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Emergent representations as artificial theories

What do machines hear? When exposed to a musical repertoire, humans learn struc-
tural abstractions such as chords and harmonic relationships between chords. Similarly,
a Deep Neural Network (DNN) encodes representations that are useful towards perfor-
mance in the training task. In principle, then, both humans and machines learn a theory
of the musical repertoire they are exposed to. For example, Large Language Models are
known to encode syntactic relations between words in terms of the geometry of the latent
space where words are embedded. However, to what extent musically and cognitively in-
terpretable structural abstractions emerge unsupervised in “black-box” DNNs when they
are trained for music generation is unclear.

Tonal harmony. In tonal music, individual notes are understood as expressing underlying
latent entities, the chords. The temporal succession of chords is ruled by syntactic princi-
ples. Some pairs of chords have a preferred goal-directed directionality that is temporally
asymmetric: for example, dominant chords lead towards and resolve onto tonic chords,
not vice versa. Discovering these structuring principles is a core goal of music theory: do
DNNs learn a notion of chord identity and harmonic directedness?

Free improvisation. In non-idiomatic free improvisation, structure can emerge sponta-
neously during performance and remains largely unspoken and embodied. If DNNs can
learn an artificial theory of a repertoire without enforcing prior theoretical commitments,
can they be useful to uncover structure in improvised repertoires?

Chord identity

We used three logistic regressions to
predict whether two notes express the same
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LR1 LSTM embedding distances +
pitch difference

LR2 pitch difference

LR3 LSTM embedding distances

(randomly assigned) + pitch
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Model comparisons show that LR1 outper-
forms the other models: the LSTM hidden
states corresponding to individual notes
encode information about their underlying
chord abstraction.
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Distant Listening Corpus

1.283 pieces from tonal repertoires
(XVII-XX centuries)
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1.553.115 notes
242 .867 expert-annotated chord labels
(used for analysis, not for training)
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The LSTM’s hidden states assign each note to a location in a 512-dimensional
embedding space. We examine the notes’ embedding distances in Pitch Class LSTM.

Harmonic directedness

The asymmetry score is the difference in
average embedding distance between notes
expressing chords X and Y when Y follows
X vs. when Y precedes X:
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A control distribution was obtained by
replacing the embedding vectors for every
pair of notes with the embedding vectors of
random notes at the same ordinal distance.

Negative asymmetry scores for goal-directed chord progressions indicate that the LSTM
hidden states encode their syntactically preferred directionality.
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Beyond tonality: freely improvised music
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