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Reminder

e Low quality => high quality audio files
e  Super-resolution, denoising and dereverberation
° Before midterm : Bottleneck architecture (Kuleshov, Enam, Ermon : Audio Super Resolution with Neural Networks, 2017)

Additive residual connection

Downsampling block

- | Conv l
B Downsampling Blocks B Upsampling Blocks

| RelU |—|

0 ] ] 1
Q w

E Bottleneck g :

a x| x| 2 ~ - o Conv !

£ el 8|l 8 8 3 -] I

E? | z|za|z| P a|P = E Dropout !

o ollallo o o

2 ° RelLU 1

=2 R o 1

n O L = DimShuffle I

1

Stacking residual connections —I

Upsampling block



What's new ?

e Scheduler
e |Improved Architecture
o Discriminator network
o Auto-encoder network
e Collaborative GAN



Scheduler

e \When loss reaches a plateau, decrease learning rate
e Many parameters
o Whatis a “plateau” ?

o By how much do we decrease ?
O



Scheduler

Metric : LSD (Log-spectral distance), lower = better

(Difference in the frequency space)

w N X (w,k)|?
LSD (X’ Xref) = % Zw:l \/% Zk:l (10g10 [ X )

Xref(wfk)|2

?

6x10°

LSD(Xiow, Xnigh)

LSD(Ximproved,Xhigh)

LSD(Ximproved+scheduler,Xhigh)

2.2235

1.6079

1.6779

— Testloss — Testloss

6x107

50 100 150 200 0 50 100 150 200
100*batch 100*batch

no scheduler scheduler



Original Network
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Discriminator Network
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Discriminator
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S real or fake high quality audio ?
Train using ZTh -> real

G(z;) -> fake

Binary Cross-entropy loss
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Auto-encoder network
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Improved Architecture

e Fully modular:
o  Discriminator, auto-encoder, both or none

e Lots of parameters to tune
o Tunethelambdas Lg =ZLr2+ AfLs~+ AaavLladv
o When do we use composite loss ? (only start when discriminator/autoencoder are
good enough)
o 3x hyperparameters (learning rate, momentum, decay, dropout, ...)
=> hard to find the best values



Results

Log-Spectral Distance on Super-resolution 5kHz to 10kHz
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e Discriminator and auto-encoder useful
e Can try Auto-Encoder + Discriminator together



Collaborative Gan

e Training as usual
e Atthe end, “refine” the samples
e Repeat while not good enough

If p(fake) > n

Update data at one layer of G

Not working yet ...
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Conclusion

Complex architecture with many features
Metric shows improvement, not obvious when listening
Hyperparameter tuning required

Running on the workstation complicated
o meanwhile, report started : vita.bilat.xyz



http://vita.bilat.xyz

