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Figure 1: Hard parameter sharing for multi-task learning in deep neural networks
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Annotated Beethoven Corpus (Neuwirth et al., 2018)

Beethoven Piano Sonatas (Chen and Su, 2018)

Haydn Sun String Quartets (Napoles Lépez, 2017)

Datasets TAVERN (Devaney et al., 2015)

When-in-Rome (Gotham, 2021)

The Well-Tempered Clavier (Tymoczko et al., 2019)
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Model Key Degree Quality Inversion Root | Roman Numeral
AugmentedNetg 82.7 64.4 76.6 774 825 43.3
AugmentedNets, | 83.0 65.1 77.5 78.6 83.0 44.6
AugmentedNet; 81.3 64.2 77.2 76.1 829 43.1
AugmentedNet;;, | 83.7 66.0 77.6 772  83.2 45.0
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AugmentedNet vs. previous models

Test set Training set Model RN (accuracy)
Well-Tempered Clavier All available data (2021) AugmentedNet 46.2
Well-Tempered Clavierossvat BPS+WTC AugmentedNet 42.94.2)
Well-Tempered Claviergossvat  BPS+WTC Chen and Su (2021) 26.0¢1.7)
Beethoven Piano Sonatas All available data (2021) AugmentedNet 45.4
Beethoven Piano Sonatas All available data (2020) Micchi et al. (2020) 42.8
Beethoven Piano Sonatas BPS+WTC AugmentedNet 44.1
Beethoven Piano Sonatas BPS+WTC Chen and Su (2021) 41.7
Beethoven Piano Sonatas BPS AugmentedNet 44.0
Beethoven Piano Sonatas BPS Micchi et al. (2020) 39.1
Beethoven Piano Sonatas BPS Chen and Su (2019) -
Beethoven Piano Sonatas BPS Chen and Su (2018) 25.7
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AugmentedNet vs. previous models

Test set Training set Model RN (accuracy)
Well-Tempered Clavier All available data (2021) AugmentedNet 46.2
Well-Tempered Clavierossvat BPS+WTC AugmentedNet 42.9 42
Well-Tempered Claviergossvat  BPS+WTC Chen and Su (2021) 26.01.7)
Beethoven Piano Sonatas All available data (2021) AugmentedNet 45.4
Beethoven Piano Sonatas All available data (2020) Micchi et al. (2020) 42.8
Beethoven Piano Sonatas BPS+WTC AugmentedNet 44.1
Beethoven Piano Sonatas BPS+WTC Chen and Su (2021) 41.7
Beethoven Piano Sonatas BPS AugmentedNet 44.0
Beethoven Piano Sonatas BPS Micchi et al. (2020) 30.1
Beethoven Piano Sonatas BPS Chen and Su (2019) -
Beethoven Piano Sonatas BPS Chen and Su (2018) 25.7

34



AugmentedNet vs. previous models

Test set Training set Model RN (accuracy)
Well-Tempered Clavier All available data (2021) AugmentedNet 46.2
Well-Tempered Clavierossvat BPS+WTC AugmentedNet 42.947)
Well-Tempered Claviergossvat BPS+WTC Chen and Su (2021) 26.01.7
Beethoven Piano Sonatas All available data (2021) AugmentedNet 454
Beethoven Piano Sonatas All available data (2020) Micchi et al. (2020) 42.8
Beethoven Piano Sonatas BPS+WTC AugmentedNet 44.1
Beethoven Piano Sonatas BPS+WTC Chen and Su (2021) 41.7
Beethoven Piano Sonatas BPS AugmentedNet 44.0
Beethoven Piano Sonatas BPS Micchi et al. (2020) 39.1
Beethoven Piano Sonatas BPS Chen and Su (2019) -
Beethoven Piano Sonatas BPS Chen and Su (2018) 25.7
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