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real-time with neural network, to produce music. The last few years,
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reSpOnSG COnfigUI’atiOn. V\(e.Can S,ee the Overa” StrUC.ture Of the SyStem Ir.] Flg 5. We use a Fig. 5:cd-CNN, in this figure, N=16 -> i=4, so we have 3 layers of exponential increased dilations, and 1 at the top, to
e We create a dataset of 2-voice musical pieces, and we train two slldlqg window over the previous notes Qf both voices, and theoDN!\l get the single predicted token-note. | |

different architectures to predict the next note for a voice, given the predicts the next one for its corresponding voice. The other voice Is a

past of both voices, in an online fashion. the melody generated by the human performer. We vary the size of Results - Future Work

the sliding window from 16 to 64 depending on the type of DNN
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cd-CNN.

e In Fig. 6b, you can see some overfitting problems we experienced
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Data Representatlon but instead of pushing the ground truth to the window (teacher forcing), we push the predicted with a Fig. 7 : Excerpt from chorale BWV 658. The top voice is the Soprano from the original piece, while the bottom,
varied probability (scheduled sampling) highlighted in blue, is the generated from the cd-CNN, with N=32
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