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Abstract
What is the similarity structure of visual art? Using Dream-
Sim (Fu et al., 2023), a variant on a CLIP neural network
model optimized to produce human-like similarity scaling,
we investigated the distinctiveness of artworks consider-
ing both art movements and artists, two dominant forms of
category information organizing visual art. Art movements
differed in their distinctiveness from other movements
and also in the degree to which different artists within
each movement were separable. This work highlights the
promise of using linguistically-informed similarity spaces
for understanding the impact of the arts on cognition.
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Introduction
Experiences with art can be highly impactful: they can emo-
tionally move (Menninghaus et al., 2019), provide creative
inspiration (Welke et al., 2021), and affect mood (Trupp et al.,
2023). Yet the cognitive mechanisms by which art objects have
these effects are still poorly understood.

Several long-standing ideas in empirical aesthetics, along
with recent theoretical and experimental work, point to an inti-
mate relationship between aesthetic judgments of artwork and
the process by which people build an understanding of the
world around them (Biederman & Vessel, 2006; de Cruys et
al., 2024; Sarasso et al., 2020; Schmidhuber, 2009). Although
our internal models of the visual environment span many hi-
erarchical levels, it has been hypothesized that conceptual
knowledge reflecting how we categorize the world around us
may have an especially strong influence on aesthetic judg-
ments (Brielmann & Pelli, 2019; Iigaya et al., 2021). In the
context of visual artwork, it is likely that many forms of cate-
gorical knowledge influence how a stimulus is perceived and
interpreted. For example, classification of an artwork as an
artwork has a fundamental organizing effect on subsequent
aspects of evaluation (Leder et al., 2004). Two of the most
salient aspects of the categorization of artworks are by art
movement (roughly akin to style or period) and artist.

We utilize recent developments in machine learning to ex-
plore the similarity space of visual artworks with respect to
these two levels of categorization (art movement and artist).
More specifically, we make use of DreamSim (Fu et al., 2023),
a multimodal neural network that combines visual information
with semantic information about the relatedness of linguistic
categories and has been optimized for computing human-like
similarity metrics of images.

Methods and Analyses
Stimuli. We downloaded 106,112 images of artworks from
wikiart.org, spanning 15 different art movements and 1,230
artists. We restricted our analysis to art movements that had at
least 8 artists with 100 unique artworks (thus excluding 4 move-
ments). We created a balanced dataset with 100 randomly
selected images for each artist.

Analysis Pipeline. We used DreamSim (Fu et al., 2023)
to embed the art images into a comprehensive latent space.
DreamSim is a variation on CLIP (Contrastive Language-Image
Pre-training; (Radford et al., 2021)): a neural network model
that is optimized for computing vector-space similarity metrics
that align with human similarity ratings. For each image, Dream-
Sim outputs a 1792-dimensional vector reflecting the embed-
ding of each image into a human-aligned similarity space.

To evaluate the distinctiveness of different art movements (or
artists within a movement) we used support-vector machines
(SVM; (Vapnik, 1997)) to assess the linear separability of the
classes. Within each art movement, we used a stratified k-fold
(k=5) cross-validation strategy and the SVM implementation in
scikit-learn (Pedregosa et al., 2011) with a linear kernel and
the default regularization parameter C=1. We report the mean
and standard deviation across the 5 folds in Table 1.

To visualize structure in this embedding, we first applied
principal component analysis (PCA). We kept 500 dimensions,
which captured 85% of the variance. We then applied t-SNE (t-
distributed Stochastic Neighbor Embedding; (van der Maaten &
Hinton, 2008)) a non-linear dimensionality reduction technique,
to arrange items in a two-dimensional space for visualization.

Results
How distinctive are different art movements?
The similarity space embedding for the full set of artworks is
illustrated in Fig. 1a, labeled by art movement. Some move-
ments appear to be both distinctive and tightly grouped ((e.g.
abstract expressionism, dark purple). Other movements such
as impressionism and post-impressionism, appear highly inter-
mixed. Romanticism is notable for consisting of well-separated
groupings spread throughout the similarity space.

Within a movement, how distinctive is each artist?
Fig. 1b shows the same embeddings, labeled by artist. A
comparison of the movement-labeled embedding to the artist-
labeled embedding makes it clear that many of the individual
groupings within Romanticism comprise paintings from indi-
vidual artists, each of which occupies a distinctive region of
similarity space despite sharing the common movement label.
On the other hand, the impressionist painters appear far less
tightly grouped, with artworks from individual painters being
more similar to those of other artists. Abstract-expressionism
shows an intermediate pattern: all painters appear very close
together, but still show distinctiveness from painter to painter.

Are there differences across movements in the
distinctiveness of individual artists?
To formally test differences across genres, we measured the
separability of the 8 most prolific artists in each movement
(Table 1). Separability scores ranged from 94.8% correct clas-
sification for Surrealism to 79.1% correct classification for Im-
pressionism. Separability for Romanticism was 92.1%, confirm-
ing that individual Romantic artists are more separated than
Impressionist artists. Separate visualizations of the embed-
dings for these two movements (Fig. 1c,e) clearly show that



Figure 1: a) Visualization of 8800 artworks in a 2-dimensional similarity space, labeled by art movement (8 artists by 11 art
movements, 100 items/artist). The embedding was computed using DreamSim (Fu et al., 2023), and visualized in 2-dimensions
using tSNE after dimensionality reduction (see Analysis). b) Visualization of the same 8800 artworks labeled by artist. c) Similarity
space for Romanticism labeled by artist and d) the confusion matrix for the Romanticism test set (160 images), illustrating a
very high degree of distinctiveness. e) Similarity space for Impressionism labeled by artist and f) the confusion matrix for the
Impressionism test set (160 images), illustrating a lower degree of distinctiveness.

individual artists form much more distinct clusters for Romanti-
cism than Impressionism. Confusion matrices for the test trials
(Fig 1d,f) reveal that works by the Impressionist artist Monet in
particular are highly confusable with other artists.

Art Movement Artist Separability Score standard dev.
Score Mean 5-fold CV

Surrealism 0.94750 0.008478
Expressionism 0.92875 0.021506
Abstract-expressionism 0.92375 0.014470
Romanticism 0.92125 0.009354
Post-impressionism 0.86500 0.018371
Rococo 0.86000 0.025495
Symbolism 0.85500 0.009186
Baroque 0.84750 0.021139
Neoclassicism 0.83375 0.034596
Realism 0.82875 0.032500
Impressionism 0.79125 0.015104

Table 1: Separability of artists in each of 11 art movements,
computed as a proportion of correct classifications in the test
set (100 images per movement) across 5 cross-validation folds.

Conclusion
Using a deep neural network trained to produce human-like
similarity ratings, we analyzed the distinctiveness of two domi-

nant forms of categorical structure, art movements and artists,
across a large database of visual artwork. We found notable
differences across different art movements, both in their degree
of distinctiveness between different art movements and in the
overall similarity of individual paintings within a movement.

We note that the degree to which the observed similarity
structure would reflect the judgments of individual human ob-
servers remains to be seen. In addition, it is unclear how low-
level features reflecting style and medium, versus high-level
semantic information informed by the inclusion of language in
DreamSim training, shape the resultant similarity space.

Despite these shortcomings, this approach shows great
promise. These results form a basis for understanding how the
category structure of visual artwork, a human-made, highly-
varied class of objects, relates to their underlying visual and
semantic similarity. This information will enable the develop-
ment and testing of models for how the the impact of an art
object relates the conceptual and categorical structure of inter-
nal representations.
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