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This ﬁgure shows the diﬀerent steps to build
the ﬁrst layer of the scattering transform. The
idea is to ﬁrst sample the time series and the
window depends on the event or the signal
we’re looking for the most. Then, we make a
convolutional product with the wavelet bank to
get a vector containing the features of this
window . The plot of all the features of all the
time serie windows is called scalogram. The last
step to get the output of the ﬁrst layer is to
apply a low ﬁlter to make it smoother.
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This ﬁgure shows the static version
of the Deep scattering network and
?n Deep Learning vocabrorary, it
shows the diﬀerent steps done
during an epoch (one loop during
which we learn from the input) . So,
the ﬁrst step is to prepare the time
series data as input, than compute
the features automatically via the
scattering network and ﬁnally,
cluster the data based on the
extracted features using the
Gaussian Mixture algorithm.

Unlearnable version !
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We ﬁnd in this ﬁgure a representation of the Deep
learnable scattering network with a Gaussian mixture
model. It consists in a cascade of successive
convolution and modulus operations applied to the
multichannel time series ( the basic Scatnet). As we
can see, in this version we learn the wavelet basing on
a reconstruction loss after the clustering at each layer
in order to constrain the network without losing any
part of the signal. From one layer to another, the
convolution layers are downsampled with an average
pooling operation only the last one that is used
directly in the scattering coeﬃcients computation.
This allows the large time scales signal structure
analyzation with the increasing depth at a reasonable
computational cost. Finally, we apply a dimension
reduction to the scattering coeﬃcients in order to be
clustered using the Gaussian mixture model. The
negative log-likelihood of the clustering is used to
optimize the mother wavelet at each layer whith Adam
stochastic gradient descent. The ﬁlter bank of each
layer is than obtained with Hermite cubic spline
interpolation.

As we know , when we apply a ﬁlter, we will lose
ﬁne scale information. Therefore, the trick is to
apply the same process on the unﬁlterd
Scalogram with othe wavelet bank with diﬀerent
frequency to get deeper informations that we
couldn’t see in the ﬁrst layer of in a normal
spectrogram and this what make it better. This
process will ﬁnally stock all the features in the last
layer and make the clustering using the Gaussian
mixture algorithm.
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