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2. Restricted Boltzmann Machine

2.1 Restricted Boltzmann Machine

Restricted Boltzmann Machine (RBM) (Zf[/ 2°5 7 4
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p(h; = 1|v) = sigmoid(b; + Zviwij) (6)

p(v; = 1|h) = sigmoid(a; + Z hjw;j) (7)
J

Z 2T sigmoid(zx) & sigmoid(z) = 1/(1 + exp(—2x)) IZ
koThZoNBEMEY V2L FRIBTH 5.

© 2014 Information Processing Society of Japan

Vol.2014-MUS-103 No.20
2014/5/24

AR TIEBHOMEEFEE T — % 7 7 F + DWEEIZ Gaus-
sian Bernoulli RBM (GBRBM)[9] = > 5. EEH IR D
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2.2 Conditional RBM
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1 Restricted Boltzmann Machine (RBM) and Conditional
RBM (CRBM). left image illustrates RBM model, and
reight shows CRBM model.
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% 1 The number of units for each layer in model

1st layer  2nd layer past stats  3rd layer
16,000 200 1,400 200
AA = e({vi, ur)data — (Vi, Uk)model) (13)
AB = 6(<hi7uk>dam - (hu uk>model) (14)
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% 2 Learning parameters for each blocks in model

rearning rate  momentum  weight decay learning epochs

0.0001 0.9 0.001 6000

#* 3 Parameters for resampling and frame spliting

sampling rate  quantization bit rate  channels
16kHz 16bit 256kbps

window size window function overlap
16,00 rectangular window 0
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3 Power spectrogram of the learning audio signals and gen-
erated audio signals. upper image is spectrogram of the

audio signals for learning, and lower image is spectrogram

of the audio signals by model generation.
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4 Power spectrogram of the generated audio signals using
unlearned data. upper image is spectrogram of the audio
signals for learning, and lower image is spectrogram of the

audio signals by model generation.
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