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Abstract

There is a considerable amount of computational work dedicated to studying,
differentiating, and classifying musical styles. Many of these papers analyze the behavior
of symbolic representations or audio representations of music (e.g., Chiu and Temperley,
2024; Conklin & Witten, 1995; McKay & Fujinaga, 2006; Pons, Lidy, & Serra, 2017). This
paper approaches style through optical music representation (OMR), or the way music
looks. That is, this paper studies the visual aspects of style by building a deep
convolutional autoencoder (CAE)—a type of neural network used primarily in computer
vision (Masci et al., 2011).

We first build a dataset of piano sheet music and songs comprised of different
styles and time periods. The dataset contains 6 musical periods/styles (Baroque, Classical,
Romantic, Impressionist, Ragtime, Pop/Rock), where each style had at least 3
composers/artists, and a minimum of 30 pages for each composer/artist. There are a total
of 1285 pages in the dataset, each tagged with composer and style in the metadata. For
each style, 8 random samples (448x448 pixels) are extracted from each page, yielding a
dataset of 4,320 snapshots.

A semi-supervised CAE (Figure 1) with a classification head is trained on this
dataset, leveraging the unsupervised generalizability of autoencoders with the guided aim
of classifying pieces, composers, and styles (heavily weighting style classification). After
the modelis trained, we can study the features of the model, investigating which visual
features are most prioritized. In the model, certain neurons respond to specific higher-
order features, including chord inversions, key signatures, scalar passages, note density,
text, etc. Clustering samples shows that samples are grouped primarily by texture—
including sparse, polyphonic, and homophonic textures. Instances of false
positives/negatives for composer classification are inconsistent, suggesting that the
generic hand shapes in scores make it difficult to differentiate between one
composer/artist at a local level.
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Figure 1. Autoencoder Convolutional Neural Network Architecture (classification heads not
included).
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