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> method for transcription of solo drum audio

recordings based on neural networks
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> comparison of four RNN architectures for drum
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> evaluation on two well-known datasets
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Results for IDMT-SMT-Drums Results for ENST-Drums (trained on SMT)
algorithm best F-measure [%0] at threshold algorithm best F-measure [%] at threshold
RNN 96.3 0.15 RNN 69.3 0.05
bwRNN 97." 0.30 bwRNN 64.4 0.15
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08.2 0.25 tsRNN 73.1 0.10
95.0 - HMM [24] 81.5 -
1.0— 10 ER curve 10 FTmeasulre 10 ER curve
0.8} 0.9} 08F "o ] 0.9}
2 o6f _ o8} 2 o6f _ o8}
E 0.4} 0.7 ._.E_ 0.4} . 0.7} e
—e— RNN %
—v— bwRNN —v— bwRNN &O%
0.2}| —=— bdRNN ] 0.6} 0.2}| —=— bdRNN ] 0.6}
& tsRNN & tsRNN
- - - Dbaseline - - - baseline
°9.0 0.2 0.4 0.6 0.8 10 35 0.6 0.7 0.8 0.9 1.0 °9.0 0.2 0.4 0.6 0.8 10 35 0.6 0.7 0.8 0.9 1.0

threshold precision threshold precision

richard.vogl@jku.at

cp.jru.at glant_steps

www.giantsteps-project.eu



