awful vs. nice 44
bad vs. good 38
bitter vs. sweet 41
black vs. white 47
bland vs. pungent 40
cowardly vs. brave 33
cruel vs. kind 47
dark vs. bright 43
dead vs. alive 38
delicate vs. rugged 40
dirty vs. clean 38
distasteful vs. tasty 38
dry vs. wet 41
dull vs. sharp 41
empty vs. full 41
ferocious vs. peaceful 41
foul vs. fragrant 43
freezing vs. burning 37
hard vs. soft 38
hazy vs. clear 33
hellish vs. heavenly 38
light vs. heavy 41
little vs. big 44
low vs. high 37
mild vs. harsh 37
narrow vs. wide 40

Below we present details on the results from Experiment 3 comparing EPA space to color-semantic space.

‘ Scale # Raters
old vs. young 38
passive vs. active 43
poor vs. rich 33
powerless vs. powerful 44
profane vs. sacred 33
quiet vs. noisy 44
red vs. green 47
rounded vs. angular 43
sad vs. happy 37
shallow vs. deep 38
short vs. long 37
sick vs. healthy 40
slow vs. fast 44
smooth vs. rough 43
soft vs. loud 47
sour vs. sweet 44
stale vs. fresh 40
tense vs. relaxed 33
thin vs. thick 33
treble vs. bass 43
ugly vs. beautiful 38
unfair vs. fair 40
unknown vs. known 37
unpleasant vs. pleasant 47
weak vs. strong 38
worthless vs. valuable 47
yellow vs. blue 38
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Table S7. Number of unique raters per semantic differential scale. Data were collected for the Experiment 1 and Experiment 2 concept sets
separately with the goal of acquiring around 20 participants worth of data per scale.
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Dimension | Scale R?

1 bitter vs. sweet 0.92
agitated vs. calm 0.90
unpleasant vs. pleasant | 0.90
ferocious vs. peaceful 0.89
awful vs. nice 0.88
cruel vs. kind 0.88

2 powerless vs. powerful 0.81
weak vs. strong 0.81
little vs. big 0.75
passive vs. active 0.69
low vs. high 0.60
dull vs. sharp 0.42

3 shallow vs. deep 0.36
unknown vs. known 0.36
yellow vs. blue 0.31
short vs. long 0.26
quiet vs. noisy 0.22
narrow vs. wide 0.21

Table S8. Highest loading scales on each of the first 3 dimensions of the EPA space derived from Experiment 4. The R column represents
the variance in each scale captured by the underlying dimension. The results broadly conform with those from Osgood’s (? 7 ) original work.

Category | Concepts

Experiment 1

Clothes (1)Dress, (2)Pants, (3)Shirt, (4)Socks, (5)Shoes
Fruits (6)Blueberry, (7)Lemon, (8)Mango, (9)Strawberry, (10)Watermelon
Scenes (11)Beach, (12)Field, (13)Ocean, (14)Sky, (15)Sunset
Emotions (16)Angry, (17)Disgust, (18)Fearful, (19)Happy, (20)Sad
Directions (21)Above, (22)Below, (23)Beside, (24)Near, (25)Far
Times of Day | (26)Dawn, (27)Day, (28)Dusk, (29)Noon, (30)Night
Experiment 2
Animals 31)Bear, (32)Bird, (33)Lion, (34)Frog, (35)Fish

(31)
Automobiles | (36)Airplane, (37)Car, (38)Boat, (39)Truck, (40)Train
Fruits (41)Apple, (42)Banana, (43)Cherry, (44)Grape, (45)Peach
Vegetables | (46)Carrot, (47)Celery, (48)Corn, (49)Eggplant, (50)Mushroom
(51)
(56)
(61)
(66)

Weather 51)Blizzard, (52)Drought, (53)Hurricane, (54)Lightning, (55)Sandstorm
Values 56)Evil, (57)Greed, (58)Justice, (59)Love, (60)Peace

Activities 61)Driving, (62)Eating, (63)Sleeping, (64)Leisure, (65)Working
Properties 66)Comfort, (67)Efficiency, (68)Reliability, (69)Safety, (70)Speed

Table S9. Concepts used in Experiments 1 and 2 organized by category and the number of rater judgments used to estimate color-concept
associations for each concept within each category. Same as the table reported in the main text but with each concept indexed by a number
to help explain Figure S5.

Comparing 3D and 7D Procrustes alignment. In the main text, we report comparisons between 3D representations
of color semantic space and EPA space derived from the semantic differentials method. Here we report the results when using
the full 7D color semantic representations from Experiment 2 and the general analytic approach.

For our general approach, we first computed cosine similarity matrices for X concept association data matrix and the
average scale X concept association data matrix and applied classical multidimensional scaling. We next compared the resulting
representational geometry of the two spaces by computing the Procrustes correlation between the spaces and tested for
significance by independently permuting the order of concepts in the two matrices 10,000 times. For the 3D results presented
in main text, we found that the two spaces were correlated moderately with r(68) = .30, p < .01. The Pearson correlation
between the aligned dimensions were r = .12, r = .33, and r = .34 respectively, with only the first two dimensions being
significantly aligned after corrections (Figure S5B). In the case of the 7D space, the overall Procrustes correlation was r(68) =
44, p < .01, with individual dimension correlations ranging from r = .20 to r = .44 (Figure S5C). Five of the seven dimensions
were significantly correlated after corrections. We note that even after aligning the spaces, the two spaces only shared 9% and
19% variance in 3D and 7D, respectively.

To compare the spaces, we computed the Procrustes alignment, which involved applying transformations to both matrices
such that all the vectors that constitute each matrix are centered at 0 and that each matrix has an overall Frobenius norm of
1. Following this step, the points in the first matrix were aligned to the points of the second matrix to minimize the sum of
squared errors (SSE) of the point-wise differences in coordinate space. The Procrustes correlation is analogous to the Pearson r
metric and is a measure of how aligned the two representations are with larger numbers indicating stronger alignment. We
implemented these analyses using the procrustes module from the scipy library in Python. To test for statistical significance,
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A. Color Concept Associations Semantic Differential Ratings
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Fig. S5. A. The coordinates of each of the 70 concepts along first 2 dimensions of the U - D matrices derived from color-concept association ratings (left) and semantic
differential ratings (right). Each concept is indicated with both a number and a unique color, and the same color is used to indicate the same concept in both graphs (see Table
S9). Note, the colors used are for illustrative purposes and do not correspond to the most associated color for each concept. B. Correlation between the first 3 dimensions of
color semantic space with the first 3 dimensions of EPA space after Procrustes aligning the two spaces. C. Correlation between the first 7 dimensions of color semantic space
with the first 7 dimensions of EPA space after Procrustes aligning the two spaces.

we permuted the order of concepts in both matrices and computed the disparity for the resulting pair of shuffled matrices
10,000 to obtain a null distribution. We tested whether the true observed value fell within the null distribution.

Using regression to estimate alignment. An alternative approach for measuring the alignment of the spaces, which does
not require applying dimensionality reduction to the color-concept associations is that of using linear regression. Specifically,
we fit separate models to predict each of the 3 dimensions of EPA space for a given concept from its full 71-dimensional
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vector of associations over the UW-71 colors. We fit models in a leave-one-out fashion and estimate the correlation between the
true and predicted EPA coordinates. To test for significance, we apply permutation testing by scrambling the assignment
between concepts’ color associations and their EPA coordinates when fitting models. Under this regime, we found that the
first dimension of EPA space could be predicted from color-concept associations (r(68) = .40, p < .05), but that the second
and third dimensions could not be predicted (r(68) = —.05, p = .72; (r(68) = .14, p = .27)). Thus, even with this alternative
analyses only 1 of the 3 EPA dimensions could be decoded from color-concept associations, further suggesting the distinctness
of these spaces.

6. Comparing Denotative Spaces to Color-Semantic Space

The main text reports analyses that compare GPT-3.5 and word2vec embeddings to color-semantic space using Procrustes align-
ment. Here, we provide complementary analyses using regression as the primary method of analysis. Similar to the EPA analyses,
here we attempted to predict concepts’ color-semantic coordinates (top 3 as reported in main text) using the full 300 dimensional
word2vec and 15004 dimensional GPT-3.5 embedding spaces. Since the embedding dimensions far outstrip the number of items
in our dataset we applied regularized ridge regression using the glmnet library in R. We once again adopted a leave-one-out
paradigm, where we held out a concept, estimated a model on the remaining concepts and then predicted the held out concepts’
coordinates in color-semantic space. We fit separate models for each dimension. Here, the key question was whether we could
reconstruct the full color-concept association matrix from the predicted concept directions yielded by the regression models.
Thus, we reversed the dimensionality reduction process using the estimated coordinates as opposed to the true coordinates.
We computed the mean Pearson r across the 30 concepts and tested whether this value was significant (after Fisher r-to-z
transformations) by applying permutation testing. We found a weak by significant correlation between the true color-concept
association matrix and the ones yielded by word2vec (r(28) = .18; p < .05) and GPT-3.5 (r(28) = .24; p < .05) embeddings.
These correlations, however, were far below the correlations yielded by estimating the full color-concept association matrix from
the color-semantic space dimensions (r(28) = .74; p < .001). Thus, even when expressing the denotative spaces in their nat-
ural dimensionality, they recover, at best, around 6% of the total variance in the original color-concept association ratings matrix.
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Fig. S6. Mean human color-concept association ratings for all 70 concepts across the UW-71 colors.
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Fig. S7. Color-concept association rating predictions from Experiment 1.
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Fig. $8. Color-concept association rating predictions from Experiment 2 (using the color-semantic space from Experiment 1).
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Fig. $9. Color-concept association rating predictions from Experiment 2 (using full 7D color-semantic space).
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Fig. S10. True vs. Predicted association ratings from Experiment 1.
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Fig. S11. True vs. Predicted association ratings from Experiment 2 when using the color-semantic space from Experiment 1.
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Fig. S12. True vs. Predicted association ratings from Experiment 2 using the color-semantic space estimated from the entire ratings dataset.
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