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Fig. 1 (a) Restricted Boltzmann Machine (RBM) and (b)
Conditional RBM
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Fig. 2 Structure of network model for learning of music
audio by Restricted Boltzmann Machine (RBM) and
Conditional RBM
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Fig. 3 Power spectrogram of the original music (“Let it be” by The
Beatles), and the reconstructed music from predicted audio signal
by network model. Upper image is spectrogram of the original
audio signal (training data), and lower image is spectrogram of the
reconstructed music from predicted audio signal by network model.
Where parameters for Fast Fourier Transform (FFT): window size is
512 points, overlap size is 0 points, and window function is
hamming window.
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