


Figure 2: UMAP of embeddings for all color images in dataset. Dimensionality reduction using
PCA (with n = 50 components) was applied to the embeddings before UMAP. Panel to the right
highlights four clusters in the projected data: A) A distinct grouping of portraits of women, sepa-
rated from portraits of men, B) Clear stylistic partition of religious or historically themed paintings
from other motives with humans, C) Specific depictions of trees and landscapes group together,
D) Paintings of ships in gloomy weather form a detached cluster from other natural motives.

dataset, 574 paintings were only available in grayscale digitization. See Figure 2 for a visualization
of the dataset, and Table 1 for a description.

Paintings Artists Museums Period
Color Gray Danish German Other Danish Other pre-1800 post-1800

Count 1,082 574 165 36 71 52 96 304 1352

Total 1,656 272 148 1,656

Table 1: Overview of the SMKdataset used in this study, by digitization type, artist origin, museum
affiliation, and rough periodization.

3.1 Defining the canon

We operationalize canonical status through exhibition history, following a long-standing view that
the canon is instantiated by acts of reproduction - citations in art-historical discourse, mechanical
copies, and, crucially, public displays in museum exhibitions [11; 25; 28; 37]. Vogel [43] even
directly states that “exhibitions establish the canon”. Using the rich metadata in SMK’s collec-
tion, which records exhibitions (in-house, national, and international), their dates, and the current
display status of a painting, we derive three indicators of canonicity:

• Exhibitions canon: the work appeared in at least one documented exhibition in the 21st
century to reflect the contemporary canon of Golden Age paintings.
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• SMK exhibitions canon: the work has been exhibited at least once at SMK, independent of
date.

• On display canon: the work is currently on public display in the permanent galleries at
SMK.

See overview of canon labeling in Table 2.

Color Grayscale
Canon Non-canon Canon Non-canon

Exhibition canon 598 484 641 1,015
SMK exhibitions canon 353 729 369 1,287
On display canon 223 859 227 1,429

Total 1,082 1,656

Table 2: Overview of canon variables. Note that a painting can appear in multiple canon groups.

4 Methods
We follow a similar methodological pipeline as Feldkamp et al. [15] do for modeling canonicity in
literary works:

4.1 Model selection

The selection of the pretrained multimodal model used for embeddings is grounded in a prior
model comparison for representing artworks by Hansen et al. [20]. The authors evaluated several
models from the PyTorch library for pre-trained vision models, timm [44], using domain-relevant
classification tasks on a large dataset of artworks. They found that the best-performing model was
EVA-02-CLIP [14], a multimodal model which employs an EVA-02 vision transformer backbone
and was contrastively pre-trained on 2 billion image–text pairs, enabling strong alignment between
visual and linguistic representations across diverse domains.9 In the rest of the paper, we will
present results based on this model.

4.2 Extracting embeddings

Before extracting embeddings, each painting in the dataset was resized and normalized.10 Since
not all paintings had digitized color images, we first extracted embeddings for only the 1,082
colored images in the dataset. Subsequently, we extracted embeddings for the entire dataset after
converting all images to grayscale.11 These two types of embeddings will be referred to as color
embeddings and grayscaled embeddings, respectively.

4.3 Synchronic comparison

We initially inspect groupings in our data with PCA (components n = 2) visualizations of embed-
dings implemented with scikit-learn [35].
9 See model card at https://huggingface.co/timm/eva02_large_patch14_clip_336.merged2b
10 Resize dimensions and normalization strategies followed the configurations of the pretrained EVA-02-CLIP model
and were implemented with timm.
11 We used the standardized way of converting color images to grayscale, the ITU-R 601-2 luma transformation.
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Figure 3: PCA plots (components n = 2) for ‘exhibition canon’, color and greyscale

4.4 Measuring diachronic change

We examine the intra-group (within-canon) and inter-group (canon vs non-canon) dynamics of our
sample through cosine similarities of embeddings over time. Inter-group similarity indicates the
cosine similarity of the canon vs. non-canon groups over time, using the mean embedding for each
group in a rolling window.12 In contrast, intra-group similarity indicates the internal similarity of
a group, assessed through the mean internal cosine-similarity in a rolling window.

4.5 Supervised classification

We explore differences in canon and non-canon signals through a binary classification task, pre-
dicting labels from paintings’ embeddings. For the classification step, we tested a logistic regres-
sion and a multi-layer perceptron (MLP) classifier, both implemented using scikit-learn [35]. The
logistic regression classifier was implemented with L2 penalty, while the MLP classifier used a
single hidden layer size of 100, an adaptive learning rate and a maximum of 100 training iterations.
We test the models with stratified K-fold cross-validation (K = 10). To account for imbalances
of canon vs non canon paintings in our sample, we balance the train set of each fold using Rando-
mUnderSampler from imbalanced-learn [30]. We report the mean K-fold cross-validated macro
F1 scores for both balanced and unbalanced data across model types and canon definitions.

5 Results
5.1 Synchronic results

Upon immediate inspection, the PCA plot shows no significant distinction between canon and
non-canon, as evident from the large overlap of paintings from the two groups (see Figure 3). The
first two PCA components cluster the embeddings on the images’ principal motif, topic, or domain
(see Figure 8 in Appendix A), displaying separate clusters for portraits and landscape paintings.
The distributions of portrait and landscape paintings exhibit considerable consistency across both
canonical and non-canonical groupings, irrespective of whether colored or grayscaled embeddings
are used. This suggests that there is no significant differentiation between these groups with respect
to the specific motifs represented in the artworks.
12 For the rolling window, we use a window-size of 30 years with a step-size of 1.
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Figure 4: Intra-group similarity for canon variables as measured by the mean cosine similarity
of embeddings for each canon variable within a rolling window (size = 30, step = 1). We show
the correlation of mean cosine similarity with time at the top of each plot (Spearman’s ρ), all
significant, p < 0.01. The band represents the 95% confidence interval of the mean estimated
via bootstrapped resampling (n = 1, 000) of cosine similarities for each time window. At the top:
only embeddings of canon paintings in color (n min = 223,max = 598); Below: embeddings of
all canon paintings in grayscale (n min = 227,max = 641). Canon-group sizes for each setting
depend on canon definition (see Table 1).

Figure 5: Intra-group similarity for all non-canon paintings across canon definitions, color (n =
436) and grayscale (n = 962), showing significant correlations with time, p < 0.01.

5.2 Diachronic results

An analysis of both canon and non-canon groups (Figure 4 and Figure 5) reveals a decline in intra-
group similarity from 1780 to 1810. This suggests a period of artistic innovation, as paintings
appear to become more diversified within groups. An examination of the data reveals that this
interval coincides with the emergence of landscape paintings as a dominant motif, partly replacing
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Figure 6: Inter-group similarity for canon variables, as measured by the cosine similarity of mean
embeddings for each of the two groups (canon/non-canon) in a rolling window (size = 30, step
= 1). All variables except for On display canon (greyscaled) (bottom right) show a significant
correlation with time, p < 0.01. At the top: embeddings of paintings in color (n = 1, 082);
Below: embeddings of all paintings in grayscale (n = 1, 656).

portraits, the most prevalent motif before this period (see subsection A.3 in Appendix A).
Upon immediate inspection, results reveal a general increase in inter-group similarity (Fig-

ure 6). However, results also reveal a decreased inter-group similarity around 1800, which might
indicate an enhanced experimentation and a shift in artistic conventions pulling the two groups
apart, but unlike the intra-group change, this drift does not seem related to the pioneering of a
specific motif - not even landscapes, that appear to enter both groups in the same period (see sub-
section A.3 in Appendix A). In other words, it is not an explicit innovative role that is making one
group ”newer” than the other.13

The overall increase in similarity after 1810, within and between groups, may be reflective of
the popularization and standardization of the new motifs, highly influenced by important figures
such as C. W. Eckersberg, whose work and teaching shaped the aesthetics of the Golden Age,
escpecially the introduction of landscape paintings.

5.3 Classification results

Classification results from the binary classification of canon vs non-canon labels are reported in
Table 3. The models generally achieve higher predictive performance for the exhibition canon cat-
egory relative to the other canon labels, likely due to the larger sample size of canonical paintings
within this group. While the overall classification results are modest and do not show impressive
performance, they nonetheless still suggest the presence of certain intrinsic features that differ-
entiate canonical paintings from non-canonical paintings. This adds an interesting aspect to the
13 Note that cosine similarities are generally high, so these fluctuations reflect subtle shifts. Inter-group scores use mean
embeddings, which smooth individual variation and yield higher, narrower similarity ranges than the raw embeddings
used in the intra-group analysis.
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already reported results and suggests that we do observe some, albeit subtle, differences between
the two groups.

Logistic Regression MLP Classifier
Unbalanced Balanced Unbalanced Balanced

Exhibition canon 0.635 ± 0.028 0.628 ± 0.055 0.666 ± 0.023 0.667 ± 0.028
SMK exhibitions canon 0.63 ± 0.06 0.625 ± 0.046 0.69 ± 0.046 0.654 ± 0.042
On display canon 0.62 ± 0.045 0.55 ± 0.039 0.651 ± 0.047 0.564 ± 0.052

(a) Color embeddings

Logistic Regression MLP Classifier
Unbalanced Balanced Unbalanced Balanced

Exhibition canon 0.685 ± 0.038 0.682 ± 0.043 0.725 ± 0.039 0.72 ± 0.04
SMK canon 0.659 ± 0.035 0.629 ± 0.027 0.687 ± 0.03 0.639 ± 0.026
On display canon 0.64 ± 0.064 0.572 ± 0.036 0.631 ± 0.074 0.592 ± 0.044

(b) Grayscaled embeddings

Table 3: Mean stratified K-fold cross-validated (K=10) macro F1 scores and standard deviations
for binary prediction tasks of canon and non-canon for all canon variables.

6 Conclusion and Future Works
We have scrutinized two persistent, opposing art-historical claims: that canonical paintings possess
distinctive traits capable of being distinguished from non-canonical works or introducing aesthetic
innovation, or, conversely, that the reason for them being canonical cannot be found in the works
themselves. Using visual embeddings, we have employed both unsupervised and supervised meth-
ods to begin addressing these competing claims. Consistent with findings from qualitative scholars
(see subsection 2.1), our first unsupervised approach revealed no observable difference between
canonical and non-canonical paintings, supporting the extrinsic interpretation. This aligns with
Feldkamp et al. [15], whose PCA visualizations of literary works also failed to differentiate be-
tween canonical and non-canonical novels.

Unlike the findings of Feldkamp et al. [15] regarding literary influence, we did not observe
obvious temporal patterns suggesting that canonical paintings serve as trendsetters. We find no
clear evidence that canonical artworks systematically introduce motifs subsequently adopted by
non-canonical artists. The fact that we cannot corroborate Feldkamp et al. [15] and detect novelty
in the visual arts canons may reflect medium-specific differences: literature’s broader distribu-
tion and consumption versus the visual arts’ historical exclusivity and institutional containment.
Nineteenth-century literature, aided by technological advances, increasingly reached broader au-
diences, playing a central role in public culture [13; 24]. By contrast, visual art remained largely
confined to elite circles until public museums expanded access towards the end of the century.
As a result, we might be modeling differences in-group, as all visual artworks in our sample may
carry the ’canonical’ quality, while, by comparison, Feldkamp et al. [15] may be capturing the
higher degree of differentiation that characterizes the literary field in this period [5]. Still, our di-
achronic analysis reveals a subtle pattern of divergence and convergence between canonical and
non-canonical paintings, suggesting a degree of differentiation between the two groups.

Despite the absence of clear unsupervised distinctions, supervised methods yielded a measur-
able signal. A simple classifier distinguished canonicals from non-canonicals with above-chance
performance (F -score≈ 0.70 for classification of exhibition canon with greyscaled-embeddings),
making it impossible to dismiss the existence of some inherent aesthetic characteristics in canonical
art, and challenging the extrinsic narrative prevalent in qualitative debates.
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These findings resonate with Langfeld [28] and Carrier [8], who emphasize the inseparabil-
ity of aesthetics and historical contexts. Langfeld [28] argues that neglecting visual aesthetics
overlooks art’s elemental aspects, yet acknowledges that aesthetic perception is contingent rather
than timeless. Carrier [8] further highlights how aesthetic judgments are mediated by institutional
evaluations.

Our analysis underscores the medium-specific dynamics of canon formation, emphasizing the
impact of accessibility, dissemination, and consumption contexts. The observed intrinsic and aes-
thetic overlaps between canonical and non-canonical artworks suggest potential biases in museum
practices; notably, SMK’s digitization efforts favor canonical paintings, indicating a preference
for high-quality digitization of culturally recognized works. Recognizing these dynamics enriches
our understanding of cultural history, illustrating how the processes of canon formation profoundly
mirror their societal contexts. Future research should extend these methodological insights and
empirical results to other artistic traditions, incorporating advanced computer vision techniques
to strengthen the dialogue between computational methods and traditional art historical analyses
[29]. Further exploring intrinsic and extrinsic interactions promises deeper insights into the com-
plex mechanisms underpinning cultural canonization.
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A Appendix A
A.1 Dataset details

Figure 7: Frequency of canon variables over time
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