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Abstract

This thesis addresses the problem of pattern and texture recognition from a
mathematical perspective. These high level tasks require signal representa-
tions enjoying specific invariance, stability and consistency properties, which
are not satisfied by linear representations.

Scattering operators cascade wavelet decompositions and complex modulus,
followed by a lowpass filtering. They define a non-linear representation which
is locally translation invariant and Lipschitz continuous to the action of dif-
feomorphisms. They also define a texture representation capturing high order
moments and which can be consistently estimated from few realizations.

The thesis derives new mathematical properties of scattering representations
and demonstrates its efficiency on pattern and texture recognition tasks.
Thanks to its Lipschitz continuity to the action of diffeomorphisms, small
deformations of the signal are linearized, which can be exploited in appli-
cations with a generative affine classifier yielding state-of-the-art results on
handwritten digit classification. Expected scattering representations are ap-
plied on image and auditory texture datasets, showing their capacity to cap-
ture high order moments information with consistent estimators. Scattering
representations are particularly efficient for the estimation and characteri-
zation of fractal parameters. A renormalization of scattering coefficients is
introduced, giving a new insight on fractal description, with the ability in
particular to characterize multifractal intermittency using consistent estima-
tors.
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List of Notations

x(u) : Function defined on a continuous domain u € R?.

x[n] : Discrete signal defined for n € Z.

0(u) : Dirac distribution.

L%*(R?) : Finite energy functions x(u) such that [ |z(u)|?du < oo .

LY(R9) : Integrable functions z(u) such that [ |z(u)|du < oo .

1> :  Finite energy discrete signals z[n] such that Y, |z[n]> < oo .
1I' ©  Summable discrete signals z[n] such that Y, |z[n]| < oo .
|z], : LP(R?) norm of the function z(u): ([ |z(u)Pdu) Ve
|A|l : e If Ais an L2(R?) linear operator, ||A| = SUp||z)=1llAz]| -

e If A is an element of L2(RY), || Al = || All2.

o If A={A;,i€J, A; € LER%)}, then

1AIZ =D 1Al .
1€

|z| : Euclidean norm of a finite-dimensional 2 € R%.
& :  The Fourier transform of x € L1(R?) UL2(RY): 2 (w) = [ z(u)e"“*du.

zx g(u) : Convolution operator: z x g(u) = [x(v)g(u — v)dv.
X(t) : Stochastic process defined for ¢ > 0.

E(X) : Expected Value of the random variable X.

Rx(7) : Auto-covariance of the stationary process X (¢).

X LY . The random variables X and Y follow the same probability distribution.

{X ()} L {Y(t)}+ : Equality in distribution between the processes X (t) and Y (¢).
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X, 2 X : The sequence of random variables X,, converges in probability to X: Vé >
0, lim,_,~ Prob(|X,, — X| > 9) = 0.

X, i> X : Thesequence of random variables X, converges in distribution to X: lim, . F,(t) =
F(t) at all t where F(t) is continuous, where F,, and F' are the cdf of X, and X
respectively.

F(n) ~ G(n) (n — a) : There exists C1, Cy such that

O Fm) _ . F(n)
1 < higlf}f ) < hr,?j;lp Gn) <(Cy.
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Chapter 1

Introduction

A fundamental topic in image and audio processing is to find appropriate metrics to
compare images and sounds. One may construct a metric as an Euclidean distance on a
signal representation ®, applied on signals x, x’:

d(z,2') = [|@(z) — ()| -

This puts all the structure of the problem in the construction of a signal representation,
whose role is to encode the relevant signal information and to capture the right notion
of similarity for a given task.

In this thesis, we are interested in the recognition and discrimination of a variety
of different objects, including sound and image patterns such as handwritten digits,
and stationary processes, which model a variety of image and auditory textures, as well
as multifractal measures. Linear representations, such as orthogonal wavelet decom-
positions, define a metric which is equivalent to the FKuclidean norm. While in some
problems, such as denoising or compression, this metric is well adapted to assess the
similarity between an original signal and its corrupted or reconstructed version, it does
not capture the correct notion of similarity in high level tasks such as pattern or texture
recognition.

Objects and sounds are perceived and recognized in the human brain in a fraction of
a second, under a variety of physical transformations, including translations, rotations,
illumination changes or transpositions. Similarly, we are able to identify non-gaussian
textures, modeled as random stationary processes, from very few realizations. This
motivates the study of signal and texture representations which incorporate these sym-
metries.

Signals may be translated, rotated, but they can also be deformed, warped, occluded,
without affecting recognition. An efficient invariant representation also needs to be
stable with respect to the amount of deformation applied to a signal. As we shall see,
this is a fundamental property which explains the success of popular image and audio
descriptors such as SIFT [Low04] or MFCC [Mer76]. On the other hand, the texture
representation is another outstanding problem, since most textures appearing in nature
are realizations of non-gaussian processes, and hence are not fully characterized from
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their spectral densities. It is thus necessary to incorporate information from higher
order statistics into the representation, but their direct estimation has large variance,
which limits their efficiency to discriminate non-gaussian textures. An efficient texture
representation should thus capture information from high order moments, in such a way
that it can be estimated consistently from few realizations.

Scattering operators, introduced by S. Mallat in [Mall2], build locally invariant, sta-
ble and informative signal representations by cascading wavelet modulus decompositions
followed by a lowpass averaging filter. They also define a representation for processes
with stationary increments, capturing high moments, and which can be estimated consis-
tently for a wide class of ergodic processes. Scattering representations have the structure
of a convolutional network, a subclass of neural networks introduced by LeCun [FKL10]
cascading filter banks with pooling and nonlinearities, which are learnt for each specific
task using a gradient descent strategy. Rather than being learnt, the scattering network
is obtained from the invariance, stability and informative requirements, which lead to
wavelet filter banks and to point-wise non-linearities.

This thesis provides further insight on the properties of scattering representations,
with special focus on its applications in pattern and texture recognition. In particu-
lar, we show that the first two layers of the scattering network already constitute a
powerful representation, capturing stable geometric information and with the ability to
discriminate non-gaussian textures.

The first part of the thesis delves into the mathematical properties of scattering op-
erators, deriving new results characterizing their non-linearities, and relating the signal
decay with the regularity of its scattering transform. Next we develop the necessary
tools for image processing applications, and then concentrate on the pattern recogni-
tion problem, and show how the stability of the scattering metric can be exploited to
build robust, efficient linear generative classifiers, achieving state-of-the-art results on
handwritten digit classification.

The second half of the thesis is devoted to the texture representation problem. We
first demonstrate that scattering texture representations are highly discriminative de-
scriptors of non-gaussian textures with multifractal behavior, and that they can be
consistently estimated from few realizations. We study the discrimination of image and
auditory textures, obtaining state-of-the-art results on a dataset of material textures, as
well as the reconstruction from scattering representations.

We finally focus on the study of multifractals. Fractals are fundamental mathemat-
ical objects, characterized by their self-similarity scaling laws. Their identification and
discrimination requires access to high order moments, which are difficult to estimate or
even might fail to exist. We introduce a renormalization of scattering coefficients which
captures a new characteristic scaling law of the multifractal, and which allows stable
identification of several fractal parameters.
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1.2 The Scattering Representation

The construction of signal representations for recognition starts with the invariance and
stability properties. These properties can be stated in mathematical terms as follows. If
z € L?(R?) and G denotes a given group of transformations of R? and Loz (u) = x(p(u))
denotes the action of an element ¢ € G in L2(R?), the invariance to the action of G is
obtained by requiring

Vo € G, Vo € L2(RY), &(Lyz) = ®(x) .

On the other hand, if now we consider a diffeomorphism ¢ € Dif f(R?), the stability to
deformations is expressed as a Lipschitz continuity condition with respect to a metric
ll¢|| on the space of diffeomorphisms measuring the amount of deformation:

Vo € Dif f(RY) Vo € L2(RY) [|@(Lyx) — @ ()| < Cllz|lloll -

Chapter 2 reviews the scattering transform for deterministic functions and processes,
together with its mathematical properties. It also studies these properties on image
processing applications, and obtains two new mathematical results: the first one charac-
terizing its non-linearities from stability constraints, and the second one giving a partial
answer to a conjecture stated in [Mall2], relating the signal sparsity with the regularity
of its scattering representation in the transformed domain.

Scattering representations [Mall2] construct invariant, stable and informative signal
representations by cascading wavelet modulus decompositions followed by a lowpass
filter. A wavelet decomposition operator at scale J is defined as

Wiz = {z*Pr}ren, ,

where ¥y (u) = 274279 r~1u) and A\ = 2/r, with j < J and r € G belongs to a finite
rotation group G of R?. Each rotated and dilated wavelet thus extracts the energy
of = located at a given scale and orientation given by A. Wavelet coefficients are not
translation invariant, and their average does not produce any information since wavelets
have zero mean. A translation invariant measure can be extracted out of each wavelet
sub-band A by introducing a non-linearity which restores a non-zero, informative average
value. This is for instance achieved by computing the complex modulus and averaging
the result

[ 1.

The information lost by this averaging is recovered by a new wavelet decomposition
{lz * x| * ¥a}ren, of |z x|, which produces new invariants by iterating the same
procedure. Let U[A]z = |z x 1) denote the wavelet modulus operator corresponding to
the subband . Any sequence p = (A1, Ag, ..., \pp,) defines a path, i.e, the ordered product
of non-linear and non-commuting operators

Ulple = U] - U] U]z = | [[z x| x | [ Or]
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Figure 1.1: Convolutional structure of the windowed scattering transform. Each layer
is computed from the previous by applying a wavelet modulus decomposition U on each
envelope Ul[p]f. The outputs of each layer are obtained via a lowpass filter ¢ .

with U[f]x = x.

Many applications in image and audio recognition require locally translation in-
variant representations, but which keep spatial or temporal information beyond a cer-
tain scale 2. A windowed scattering transform computes a locally translation invari-
ant representation by computing a lowpass average at scale 27 with a lowpass filter
$qs(u) = 2727¢(277u). For each path p = (A1,...,\n) with \; € A; we define the
windowed scattering transform as

Sylple(u) = Ulpla x s (u) = / Ulpla(0)gys (u - v) do |

A Scattering transform has the structure of a convolutional network, but its filters
are given by wavelets instead of being learnt. Thanks to this structure, the resulting
transform is locally translation invariant and stable to deformations. The scattering
representation enjoys several appealing properties. In particular, with the scattering

norm, defined as
I1Ssz)*=>" > 1ISsplx)*

m>0 peA”

and for an appropriate choice of the wavelets, the scattering transform is a non-expansive
L2(R%) operator, ||Sjz — Syz'| < |z — 2'||, which moreover preserves the L? norm:
ISsz|| = ||z||. In particular, this implies that in practice the first my,,, layers of the
transform capture most of the signal energy and thus the network depth can be limited.
We shall see that for most practical applications, the first two layers carry most of the
signal energy and also provide enough discriminative information for recognition.
Scattering transforms also define a representation for stationary processes X (t),
which will be the appropriate tool to study image and auditory textures as well as
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20

Figure 1.2: (a) Two images x(u), 2’'(u). (b) First order scattering coefficients S;[\]x
displayed with the mapping described in Section 2.6. They are the same for both images.
(c) Second order scattering coefficients S;[A1, A2Jx. They are different for each image,
thus showing that second order scattering can efficiently measure the sparsity of the
signal.

multifractal processes. For each p, the expected scattering is defined as
SX(p) = EU[p|X (1)) .

As opposed to the power spectrum, scattering coefficients depend upon high moments
of the process.

Scattering networks, similarly as other convolutional networks, require a nonlinear
step at the output of its filter banks in order to create new invariants. If one imposes
such nonlinearities to be non-expansive and that they commute with any diffeomorphism,
then we show in Section 2.4. that they are necessarily pointwise. The non-expansive
property is important to ensure that the overall representation is stable with respect to
additive noise. The commutation with diffeomorphisms allows these nonlinearities to
be intertwined in a cascade of filter bank decompositions without affecting the stability
to deformations. Moreover, they enable a systematic procedure to obtain invariant
coefficients. The modulus is preferred since it also provides energy conservation: |||z|||2 =
el

If one considers the limit J — oo, then the windowed scattering transform converges
to a translation invariant representation of L?(R%) defined on an uncountable path set P,
which contains infinite length paths of arbitrarily large scales. One can define a measure
and a metric on this set, and show [Mall2] that with the appropriate renormalisation,
given by the response of a Dirac, the limit scattering maps functions from L?(R?) to
L?(Poo,dpt). S : L2(RY) = L2(Poo, dps),

Sz(p) :u;1 /U[p]x(u) du with p, :/U[p]é(u) du .
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This renormalized limit scattering has striking ressemblances with the continuous
Fourier transform. In particular, we show in Section 2.5 that for functions z(u) belonging
to L'(R?), then the scattering representation Sz(p) is continuous on a weaker topology
of Pwo, given by paths with bounded slope and finite order.

1.3 Image and Pattern Classification

The properties of scattering operators are exploited in the context of signal classification
in Chapter 3. Given K signal classes, we observe L samples for each class, x;,l =
1..L,k = 1..K , which are used to estimate a classifier l;:(x) assigning a class amongst K
to each new signal x.

Complex object recognition problems require more forms of invariance other than
those modeled by physical transformations. For instance, image datasets such as Cal-
tech or Pascal exhibit large variability in shape, appearance, clutter, as shown in Figure
1.3. Similarly, challenging problems such as speech recognition have to take into ac-
count variability of speaker. However, even these datasets are exposed to variability
coming from physical transformations, and hence most object recognition architectures
require a feature extraction step which eliminates such variability, while building sta-
bility to deformations and keeping enough discriminative information. The efficiency of
scattering representations for such a role is first tested in environments where physical
transformations and deformations account for most of the variability.

Figure 1.3: Examples from the Caltech dataset. Intra-class variability includes changes
in shape, appearance, clutter.

The Lipschitz continuity property implies that small deformations are linearized by
the scattering transform. We construct a generative classification architecture which
exploits this linearization property as follows. For each signal class, we learn a collection
of embedded affine spaces Ay = i + Vg1 in the scattering domain which best approx-
imate the observed samples. The best affine approximation spaces are easily computed
with a Principal Component Analysis (PCA) which diagonalises the class-conditional
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empirical covariance matrix

Y =

SIES

Z(Sﬂm — ) (Syxrg — )",
;

where py is the scattering class empirical average ui = %Zl Sy, -

Signal classes in the scattering domain are thus approximated with affine spaces of
varying dimension. The resulting classifier associates a signal z to the class k yielding
the best approximation space:

k(z) = argmin || Syz — Pa,, (Ssz)]| - (1.1)
k<K

As the dimension increases, the approximation error for each class is reduced, but not
necessarily the discrimination between affine spaces of different classes. The classifier
thus learns the dimension d yielding the best trade-off on a validation subset of the
available samples. This generative architecture is particularly efficient with small train-
ing samples due to the fact that learning is limited to class-conditional auto-correlation
matrices.

The discriminability of scattering coefficients can be improved by renormalising its
coefficients. Renormalisation is an important aspect of many classifiers [FKL10; Bur98],
which often requires significant expertise to properly adjust. We explore a robust equal-
ization strategy which replaces the Dirac renormalisation by the observed maximum
response, and which improves classification rates. We also compare this strategy with
the scattering transfer

a renormalization which will be fundamental in the study of multifractal processes.
The linear generative architecture is tested on handwritten recognition, in the MNIST
and USPS datasets. The variability in such problems is well modeled by translations
and elastic deformations. We show that second order scattering coefficients capture
stable, discriminative information leading to state-of-the-art classification results. The
generative linear classifier is compared with a Gaussian kernel SVM, as a function of the
training set size. For small training sizes, the generative classifier outperforms state-of-
the-art methods obtained with convolutional networks. As the training size grows, the
richer Gaussian SVM classifier overtakes all previously reported classification results.

1.4 Texture Discrimination and Reconstruction from Scat-
tering
Chapter 4 studies the efficiency of scattering representations to discriminate and recon-

struct image and auditory textures. These problems require a statistical treatment of
the observed variability as realizations of stationary processes.
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Figure 1.4: Examples from the MNIST dataset. Intra-class variability is well modeled
by non-rigid geometric transformations.

Stationary processes admit a spectral representation. Its spectral density is com-
puted from second moments, and completely characterizes Gaussian processes. However,
second moments are not enough to discriminate between most real-world textures.

Texture classification and reconstruction requires a representation for stationary pro-
cesses capturing high order statistics in order to discriminate non-Gaussian processes.
One can include high order moments E(| X (t)|"), n > 2, in the texture representation,
but their estimation has large variance due to the presence of large, rare events pro-
duced by the expansive nature of ™ for n > 1. In addition, discrimination requires a
representation which is stable to changes in viewpoint or illumination.

Julesz [Jul62] conjectured that the perceptual information of a stationary texture
X (t) was contained in a collection of statistics {E(gr(X(t))), k¥ € K}. He originally
stated his hypothesis in terms of second-order statistics, measuring pairwise interactions,
but he later reformulated it in terms of textons, local texture descriptors capturing
interactions across different scales and orientations. Textons can be implemented with
filter-banks, such as oriented Gabor wavelets [LMO01], which form the basis for several
texture descriptors.

The expected scattering representation is defined for processes with stationary incre-
ments. First order scattering coefficients average wavelet amplitudes, and yield similar
information as the average spectral density within each wavelet subband. Second order
coefficients depend upon higher order moments and are able to discriminate between
non-Gaussian processes. The expected scattering is estimated consistently from win-
dowed scattering coefficients, thanks to the fact that it is computed with non-expansive
operators. Besides, thanks to the stability of wavelets to deformations, the resulting
texture descriptor is robust to changes in viewpoint which produce non-rigid small de-
formations.

The CUREt dataset [DVGNK99] contains a collection of different materials taken
under different lighting and pose conditions. On top of the stochastic variability within
different realizations of the stationary textured material, we thus observe a variabil-
ity modeled by a low-dimensional manifold. In this context, the scattering generative
classifier of Chapter 3 outperforms previous state-of-the-art methods. The expected
scattering representation is consistently estimated with a delocalized scattering, which
reduces the intra-class variance while keeping discriminative information. The residual
intra-class variability, due to pose and illumination changes, is reduced thanks to the


figures/mnist_mosaic.eps

Chapter 1. Introduction

Figure 1.5: First row: Three different examples x; from Brodatz dataset, i = 1...3.
Bottom row: Reconstruction obtained by equalizing white gaussian noise with each
spectral density in, i = 1...3, so that the textures on each column have the same
second order moments.

low-dimensional affine spaces.

Auditory textures are highly non-gaussian, and also require a descriptor which cap-
tures high order moments and which can be estimated with reduced variance. First
we consider the discrimination between different sounds, and we verify the fact that
second order scattering coefficients are necessary to discriminate non-gaussian textures.
This fact is confirmed by studying the texture reconstruction problem. By following the
same statistical framework as [MS11], we reconstruct audio realizations from a given
expected scattering descriptor using a gradient descent scattering reconstruction algo-
rithm, which iteratively modifies a sample by modulating its wavelet coefficients with an
envelope, whose spatial variations encoded by new wavelet coefficients, which become
the descent variables. While first order coefficients produce sounds with a characteris-
tic gaussian signature, the reconstructions obtained by adding second order scattering
coefficient produce reconstructions perceptually similar to the originals.

1.5 Multifractal Scattering

Many image textures exhibit an intermittent behavior at different scales, and are thus
well modeled as multifractals. Fractals are singular almost everywhere, and its iden-
tification and discrimination requires an analysis of their singularities. Chapter 5 is
dedicated to the the estimation and characterization of fractal parameters from scatter-
ing representations, which explains its efficiency on the task of classifying multifractal
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textures. Fractals are fundamental mathematical objects, defined from by scaling laws
relating how a process or measure X (t) relates to DX (t) = X (s~ 't), a dilated version
of X(t). Examples include stochastic processes such as Fractional Brownian Motions,
and also deterministic measures, such as Cantor measures.

A fundamental signature of a multifractal is given by its spectrum of singularity,
which measures the Hausdorff dimension D(h) of the sets € where the fractal has
Holder singularity given by an exponent h. Under appropriate self-similarity conditions,
it can be shown [Jaf97; BKMO08a] that this spectrum of singularity can be recovered from
the scaling exponents ((¢), measuring the power law of the increments of the process as
the scale converges to 0. For fractal processes X (t), it is defined as

Vg, lim E(|X(t)— Xt -1 =¢c, .
-0+

These scaling exponents can be recovered from a wavelet decomposition [BKMO08a],
thanks to their vanishing moment: F(|X % ;|9) ~ 2/¢(@ . While monofractal processes
are characterized by a linear exponent, ((q) = ¢H, multifractal processes have a strictly
concave ((q). The scaling exponents thus contain crucial information on the fractal.
However, they are difficult to estimate, since high order moments are dominated by
large, rare events which increase the variance of their estimators.

The expected scattering representation is computed from first moments of wavelet
modulus decompositions, and is well defined for processes with stationary increments
having finite first moments. Since the self-similarity of a fractal is expressed through
dilations, it is translated in the scattering domain by relationships between different
scattering paths. These relationships can be exploited to construct a new scale indepen-
dent fractal descriptor. In this chapter we introduce the scattering transfer, constructed
from first and second order scattering coefficients:

SX (51, j2)

PR TG

It is defined as a function of two path variables, but the self-similarity of X implies that
the scattering transfer is only a function of path increments: TX (51, j1+1) = TX(1). This
normalized scattering measure, together with the expected first order scattering, defines
a new tool to study fractal phenomena, capturing information which allows identification
and discrimination of several self-similar fractal families. It is consistently estimated
from windowed scattering coefficients by combining information from different scales.
The scattering transfer is a fractal geometric descriptor, which is shown to be nearly
invariant to the action of the derivative operator. As a result, it provides a relative
measure of how the singularities of the fractal are distributed in space.

This function is computed from first and second order coefficients, but it also has
the capacity to control the behavior of higher order scattering coefficients. For a wide
class of fractals, scattering coefficients can be asymptotically predicted from the scat-
tering transfer and its first order coefficients. This asymptotic property corresponds to
a Markov propagation across scattering paths.

10
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Multifractal processes are constructed with an integral scale, which restricts the self-
similarity to a scale range of the form (—oo,.J). The curvature of its scaling exponents
C(q), referred as the intermittency, gives important information on the degree of mul-
tifractality of the process. Its analysis requires access to information contained in high
order moments. We show that this information can be extracted consistently from the
scattering transfer. Thanks to another asymptotic property, denoted Markov energy
property, the intermittency 2¢(1) — {(2), measuring the curvature of {(q), is obtained
from the smallest p satisfying the equation

> TX)? =1

I>1
by 2¢(1) — ((2) = —logy(p). The scattering transfer is thus an efficient measure to
discriminate monofractal processes -having scaling exponents with no curvature, from

multifractal processes.
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Figure 1.6: (a) Measured energy dissipation F(¢) in a turbulent flow, as a function
of time. (b) estimated first order scattering coefficients SF(j). The decay observed
across scales is consistent with the isotropic dissipation model of Kolmogorov and the
‘k75/3 law. (c) Comparison of the scattering transfer T F (1) estimated from the observed
turbulent flows with two energy dissipation models. The scattering transfer provides
insight on the adequacy of multifractal models.
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The scattering transfer is computed on several fractal families, including Fractional
Brownian Motions, Lévy processes and Multifractal Random Measures, as well as em-
pirical data from turbulent flows, revealing important properties of the fractal. We also
compare the estimation of the intermittency 2¢(1) — ((2) using the scattering transfer
with a direct estimation of the moments, and also with an estimation based on the
logarithm of the increments, showing a consistency in pair with the state-of-the-art.

12



Chapter 2

Invariant Scattering
Representations

2.1 Introduction

Image and audio recognition require a metric to compare signals which is stable with
respect to deformations and additive noise and which respects the invariants given by
transformation groups, while being able to discriminate between different objects or
textures. A metric of the form

d(z,2') = || ®(x) — ®(2')]]

for signals in L2 (Rd) translates these invariance, stability and discriminability properties
into the signal representation ® of L%(R?) functions.

Linear signal representations are complete and stable to additive noise, which ex-
plains their use on tasks such as compression or denoising. However, they define a
metric equivalent to the Euclidean metric, which is not continuous with respect to geo-
metric deformations. Therefore, they are unable to achieve stability to deformations or
local invariance while keeping high frequency information.

This opens a Pandora box of non-linear signal representations with the prescribed
stability, invariance and discriminability properties. Translation invariance can be ob-
tained with the Fourier modulus, but high frequencies are unstable to small dilations.
Stability to small deformations can be recovered by grouping frequencies into dyadic
intervals with wavelets, leading to the scattering representation introduced by S. Mallat
in [Mall2].

Scattering operators construct invariant, stable and informative signal representa-
tions by cascading wavelet modulus decompositions followed by a lowpass filter. A
windowed scattering transform has the structure of a convolutional network [FKL10],
but its filters are given by wavelets instead of being learnt. Scattering operators also
define a representation for processes with stationary increments, which will be the appro-
priate tool to study image and auditory textures, in Chapter 4, as well as multifractals,
in Chapter 5. It is computed from first moments of cascaded wavelet modulus, which

13
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are contractive operators. As a result, it defines a representation that is consistently
estimated from windowed scattering coefficients for a wide class of ergodic processes,
and which includes information from high order moments.

The choice of the non-linearities is an important factor determining the complexity
and the properties of the representation. As in other convolutional neural networks,
the non-linearities in the scattering operator are given by point-wise operators. We
shall see that this choice can be justified from the stability conditions imposed on the
representation.

Besides its stability to additive noise and geometric deformations, the scattering
representation enjoys other remarkable properties. In particular, as the scale of the
lowpass window grows, and after an appropriate renormalization, the scattering trans-
form converges into a translation invariant integral transform, defined on an uncountable
path space. The resulting integral transform shares some properties with the Fourier
transform; in particular, signal decay can be related with the regularity on the integral
scattering domain.

The rest of the chapter is structured as follows. Section 2.2 considers signal repre-
sentations for recognition, and formulates the stability properties as Lipschitz continuity
conditions on the representation. Section 2.3 reviews the windowed scattering repre-
sentation for L?(RY) functions and its stability and energy conservation properties, as
well as the expected scattering for processes with stationary increments, and the inte-
gral scattering transform. Section 2.4 gives the characterization of point-wise non-linear
operators from stability properties. Then, in Section 2.5 we give a partial positive an-
swer to a conjecture stated in [Mall2], predicting that the integral scattering transform
of a L'(R?) function is continuous. Finally, in Section 2.6, we study scattering rep-
resentations on image processing applications; we give examples of scattering wavelets
and we explore the properties of scattering representations as local image and texture
descriptors.

2.2 Signal Representations and Metrics for Recognition

This section reviews some of the existing tools for signal representation and discrimina-
tion in recognition tasks. Invariance and stability are formulated in terms of Lipschitz
continuity conditions, and are then studied on a variety of representations.

2.2.1 Local translation invariance, Deformation and Additive Stability

In recognition tasks, the action of small geometric deformations and small additive per-
turbations produce small changes in the appearance of objects and textures. This mo-
tivates the study of signal representations defining an Euclidean metric stable to those
perturbations.

These stability properties can be expressed mathematically as Lipschitz continuity
properties. Stability to additive noise is guaranteed by imposing ® to be non-expansive:

Va,z € LARY) , |@(2) — @(@)| < [lo — 2| . (2.1)
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Indeed, it results that the metric defined by ® is Lipschitz continuous with respect to
the Euclidean norm of an additive perturbation:

d(z + h,x) = [|[®(x + h) = @(z)[| < 2] -

On the other hand, stability to deformations is achieved by controlling the behavior of
® under the action of diffeomorphisms u — u — 7(u), where 7 : R? — R? is an invertible
displacement field. The amount of deformation can be measured with a metric on the
space of diffeomorphisms. If |7(u)| denotes the Euclidean norm in R, |V7(u)| denotes
the operator norm of V7(u) and |H7(u)| is the sup norm of the Hessian tensor, then the
norm of the space of C? diffeomorphisms measures the amount of deformation over any
compact subset Q C R? as

7]l = sup [r(u)| + sup [V7(u)| + sup | Hr(u)|
uEN ue ue

This deformation metric penalizes displacement fields by its maximum amplitude
Sup,cq |7(w)| and maximum elasticity sup,cq |V7(u)| . In most contexts, however, rigid
displacement fields, corresponding to translations, do not affect recognition to the same
extent as non-rigid, elastic deformations. This motivates the notion of locally translation
invariant representations. We say that ® is Lipschitz continuous to the action of C?
diffeomorphisms and locally translation invariant at scale 27 if for any compact Q C R¢
there exists C such that, for all z € L2(RY) supported in Q and all 7 € C?,

d(Llr]z, ) = [|@(Lr]z) - @(x)[| < O] <2J sup |7 (w)l +31€18|VT(U)| +31€18|HT(U)|> :

(2.2)
The reference scale 27 controls the amount of translation invariance required on the
representation, by diminishing the influence of the amplitude of 7 in the deformation
metric. If 7 is a displacement field with maximum amplitude sup,cq |7(u)| < 27, then
(2.2) shows that the representation stability is controlled by the amount of elastic defor-
mation applied to . On the other hand, the scale of local invariance also controls the
amount of delocalization of the representation. Pattern recognition tasks often require
signal representations which keep spatial information up to a certain resolution, whereas
we will ask stationary texture representations to be fully translation invariant, by letting
the local invariance scale J go to infinity.

2.2.2 Kernel Methods

Kernel methods refer to a general theory in the machine learning framework, whose main
purpose consists in embedding data in a high dimensional space, in order to express
complex relationships in the data in terms of linear scalar products.

For a generic input space X, a feature map ® : X — H maps data into a Hilbert
space H. Linear classification methods access the transformed data ®(z) only through
scalar products of the form [STCO04]

((x), (")) -
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Rather than building the mapping explicitly, the popular “Kernel Trick” exploits
Mercer’s theorem. It states that a continuous, symmetric and positive definite kernel K :
X x X — R defines an integral operator of L?(X), which diagonalizes in an orthonormal
basis [MNY06] {¢,}, of L?(X), with non-negative eigenvalues. As a result, K (x,z’)
admits a representation

K(x’x,) = Z )‘nQSn(x)gbn(x/) ’

n>1

which yields
K(z,a') = (®(x), 2(z")) ,

with ®(z) = ()\%L/2¢n(x))n In Kernel methods it is thus sufficient to construct positive
definite kernels K on X? in order to extend linear classification tools to more complex
relationships.

Support Vector Machines (SVMs) are particular instances of kernel methods, which
construct separating hyperplanes in supervised learning tasks. We shall discuss these
methods in further detail on Chapter 3.

Despite their success and effectiveness in a number of machine learning tasks, the
high dimensional embeddings induced by kernel methods do not automatically enjoy the
stability properties to additive noise or deformations. The kernel needs to be chosen
accordingly.

2.2.3 Deformable Templates

The theory of deformable templates, pioneered by Grenader in [Gre93], introduced the
notion of group action to construct metrics in a generic object space. A deformable
template is defined as an element = € X on which a group action G x X, (g,x) — g.xz € X
is defined. This action defines through the orbits {g.x, g € G} a family of “deformed”
objects.

This structure allows us to incorporate the group action into the notion of similarity
between elements of X. A metric d on X can be constructed from a metric d on the lifted
product space G x X [MYO01]. If d is left-invariant ! , then

d(z,z') = inf{d((id, x), (g, g.2")), g € G} (2.3)

defines a metric from the set distance between the orbits of x and z’ under the action
of G.

If G denotes the group of R? diffeomorphisms, acting on X = L2(R?) by composition,
then the construction (2.3) has the capacity to express the similarity between x and its
deformed version g.z in terms of the amount of deformation g.

1A distance d on G x X is left-invariant [MYO01] if, for all h,g,g" € G and all z, 2’ € X,

d~(h'(97 :L'), h'(glv :E,)) = J((g, :L'), (glv :E,))
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The computation of the distance d(z,z’) in (2.3) requires to optimize a deformation
cost function, which in general is an ill-posed inverse problem. In some applications,
however, such as medical imaging, it uncovers essential information about the underlying
deformation process.

In general, there is no simple way to construct meaningful left-invariant metrics on the
product space G x X. In [TY05], Trouvé and Younes construct a differential structure on
this space, based on infinitesimal deformations and amplitude variations. This structure
then enables the definition and computation of geodesics. More specifically, the authors
consider infinitesimal perturbations of a template I € X of the form

GxX — X,

(o) s It () = I(u—er(u) + Bea(u) +o(c)
for small ¢ > 0. The vector field 7(u) thus carries the geometrical transformation,
whereas the scalar function o(u) represents infinitesimal amplitude variations. One then
constructs the tangent space 17 from these infinitesimal variations:

e—0 €

If, 1
Tr =4 lim —— (1,0) e G XX} .

By considering a norm | - |y on G x X, one can define a metric | - |y on the tangent
space 17, which leads to the geodesic distance

1
dvw (o, T1) = inf{ [ Bt 20 = o 20 = 11} ,

where the infimum is taken over all paths v joining the two images Iy, I;.

The computation of such geoedesics thus requires to solve a variational problem,
which in particular estimates deformations minimizing a trade-off between the geometric
and photometric components of the perturbation of the form

¢ =argmin ||[[; — o QDH% + D¢ (1d, 80)2 )

where D¢ is a metric on the space of diffeomorphisms.

The estimation of diffeomorphisms is a difficult inverse problem. Several methods
have been proposed, for instance in [Tro95; VMYTO04], with applications in medical
imaging [RACW10] and classification [AATO07].

A particular instance of such problem is the optical flow estimation. In this case,
the goal is to estimate the motion field between consecutive frames of a video sequence
(It)¢. Under the hypothesis that illumination is constant along object trajectories, I(x+
vi(x)) = C(x), and that I is differentiable, we obtain the differential equation

ol

1 — =0.
<V ,Ut>+at 0

Estimating the motion field v; is thus an ill-posed inverse problem since there are more
unknowns than equations. There exists a vast literature on how to regularize this inverse
problem, from Horn and Shunk [HS81] to wavelet based approaches [Ber99].
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2.2.4 Fourier Modulus, Autocorrelation and Registration Invariants

Translation invariant representations can be obtained from registration, auto-correlation
or Fourier modulus operators. However, the resulting representations are not Lipschitz
continuous to deformations.

A representation ®(z) is translation invariant if it maps global translations x.(u) =
z(u — ¢) by ¢ € R? of any function z € L2(R%) to the same image:

Vo e L2RY),Vee R, &(z.) = ®(x) . (2.4)

The Fourier transform modulus is an example of a translation invariant representa-
tion. Let #(w) be the Fourier transform of x(u) € L2(R%). Since T.(w) = 7% (w), it
results that |Z.| = |Z| does not depend upon c.

A Fourier modulus is translation invariant and stable to additive noise, but unstable
to small deformations at high frequencies [Mall2], as illustrated with the following dila~
tion example. Let 7(z) = sz denote a linear displacement field where |s| is small, and
let z(u) = €€“f(u) be a modulated version of a lowpass window (u). Then the dilation
xr(u) = L[r]z(u) = z((1 + s)u) moves the central frequency of & from & to (1 + s)&. If
os=[ |w|?|0(w)|2dw measures the frequency spread of 6, then

72 = [ 1o = ePliw)Pdo = o}
and

o2 = (1+s)—d/(w—(1+s)§)2m((1+s)—1w)\2dw

= [10+ 9w - Pl Pdo = (L + 5702

It follows that if the distance between the central frequencies of x and x,, s&, is large
compared to their frequency spreads, (2 + s)oy, then the frequency supports of x and x,
are nearly disjoint and hence
&7 = (&[] ~ ]| ,
which shows that ®(x) = |Z| is not Lipschitz continuous to deformations, since £ can be
arbitrarily large.
The autocorrelation of x

R.(v) = /x(u)x*(u —v)du

is also translation invariant: R, = R,,. Since R, (v) = x * T(v), with T(u) = x*(—u), it
follows that the autocorrelation representation ®(x) = R, satisfies

Ry (w) = |2(w)]? .

The Plancherel formula thus proves that it has the same instabilities as a Fourier trans-
form:

IRz — Ra, || = (2m) "M [[12[7 — |2+ || -
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Figure 2.1: Dilation of a complex bandpass window. If & > o,s~!, then the supports
are nearly disjoint.

Besides deformation instabilities, the Fourier modulus and the autocorrelation lose
too much information. For example, a Dirac 6(u) and a linear chirp ™ are two signals
having Fourier transforms whose moduli are equal and constant. Very different signals
may not be discriminated from their Fourier modulus.

A canonical invariant [KDGHO07; Soa09] ®(z) = z(u — a(z)) registers x € L%(R%)
with an anchor point a(z), which is translated when x is translated:

a(ze) =a(z)+c.

It thus defines a translation invariant representation: ®x. = ®x. For example, the anchor
point may be a filtered maximum a(z) = argmax, |z x h(u)|, for some filter h(u). A
canonical invariant ®z(u) = x(u—a(x)) carries more information than a Fourier modulus,
and characterizes = up to a global absolute position information [Soa09]. However, it
has the same high-frequency instability as a Fourier modulus transform. Indeed, for any
choice of anchor point a(x), applying the Plancherel formula proves that

lx(u — a(@)) — 2’ (u — a(2))l| = (2m) 7" [[|2(w)] &' @) -

If 2/ = x,, the Fourier transform instability at high frequencies implies that &z =
z(u — a(x)) is also unstable with respect to deformations.

2.2.5 SIFT and HoG

SIFT (Scale Invariant Feature Transform) is a local image descriptor introduced by Lowe
in [Low04], which achieved huge popularity thanks to its invariance and discriminability
properties.

The SIFT method originally consists in a keypoint detection phase, using a Dif-
ferences of Gaussians pyramid, followed by a local description around each detected
keypoint. The keypoint detection computes local maxima on a scale space generated
by isotropic gaussian differences, which induces invariance to translations, rotations and
partially to scaling. The descriptor then computes histograms of image gradient ampli-
tudes, using 8 orientation bins on a 4 x 4 grid around each keypoint, as shown in Figure
2.2.
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Dense SIFT [BZMO07] bypasses the detection phase by computing the SIFT descrip-
tors over a uniformly subsampled grid, which improves discriminability on recognition
tasks [BZMO7]. The resulting signal representation is locally translation invariant,
thanks to the averaging created by the orientation histrograms. Moreover, it is sta-
ble to deformations and robust to changes in illumination thanks to a renormalisation
of its coefficients.
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Figure 2.2: Local SIFT descriptor diagram from [Low04]. Around each detected key-
point, image gradients are computed along a grid of 16 x 16 pixels. The gradient ampli-
tudes are pooled into 4 histograms, each of them consisting in 8 orientation bins. The
resulting descriptor is locally stable to deformations.

SIFT has been extended and refined into a variety of similar descriptors [BETVGOS;
KS04]. In particular, the DAISY descriptor [TLF10] showed that SIFT coefficients can
be approximated by local averages of wavelet coefficient amplitudes.

SIFT coefficients provide local image descriptors which are locally invariant to trans-
lations, and stable to additive noise and geometric and amplitude deformations. How-
ever, they operate at a relatively small scale of 22 pixels, which limits its invariance
properties.

Histogram of Oriented Gradients (HoG) [DT05] is a similar image descriptor, which
computes gradients at several image scales over a dense, overlapping grid, and pools
amplitudes with similar orientations. The pooled vector is then normalized to have unit
L, norm, with p =1 or p =2 [DT05].

2.2.6 Convolutional Networks

Convolutional Networks [LBBH98] are a specific class of neural networks which obtain
invariant signal representations by cascading trainable filter banks with non-linearities
and subsampling and pooling operators. They have been successfully applied to a variety
of image and audio recognition tasks [FKL10]. Each layer of the network is connected to
the previous one by establishing “connections” or filters, whose output is processed with
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a non-linearity such as sigmoids or rectifications. The spatial localization is progres-
sively lost by successively “pooling”, or subsampling, the resulting feature maps with
local averages or general LP norms. Figure 2.3, from [LBBH98|, displays a particular
convolutional network.

C3: f. maps 16@10x10

C1: feature maps S4: f. maps 16@5x5
INPUT 6@28x28 2
32x32

S2: f. maps
6@14x14

‘ ‘ Full comlnection ‘ Gaussian connections
Convolutions Subsampling Convolutions ~ Subsampling Full connection

Figure 2.3: Architecture of a convolutional network from [LBBH98]. Each layer is
obtained from the previous one by a filter bank convolution followed by a non-linear
pooling operator.

Convolutional network architectures were originally learnt over a collection of labeled
examples, using a backpropagation algorithm [LBBH98], which optimizes a classification
error loss function using a gradient descent across the network. As opposed to general
neural networks, convolutional networks incorporate a translation invariance prior, which
greatly reduces the number of parameters to learn and hence its efficiency in a number of
recognition tasks. Recently, convolutional network architectures have been trained with
unsupervised data [RBL0O7] with sparse autoencoders, which learn a filter bank with the
ability to encode its inputs with a sparse representation.

2.3 Scattering Review

This section reviews the Scattering transform introduced in [Mall2] and its mathematical
properties. Section 2.3.1 reviews windowed scattering transforms and its construction
from Littlewood-Paley wavelet decompositions. Section 2.3.2 introduces the scattering
metric and reviews the scattering energy conservation property, and Section 2.3.3 reviews
the Lipschitz continuity property of scattering transforms with respect to deformations.
Section 2.3.4 briefly describes the integral scattering transform, and finally Section 2.3.5
presents the expected scattering transform for processes with stationary increments.

2.3.1 Windowed Scattering transform

In order to achieve stability to deformations, scattering operators are constructed from
a Littlewood-Paley wavelet decomposition.

A wavelet transform is defined by dilating a mother wavelet ¢ € L2(RY) with scale
factors {a’};ez for @ > 1. In image processing applications one usually sets a = 2,
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whereas audio applications need smaller dilation factors, typically a < 21/8. Wavelets
are not only dilated but also rotated along a discrete rotation group G of R%. As a
result, a dilation by @’ and a rotation by r € G of ¥ produce

Yair(u) = @~ Vp(a™Ir M) . (2:5)

The wavelets are thus normalized in L'(R9), such that ||v,,||1 = |[*||1, which means
that their Fourier transforms satisfy v, (w) = t(a?rw). In order to simplify notations,
we denote A = a’r € a”? x G and |\| = o/, and define ¥ (u) = a~¥(A\"1u). This
notation will be used throughout the rest of the thesis.

Scattering operators can be defined for general mother wavelets, but of particular
interest are the complex wavelets that can be written as

Y(u) = e™f(u) |

where 6 is a lowpass window whose Fourier transform is real and has a bandwidth of the
order of 7. As a result, after a dilation and a rotation, ¥ (w) = 8(Aw — 1) is centered at
A~y and has a support size proportional to |A|~!. In Section 2.6.1 we shall specify the
wavelet families used along all numerical experiments.

A Littlewood-Paley wavelet transform is a redundant representation which computes
the following filter bank, without subsampling:

Vu € RY YA € a? x G, Wyz(u) = z %y (u) = /:U(v)i/))\(u —v)dv . (2.6)

If x is real and the wavelet is chosen such that 1& is also real, then W_yax = W) z*, which
implies that in that case one can assimilate a rotation r with its negative version —r
into an equivalence class of positive rotations Gt = G/{+1}.

A wavelet transform with a finite scale 2/ only considers the subbands \ satisfying
|\ < 27. The low frequencies which are not captured by these wavelets are recovered by
a lowpass filter ¢; whose spatial support is proportional to 27: ¢ j(u) = 274 ¢(277u).
The wavelet transform at scale 27 thus consists in the filter bank

Wyx ={xx s, Wrz)rea,} ,

where Ay = {a’r : 7 € G*,|\| < 27}. Its norm is defined as

[Woz|* = [lz* g > + Y [Wazl® .
)\EAJ

W is thus a linear operator from L2(Rd) to a product space generated by copies of
L2(RY). Tt defines a frame of L2(R?), whose bounds are characterized by the following
Littlewood-Paley condition:

Proposition 2.3.1 If there exists € > 0 such that for almost all w € R% and all J € 7Z

e <) +5 3 S @) <1,

i<JreG
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then Wy is a frame with bounds given by 1 — € and 1:
(1= lzl* < [Wyz|? < J|lz[* 2z € L2(R) . (2.7)

In particular, this Littlewood-Paley condition implies that 12)(0) = 0 and hence that the
wavelet must have at least a vanishing moment. When ¢ = 0, the wavelet decomposition
preserves the Euclidean norm and we say that it is unitary.

Wavelet coefficients are not translation invariant but translate as the input is trans-
lated, and their average [ Wjz(u)du does not produce any information since wavelets
have zero mean. A translation invariant measure which is also stable to the action of
diffeomorphisms can be extracted out of each wavelet sub-band A, by introducing a
non-linearity which restores a non-zero, informative average value. This is for instance
achieved by computing the complex modulus and averaging the result

[ 1.

The information lost by this averaging is recovered by a new wavelet decomposition
{lz * Y| * ¥a}ren, of |z x1)y|, which produces new invariants by iterating the same
procedure. Let U[A]z = |x % 15| denote the wavelet modulus operator corresponding to
the subband A. Any sequence p = (A1, Ag, ..., A\p,) defines a path, i.e, the ordered product
of non-linear and non-commuting operators

Ulple = U] .. UX2] UMz = | ||z % x, | * Uxy| oo | x 00N, | s

with U[f]z = .

Similarly as with frequency variables, one can manipulate path variables p = (A1,..., Ap)
in a number of ways. The scaling and rotation by alg € a® x G of a path p is denoted
algp = (a'g)i,...,alg\y), and the concatenation of two paths is written p 4+ p' =
Ay A AL AL,

Many applications in image and audio recognition require locally translation invari-
ant representations, but which keep spatial or temporal information beyond a certain
scale 27. A windowed scattering transform computes a locally translation invariant
representation by applying a lowpass filter at scale 27 with ¢qs(u) = 272/ ¢(277u).

Definition 2.3.2 For each path p = (A1,...,A\m) with \; € Ay and x € L' (R?) we
define the windowed scattering transform as

Sylplew) = Ulpha = 630 (u) = [ Ulplae)s (u— v)do

A Scattering transform has the structure of a convolutional network, but its filters
are given by wavelets instead of being learnt. Thanks to this structure, the resulting
transform is locally translation invariant and stable to deformations. The scattering
representation enjoys several appealing properties described in sections 2.3.2 and 2.3.3.
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Syl01f = fx¢s

NN
AT

Figure 2.4: Convolutional structure of the windowed scattering transform. Each layer
is computed from the previous by applying a wavelet modulus decomposition U on each
envelope Ul[p]f. The outputs of each layer are obtained via a lowpass filter ¢ .

2.3.2 Scattering metric and Energy Conservation

The windowed scattering representation is obtained by cascading a basic propagator
operator,

Wyr = {z* ¢, (UNz)rea, } - (2.8)

The first layer of the representation applies U to the input function, whereas successive
layers are obtained by applying U to each output Ulp|z. Since U[A|U[p] = U[p+ A] and
Ulplz * ¢5 = Sj[p|x, it follows that

UsUlple = {Sslple, (Ulp + Alz)rea, } - (2.9)

If A’} denotes the set of paths of length or order m, it follows from (2.9) that the (m+1)-
th layer given by ATH is obtained from the previous layer via the propagator U;. We
denote P the set of paths of any order up to scale 27, Py = Un AT

The propagator Uy is non-expansive, since the wavelet decomposition W is non-
expansive from (2.7) and the modulus is also non-expansive. As a result,

Nz —Wsa'|P = llzx by — 2’ gyl + D W] = [Waz'||* < [|lz — ")) .
AEA

Moreover, if the wavelet decomposition is unitary, then the propagator U is also unitary.
For any path set €2, the Euclidean norm defined by the scattering coefficients S;[p|, p €

Q is
15519202 = 1S lpl=|l” -

pEQ

Since S;[P] is constructed by cascading the non-expansive operator Uy, it results that
S7[Ps] is also non-expansive:
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Proposition 2.3.3 The windowed scattering transform is non-erpansive:
Ve, o' € L2RY) | ||S; [Pz — Sy [Psla’|| < ||z — 2| . (2.10)

The windowed scattering thus defines a metric which is continuous with respect to
the L2(R?) euclidean metric, and thus it is stable to additive noise. But in fact the
scattering metric also preserves the signal energy, thus showing that all high-frequency
information is encoded in scattering coefficients.

Theorem 2.3.4 A scattering wavelet 1 is said to be admissible if there exists n € R?
and p € L2(R?Y) > 0, with |p(w)| < |¢(2w)|, p(0) = 1, such that the function

¥ (w) = [plw Zk(l—w bw—m)P?)
satisfies

inf Z S U@ r W) > 0. (2.11)

1< <2
jwl< —ooreG

If 1 satisfies the Lz’ttlewood—Paley condition (2.7) with e = 0 and is admissible, then

Vo e LARY .l [UAF)]? = lm S S,AeP =0, (212)

n>m

and
1Ss[Ps)zl| = (=]l - (2.13)

The proof of this theorem shows that the scattering energy propagates progressively
towards the low frequencies, thanks to the demodulation effect of the complex modulus.
The energy of U[A}|x is concentrated along scale increasing paths p = (Aq,..., A\p,) with
|Ail < |Ni+1], which greatly reduces the computational needs for numeric applications.
The decay of |[U[A}]x|| also means that in practice only the first mg layers of the
transform carry significant energy. Section 2.6 will show that most applications require
at most 2 or 3 layers.

2.3.3 Local Translation Invariance and Lipschitz Continuity to Defor-
mations

The windowed scattering metric defined in the previous section is non-expansive, which
gives stability to additive perturbations. Moreover, it is also stable to the action of
diffeomorphisms, and becomes translation invariant as the localization scale 2/ increases.

The limit of ||S;[P ]z — Ss[Ps]2’|| as J — oo is well defined thanks to the following
non-expansive property:

Proposition 2.3.5 For all 2,2’ € L(R?%) and J € Z,

1Ss+1[Pasa]e = Sypa[Pysala’|| < [[Ss[Pslz = Sy[Psla’|| -
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As a result, the sequence dy ,/(J) = [|S;[P sz — Ss[Ps]2’| is positive and non-increasing
as J increases, and hence it converges. This limit metric is translation invariant:

Theorem 2.3.6 Let x.(u) = z(u—c). Then for admissible scattering wavelets satisfying
(2.11) we have

vz € L2(RY) Ve e RY Jim 1S [P e = S[Pslwel =0 . (2.14)
—00

But, most importantly, the windowed scattering transform defines a stable metric
with respect to the action of diffeomorphisms, which can model non-rigid deformations.
A diffeomorphism maps a point u € R? to u — 7(u), where 7(u) is a vector displacement
field satisfying ||V 7|/« < 1. It acts on functions = € L2(R?) by composition: L[]z (u) =
xz(u—7(u)). The following central theorem computes an upper bound of ||.S;[P ;] L[]z —
S7[Ps]x|. For that purpose, we assume an admissible scattering wavelet, and we define
the auxiliary norm

UIPslells = ) UIAT ]l -

m>0

Theorem 2.3.7 There exists C such that every x € L2(R?) with |U[P]z|1 < oo and
7 € C*(RY) with |VT||eo < 1/2 satisfy

1Ss[Ps]L[r]x — Sy [Pz < CIU[P]z[1 K(T) , (2.15)
with

supy, | 7(u) — 7(u)|

K(7) = 277|700 + | V7||co max(1, log )+ 1HT [l
V7 loo
and for all m >0, if P = Upcm A}, then
|S7[PrmlLiT]x — Ss[Pimlx| < Cmllz||K(T) . (2.16)

This theorem shows that the effect of a diffeomorphism produces in the scattering domain
an error bounded by a term proportional to 27/||7|s, Which corresponds to the local
translation invariance, plus a deformation error proportional to ||V7||s. When z has
compact support, the following corollary shows that the windowed scattering metric is
Lipschitz continuous to the action of diffeomorphisms:

Corollary 2.3.8 For any compact set Q2 C R there exists C' such that for all x € L2(R?)
supported in Q with ||U[Pslz||1 < co and for all T € C2(R?) with ||VT||e < 1/2, then

I1S5[P m] Ll = S5[Pamlz] < CIUPsz]l1 (27 I7lloo + VT lloo + [|HTlloo) - (2.17)

The translation error term, proportional to 27/ ||7||s, can be reduced to a second-order
error term, 2727||7||2,, by considering a first order Taylor approximation of each S[p]|z
[Mal12].
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2.3.4 Integral Scattering transform

The metric defined by the windowed scattering transform converges towards a translation
invariant metric as the scale of the lowpass window 27 increases. However, the transform
itself does not converge without a proper renormalisation.

In order to define the convergence of S;[P;], it is first necessary to embed the count-
able set of paths P into a non-countable set P, and to equip it with a measure and
a metric. In the limit when J — oo, a path p = (A\1,..., A;) of length m belongs to
the finite product set A, with Ao, = a? x G*. A path of infinite length is a sequence
(An)n € AZ. One can construct a product topology in AL by defining cylinders as the
open sets: Cp(A) = {(gn)n € AL : gm4+1 = A}. These sets define a sigma algebra, on
which one can define a measure. If P, denotes the set of all finite paths Pog = Up,>0AL,
then this sigma algebra is also generated by the cylinder sets

P=(A1. s m) € Poo, C(p) ={(qn)n €A : g1 =M1y, qm = A} - (2.18)

A measure on A is constructed from the scattering of the Dirac distribution U|p]d,
by defining p(C(p)) = |U[p]d||? for all p € Poo. A neighborhood can be defined using
cylinder sets of scale 27:

Cip)= |J Clh+rcC). (2.19)

AEAo
A= 1<a=J

These neighborhoods define a distance in AS:

d(q.§) = inf C
(¢,9) q,qeng(p)u( 7(p))

but A is not complete with this metric. Its completion is achieved by embedding the
set Po of finite paths, Poo = AL U P, defined by adding each p € Py, to the cylinders
C(p) and C;(p) without modifying their measure.

An integral scattering transform can now be constructed to be an element of L?(Po, dpt).
For that purpose, we define

Syx(q,u) = Z ‘T‘v“js[ ][p]( H) lC](p)( )14 € Poo
PPy

where 1¢ () (g) is the indicator function of C;(p) in Poo. This extension can be seen as a

scattering energy density on Poo x R?. It has a spatial resolution of 277 along its spatial
coordinate, and a frequency resolution 27 along its path variable ¢. As J — 0o, we seek
to define a scattering transform which depends only upon ¢ € Po.. This is achieved by
first defining the marginals

12 IS5 Pl
VQ € 9)oo aSJx |SJCC q,u | dx Z HSJ[p 5“ ICJ(P)( ) :
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S is a non-expansive operator of L?(R%) which preserves the norm, and with the
property that ||Syz— S ;2/||5 is non-decreasing and bounded as J — co. For z € L(R?),
S j converges pointwise in P, to an integral scattering transform:

Proposition 2.3.9 If f € LY(R?) then

Vp € P , lim Syz(p) = 1 /U[p]x(u)du ,
J—o0 Hyp

with py, = [Ulp)d(u)du.

Finally, one can extend the integral scattering to P, for functions in L?(R%), as the
limit of windowed normalized scattering:

Vg € Poo , Sx(q) = liminf S z(q) . (2.20)

J—00

In [Mall2], one can find sufficient conditions for which S jz converges strongly to St,
which then preserves the L2(R?) norm of z.

2.3.5 Expected Scattering for Processes with stationary increments

This section reviews the definitions and basic properties of the expected scattering of
random processes [Mall2]. The role of the L?(R%) norm in the deterministic setting is
replaced by the mean square norm E(|X|[?)'/2.

If X (t) is a stationary process or has stationary increments, meaning that d; X (t) =
X(t) — X (t — s) is stationary for all s, then X 1)) is also stationary, and taking the
modulus preserves stationarity. It results that for any path p = (i, ..., A\p) € Puo, the
process

Up|X = || X * x| * o] x|

is stationary, hence its expected value does not depend upon the spatial position ¢.

Definition 2.3.10 The expected scattering of X is defined for all p € Py by
5X(p) = EU[PIX) = E(|...| X x| % o[ x Un, 1) -

The expected scattering defines a representation for the process X (¢) which carries
information on high order moments of X(t¢), as we shall see in later sections. It also
defines a metric between stationary processes, given by

ISX =5Y[P= > [SX(p) - SY(p)* .

PP

The scattering representation of X (¢) is estimated by computing a windowed scatter-
ing transform of a realization = of X (¢). If Ay = {\ = 2/; 277 > 277/} denotes the set of
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scales smaller than J, and P is the set of finite paths p = (A1, .., Ay,) with A\, € Ay VE,
then the windowed scattering at scale J of a realization z(t) is

Sy[Psle ={Ulplrxds,p € Ps} .

Since [ ¢y(u)du = 1, we have E(S;[P;]X) = E(U[p|X) = SX(p), so Sy is an
unbiased estimator of the scattering coefficients contained in P ;.

When the wavelet 1) satisfies the Littlewood-Paley condition (2.7), the non-expansive
nature of the operators defining the scattering transform implies that S and S;[P,] are
also non-expansive:

Proposition 2.3.11 If X and Y are finite second order processes with stationary in-
crements, then

E(|S;[PAX = S,[PY[?) < E(X-YP), (2.21)
ISx =8Y|* < E(X-Y]*), (2.22)

in particular
ISX|* < B(X?) . (2.23)

The L?(R%) energy conservation theorem (2.3.4) yields an equivalent energy conser-
vation property for the mean squared power:

Theorem 2.3.12 If the wavelet ¢ satisfies an admissibility condition (2.11 ), and if X
is stationary, then

E(|Ss[PX|1%) = B(X]?) . (2.24)

Expected scattering coefficients are estimated with the windowed scattering S;[p] X =
Ulp]X * ¢ for each p € Py. If Ulp]X is ergodic, S;[p]X converges in probability to
SX(p) = E(U[p)X) when J — co. A process X (t) with stationary increments is said to
have a mean squared consistent scattering if the total variance of S;[P;]X converges to
zero as J increases:

Jim B(|S;[P5]X — 5X|?) = Z?; E(Ssp)X ~SX(@)P)=0.  (225)

This condition implies that S;[P;]X converges to SX with probability 1. Mean square
consistent scattering is observed numerically on a variety of processes, including gaussian
and non-gaussian fractal processes. It is conjectured in [Mall2] that Gaussian stationary
processes X whose autocorrelation Rx is in L! have a mean squared consistent scatter-
ing. As a consequence of Theorem 2.3.12, mean squared consistency implies an expected
scattering energy conservation:

Corollary 2.3.13 For admissible wavelets as in Theorem 2.3.12, S;[P;]X is mean
squared consistent if and only if

ISX|P* = E(1X]?) -
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Expected scattering coeflicients depend upon normalized high order moments of X.
If one expresses |U[p]X|? as

U)X (1)]* = E(UPIX?)(1+€(t)) ,
then, assuming |e| < 1, a first order approximation of
Ul X (t) = VIUPIX ()12 ~ E(UPIX ) (1 + ¢/2)

yields
|UPIX | * 9y
2E(|U[p]X[2)1/2

Ulp + AIX = [Up]X 4| =

thus showing that SX(p) = E(U[p]X) for p = (A1,...,\n) depends upon normalized
moments of X of order 2™, determined by the cascade of wavelet sub-bands A;. As
opposed to a direct estimation of high moments, scattering coefficients are computed
with a non-expansive operator which allows consistent estimation with few realizations.
In Chapter 4 we shall see that this is a fundamental property which enables texture
recognition and classification from scattering representations.

The scattering representation is related to the sparsity of the process through the
decay of its coefficients SX(p) as the order |p| increases. Indeed, the ratio of the first
two moments of X

E(X1))

PX = B(XP)

gives a rough measure of the fatness of the tails of X.
For each p, the Littlewood-Paley unitarity condition satisfied by v gives

E(UpIX?) = E(U[p]X +ZE (Ulp +NXP)

which yields
1 = pyiy) (|U[p]X| ZE ([Up+NX?) . (2.26)

Thus, the fraction of energy that is trapped at a given path p is given by the relative
sparsity pyp)x

This relationship between sparsity and scattering decay across the orders is of par-
ticular importance for the study of point processes, which are sparse in the original
spatial domain, and for regular image textures, which are sparse when decomposed in
the first level UX of the transform. In particular, the scattering transform can easily
discriminate between white noises of different sparsity, such as Bernouilli and Gaussian.

The autocovariance of a real stationary process X is denoted

RX(7) = E((X() - B(X)) (X(z = 7) = B(X))) .
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Its Fourier transform RX (w) is the power spectrum of X. Replacing X by X x1, in the
conservation energy formula (2.3.12) implies that

S (Sl + NXP) = B(X %65 2) (2.27)
pEP,

These expected squared wavelet coefficients can also be written as a filtered integration
of the Fourier power spectrum RX (w)

E(|X * 1y [?) = /EX(w) [N W) dw . (2.28)

These two equations prove that summing scattering coefficients recovers the power spec-
trum integral over each wavelet frequency support, which only depends upon second-
order moments of X. However, scattering coefficients SX (p) depend upon moments of
X up to the order 2™ if p has a length m. Scattering coeflficients can thus discriminate
textures having same second-order moments but different higher-order moments.

2.4 Characterization of Non-linearities

This section characterizes from a stability point of view the nonlinearities necessary in
any invariant signal representation in order to produce its locally invariant coefficients;
and in particular in scattering representations.

Every stable, locally invariant signal representation incorporates a non-linear opera-
tor in order to produce its coeflicients. Neural networks, and in particular convolutional
networks, introduce rectifications and sigmoids at the outputs of its “hidden units”,
whereas SIFT descriptors compute the norm of the filtered image gradient prior to its
pooling into the local histograms.

Filter bank outputs are by definition translation covariant, not invariant. Indeed, if
y(u) = x % h(u), then a translation of the input z.(u) = x(u — ¢) produces a translation
in the output by the same amount, z. * h(u) = y(u — ¢) = ye.

Translation invariant measures require non-linear operators because the only linear
measurement which is translation invariant is the signal average. Indeed, the following
proposition shows that a bounded, translation invariant linear operator in L2(R%) N
L'(R?) is a multiple of the signal average operator [ z(u)du. We denote T.z(u) =
z(u — ¢), ¢ € R? the translation operator.

Proposition 2.4.1 Let Q be a linear functional of L?(R?) N LY(R?) such that
Vee R, Vo e LA (RY) NLYRY) ,Qu = QT .z

and bounded in L2(RY): ||Qz|2 < C|z|l2 for all z € L2(RY) N LYRY). Then Qr =
C([ z(u)du).
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Proof: Let (Vi)rez be a multiresolution analysis generated by a scaling function ¢ €
L?(RY) NLY(RY), and fix j € Z. Let us first prove the result for #; = Py,z. x; can be
written using the orthonormal basis {¢;(u — k27)}xez, with ¢;(u) = 27992 (277u):

zj(u) = chgoj(u — 27k,
k
with ¢x = (z(u), ;j(u — 27k)). But

Qzj(u) = Z e Qpi(u—27k) = Qp;(u) Z Ck (2.29)
k

k

thanks to the fact that @ is linear and Q;(u — 27k) = QT = Qpj. Moreover,

/mj(u)du = /gcktp]’(u— 2 k)du

= Y a (/ij(u—ij)du> = <Z Ck) /wj(u)du,

k k

which implies, by substituting in (2.29), that

@z = Qe ( | w(u)du)l ([astm) =c( [ o).

where C' only depends upon the scaling function and the resolution. We finally extend
the result to L2(R?) N LY(R?) with a density argument. Given z € L2(R%) N L!(R9)
and € > 0, there exists a resolution j such that ||z — Py,z|| < e. Let x; = Py,x. Since
[ z(w)du = [ xj(u)du, it follows that

1Qz - Quj| = |Qz-C / () du
= QG — )] < IQllz — 2] < Qe ,

which concludes the proof since () is a bounded operator [.

The local version of this result characterizes linear operators @ which keep spatial
localization at scale 27 and which are locally translation invariant for displacements
¢ € R? with |e] < 27: o

|Gz — Qe < Clll2-e] . (2.30)

If Q is implemented as a convolution with a filter ¢ (possibly followed by a downsam-
pling), then (2.30) implies that the operator

T qgxhexx,
with h.(u) = 0(u) — §(u — ¢), must satisfy

Ve e RY sup |G(w)||he(w)] < 277|¢| . (2.31)
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Since |he(w)? = 2|1 — cos(w.c)|?, (2.31) forces ¢ to have its energy concentrated at
frequencies w < €277, which characterizes local smoothing kernels.

Translation invariant measures can be obtained by integrating any operator M of
L2(RY) along the orbit generated by the translation group:

Mz = /MTcxd,u(c) .

Here, T.z(u) = z(u — ¢) is the translation operator by ¢ € R? and du is a left-invariant
Haar measure of the translation group. If the operator M commutes with translations,
then Mx becomes the average of the function M x:

Mz = / MT,xdu(c) = / Mzx(u)du .

Non-linear operators commuting with translations thus give a systematic procedure
to obtain translation invariant measures in a convolutional network architecture. As
mentioned in Section 2.2.1, besides local translation invariance it is fundamental to
enforce stability to additive noise and to the action of diffeomorphisms. Additive stability
is guaranteed by imposing non-linear operators which are non-expansive.

In order to preserve the overall stability of the network to the action of diffeomor-
phisms, one can ask the non-linearities to not only commute with translations, but with
any diffeomorphism. This property puts all the geometric stability requirements into
the design of the filter bank. Indeed, if W is a filter bank stable to the action of diffeo-
morphisms, and M is a non-expansive operator commuting with such diffeomorphisms,
then WM is also stable:

WM L[r]x = WMz| = |[WL[r|Mz — WMz|| < Cl|Mz|||7| < CllzllI] .

Moreover, the commutation property of M preserves the geometrical information en-
coded by the filters. The following theorem proves that non-linear operators of L%(R%)
which are non-expansive and which commute with the action of diffeomorphisms are
necessarily point-wise.

Theorem 2.4.2 If M is an operator of L?(R%) which is non-expansive, ie | M f—Mg|| <
Ilf —gll, and commutes with the action of diffeomorphisms, then M is a pointwise oper-
ator: M f(u) = p(f(w)) almost everywhere.

Proof: Let 1 be the indicator of a compact ball Q C R? Let us first show that
M1g = plq. Let ¢ € Dif f(R?) be a diffeomorphism of R%. For f € L?(R%), we denote
Lyf = fo¢. Given f € L2(R9), let

G(f)={¢ € Diff(RY) ,Lyf = f}

denote the isotropy group of f, ie the subgroup of diffeomorphisms leaving f unchanged
up to a set of zero measure. If ¢ € G(f), then

[IMf—=LoMf|| = [[Mf—MLgf|| < [|f = Lofl| =0,
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which means that ¢ € G(M(f)) too.
If f = clgq, then its isotropy group contains any diffeomorphism ¢ satisfying

where @ = R? — Q. Thus, Mf is also invariant to the action of any ¢ satisfying the
above conditions. It results that M f must also be constant within both Q and Q up to
a set of zero measure. Indeed, otherwise we could find two subsets I, Is C 2 of strictly
positive measure p(I1) = pu(Iz) > 0, such that

Mf(z)du(x) # f Mf(z)du(z) ,

but then a diffeomorphism ¢ such that ¢ € G(1g) and mapping I to I, does not satisfy
|Mf — LyM f|l2 =0, which is a contradiction.
Since M f belongs to L2(R%) and Q has infinite measure, it results that M f(z) =
0 Vz € Q, and hence
M(e1a) = pl(e, )1 ,

with p(e, Q) = (Mclq)(xg) for any xo € Q. Since the hypercube Q can be obtained from
the unit ball Qq of R? with a similarity transform Tq , Q = TaQg, we have M(clg) =
M(Tqclg,) = TaM(clq,), which shows that p(c,€2) does not depend upon 2, and we
shall write it p(c).

Let us now consider f € C* with compact support . Fix a point zg € . We
consider a sequence of diffeomorphisms (¢, )neny which progressively warp f towards
f(zo)1a:

Tim Lo, f — flxo)la] = 0. (2.32)

For that purpose, we construct ¢, such that ¢,(x) = z for x € Q for all n, and such
that it maps a neighborhood of radius 27" of zg to the set §2,, C €2 defined as

Qn = {x € Q ,dist(z,Q) > 27"} .

Thanks to the fact that the domain €2 is regular, such diffeormorphisms can be con-
structed for instance by expanding the rays departing from xg at the neighborhood of xg
and contracting them as they approach the border 9€2. Since f is C* and it is compactly
supported, it is bounded, and hence

1L, (Mf) = M(f(zo)lo)l = [[M(Lg, f) = M(f(zo)1la)l
< Ly, f = f(@o)lel ,

and it results from (2.32) that lim, 0o Ly, (M f) = M(f(z¢)1q) in L?(RY). Since the
diffeomorphisms ¢,, expand the neighborhood of xzy and M(f(xo)lq) = p(f(x0))1lq ,
then necessarily M f(xo) = M(f(z0)1a)(zo), and hence M f(xo) = p(f(x¢)), which only
depends upon the value of f at xg.
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Since C°°, compact support functions are dense in L?(R%) and M is Lipschitz con-
tinuous, for any f € L2(R%) and € > 0 we can find fy € C™ such that

[Mf—Mfoll = IIf = foll <e,

and hence M f can be approximated by a pointwise operator with arbitrary precision,
and as a result M f(z) = p(f(z)) almost everywhere for all f € L2(R%). O

Point-wise non-linearities are thus necessary to preserve the stability to additive noise
and to the action of diffeomorphisms, while keeping all the geometrical information. If
moreover one wishes a unitary signal representation, ||[Mz|| = ||z, then |p(y)| = |y|, Vv,
which is obtained for instance by choosing Mz = |z|, and corresponds to the choice in
the scattering decomposition.

The point-wise characterization requires both the non-expansive property and the
commutation with respect to the action of diffeomorphisms. Indeed, one can find coun-
terexamples whenever each of these conditions is dropped. An operator of the form
M f = sup,, p(f(u)), where p is pointwise, commutes with diffeomorphisms, but fails to
be non-expansive. On the other hand, the commutation property on the whole group of
diffeomorphisms seems to be necessary in order to characterize point-wise operators. For
instance, if one relaxes the commutation condition to the subgroup of diffeomorphisms
given by the affine group, then a counter-example by I. Waldspurger constructs an op-
erator M which is non-expansive and commutes with affine transformations, but is not
point-wise. It dilutes an element f € L2(R?) by expanding its support progressively.

Max-pooling is a very popular non-linear pooling operator used in several object
recognition architectures [BBLP10]. It computes local maxima values within a neigh-
borhood of a given size:

/
Mpzx(u) = lu/Igz}‘};RM(u )| -
If max-pooling is followed by a downsampling using a critical downsampling step R, then
the resulting non-linear operator is non-expansive, but fails to commute with the action
of diffeomorphisms.

2.5 On the L; continuity of Integral Scattering

Section 2.3.4 reviewed the extension of the windowed scattering to an integral, translation
invariant transform, defined on an uncountable path set P.. In [Mall2], it was observed
that this integral scattering transform shares some striking resemblance with the Fourier
transform. In particular, it was conjectured that when z € L!(R?), then Sz is continuous
with respect to the metric defined from the cylinder topology.

In this section, we prove a partial affirmative result of this conjecture. The cylinder
topology from (2.18) defines neighborhoods in P, formed by finite and infinite sequences
(gr ) of subband indicies g € A, satisfying constraints on its first terms.

The L; continuity of the integral scattering states that when z € L'(R%), then for
cach p € Py, and each ¢ > 0, one can find J > 0 such that the neighborhood C}(p)
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satisfies

Vg € Cy(p), |Sz(q) — Sz(p)| <e. (2.33)

We shall prove a weaker version of this result, which considers a subset of P, formed
by finite paths of bounded slope. Let p = (A\1,...,A\p) € P be a path of finite order.
Its slope is defined as

A(p) = sup sup [ i
Kk k>k A
Scale increasing paths, which concentrate most of the scattering energy, satisfy A(p) < 0
since [Aw|7! < |Ax|7t, VK > k. The following theorem proves that when one approaches
a path p € P, with paths ¢ € C;(p) of bounded slope and finite order, then Sxz(q)
converges towards Sz(p) for z € L(R%). For simplicity, we write the result using dyadic
wavelets 1y obtained with a = 2: A\ = r27.

Theorem 2.5.1 Let 2 € L'(R?), and let Sz be the integral scattering transform

Su(p) = / Ulpla () du

Fop

where p, = [Ulpld(u)du. Then, for any p € Py, B, m € N, and € > 0, there exists
J > 0 such that for any q € Py, satisfying q € Cy(p), |q| <m and A(q) < B, then

Sz (p) — Sw(q)| < e . (2.34)

Proof: Fix p € Py, and let g € CJ( ) NPy be a path in the nelghborhood of p. We can
thus write ¢ = p + ¢, with § = A + § € P satisfying |A|~! < 27/, We have

Sz(q) =

q) - (S| q) 1 (2.35)

The following lemma proves that if = is in Ll(Rd) and is positive, then Sz has a
particularly simple form on “small” paths § € P, with finite order and finite excursion:

q]
= S(Ulplz)

Lemma 2.5.2 Let m, B € N, and let
Agmn = {0 € Pocs 4= (A1, A), lal = my M| =27, Ag) < M} . (2.36)

If v € LY(RY), 2 > 0, then

Sz(q) — / 2(u)du

=0. (2.37)

lim sup
J—o00 qE\AJm
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If we apply Lemma 2.5.2 to f; = U[p]x and fo = Ul[p]d, then the identity (2.35) implies
that for any € > 0 there exists J > 0 such that

B [ Ulplz(u)du <.
[Upld(w)du |~ "’

which implies (2.34) since Sz(p) = ([ U[p|d(u)du)~! [ Up]f(u)du.

We shall then prove (2.37). Fix J > 0, and let ¢ € Aj,,. By definition (2.36),
we can write ¢ = 727 + §, and without loss of generality, we can assume that r = 1.
let Djz(u) = 27992(277u) be a dilation operator normalized in L!(R?). A change of
variables shows that

Vg st. g € Cy(p), lgl <m, Alg) < B, |Sz(q)

Djx *y(u) = 2jd/x(2jv)¢)\(u —v)dv
= /w(v)zm(u — 2v)dv = /x(v)wA(Qj(Q_ju —v))dv
— 22_jd/x(v)1p2u(2_ju—v)dv
= Dj(z*thy-i)(u) (2.38)
and by cascading this property we obtain that
Ulp|Djx = D;U[2 9 pla
or equivalently U[plz = D;U[277p]|D_;x. By setting j = J , we obtain

727 x(u)du

(2.39)

since D;6 = 6 Vj with the L!(RY) normalization. Now, if T = [ z(u)du, (2.39) can be
decomposed as

Sz(2” +§) =
[ZUN+ @2 7)5(w)du [ (UL +q277|D_ya(u) — UL + §277)6(u)) du

JUL+ ¢27]6(u)du JUL+ q2=7]6(u)du
[ UL+ G2 7|D_ja(u) — Ul + g277)T6(u)) du

= T+ : (2.40)

JUL+ ¢277]6(u)du

The path 277/¢ = 1+§27 is obtained by a translation in scale of ¢, and hence it satisfies
1277¢| = |q| and A(277¢) = A(q). We will prove (2.37) by showing that

qeiﬁlim/U[q]é(u)du >0, (2.41)
and
Jh_)n;o qesflllfm /(U[q]DJx(u) —Ulglad(u)) du| =0 . (2.42)
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Let us first prove (2.41), by induction on the maximum path order m.
Let m = 2. In that case, the set A; o contains paths ¢ = (1, A), where the scale of
is lower bounded by |A|~* < M. We need to see that

inf /||¢|*¢A|<u>du= ol % alls > 0 -

IA[-t<Mm
From (2.38) we deduce that if j = |\|, then
[+ Pl = (105 (D501 + )lln = [[D—5[ [+l -

Since [¢| € LY(R?) and 1| > 0, it follows that D_;|3| is an approximation of the identity
in LY(R?) as j — oo, with

Vi, / Dbl (u)du = [

and hence
Tim (D[] %~ ¥l =0 (2.43)

But

[t wsltan = s [ wita

= | [ 1ot vl@an = s [ plwan

< /IIDJ'|¢|*¢I(U) — [l [l(w)] du
1Dl %4 = [[9lledlly -

As a result, Ve > 0 there exists J such that if |[A\| > J, then

A

IN

<e.

\ [ 1< sl 1

If € is chosen such that ¢ < [[%]|?/2, and J. is the corresponding J, then the paths
q € A2, ¢ = (1,\) with |[A\| > J, satisfy

2
Voe A a= (LN > [ Uldstu it -e= 1000 ay

On the other hand, there are only a finite number of paths ¢ € A; 2 with |A| < J,, since
by definition |\ > M~!. As a result,

inf Ulglé(u)du = ag >0 . (2.45)
q=(17§§\>\\§k

By combining (2.44) and (2.45) we obtain that

2
@) —a>0. (2.46)

inf/U[q]&(u)du > min(ap,
qgeA
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Let us now suppose the result true for m = mg — 1. We shall prove that it is also
true for m = myg. Let
inf /U[q]é(u)du =a>0.
€A1, my—1
For each [ > 0, we shall decompose the set A1 ,,, in terms of the maximum jump of the
path:
Al,mo = 3l ) (-Al,mo \ 3l) 3

with
k
B, = {q €Aim,q= A1, Amg); xX(q) = max <#> > 2l} .
<k ]
The maximum jump x(g) of a path thus measures the largest decrease on the scale, with
respect to the current cumulated support of U[A1,..., Ag]. Since the set A, ,, contains

paths of finite order and finite slope, the maximum jump is lower bounded by a constant
My depending on M and the order my.
Let ¢ € B;. We can write ¢ = go + A + ¢1, where g = (N}, ..., \},) satisfies

A= O D2t (2.47)
i<k!
If A = 2/r, we have
Ulgo+ A6 = U[ANUlqolé = [U[go]d * x|
= Di(D—;Ulao)d % ¥n,) (2.48)

We will now exploit again the fact that f;j(u) = D_;U|go]d(u) is an approximation of
the identity in L'(R%). Let v = | fj(w)du, which does not depend upon j. We have

||Dj(D*jU[QO]6*7;Z)20r) _rVDjT;Z)Q()rHl = H f] *7/)20 7¢20r||1
= [ | Gt ) = v 10t
< (1T — e lisid, (249)
where Tih(u) = h(u — t) is the translation operator. Since the translation operator

t + Tyh is continuous in L'(RY) for any h € L!'(R?), then for each ¢ > 0, we can find
7 > 0 which only depends upon 9 such that

VIt <m, [Tiwbgo, — thpo,llt < €/2. (2.50)
On the other hand,

|, —danlasiar < 2ol [ g
[tI>n

[t|>n

= 2[|¢[1 D_;Ulqo]é(t)dt
[t|>n

_ 2Hle/  Ulgold(t)de - (2.51)
[t|>27n
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By construction, the scale 27 is such that

2> N2,

i<k’
from (2.47). Since the wavelet ¢ has fast decay, Ulgo|0(t) satisfies
[Ulgolo(t)] < C1/(Co + (Jt]/K))"

where C; and n only depend upon ¢ and K = )., |\}| is proportional to the effective

support of the cascade of convolutions given by Ulgolh = |[|h* x| % ... [ ¢)\;€, |. As a
result, the error in (2.51) can be bounded by

/ | Tty — haor | f ()t < Cllbllre) / Ulqold(t)dt
[t|>n

< Cllllived) , (2.52)

A

where €(I) — 0 as [ — oo. By using (2.50) and (2.52) we can now bound (2.49) with

1 % thaon) — bl < / [T, — whsor |11 3 (£)dt
— / | Tiatmo, — mon | £ (£)dt + / | Tiino, — ol fy (£)dt
[t|<n

[t|>n
¢/2v + C|l$llive(l)
< Il (e/2 + Cllhe)) | (2.53)

ARV

since v = [ Ulgo]d(u)du < |[1[|]* using the Young inequality || f * g|l1 < ||f]l1]lgl1-

Since
U = UNglli = [I1f *¥al = lg*¥alllx
< [ fxhy —grdall = [(f = 9) x Al
< lf = glllllr
it follows that
1 Ulplf — Ulplglls < I1f — gl (2.54)

As a result of (2.53), any path ¢ € B;, which was decomposed as ¢ = qo + A + ¢1,
satisfies

‘/U[q]é(u)du—’y/U[)\+q1]5(u)du <
1Ulg]d = Ula|UNGll = U[a]UNUlgold —vUlg1]U[N6 ]
< I U [0)6 % o — voals
< Wl (e/2 + Cllllae(?)) (2.55)
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by applying (2.54) on Ul[qi]. (2.55) implies that for any € > 0 one can find sufficiently
large [ such that [ U[g]d(u)du is at distance at most € from ~y [ U[q]6(u)du, where || < |q|
and o <y < [|9|]7*°. By applying the induction hypothesis with ¢ = /2, we conclude
that

Vg e B, , /U[q]é(u)du >a?/2>0. (2.56)

On the other hand, the set Aj ,,,, \ B; contains only a finite number of paths, since their
slope is bounded by A(q) < B, and thus

min Ulgld(u)du = ag > 0 .
qul,mo\Bl/ [q] ( ) 0

We conclude that
Vg e Aimg /U[q]é(u)du > min(a?/2,09) >0, (2.57)

which proves (2.41).
Let us finally prove (2.42). Since z € L'(R%) and 2 > 0, D_jx is also an approxi-
mation of the identity, which, with = [ z(u)du, satisfies

Vh € LY(RY) , Jim |[D_yaxh—7h|ly =0 (2.58)
— 00

If g€ A, ¢ = A\ + ¢ with \; = 2%, and hence U[q|D_jz = U[g]|D_jx xy,|. Then, by
using again (2.54), it results that

‘ / Ulg|D—yz(u)du — T / Ulg)d(u)du

' J@WtdD-sat) - 70l

IN

[ 10D st - Ulg)5(w) du

= ||Ulg]D—yx —zU[q)d||:
UG D— g % o, | — FUG)[en, 11

< NI NID—sa % x| - Flba, |1

eI Dy xpn, — T, 1, (2.59)

which can be made arbitrarily small thanks to (2.58). This proves (2.42), which concludes
the proof of Lemma 2.5.2, and hence of (2.34) O.

Theorem 2.5.1 thus shows that integrable functions have a normalized scattering
transform which enjoys some form of regularity. The regularity is measured on paths
with finite order and finite slope. In order to prove the full version of the conjecture,
Theorem 2.5.1 needs to be extended to handle two new asymptotic regimes: paths with
arbitrarily large order and arbitrarily large slope.

The strategy used to prove (2.37), which finds a lower bound for the denominator
and an upper bound for the numerator, is not powerful enough to study the regularity
on paths with infinite order or slope; indeed, in that case

inf/U[q]é(u)du =0.

q

IN
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The general case thus requires to show that for those paths, the numerator [ U|g|z(u)du
has the same decay law as the denominator, with a proportionally factor given by

[ z(u)du.

2.6 Scattering Networks for Image Processing

This section concentrates on image processing applications of scattering representations.
It introduces several scattering wavelet families and studies the properties of its associ-
ated scattering operators for object and texture representations.

2.6.1 Scattering Wavelets

This section describes several wavelet families used to implement scattering representa-
tions.

The Littlewood-Paley wavelet transform of x, {z x 1)(u)}, defined in (2.6), is a
redundant transform with no orthogonality property. Section 2.3.1 explained that it is
stable and invertible if the wavelet filters 9y (w) cover the whole frequency plane. On
discrete images, to avoid aliasing, we only capture frequencies in the circle |w| < 7
inscribed in the image frequency square. Most camera images have negligible energy
outside this frequency circle.

(a) (b) (c)

Figure 2.5: Complex Morlet wavelet. (a): Real part of ¢(u). (b): Imaginary part of
¥(u). (c): Fourier modulus |¢)(w)].

Let u.u' and |u| denote the inner product and norm in R2. A Morlet wavelet v is an
example of complex wavelet given by

bu) = a (" = g)e M

where 8 < 1 is adjusted so that [¢(u)du = 0. Its real and imaginary parts are
nearly quadrature phase filters. Figure 2.5 shows the Morlet wavelet with ¢ = 0.85
and £ = 37/4, used in all classification experiments. The Morlet wavelet 1) shown in
Figure 2.5 together with ¢(u) = exp(—|ul?/(20?))/(2r0?) for o = 0.7 satisfy (2.7) with
e = 0.25.
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Cubic spline wavelets are an important family of unitary wavelets satisfying the
Littlewood-Paley condition (2.7) with e = 0. They are obtained from a cubic-spline
orthogonal Battle-Lemairé wavelet, defined from the conjugate mirror filter [MalO8]

Ss(w)

hw) = 9855 (2w)

with

G 1
5= 2 Gy

which in the case n = 8 simplifies to the expression

5 + 30 cos?(w) + 30sin?(w) cos?(w) 70 cos*(w) + 2sin(w) cos?(w) + 2/3 sinb(w)
SS(QW) = + .

10528 sin®(w) 10528 sin®(w)

In two dimensions, 1& is defined as a separable product in frequency polar coordinates
w = |w|n, where 7 is a unit vector:

v|(")|7 ne RT x Sl ) &(w) = ¢A1(|W|)7(77) )

with v designed such that

Vi, Y TP =1.

reG+t

Figure 2.6 shows the corresponding two-dimensional filters obtained with spline wavelets,
by setting both 1, and v to be cubic splines.

A\ \

(a) (b) (c)

Figure 2.6: Complex cubic Spline wavelet. (a): Real part of ¢(u). (b): Imaginary part
of (u). (c): Fourier modulus |1 (w)].

2.6.2 Scattering Convolution Network

If p = (A,...,; A\,) is a path of length m then the windowed scattering coefficients
Sylplz(u) of order m are computed at the layer m of a convolution network which
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is specified. For large scale invariants, several layers are necessary to avoid losing crucial
information.

For appropriate wavelets, first order coefficients S;[\]z are equivalent to SIFT co-
efficients [Low04]. Indeed, SIFT computes the local sum of image gradient amplitudes
among image gradients having nearly the same direction, in a histogram having 8 differ-
ent direction bins. The DAISY approximation [TLF10] shows that these coefficients are
well approximated by Sj[A1]z = |z x 1y, | * ¢9s (u) where 1y, are partial derivatives of a
Gaussian computed at the finest image scale, along 8 different rotations. The averaging
filter ¢y is a scaled Gaussian.

Partial derivative wavelets are well adapted to detect edges or sharp transitions
but do not have enough frequency and directional resolution to discriminate complex
directional structures. For texture analysis, many researchers [MP90; PS99] have been
using averaged wavelet coefficient amplitudes |z x| *dqs (1), calculated with a complex
wavelet 1 having a better frequency and directional resolution.

The translation invariance of Sj[p]z is due to the averaging of U[p]x by ¢ys. It has
been argued [BBLP10] that an average pooling loses information, which has motivated
the use of other operators such as hierarchical maxima [BRP09]. A scattering avoids
this information loss by recovering wavelet coefficients at the next layer, which explains
the importance of a multilayer network structure.

A scattering is implemented by a deep convolution network [FKL10], having a very
specific architecture. As opposed to standard convolution networks, output scattering
coefficients are produced by each layer as opposed to the last layer.Filters are not learned
from data but are predefined wavelets. Indeed, they build invariants relatively to the
action of the translation group which does not need to be learned. Building invariants
to other known groups such as rotations or scaling is similarly obtained with predefined
wavelets, which perform convolutions along rotation or scale variables [Mall2; SM12].

Different complex quadrature phase wavelets may be chosen but separating signal
variations at different scales is fundamental for deformation stability [Mall2]. Using a
modulus to pull together quadrature phase filters is also important to remove the high
frequency oscillations of wavelet coefficients.

For a fixed position u, windowed scattering coefficients Sy[p]z(u) of order m = 1,2
are displayed as piecewise constant images over a disk representing the Fourier support
of the image . This frequency disk is partitioned into sectors {Q[p]},cpm indexed by
the path p. The image value is Sy[p]xz(u) on the frequency sectors Q[p], shown in Figure
2.7.

For m = 1, a scattering coefficient S;[A1]z(u) depends upon the local Fourier trans-
form energy of x over the support of 1& A - Its value is displayed over a sector £2[A;] which
approximates the frequency support of 1& A - For A\; = 2771ry there are K rotated sectors
located in an annulus of scale 2771, corresponding to each r; € G, as shown by Figure
2.7(a). Their area are proportional to ||y, || ~ K~ 2771,

Second order scattering coefficients S;[A1, A2]x(u) are computed with a second wavelet
transform which performs a second frequency subdivision. These coefficients are dis-
played over frequency sectors Q[Ai, A2] which subdivide the sectors Q[A;] of the first
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Q[lerl, 2127'2]

(a) (b)

Figure 2.7: To display scattering coefficients, the disk covering the image frequency
support is partitioned into sectors Q[p|, which depend upon the path p. (a): For m = 1,
each Q[\{] is a sector rotated by r; which approximates the frequency support of 1%\1'
(b): For m = 2, all Q[A;, A2] are obtained by subdividing each [A;].

P

(©) (d)

Figure 2.8: (a) Two images x(u). (b) Fourier modulus |Z(w)|. (c) First order scattering
coefficients Sjyx[A\;] displayed over the frequency sectors of Figure 2.7(a). They are
the same for both images. (d) Second order scattering coefficients Sjx[A1, A2| over the
frequency sectors of Figure 2.7(b). They are different for each image.
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wavelets 1%\1, as illustrated in Figure 2.7(b). For Ay = 27727y, the scale 272 divides the
radial axis and the resulting sectors are subdivided into K angular sectors corresponding
to the different 9. The scale and angular subdivisions are adjusted so that the area of
each Q[\1, \o] is proportional to |||ty | * ¥, ||%-

Figure 2.8 shows the Fourier transform of two images, and the amplitude of their
scattering coefficients. In this case the 27 is equal to the image size. The top and bottom
images are very different but they have the same first order scattering coefficients. The
second order coefficients clearly discriminate these images. Section 2.6.3 shows that the
second-order scattering coefficients of the top image have a larger amplitude because the
image wavelet coefficients are more sparse. Higher-order coefficients are not displayed
because they have a negligible energy, as explained also in Section 2.6.3.

2.6.3 Analysis of Scattering Properties

A convolution network is highly non-linear, which makes it difficult to understand how
the coefficient values relate to the signal properties. Scattering convolutional networks,
thanks to their construction from stable, Littlewood-Paley wavelet filter banks and the
point-wise non-linearities, enjoy energy conservation and stability to additive noise and
to the action of diffeomorphisms.

A windowed scattering S; is computed with a cascade of wavelet modulus oper-
ators U defined in (2.8), and its properties thus depend upon the wavelet transform
properties. Sections 2.3.1 and 2.3.2 gave conditions on wavelets to define a scattering
transform which is non-expansive and preserves the signal norm. The scattering energy
conservation shows that ||.S;[p]z| decreases quickly as the length of p increases, and
is non-negligible only over a particular subset of frequency-decreasing paths. Reducing
computations to these paths defines a convolution network with much fewer internal and
output coefficients.

Theorem 2.3.4 proves that the energy captured by the m-th layer of the scattering
convolutional network, >, 1S [p]z||?, converges to 0 as m — oo.

The scattering energy conservation also proves that the more sparse the wavelet
coefficients, the more energy propagates to deeper layers. Indeed, when 27 increases,
one can verify that at the first layer, Sy[\1]z = [zx1y, |*pos converges to ||¢||? ||zxpx 3.
The more sparse z * 1y, the smaller ||z xy|[1 and hence the more energy is propagated
to deeper layers to satisfy the global energy conservation (2.13).

Figure 2.8 shows two images having same first order scattering coefficients, but the
top image is piecewise regular and hence has wavelet coefficients which are much more
sparse than the uniform texture at the bottom. As a result the top image has second
order scattering coefficients of larger amplitude than at the bottom. For typical images,
as in the CalTech101 dataset [FFFPO04], Table 2.1 shows that the scattering energy
has an exponential decay as a function of the path length m. Scattering coefficients
are computed with cubic spline wavelets, which define a unitary wavelet transform and
satisfy the scattering admissibility condition (2.11) for energy conservation. As expected,
the energy of scattering coefficients converges to 0 as m increases, and it is already below
1% for m > 3.
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able 2.1: Percentage of energy m ||9.J|P|T x||“ ol scattering coeflicients on
Table 2.1: P f peop |Salplel?/Ilz]? of i ffici

frequency-decreasing paths of length m, depending upon J. These average values are
computed on the Caltech-101 database, with zero mean and unit variance images.

44.6 45.26 8.9 0.61 0.01 99.37
26.15  57.02 14.4 1.54 0.07 99.1
0 73.37  21.98 3.56 0.25 98.91

Jlm=0 m=1 m=2 m=3 m=4|m<3
1 95.1 4.86 - - - 99.96
2 | 87.56  11.97 0.35 - - 99.89
3| 76.29  21.92 1.54 0.02 - 99.78
4| 61.52  33.87 4.05 0.16 0 99.61
5
6
7

The propagated energy ||U[p]z|?> decays because Ulp]z is a progressively lower fre-
quency signal as the path length increases. Indeed, each modulus computes a regular
envelop of oscillating wavelet coefficients. The modulus can thus be interpreted as a
non-linear “demodulator” which pushes the wavelet coefficient energy towards lower fre-
quencies. As a result, an important portion of the energy of Ulp]z is then captured
by the low pass filter ¢os; which outputs Sy[p]z = Ulp]z * ¢5s. Hence fewer energy is
propagated to the next layer.

Another consequence is that the scattering energy propagates only along a subset of
frequency decreasing paths. Since the envelope |z x 15| is more regular than x % vy, it
results that |xx1) (u)|*x1y is non-negligible only if 1), is located at lower frequencies than
¥y, and hence if |\'| < |A|. Iterating on wavelet modulus operators thus propagates the
scattering energy along frequency-decreasing paths p = (A1, ..., \py) where | Mg < [Ag_1]
for 1 < k < m. We denote by ’.Pl” the set of frequency decreasing (or equivalently scale
increasing) paths of length m. Scattering coefficients along other paths have a negligible
energy. This is verified by Table 2.1 which shows not only that the scattering energy is
concentrated on low-order paths, but also that more than 99% of the energy is absorbed
by frequency-decreasing paths of length m < 3. Numerically, it is therefore sufficient
to compute the scattering transform along frequency-decreasing paths. It defines a
much smaller convolution network. Section 2.6.4 shows that the resulting coefficients
are computed with O(N log N) operations.

Preserving energy does not imply that the signal information is preserved. Since
a scattering transform is calculated by iteratively applying U, inverting S; requires to
invert U. The wavelet transform W is a linear invertible operator, so inverting Uz =
{z *x P97, |z * Yx|}rep amounts to recover the complex phases of wavelet coefficients
removed by the modulus. The phase of Fourier coefficients can not be recovered from
their modulus, but wavelet coefficients are redundant, as opposed to Fourier coefficients.
For particular wavelets, it has been proved that the phase of wavelet coefficients can be
recovered from their modulus, and that U has a continuous inverse [Wall2].
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Still, one can not exactly invert S; because we discard information when computing
the scattering coefficients Sy[plz = U[p] x ¢pys of the last layer P™. Indeed, the prop-
agated coefficients |U[p]z % 15| of the next layer are eliminated, because they are not
invariant and have a negligible total energy. The number of such coefficients is larger
than the total number of scattering coeflicients kept at previous layers. Initializing the
inversion by considering that these small coefficients are zero produces an error. This
error is further amplified as the inversion of U progresses across layers from m to 0.
Numerical experiments conducted over one-dimensional audio signals, [AM12a] indicate
that reconstructed signals have a good audio quality with 7 = 2, as long as the number
of scattering coefficients is comparable to the number of signal samples. Audio examples
in www.cmap.polytechnique.fr/scattering show that reconstructions from first order scat-
tering coefficients are typically of much lower quality because there are much fewer first
order than second order coefficients. When the invariant scale 27 becomes too large, the
number of second order coefficients also becomes too small for accurate reconstructions.
Although individual signals can be not be recovered, reconstructions of equivalent sta-
tionary textures are possible with arbitrarily large scale scattering invariants, as it will
be shown in Chapter 4 in auditory texture synthesis.

2.6.4 Fast Scattering Computations

We describe a fast scattering implementation over frequency decreasing paths, where

most of the scattering energy is concentrated. A frequency decreasing path p = (27717, ..., 27Jmr,,)
satisfies 0 < jr < jro1 < J. If the wavelet transform is computed over K rotation an-

gles then the total number of frequency-decreasing paths of length m is K™ (7‘7]1) Let

N be the number of pixels of the image x. Since ¢ys is a low-pass filter scaled by 27,
Sylp)x(u) = Ulplx*pqs (u) is uniformly sampled at intervals a2/, with a = 1 or a = 1/2.

Each S;[p]r is an image with a=2272/N coefficients. The total number of coefficients

in a scattering network of maximum depth 7 is thus

P=Na?27% Y K™ (;i) . (2.60)
m=0

If m = 2 then P ~ o 2N272/K2J2/2. It decreases exponentially when the scale 27/
increases.

Algorithm 1 describes the computations of scattering coefficients on sets P|"* of fre-
quency decreasing paths of length m < m. The initial set '.PE = {0} corresponds to the
original image U[@]x = x. Let p+ X\ be the path which begins by p and ends with A € P.
If A =277 then Ulp+ Az(u) = |U[p]z * 1x(u)| has energy at frequencies mostly below
27J7. To reduce computations we can thus subsample this convolution at intervals a2/,
with @ =1 or a = 1/2 to avoid aliasing.

At the layer m there are K™ (;{IL) propagated signals U[plx with p € ?T. They
are sampled at intervals a2/ which depend on p. One can verify by induction on m
that the layer m has a total number of samples equal to a2 (K/3)™ N. There are
also K™ (7‘7]1) scattering signals S[p]z but they are subsampled by 27 and thus have
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Algorithm 1 Fast Scattering Transform
for m =1 tom do
for all p € ’.Pl”_l do
Output Sy[plz(a2/n) = Ulp|z * ¢gs(a2”n)

end for
for all p+ A, € ?T with \,, = 27771, do
Compute
Ulp 4 Amlz(a2imn) = |Ulplx x ¥y, (a27mn)|
end for
end for

for all p € fPinaX do
Output Sy[p]z(a2/n) = Ulp|x * ¢gs(a2”/n)
end for

much less coefficients. The number of operation to compute each layer is therefore
driven by the O((K/3)™ N log N) operations needed to compute the internal propa-
gated coefficients with FFT’s. For K > 3, the overall computational complexity is thus
O((K/3)™ N log N).

2.6.5 Analysis of stationary textures with scattering

Section 2.3.5 showed that the scattering representation can be used to describe stationary
processes, in such a way that high order moments information is captured and estimated
consistently with few realizations.

Image textures can be modeled as realizations of stationary processes X (u). We
denote the expected value of X by F(X), which does not depend upon u. The Fourier
spectrum EX(w) is the Fourier transform of the autocorrelation

Rx(r) = B([X(w) = B(X)|[X(u - 7) - B(X)]) .

Despite the importance of spectral methods, the Fourier spectrum is often not suffi-
cient to discriminate image textures because it does not take into account higher-order
moments.

The discriminative power of scattering representations is illustrated using the two
textures in Figure 2.9, which have the same power spectrum and hence same second
order moments. Scattering coefficients S;[p]X are shown for m = 1 and m = 2 with
the frequency tiling illustrated in Figure 2.7. The ability to discriminate the top process
X1 from the bottom process X5 is measured by a scattering distance normalized by the
variance:

o(m) = 157 X1 [AT] = E(S; X[A7DI*
E([[S5 X [A]] — E(SsXa[AT])]?)
For m = 1, scattering coefficients mostly depend upon second-order moments and are
thus nearly equal for both textures. One can indeed verify numerically that p(1) = 1
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(a) (b) (c) ()

Figure 2.9: Two different textures having the same Fourier power spectrum. (a) Textures
X (u). Top: Brodatz texture. Bottom: Gaussian process. (b) Same estimated power
spectrum RX (w). (c) Nearly same scattering coefficients S;[p] X for m = 1 and 27 equal
to the image width. (d) Different scattering coefficients S;[p]X for m = 2.

so both textures can not be distinguished using first order scattering coefficients. On
the contrary, scattering coefficients of order 2 are highly dissimilar because they depend
on moments up to order 4, and p(2) = 5. A scattering representation of stationary
processes includes second order and higher-order moment descriptors of stationary pro-
cesses, which discriminates between such textures. Chapter 4 exploits the consistency
and the discriminability of expected scattering representations to the tasks of texture
classification and synthesis.

The windowed scattering S;[P;]X estimates scattering coefficients by averaging
wavelet modulus over a support of size proportional to 27. If X is a stationary pro-
cess, Section 2.3.5 showed that the expected scattering transform SX is estimated with
the windowed scattering

SJ[?J]X:{U[p]X*(bJ ,prPJ}.

This estimate is called mean-square consistent if its total variance over all paths con-
verges:

Jim_ ; E(|Ss[p)X = SX(p)P*) = 0.

Corollary 2.3.13 showed that mean-square consistency is equivalent to

E(XP) =) [SX@),

PEPso
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which in turn is equivalent to

. 2y
Jm Y B(URIXP) =0 (2.61)
PEP , |p|l=m

If a process X (t) has a mean square consistent scattering, then one can recover the
scaling law of its second moments with scattering coefficients:

Proposition 2.6.1 Suppose that X (t) is a process with stationary increments such that
Sy X is mean square consistent. Then

E(IX x9;) = > [SX(i+p)*. (2.62)
PEPoo

Proof: If X is such that S;X is mean square consistent, then the process X; = | X x ;|
also yields a mean square consistent scattering representation, since for each J

> E(SspIX; - 5X;(0)*) = > E(Ssli+pIX —SX( +p)P)
peP s peP;
< Y EB(ISiIX =SX(p)P) .
pEP;

which implies that limj_ E(||Ss[Ps]X; — SX;|?) = 0. As a result,

E(X xy;) = Y SX;(P = Y [SX(j+p)* . (2.63)

peﬂ)oo pe:POO

0.

For a large class of ergodic processes including most image textures, it is observed
numerically that the total scattering variance > 5 E(|Ss[p]X — SX (p)|?) decreases
to zero when 27 increases. Table 2.2 shows the decay of the total scattering variance,
computed on average over the Brodatz texture dataset.

Corollary 2.3.13 showed that this variance decay then implies that

ISXI? =) > SX(®)P = B(XP) .
m=0peAT

Table 2.3 gives the percentage of expected scattering energy Zpé am |SX (p)? carried
by paths of length m, for textures in the Brodatz database. Most of the energy is
concentrated in paths of length m < 3.
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Table 2.2: Decay of the total scattering variance >, E(|Ss[p]X — SX(p)?)/E(|X|?)
in percentage, as a function of J, averaged over the Brodatz dataset. Results obtained
using cubic spline wavelets.

J=1

J=2 J=3 J=4 J=5 J=6 J=7

85

65 45 26 14 7

2.5

Table 2.3: Percentage of expected scattering energy zpeAgg |SX (p)

%,

as a function of

the scattering order m, computed with cubic spline wavelets, over the Brodatz dataset.

m=0 m=1 m=2 m=3 m=4

0 74 19 3 0.3
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Chapter 3

Image and Pattern Classification
with Scattering

3.1 Introduction

This chapter applies the properties of the scattering metric to pattern recognition. In
this task, signal classes are affected by several sources of variability, such as geometrical
or photometric transformations, non-rigid deformations, shape and texture variability or
clutter, as shown in figure 1.3. The effectiveness of a signal representation for recognition
thus depends upon its capacity to reduce the intra-class variability while keeping enough
signal information to discriminate between different object classes.

The first source of variability, which affects the large majority of pattern recognition
tasks, is given by geometric and photometric transformations, and non-rigid deforma-
tions. Chapter 2 showed that the metric defined by scattering representations has the
capacity to reduce such variability while keeping high frequency information, and hence
that scattering descriptors are an effective, universal preprocessing step in complex ob-
ject recognition tasks, which reduces geometric variability and facilitates the learning of
more complex structures.

This claim can be verified by first considering classification problems where signal
classes are well modeled as templates = € L2(R9), with an associated deformation struc-
ture including geometrical transformations and deformations.

Thanks to its Lipschitz continuity property to the action of diffeomorphisms, small
deformations are linearized in the scattering domain. This property is exploited in
this chapter with a generative linear classifier, which learns for each signal class a
low-dimensional affine approximation model. This classifier is estimated with a class-
conditional PCA, and can be interpreted as a supervised invariance learning step.

Prior to the supervised learning of the affine spaces, we increase the efficiency of
scattering representations by reducing the correlation across paths observed in natural
images. Section 3.3 shows that a discrete cosine transform across scale and orientation
variables approximates the Karhunen-Loeve basis on a dataset of natural images.

We apply this linear generative classifier to the MNIST and USPS handwritten
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datasets. We show that it outperforms discriminative classifiers such as SVM for small
training sizes, achieving state-of-the-art results. For larger training sizes, a discrimi-
native classifier, implemented with a Gaussian Kernel SVM, is shown to outperform
previously published state-of-the-art results. When training samples are scarce, linear
generative classifiers can take advantage of the Lipschitz regularity of the transformed
data more effectively than discriminative SVMs, as shown with a toy model in Section
3.4.3.

Similarly as in other convolutional networks and SVMs, the performance of the PCA
classifier is improved by renormalizing scattering coefficients. The renormalization given
by the scattering transfer, which will also be used in Chapter 5 for the study of multi-
fractals, yields an improvement with respect to the original scattering metric.

3.2 Support Vector Machines

This Section reviews Support Vector Machines, a popular kernel method to perform
discriminative classification.

Support Vector Machines were introduced in the late 70s by Vapnik [Vap79], and
initially formulated as a supervised method for classification or regression in high dimen-
sional spaces. In its simplest formulation, given a binary classification task X — {£1},
where X is a Hilbert space, and where training examples T = {(x;,v;), x; € X, y; =
+1,4i=1...I} are observed, a support vector machine [Bur98| constructs a hyperplane
in X which best separates the two classes T, ,T_, corresponding to points z; such that
y; = +1 and y; = —1 respectively.

The criteria for best separation is based on the notion of margin. If one first supposes
that the training data is linearly separable in X, i.e., that there exists an hyperplane
(w,b),w € X,b € R, such that

Ve, € T4, zpw—b>0 |, Ve T_, zw—5b<0, (3.1)

then the classifier with smallest generalization error is given by the hyperplane which
maximizes the distance to the nearest training examples. Such hyperplane is character-
ized by

min(w,b) HwH2
{ s.t. Vi, yi(wa; —b)>1. (3:2)

This program is solved by introducing Lagrange multipliers. It results from the Karush-
Kuhn-Tucker quadratic programming conditions that the solution w is a linear combi-
nation of the training samples, w = ), o;y;x;, with a; > 0. The indices where o; > 0
are called the support vectors, since they determine the position of the best-separating
hyperplane.

In general, however, the training data is not linearly separable, meaning that (3.1)
is not satisfied. Cortes and Vapnik [CV95] modified the maximum-margin linear pro-
gram (3.2) by introducing slack variables, which allow mis-classified examples but set a
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penalization for such misclassifications. The resulting dual program is

maxai Zz ; — % Zi,j aiajyiiji.xj (3 3)
s.t. Vi,OgaigC,Zicxiyizo ’

Support Vector Machines can be generalized to create non-linear decision functions
by applying the kernel trick [BGV92]. Indeed, the training phase, given by program
(3.3) only uses data through the scalar products x;.x;. By replacing this linear kernel
by a positive-definite kernel K (z;,z;), Section 2.2.2 explained that this is equivalent to
estimating a separating hyperplane on a higher-dimensional feature space, character-
ized by Mercer’s theroem. Popular kernels include the Gaussian radial basis function
K(z,y) = exp(—||z — y||?/202), as well as the polynomial kernels K (z,%) = (1 + z.y)%.

Support Vector Machines are a very popular discriminative classifier thanks to their
good generalization properties and the flexibility given by different kernels. However,
we shall see in Section 3.4.3 that on small training sets they can be outperformed by
generative classifiers.

3.3 Compression with Cosine Scattering

In many pattern recognition tasks, it is important from a computational point of view to
compute local descriptors as small as possible. A discrete cosine transform along scale
and orientation variables removes the correlation in scattering coefficients, yielding a
local image descriptor with reduced dimensionality.

Natural images have scattering coefficients S;[p|X (u) which are correlated across
paths p = (217, ...,29m7,,), at any given position u. The strongest correlation is between
paths of the same length. For each m, scattering coefficients are decorrelated in a
Karhunen-Loéve basis which diagonalizes their covariance matrix. Figure 3.1 compares
the decay of the sorted variances E(|S;[p]X — E(S[p]X)|?) and the variance decay in
the Karhunen-Loéve basis computed on paths of length m = 1, and on paths of length
m = 2, over the Caltech image dataset with a Morlet wavelet. The variance decay is
much faster in the Karhunen-Loeve basis, which shows that there is a strong correlation
between scattering coefficients of same path length.

A change of variables proves that a rotation and scaling Xo,.(u) = X (27'ru) produces
a rotation and inverse scaling on the path variable p = (2717, ..., 29m7,,):

§X2l7’(p) = §X(2l7°p) where 2l7"p = (2l+j17a7a17 ey 2l+jm7474m) .

If images are randomly rotated and scaled by 2/7~! then the path p is randomly rotated
and scaled [Per10]. In this case, the scattering transform has stationary variations along
the scale and rotation variables. This suggests approximating the Karhunen-Loéve basis
by a cosine basis along these variables. Let us parameterize each rotation r by its angle
0 € [0,27]. A path p is then parameterized by ([j1,01], ..., [Jm,Om])-

Since scattering coefficients are computed along frequency decreasing paths for which
—J < jk < jr_1, to reduce boundary effects, a separable cosine transform is computed
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along the variables 71 = j1, jo = jo — j1, s Jm = Jm — jm—1, and along each angle
variable 61, 65, ...,0,,. We define the cosine scattering transform as the coefficients
obtained by applying this separable discrete cosine transform along the scale and angle
variables of S;[p]X(u), for each u and each path length m. Figure 3.1 shows that the
cosine scattering coeflicients have variances for m = 1 and m = 2 which decay nearly as
fast as the variances in the Karhunen-Loeve basis. It shows that a DCT across scales
and orientations is nearly optimal to decorrelate scattering coefficients. Lower-frequency
DCT coefficients absorb most of the scattering energy. On natural images, more than
99% of the scattering energy is absorbed by the 1/3 lowest frequency cosine scattering
coefficients.

order 1
10 T T

0 2 4 6 8 10 12 14 16 18
) order 2
10 ‘
—A
B
100 1 —c||
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1076 L L L L L
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Figure 3.1: (A): Sorted variances of scattering coefficients for m = 1 (left) and m = 2
(right). (B): Sorted variances of DCT scattering coefficients. (C): Variances in the
scattering Karhunen-Loeve basis.

Another source of correlation between scattering paths comes from the self-similarity
present in natural textures and geometric structures. If z,, is an image patch containing
an edge along an angle «, then for a given sub-band A = 276,

’xa*w)\‘ ~ 09(1'04* W})\D 5

where the envelope [t/y| depends mostly on the scale 2/. This induces a correlation on
second order paths along its orientation parameters. Similarly, isolated singularities such
as a Dirac impulse produce scale correlations. Moreover, in Chapter 5 we shall see that
self-similar processes have redundant scattering coefficients, and that these redundancy
can in fact define an invariant quantity.
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3.4 Generative Classification with Affine models

Although discriminant classifiers such as SVM have better asymptotic properties than
generative classifiers, the situation can be inverted for small training sets [NJ02]. We
will consider a simple robust generative classifier based on affine space models computed
with a PCA, resulting in a simplified version of the discriminative k g-metrics algorithm
[SS09]. Applying a Discrete Cosine Transform on scattering coefficients has no effect
on any linear classifier because it is a linear orthogonal transform. However, keeping
the 50% lower frequency cosine scattering coefficients reduces computations and has a
negligible effect on classification results. The classification algorithm is described directly
on scattering coefficients to simplify explanations. Each signal class is represented by a
random vector Xy, whose realizations are images of IV pixels in the class. Section 3.4.1
presents a linear generative classifier which takes advantage of the Lipschitz regularity
properties of scattering operators. Section 3.4.2 introduces a renormalization strategy
which improves classification results, similarly as in other classifiers. Finally, in Section
3.4.3 we compare the generative classification strategy with SVM classification, and show
that it may be a more effective tool to exploit local regularity of data on small training
sets.

3.4.1 Linear Generative Classifier

Chapter 2 showed that the scattering operator S is Lipschitz continuous with respect
to additive and geometric perturbations of the signal. Section 2.3.2 showed that since
both the wavelet modulus and the averaging kernel are contractive L2(R?) operators,
the scattering metric satisfies

155 (x +h) = Syl < [|h] -

It follows that the application h +— ¢, (h) = x + h, performing an additive perturbation
on z, is Lipschitz continuous at 0 when composed with the scattering operator:

15562 (h) = Srez(0)]| < llpz(h) = @z (0)] = [IA]l - (3.4)

In that case, thanks to the Radon-Nikodym property of Hilbert spaces, S; admits a
Gateaux differential almost everywhere [LPT12]. This differential, which is a bounded
linear operator, encodes how infinitesimal additive perturbations of z € L2(R%) are
mapped into the scattering domain:

Sr1pa(h) = Sz + DSyp(h) + o([|]) , [|A]| =0 . (3:5)

On the other hand, Section 2.3.3 showed that the scattering metric is also upper
bounded by an elastic deformation metric. Indeed, if z € L2(R?) has compact support
and L[r]z(u) = x(u — 7(u)), then theorem 2.3.7 showed that the perturbation 7
. (7) = L[]z satisfies

15702(7) = Ss02(0)|| = [|SsL[7]x — Syz| < Cllzfl|I7]lc (3.6)
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where ||7|lc = 277 7|00 + | V7 |loo + || HT||so is the deformation metric defined in Section
2.3.3. As a result, the map Sy, = S o ¢, is also differentiable in the sense of Gateaux
almost everywhere. Its differential DS, maps small deformations into the scattering
domain:

SyLirlz = Syx+ DSy (1) +o(||7llc) , |I7lle = 0 . (3.7)

As a result, both small additive perturbations and small geometric deformations are
linearized by the scattering transform. This source of regularity can be exploited in a
supervised classification setting using a class-conditional PCA.

We shall represent each signal class by a random process X, whose realizations are
observed images or audio samples. Let E(S;X) = {E(Ss[p]X (u))}p. be the family of
N expected scattering values, computed along all frequency-decreasing paths of length
m < Mmpax and all subsampled positions u = a2”/n. The difference S;X; — E(S;X%)
is approximated by its projection in a linear space of low dimension d < Nj. The
covariance matrix of Sy X} is a matrix of size N;. Let V4, be the linear space generated
by the d PCA eigenvectors of this covariance matrix having the largest eigenvalues.
Among all linear spaces of dimension d, this is the space which approximates S;X —
E(S;X}) with the smallest expected quadratic error. This is equivalent to approximating
S X} by its projection on an affine approximation space:

Ad,k = E{SJXk} + Vd,k-

The resulting classifier associates a signal X to the class k which yields the best
approximation space:

k(X) = argmin ||S;X — Pa,, (S;X)] - (3.8)
k<K

This algorithm is a simple instance of the supervised k — ¢-flats algorithm and its
discriminative variants [SS09], where each class is assigned a single affine subspace, rather
than learning a collection of k prototypes for each class. The minimization of (3.8) also
has similarities with the minimization of a tangential distance [HK02], in the sense that
we remove the principal directions of variability to evaluate the distance. However, it
is much simpler since it does not evaluate a tangential space which depends upon Sjz.
Let ij be the orthogonal complement of Vg, corresponding to directions of lower
Variabil,ity. This distance is also equal to the norm of the difference between S;x and
the average class “template” E(S;X}), projected in Vik:

1Sz — Pa,, (Ssz)|| = HPvik (st - E(SJXk)> H . (3.9)

Minimizing the affine space approximation error is thus equivalent to finding the class
centroid E(S;X}y) which is the closest to S;z, without taking into account the first d
principal variability directions. The d principal directions of the space V4 result from
deformations and from structural variability. These d principal directions of variability
can also be interpreted in terms of the Gateaux differentials from (3.5, 3.7). Indeed,
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the spaces Vg encode a subspace of the scattering tangent space generated by the
perturbations h with largest deviations DS g X)(h). The variability in the scattering
domain is thus approximated from an input distribution of deformations or additive
perturbations through the corresponding bounded linear operators from (3.5) and (3.7).

The affine space selection is effective if Sy Xy — E(SyX}) is well approximated by a
projection in a low-dimensional space. This is the case if realizations of X} are transla-
tions and limited deformations of a single template. Indeed, the scattering differential
DSjx controls how each geometric or additive perturbation is perceived in the scat-
tering domain. If a given template is deformed along displacement fields which span a
low-dimensional space, then the resulting transformed coefficients will also be well ap-
proximated by a low-dimensional space. Moreover, if the deformation is enlarged with
random translations, this won’t affect the approximation power of low-dimensional affine
spaces, since translations are geometric perturbations which are atentuated by DSy
thanks to the local translation invariance. Hand-written digit recognition is an example.
This is also valid for stationary textures where S; X} has a small variance, which can be
interpreted as structural variability.

The dimension d must be adjusted so that S;Xy has a better approximation in the
affine space Agy than in affine spaces Agy of other classes k' # k. This is a model
selection problem, which requires to optimize the dimension d in order to avoid over-
fitting [BM97].

The invariance scale 27 must also be optimized. When the scale 27 increases, trans-
lation invariance increases but it comes with a partial loss of information which brings
the representations of different signals closer. One can prove [Mall2] that for any = and

x/

1S7412 — Sypa’|| < [|Syz — Sy’

When 27 goes to infinity, this scattering distance converges to a non-zero value. To
classify deformed templates such as hand-written digits, the optimal 27 is of the order of
the maximum pixel displacements due to translations and deformations. In a stochastic
framework where x and 2’ are realizations of stationary processes, Sz and Sz’ con-
verge to the expected scattering transforms Sz and Sz’. In order to classify stationary
processes such as textures, the optimal scale is the maximum scale equal to the image
width, because it minimizes the variance of the windowed scattering estimator.

A cross-validation procedure is used to find the dimension d and the scale 27 which
yield the smallest classification error. This error is computed on a subset of the training
images, which is not used to estimate the covariance matrix for the PCA calculations.

The class-conditional PCA is closely related to the decorrelation step induced by the
Cosine Scattering transform of Section 3.3. However, while in the compression phase we
kept the coordinates yielding largest variance, the PCA classifier does the opposite and
keeps the coefficients corresponding to eigenvectors with smallest variability. Indeed, the
cosine scattering transform projects the scattering representation into a linear subspace
containing most of the signal energy, independently of the signal class. This space is
generated by linear combinations of scattering paths keeping the low-frequency varia-
tions across paths along orientation and scale directions. The class-conditional PCA
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further decorrelates the scattering coefficients within a class, by exploiting the spatial
dependencies and class-specific path correlations. But since it is computed for a specific
class in a supervised setting, the variance is non-informative and thus we discard the
leading principal directions, as opposed to the unsupervised compression step carried
out by the Cosine Scattering transform.

Affine space scattering models can be interpreted as generative models computed
independently for each class. As opposed to discriminative classifiers such as SVM,
they do not estimate cross-terms between classes, besides from the choice of the model
dimensionality d. Such estimators are particularly effective for small number of training
samples per class. Indeed, if there are few training samples per class then variance terms
dominate bias errors when estimating off-diagonal covariance coefficients between classes
[BLOS].

An affine space approximation classifier can also be interpreted as a robust quadratic
discriminant classifier obtained by coarsely quantizing the eigenvalues of the inverse
covariance matrix. For each class, the eigenvalues of the inverse covariance are set to 0
in Vg and to 1 in Vj i-» Where d is adjusted by cross-validation. This coarse quantization
is justified by the poér estimation of covariance eigenvalues from few training samples.
These affine space models will typically be applied to distributions of scattering vectors
having non-Gaussian distributions, where a Gaussian Fisher discriminant can lead to
important errors.

This affine space classifier can also be related to the “A Contrario” models for de-
tection of geometric structures [DMMO1]. This framework is based in the so-called
Helmhotz principle, which states that relevant geometric features have a very small
probability of occurring in a random context [DMMO1]. If one considers a classification
task with E(]|X||?) = 1, and one assumes that the scattering is computed with unitary,
admissible wavelets, then random test examples are located in the scattering unit ball.
If one assumes a uniform distribution along this ball, then given a subspace Vg4 of di-
mension d, then ||S;z — Py x| ~ (1 — %J)HSJQTH with high probability. The event that
Sy — Py, Syx|| is significantly smaller than ||S;z[| thus has a very small probability
under the hypothesis that x is drawn from a uniform distribution in the unit ball, and
hence it results in an “a contrario” test for belonging to class k.

3.4.2 Renormalization

As in the case of Support Vector Machines, the performance of the affine PCA classifier
can be improved by equalizing the descriptor space.

Table 2.1 from Chapter 2 showed that scattering vectors have unequal energy distri-
bution along its path variables, in particular as the order varies.

A first robust equalization method which is widely used on Support Vector Machines

1/2
is obtained by re-normalizing each S;[p|z(u) by the maximum ||.S;[p]x;| = <Zu |Ss [p]xz(u)|2)
over all training signals Xj:

Sylpla(u)
. 3.10
b, [S3[p1] (10
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This supervised scheme ensures that all paths of the renormalized scattering descriptor
have the same maximum energy across the training set. The supremum is preferred
to the average in (3.10) since the underlying distribution of S;[p|x; generally contains
outliers.

The scattering transfer, which will be introduced and studied in Chapter 5, brings
another renormalization scheme. It is defined for scattering paths p = pg + A of order
Ip| > 1 as

Sylp X (u)
T, X [p|(u) = 22 3.11
and for first order coefficients as Ty X [A](u) = 7&‘[11;%3; . Sections 5.3 and 4.7 will prove

that this renormalization produces scattering coefficients which are nearly invariant to
smooth modulations, which model illumination changes; and to the derivation operator
DX(u) = %(u). As we shall see, this strong invariance property can be interpreted as
a form of geometric invariant.

3.4.3 Comparison with Discriminative Classification

The classification of observations x into labels y can be stated in probabilistic terms as
maximizing the conditional probability max; p(y = ¢;|z). Generative classifiers exploit
the Bayes rule
Py, z) _ plzly)p(y)

p(x) p(z)
and estimate the class-conditional probabilities p(z|y) with a specified model, whereas
discriminative classifiers directly estimate the posterior probabilities p(y|x), or, equiva-
lently, learn a mapping from observations x to the labels y.

Several authors [Vap98; NJ02] showed that discriminative classifiers have better
asymptotic properties than generative classifiers, since they directly estimate the final
classification objective function. However, it has also been observed [NJ02; UB05] that
under certain circumstances, generative classifiers can outperform discriminative ones,
thanks to a better trade-off between the bias and variance of the estimation.

Section 3.4 argued that thanks to the Lipschitz regularity of scattering operators
with respect to additive perturbations and geometric deformations, signal classes with a
deformable template structure are well approximated by low-dimensional affine spaces
in the scattering domain. The linear generative classifier from Section 3.4.1 is able
to exploit such regularity by diagonalizing the empirical intra-class covariance of the
observed data.

We study the pertinence of such classification strategy by modeling a binary classi-
fication problem, where observations « € RY are drawn from Gaussian distributions

p(ylz) =

(zly = 0) ~ N(uo, Xo) ,  (zly =1) ~N(u1,%1) .
The covariance matrices ¢ and X1 are constructed as

¥ =U;D, Ul | i=0,1, (3.12)
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where U; is a random orthogonal matrix of dimension N and D, is a diagonal matrix
such that
Dy(n,n)=0cin" , n=1...N.

The parameter r thus controls the decay of the eigenvectors of ;. We also set the
signal-to-noise ratio p of the model by normalizing the total variance of each class:

_ llso =l

ap an=1 nr

We compare the linear generative classifier described in Section 3.4.1 with an SVM
using a Gaussian Kernel. In both methods, the classifier estimates the hyper-parameters
using a validation set, taken off the training set. In the PCA classifier, it is limited to the
dimension d of the affine spaces, whereas in the SVM case we estimate the parameters
of the Gaussian kernel together with the margin cost [CL11].

Figure 3.2 shows the classification results as a function of the training size 7" and
the decay r of the covariance spectrum. We generated data using N = 40, p = 0.1,
with training set sizes of T = 20, 80, 320, 1280, 2560 and test size of 1000 samples. We
averaged the classification results over 4 runs, and we used a validation set obtained
with 20% of the training samples selected at random. When r is small, the covariance
spectrum decays slowly, which implies that each class spans a relatively large subspace.
In these conditions, the PCA classifier does not outperform the SVM at any regime.
As the training set grows, the bias-variance trade-off turns in favor of the richer SVM
model. However, as r increases, the Gaussian distributions produce data which is better
approximated by low-dimensional linear subspaces; the PCA classifier takes advantage
of this regularity more efficiently than the SVM classifier, and as a result it reaches its
asymptotic regime faster than the SVM, as shown in figure 3.2. This phenomena is
consistent with the theoretical analysis performed on binary data in [NJ02]. We shall
see in the next section that real-world data such as handwritten digits exhibit a similar
behavior, where for small training sets the PCA classifier outperforms its discriminative

p

counterpart.

3.5 Handwritten Digit Classification

The MNIST database of hand-written digits is an example of structured pattern classi-
fication, where most of the intra-class variability is due to local translations and defor-
mations. It comprises at most 60000 training samples and 10000 test samples. If the
training dataset is not augmented with deformations, the state of the art was achieved by
deep-learning convolutional networks [RHBL07], deformation models [KDGHO7; AT07],
and dictionary learning [MBP10]. These results are improved by a scattering classifier.

All computations are performed on the reduced cosine scattering representation de-
scribed in Section 3.3, which keeps the lower-frequency half of the coefficients. Table 3.1
computes classification errors on a fixed set of test images, depending upon the size of
the training set, for different representations and classifiers. The affine space selection of
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Figure 3.2: Comparison between PCA and SVM classifiers for the simulated data of
model (3.12), for different training sizes and different decay of the covariance spectra.

Section 3.4.1 is compared with an SVM classifier using RBF kernels, which are computed
using Libsvm [CL11], and whose variance is adjusted using standard cross-validation over
a subset of the training set. The SVM classifier is trained with a renormalization which
maps all coefficients to [—1,1]. The PCA classifier is trained with the renormalisation
(3.10), and similar results were obtained with the scattering transfer renormalization
(3.11). The first two columns of Table 3.1 show that classification errors are much
smaller with an SVM than with the PCA algorithm if applied directly on the image.
The 3rd and 4th columns give the classification error obtained with a PCA or an SVM
classification applied to the modulus of a windowed Fourier transform. The spatial size
27 of the window is optimized with a cross-validation which yields a minimum error
for 2/ = 8. It corresponds to the largest pixel displacements due to translations or
deformations in each class. Removing the complex phase of the windowed Fourier trans-
form yields a locally invariant representation but whose high frequencies are unstable to
deformations, as explained in Chapter 2. Suppressing this local translation variability
improves the classification rate by a factor 3 for a PCA and by almost 2 for an SVM.
The comparison between PCA and SVM confirms the fact that generative classifiers can
outperform discriminative classifiers when training samples are scarce [NJ02]. As the
training set size increases, the bias-variance trade-off turns in favor of the richer SVM
classifiers, independently of the descriptor.

Columns 6 and 8 give the PCA classification result applied to a windowed scattering
representation for mmax = 1 and mpax = 2. The cross validation also chooses 2/ = 8.
For the digit ‘3’, Figure 3.3 displays the 4-by-4 array of normalized scattering vectors.
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For each u = 27 (ny,n2) with 1 < n; < 4, the scattering vector S;[p]X (u) is displayed for
paths of length m = 1 and m = 2, as circular frequency energy distributions following
Section 2.6.2. Figure 3.4 displays the centroid E(S;Xj) estimated for the class ‘17
together with the principal direction of variability, corresponding to the eigenvector
of largest eigenvalue of the empirical covariance. The panels (e) and (f) of the figure
show that the principal source of variability remaining in the scattering domain is a
rotation of the digit, since the principal direction oscillates along the circular arcs r(p) =

{(rA1,7A2) 3 p= (M, X)), 7 € G}
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Figure 3.3: (a): Image X (u) of a digit ’3’. (b): Array of scattering vectors S;[p|X (u),
for m = 1 and u sampled at intervals 27 = 8. (c): Scattering vectors S;[p]X (u), for
m = 2.

Increasing the scattering order from myax = 1 to mmax = 2 reduces errors by about
30%, which shows that second order coefficients carry important information even at a
relatively small scale 2/ = 8. However, third order coefficients have a negligible energy
and including them brings marginal classification improvements, while increasing com-
putations by an important factor. As the learning set increases in size, the classification
improvement of a scattering transform increases relatively to windowed Fourier trans-
form because the classification is able to incorporate more high frequency structures,
which have deformation instabilities in the Fourier domain as opposed to the scattering
domain.

Table 3.1 also shows that below 5 - 10° training samples, the scattering PCA clas-
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Table 3.1: MNIST classification results.

Training T Wind. Four. | Scat. mmax = 1 | Scat. mpax =2 | Conv. | POP
size PCA SVM | PCA SVM | PCA SVM PCA SVM Net. | [AT07]
300 145 154 | 7.35 7.4 5.7 8 4.7 5.6 7.18 3
1000 7.2 8.2 3.74 3.74 | 2.35 4 2.3 2.6 3.21 1.75
2000 5.8 6.5 2.99 2.9 1.7 2.6 1.3 1.8 2.53 -
5000 4.9 4 2.34 2.2 1.6 1.6 1.03 1.4 1.52 1.11
10000 455 311 | 2.24 1.65 1.5 1.23 0.88 1 0.85 0.8

20000 4.25 2.2 1.92 1.15 1.4 0.96 0.79 0.58 0.76 -
40000 4.1 1.7 1.85 0.9 1.36 0.75 0.74 0.53 0.65 -
60000 4.3 1.4 1.80 0.8 1.34 0.62 0.7 0.43 0.53 0.68

sifier improves results of a deep-learning convolutional networks, which learns all filter
coefficients with a back-propagation algorithm [FKL10], and obtains comparable results
as the Patchwork Of Parts model from [AT07], which estimates a mixture of deformable
parts. As more training samples are available, the flexibility of the SVM classifier brings
an improvement over the more rigid affine classifier, yielding a 0.43% error rate on the
original dataset, thus improving upon previous state of the art methods.

To evaluate the precision of the affine space model, we compute the relative affine
approximation error, averaged over all classes:

~ E(1155Xk = Pagu (SsX0)1°)

2 —1
o, =K
‘ ,; E(1SsXk[?)

For any 57X}, we also calculate the minimum approximation error produced by another

affine model Ag s with k' # k:

E(mink/¢k HSJXk - PAk/’d(SJXk)‘P)

;=
I E(|Ss Xy, — Pay, (S Xi)|2)

For a scattering representation with mpy.x = 2, Table 3.2 gives the dimension d of
affine approximation spaces optimized with a cross validation, with the corresponding
values of 03 and \g. When the training set size increases, the model dimension d in-
creases because there are more samples to estimate each intra-class covariance matrix.
The approximation model becomes more precise so O'?l decreases and the relative ap-
proximation error Ay produced by wrong classes increases. This explains the reduction
of the classification error rate observed in Table 3.1 as the training size increases.

The US-Postal Service is another handwritten digit dataset, with 7291 training sam-
ples and 2007 test images 16 x 16 pixels. The state of the art is obtained with tangent
distance kernels [HK02]. Table 3.3 gives results obtained with a scattering transform
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Table 3.2: Values of the dimension d of affine approximation models on MNIST classifi-
cation, of the intra class normalized approximation error 03, and of the ratio A between
inter class and intra class approximation errors, as a function of the training size.

Training | d 03 Ad
300 5 3-1001 2
5000 | 100 4-107%2 3

40000 | 140 2-107%2 4

with the PCA classifier for mpyax = 1,2. The cross-validation sets the scattering scale
to 2/ = 8. As in the MNIST case, the error is reduced when going from M. = 1 to
Mmax = 2 but remains stable for my,x = 3. Different renormalization strategies can
bring marginal improvements on this dataset. If the renormalization is performed by
equalizing using the standard deviation of each component, the classification error is
2.3% whereas it is 2.6% if the supremum is normalized.

Table 3.3: Percentage of errors for the whole USPS database.

Tang. | Scat. Mpmax = 2 | Scat. mpax = 1 | Scat. mpax = 2
Kern. SVM PCA PCA
2.4 2.7 3.24 26 /23

The scattering transform is stable but not invariant to rotations. Stability to rota-
tions is demonstrated over the MNIST database in the setting defined in [LBLLO09]. A
database with 12000 training samples and 50000 test images is constructed with random
rotations of MNIST digits. The PCA affine space selection takes into account the rota-
tion variability by increasing the dimension d of the affine approximation space. This is
equivalent to projecting the distance to the class centroid on a smaller orthogonal space,
by removing more principal components. The error rate in Table 3.4 is much smaller
with a scattering PCA than with a convolution network [LBLL09]. Much better results
are obtained for a scattering with mmpax = 2 than with mp.x = 1 because second order
coefficients maintain enough discriminability despite the removal of a larger number d
of principal directions. In this case, mmax = 3 marginally reduces the error.

Table 3.4: Percentage of errors on an MNIST rotated dataset [LBLL09].

Scat. Mmmax = 1 | Scat. mmax = 2 | Conv.
PCA PCA Net.
8 4.4 8.8
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Table 3.5: Percentage of errors on scaled and/or rotated MNIST digits

Transformed | Scat. mmpmax = 1 | Scat. mpax = 2
Images PCA PCA
Without 1.6 0.8
Rotation 6.7 3.3
Scaling 2 1

Rot. + Scal. 12 5.5

Scaling invariance is studied by introducing a random scaling factor uniformly dis-
tributed between 1/ V2 and v/2. In this case, the digit ‘9’ is removed from the database
as to avoid any indetermination with the digit ‘6’ when rotated. The training set has
9000 samples (1000 samples per class). Table 3.5 gives the error rate on the original
MNIST database and including either rotation, scaling, or both in the training and
testing samples. Scaling has a smaller impact on the error rate than rotating digits
because scaled scattering vectors span an invariant linear space of lower dimension.
Second-order scattering outperforms first-order scattering, and the difference becomes
more significant when rotation and scaling are combined, because it provides interaction
coefficients which are discriminative even in presence of scaling and rotation variability.

3.6 Towards an Object Recognition Architecture

The previous section showed the efficiency of scattering representations to describe sig-
nal classes with a deformable structure. General object recognition datasets, such as
Caltech-101 [FFFP04], Pascal [EVGW ] or Imagenet [DDST09], contain object classes
with far more complex sources of variability, including occlusions, clutter or complex
changes of shape and/or texture, as shown in figure 1.3.

Figure 3.5: Examples from the Caltech dataset. Intra-class variability includes changes
in shape, appearance, clutter.

In these cases, the windowed scattering representation brings local image descriptors
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which capture high frequency information while being stable to non-rigid deformations
and locally translation invariant. The residual variability after the scattering network
cannot in general be absorbed with linear models, as it was the case in the handwritten
digit task. Variability coming from other physical transformation groups, such as rota-
tions or scaling, can be reduced with a scattering operator defined on a roto-translation
group [SM12]. However, complex datasets exhibit other sources of variability, which do
not result from the action of any transformation group: for instance, the clutter in the
background of objects, or the variability in the shapes of, say, chairs.

Many object recognition architectures [LSP06; YYGHO09; BBLP10] use SIFT or HoG
as their first layer of processing. Once image patches are transformed using these vi-
sual descriptors, most object architectures encode the descriptors using supervised or
non-supervised methods. Sparse coding strategies [BBLP10] learn a dictionary of vi-
sual features using a sparse inducing criteria to encode each transformed path into a
sparse code [BBLP10]. These transformed codes are successively delocalized by pooling
neighboring codes using max-pooling or average pooling [LSP06]. Sparse coding can
be replaced by other encoding strategies; for instance, vector quantization gives rise to
bags-of-words architectures [LSP06], and it is learnt with a clustering of visual features.
Local coordinate coding [YGZ09] is an encoding strategy half-way between vector quan-
tization and sparse coding, which encodes a visual feature with a linear combination of
its closest prototypes.

Finally, deep neural networks, and in particular convolutional networks, have recently
achieved state-of-the-art results on several complex object recognition tasks [KKSH12].
They learn a huge network of filter banks and non-linearities on large datasets, using
both supervised and non-supervised methods. Whereas the first layers of the network
learn local structures such as oriented edges and corners, higher layers are able to learn
more complex relationships of input images, spanning larger spatial neighborhoods.

These non-linear encoding strategies all require learning from data to some extent.
Whereas variability to physical transformations such as translation or rotation is uni-
versal and does not need to be learnt, learning becomes important in order to address
more complex sources of variability. In this context, wavelet scattering networks may
provide the first layers of these general object recognition architectures. The invariance
and stability properties of scattering operators have the capacity to simplify the learning
task of subsequent layers, since they map image patches into a regular manifold thanks
to their Lipschitz continuity properties.
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Figure 3.4: Normalized scattering coefficients for the ‘1’ class. (a),(b): Two examples
Xi(u), (c) E(Ssp|X1(u)), for |p| =1, (d) E(Ss[p|X1(u)), for [p| = 2. (e) first order co-
efficients of the first principal direction, (f) second order coefficients of the first principal
direction. Observe that this principal direction is capturing a rotation of the digit.
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Chapter 4

Texture Discrimination and
Synthesis with Scattering

4.1 Introduction

In the previous chapter we modeled object classes as deterministic functions in L?(R9)
with an associated structure of deformations, which might include geometrical and pho-
tometric transformations, shape variability, occlusion, etc. While this description is
useful for the study of many pattern recognition problems, it is not adequate to repre-
sent the class of, say, images of grass or sand, or applause sound clips. These examples
are naturally modeled as realizations of stochastic processes, referred as image or audi-
tory textures in our context. Thus, the observed variability requires to be treated from a
statistical point of view. Stationary processes are particularly relevant since they express
the property that most textures do not depend upon the spatial or temporal reference.

In this chapter we study the problems of texture discrimination and reconstruc-
tion. In the first case, we consider a family of textures, modeled as stationary processes
X1,...,Xxg. We observe one or several realizations of each process, which are used to
learn a texture model for each class, and then a classifier assigning a label {1... K} to
each new incoming texture realization. In the texture reconstruction problem, we are
given a realization x of an unknown stationary process X, and the goal is to reproduce
independent and perceptually similar realizations of x.

50 years ago, Julesz formulated the hypothesis [Jul62] that the perceptual information
of a given texture X was contained in a finite collection of statistics { E(g;(X)),7 = 1..I},
in the sense that if E(g;(X)) = E(g;(Y)) for all i then X and Y are perceptually
equivalent. Julesz originally stated the hypothesis in terms of second-order statistics,
which measure pairwise interactions of the form ¢;(X) = ¢;(X (u)X (u + 7%)). He later
gave counterexamples showing that third or higher order statistics were required, finally
leading to a formulation in terms of textons [Jul81], local texture descriptors capturing
interactions across different scales and orientations.

Texture classification and recognition both require a texture representation capturing
enough discriminative information about the underlying process. However, they impose
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different constraints on the representation. Whereas in texture synthesis is imperative to
keep all the statistics which are perceptible in the sense of Julesz, texture classification
requires a representation which can be estimated consistently with few realizations, and
which is stable to geometric and photometric deformations.

One can then ask for a texture representation which can be used effectively in both
classification and reconstruction contexts. The expected Scattering representation incor-
porates high order moments information, and is consistently estimated for a wide class
of ergodic processes thanks to the fact that it is computed from non-expansive operators.
Moreover, Section 2.3.3 showed that it provides stability with respect to deformations.
This chapter shows that the expected scattering can be used as a texture representation
for both classification and reconstruction, thanks to its stability, consistency and highly
informative content.

Gaussian processes are a fundamental class of stochastic processes. Thanks to their
particularly rich structure, we are able to obtain analytical properties of their first and
second order scattering coefficients, which will be of particular interest in Chapter 5.
Besides Gaussian processes, we also consider stochastic modulation processes, which are
of special interest on auditory texture modeling.

The rest of the chapter is structured as follows. Section 4.3 concentrates on image
texture classification, with the Curet material texture dataset [DVGNK99]. Each class
is modeled as a process of the form Ly X;, where X; is a stationary process, representing
the material under some canonic lighting and viewing conditions, and Ly is a random
geometric and photometric transformation. We show that the expected scattering rep-
resentation, followed by the generative PCA classifier from Chapter 3, builds a highly
discriminative and consistent estimator for each class, yielding a significative improve-
ment over state-of-the-art results. Section 4.4 studies auditory texture classification from
a dataset compiled by McDermott&Simoncelli [McD]. We confirm numerically that scat-
tering representations discriminate non-gaussian stationary processes, by adding to the
dataset Gaussian processes with the same spectral density as each process in the dataset.

Section 4.5 focuses on texture synthesis from expected scattering representations.
For that purpose, we introduce a gradient descent algorithm in Section 4.5.1, which ad-
justs first and second order scattering coefficients, and we place ourselves in the same
statistical framework of [MS11], which approximates the sampling of maximum entropy
distributions with samples from the Julesz ensemble. We apply the scattering synthe-
sis to the auditory textures from Section 4.4, confirming the fact that second order
scattering representations capture enough information to produce realistic auditory tex-
ture reconstruction. Finally, Section 4.6 focuses on first and second order scattering of
Gaussian processes, whereas Section 4.7 studies stochastic modulation models, showing
that by properly renormalizing second order scattering coefficients, one can separate the
influence of the carrier from that of the envelope.
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4.2 Texture Representations for Recognition

Texture representation has long been a major research topic in computer vision and
signal processing. We give a short overview of the literature, with special attention to
the problems of texture discrimination and synthesis.

The law of a stationary process X is an object living in an extremely high dimensional
space. For instance, if we assume a real, discrete process X [n| whose samples become
statistically independent beyond a window of size S, then its distribution is specified
by a density fx € L'(R®), an object of huge complexity which in general cannot be
estimated with a limited number of samples. Texture discrimination and reconstruction
thus require a concise statistical representation of the process, capturing enough discrim-
inative information for the task at hand and such that it can be consistently estimated
from the available observations.

In the discrimination problem, moreover, the representation should be estimated
consistently with few realizations, and should also be stable to changes in the acqui-
sition process which are not perceptually relevant, as in Chapter 3. For instance, the
representation of a textured material should be stable to changes in pose, illumination
or, more generally, geometrical and photometric deformations.

4.2.1 Spectral Representation of Stationary Processes

A stationary process X (t) admits a spectral representation, via the Cramer decomposi-
tion

vVt X(t) = /eiwtdZ(w) :

where dZ(w) is a zero-mean random spectral measure, which is decorrelated, E(Z(I1)Z(J)) =
0if INJ = (), and whose energy, called the spectral density of X, can be obtained from
the auto-correlation of X (t):

E(Z(I)P) = / R (w)dw |

where Rx (1) = E(X(t)X * (t + 7)). If X(¢) is Gaussian, then the spectral density
completely characterizes the process from its second order moments, which explains
their popularity in many domains of signal processing. However, most textures found in
nature are not well modeled as Gaussian processes, as shown in figure 4.1. In particular,
it results that high order moments contain essential discriminative information. A useful
texture representation thus should depend upon high order moments.

4.2.2 High Order Spectral Analysis

The spectral density ]A%X(w) of a stationary process X (t) is obtained from the second
order auto-covariance function Rx(7) = E((X(t) — E(X))(X(t +7) — E(X))*). Higher
order Spectral analysis [Pet99] generalizes the spectral density by considering third and
higher order cumulants and their multidimensional Fourier transforms. In particular,

73



Chapter 4. Texture Discrimination and Synthesis with Scattering

.3

from Brodatz dataset, i = 1..

First row: Three different examples x;
Bottom row: Reconstruction obtained by equalizing white gaussian noise with each

Figure 4.1:

spectral density R

so that the textures on each column have the same

i=1...3

T;)

second order moments.
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the bi-spectrum is defined for a unidimensional stationary process X (¢) as the two-
dimensional Fourier transform of the third-order cumulant

CgX(Tl,TQ) = E(X(t)X(ﬁ—f—Tl)X(t +7‘2)) — E(X)(Rx(Tl) + Rx(Tg) + Rx(Tl — TQ)) + 2E(X)3 .

Higher order spectral analysis has been applied to texture discrimination in [HK76]
with relative success. However, an accurate estimation of high order cumulants requires
large amounts of samples, as shown in [ANVV97], due to the high variance associated
to their estimates. Indeed, the estimation of high moments amounts to estimating the
expected values F(g(X(t),...,X(t+ 1,—1))), with

g(xl’xk):l_[|xl|aZ ’Zai:m>1 .
i

i<k
The function g(x) effectively expands large values of its arguments, making the expected

value more and more dominated by rare events which increase the variance of the esti-
mator.

4.2.3 Markov Random Fields

Markov Random Fields are an important family of stationary processes which have
been used for both texture discrimination and synthesis. A discrete stationary process
X|[n] is called a Markov Random Field (MRF) if the conditional probability distribution
f(X[n] = z|X[m] = 2, , m # n), which in general depends upon all values of (Zp,)m£n,
can be written as a function only of the neighbors (z,,)men,, , for a given neighborhood
N, which is independent of n since X|[n] is stationary. If X[n] is a Markov random field
then its probability distribution is a Gibbs distribution [GG84]. The size of N governs
the complexity of the model, which captures high order statistics up to order |N|.

MRF's have been used in both texture synthesis and discrimination. In [PL98] the
authors study image texture synthesis by using non-parametric, multiscale MRFs. In
[ZFCV02] the authors extract only first and second-order statistics, along a family of
cliques, thus capturing pixel co-occurrences. They use these statistics to define a Gibbs
distribution, from which they sample using a Metropolis algorithm. The joint pixel
distributions, while capturing high-order statistics, have a complexity which grows ex-
ponentially with the size of the neighborhoods, making their estimation soon unfeasible
using a small realization of the process.

Moreover, such distributions are not stable to a number of input transformations,
such as deformations, perspective effects or pose changes. In [VZ03], MRFs are used
in texture classification. Local distributions are learned by doing a vector quantization
of the joint distributions. This clustering step generates partial invariance, but it also
loses information. Recovering the lost information from the a nonlinear clustering step
is difficult, as opposed to linear averaging.

4.2.4 Wavelet based texture analysis

Wavelet filter banks have been used in both texture synthesis and discrimination [HB95;
MP90; LMO1]. Marginal statistics for each filter output capture important geometrical
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features of the texture, but [PS99] showed that one should not ignore the co-occurrence
or joint statistics across wavelet coefficients in order to achieve good synthesis. Simoncelli
and Portilla build a steerable pyramid representation, which is a filter bank of oriented,
multiscale complex wavelets, consisting in 4 orientations and 4 scales, and which is
designed to satisfy the unitary Littlewood-Paley condition. The authors consider second
moments of X x ¢y for J = 1..4, as well as skewness and kurtosis, together with auto-
correlation samples of | X x| , A\ = r27, where 1 is a generator of the steerable pyramid
and A spans 4 octaves and and 4 different orientations. From the Parseval identity, we
know /t@ these autocorrelation samples have the same stability as the power spectrum
E(||X % x|[?), which is not stable to non-rigid deformations, as seen in 2.2.4.

More recently, synthesis of auditory textures from envelope statistics has been suc-
cessfully applied in [MS11]. Here, the authors start by decomposing the signal with a
filter bank of 30 cochlea filters satisfying the Littlewood-Paley unitary condition. They
are bandpass filters whose bandwidth increases with the central frequency, and such
that they remain approximately constant on a logarithmic scale. Then they extract the
envelope by taking the modulus of the analytic signal for each of the outputs of the filter
bank, which corresponds to using complex bandpass filters such as those considered in the
scattering decomposition. The envelopes at the output of each filter are next compressed
to reproduce the nonlinear response of the auditory system, and are re-decomposed with
a new family of 20 bandpass filters, the modulation filters, which have similar design
as the cochlea filters but operate at a lower frequency range (similarly as the outputs
of second order progressive scattering). The authors then compute statistics of each
cochlea envelope and their corresponding modulation bands. The statistics consist in
marginal moments (mean, variance, skew and kurtosis) and pairwise correlations for the
cochlea envelopes, as well as variance and pairwise cross-correlation for the modulation
bands, which form a vector of total dimension approximately 1400.

4.2.5 Maximum Entropy Distributions

Texture synthesis from a given statistical representation has been studied since Julesz. In
absence of any other information, the distribution characterized by the expected values
{E(gr(X)),k = 1..K} is the maximum entropy distribution. It ensures that the amount
of prior information outsize the set of constraints is minimized. The maximum entropy
distribution is characterized by the Boltzmann theorem, which assesses that under some
conditions on the probability space P, the probability density p(z), z € P, of maximum
entropy subject to the constraints

has the form

1

p(z) = — exp < > —/\kgk(w)> ,zEP. (4.2)
k=1..K

Here, Z is the partition function and A\p are the Lagrange multipliers associated to the

constrained entropy optimization, which need to be adjusted such that the resulting
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density satisfies the expected value constraints (4.1). One can sample from such dis-
tribution using Gibbs sampling and MCMC methods, but given the high dimensional
nature of the probability space, these methods are computationally intensive and require
long iterations. Moreover, the conditional distributions of (4.2) do not have a simple
expressions for non-linear constraints gi. In [ZWMO97], the authors proposed a simpler
framework for obtaining new samples, consisting in projecting a realization of a high
entropy distribution, such as gaussian white noise, to the set of realizations satisfying
the expected value constraints, referred as Julesz Ensemble:

{z e L’RY), gr(z) =hp, k=1...K} .

4.2.6 Exemplar based texture synthesis

Exemplar-based texture synthesis is a another family of texture synthesis methods with
successful numerical results [EF01; KEBKO05; LHO05], which have made them popular
in the computer graphics community. The general principle is to consider an original
realization of a stationary texture X, and to enlarge it progressively, such that it remains
visually similar to X. These methods assume a Markov property valid for a certain
neighborhood N. Then, rather than estimating the conditional probability distribution
f(X = z|N, = p), the method searches for patches in the input which are similar
to p, and then retrieves the central pixel value by choosing one of those matches at
random. The quality of the synthesized textures thus depends upon the ability to find
similar patches within the initial texture realization. Periodic and highly structured
textures are examples where the auto-correlation Rx(7) = E(X(¢)X (¢t + 7)) has large
values for nonzero 7, but for white noise Rx (7) = 02§(7), and hence the method cannot
find similar patches. Exemplar-based methods indirectly estimate high order statistics
with a single realization, which has large variance. For synthesis purposes this is not a
problem, but discrimination requires consistent estimators, which in particular impose
a representation with smaller dimensionality.

Dictionary learning has been successfully applied to the texture synthesis problem
in [Pey09]. A dictionary of patches is learnt by maximizing the amount of sparsity on a
set of exemplar patches. Then, new realizations are obtained by solving a convex opti-
mization program which enforces the synthesized image to have a sparse representation
on the learnt dictionary.

4.2.7 Modulation models for Audio

Stationary processes admit a spectral decomposition, given by the Cramer decomposition
theorem. The spectral density completely characterizes gaussian processes. However, it
does not explain many stationary phenomena observed in nature.

Modulations correspond to multiplicative phenomena and are an essential step in the
generation of sound. Multiplicative processes appear also in the construction of fractal
processes, studied in Chapter 5. In its simplest setting, a modulation model is defined
as the process

X(t) = X,(£)X5(t) | (4.3)
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where X, is a smooth (slow) , positive stationary process and Xy is also stationary
(and fast) and independent from X . The demodulation step consists in obtaining such
decomposition from X. This is an ill-posed inverse problem, without a unique solution,
which hence requires regularization. Similarly as in the additive spectral decomposition,
it is necessary to specify a scale or frequency separation between the terms. Alternatively,
if one assumes that X; # 0 with probability 1, then an additive decomposition of
Y =log | X| =Y + Y5 leads to a possible modulation model for X = | X |e?(X):

X = M0 (V1) (V20X

In audio processing, modulations play a central role in the generation of sounds. This
fact motivates the study of the associated inverse problem, the demodulation, in order
to obtain a signal representation in terms of the modulation components. Generally

speaking, it consists in decomposing a signal z(t) as

2(t) = a(t)e(t) (4.4)

where a is a positive, slow envelope, and ¢ is an oscillatory, wide-band carrier. De-
modulation is thus an ill-posed inverse problem which requires prior knowledge on the
components to be recovered. Several methods exist in the literature, ranging from the
Hilbert transform demodulation of Gabor [Gab46] to probabilistic demodulation meth-
ods, introduced in [Turl0], where a generative model is estimated.

The basic modulation model (4.4) is often not rich enough to express natural sounds.
In [Sch07; Turl0O] the model is generalized to incorporate modulated components at

different temporal scales,
J

2(t) =) aj(t)e(t) -

j=1

The components at each scale are estimated using sub-band demodulation algorithms
[Sch07]. Turner [Turl0] also studied another generalisation where a signal is modulated
multiple times, to form a modulation cascade.

4.3 Image texture discrimination with Scattering repre-
sentations

Visual texture discrimination remains an outstanding image processing problem be-
cause textures are realizations of non-Gaussian stationary processes, which cannot be
discriminated using the power spectrum. Depending on the imaging conditions, tex-
tures undergo transformations due to illumination, rotation, scaling or more complex
deformations when mapped on three-dimensional surfaces.

If X (t) is a stationary process, then Section 2.3.5 showed that under ergodicity con-
ditions that we referred as mean squared scattering consistency, the expected scattering
SX is estimated from a realization = of X using the windowed scattering Sz, with a
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total variance which tends to zero as J — oo:

}Lnéop;; E(|S;X[p] - SX|*)=0. (4.5)

For a wide range of ergodic processes, this property is observed numerically, with a
variance decaying exponentially with J.

The expected scattering can thus be estimated from a single realization under ap-
propriate ergodicity. However, visual textures are not always well modeled by ergodic
processes. In particular, inspired by the CUReT texture database [LMO1; VZ09], we
shall model each texture class as follows. Let X, represent each material of the class,
with ¢ ranging through the different texture classes, taken under canonic lighting an
pose, and let us assume it is a stationary, ergodic process satisfying (4.5). The observed
process for each class is modeled as

Xi = Lo(X;) ,

where Ly is a random photometric and geometric transformation, modeling the change in
viewing and lighting conditions. Here 6 is a random variable encoding a global illumina-
tion and a similarity transform. Since global illumination and rigid affine transformations
define both low-dimensional manifolds [BJ03], # can be thought as a low-dimensional
random vector. Although Xj is ergodic, X; is not ergodic in general, since each realiza-
tion contains only one instance of the random global deformation vector 6.

For each class, we observe realizations x,, £ = 1... K. The windowed scattering
transform of each realization Sjx; converges to ngkX as J increases. For sufficiently
large J, the residual variability in (Sjyxy)r is thus dominated by the low-dimensional
transformations Ly, , expressed in the scattering domain. This suggests using the same
affine PCA space classifier from Chapter 3, applied on the transformed realizations
{Sjxk}r. Indeed, low-dimensional affine spaces are able to absorb the principal direc-
tions of variance, and hence reduce the influence of global lighting and pose during
classification.

Texture classification is tested on the CUReT texture database, which includes 61
classes of image textures of N = 2002 pixels. Each texture class gives images of the same
material with different pose and illumination conditions. Specularities, shadowing and
surface normal variations make classification challenging. Figure 4.2 illustrates the large
intra-class variability, after a normalization of the mean and variance of each textured
image.

Table 4.1 compares error rates obtained with different classifiers. The database is
randomly split into a training and a testing set, with 46 training images for each class
as in [VZ09]. Results are averaged over 10 different splits. A PCA affine space classifier
applied directly on the image yields a large classification error of 17%. The lowest
published classification errors obtained on this dataset are 2% for Markov Random Fields
[VZ09], 1.53% for a dictionary of textons [HCFEO04], 1.4% for Basic Image Features
[CG10] and 1% for histograms of image variations [Bro05]. To estimate the Fourier
spectrum, windowed Fourier transforms are computed over half-overlapping windows of
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Figure 4.2: Examples of textures from the CUReT database with normalized mean and
variance. Each row corresponds to a different class, showing intra-class variability in the
form of stochastic variability and changes in pose and illumination.

Table 4.1: Percentage of classification errors of different algorithms on CUReT.

Training | X | MRF | Textons BIF | Histo. | E(IX®) | S Mumae =1 | S Mgz =2
size | PCA | [VZ09] | [HCFE04] | [CG10] | [Bro05] | PCA PCA PCA

46 17 2 1.5 1.4 1 1 0.5 0.2

size 27, and their squared modulus is averaged over the whole image. This averaging is
necessary to reduce the spectrum estimator variance, which does not decrease when the
window size 27 increases. The cross-validation sets the optimal window scale to 27 = 32,
whereas images have a width of 200 pixels. The error drops to 1%.

For the scattering PCA classifier, the cross validation chooses an optimal scale 2”7
equal to the image width to reduce the scattering estimation variance. Indeed, contrarily
to a power spectrum estimation, the variance of the scattering vector decreases when
27 increases. Figure 4.3 displays the scattering coefficients S;[p]z of order m = 1 and
m = 2 of an example x from the Curet dataset.

A PCA classification with only first order coefficients (M, = 1) yields a clas-
sification error of 0.5%. Although first-order scattering coefficients are strongly cor-
related with second order moments, whose values depend on the Fourier spectrum,
the classification error is improved relatively to a power spectrum estimator because
S7[M]X = | X *1by, | *dys is an estimator of a first order moment SX (A1) = E(|X xy,|)
and thus has a lower variance than second order moment estimators. A PCA classifi-
cation with first and second order scattering coefficients (m,q; = 2) reduces the error
to 0.2%. Indeed, scattering coeflicients of order m = 2 depend upon moments of order
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(b) ()

Figure 4.3: (a): Example of CureT texture X (u). (b): Scattering coefficients S;[p]X
for m = 1 and 27 equal to the image width. (c): Scattering coefficients S;[p]X (u), for
m = 2.

4, which are necessary to differentiate textures having same second order moments as
in Figure 4.1. Moreover, the estimation of SX (A1, A2) = E(||X * 95, | % 1»,|) has a low
variance because X is transformed by a non-expansive operator, as opposed to X7 for
high order moments ¢ > 2.

For myq. = 2, the cross validation chooses affine space models of small dimension
d = 16. However, they still produce a small average linear approximation error. By
recalling the approximation error and separation ratio measures of affine PCA spaces
introduced in previous chapter,

L E( |rsJXk—PAk<SJXk>H )

=C~ ;
E(]|S;Xk?)

=1

and
C
o1 Z E( mlnl;ék 1S Xk, — Pa, (SJXk)H )
k=1

E(|Ss Xk — Pa (SsXp)l?)

2_
P =

we obtain an average approximation error 03 =2.5-10""! and a separation ratio of
pg =3

The PCA classifier provides partial rotation invariance by removing principal com-
ponents. Figure 4.4 shows the first principal direction for a given material in the class,
seen in the scattering domain. We can clearly distinguish differences along coefficients
of the form p, R,p, where Ryp = (RaA1,...,RaAy) is the path obtained by rotating
all its subbands by an angle «. As a result, by removing such principal directions, the
algorithm is effectively averaging scattering coefficients along path rotation parameters,
which comes with a loss of discriminability. A more efficient rotation invariant tex-
ture classification is obtained by cascading the translation invariant scattering S with
a second rotation invariant scattering, as studied in [SM12]. This cascade transforms
each layer of the translation invariant scattering network with new wavelet convolutions
along rotation parameters, followed by modulus and average pooling operators, which
are cascaded. A combined translation and rotation scattering yields a translation and
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(a) (b)

Figure 4.4: First principal direction of a texture class #4 in the scattering domain. (a)
scattering coefficients for m = 1. (b) scattering coefficients for m = 2. Reddish colors
indicate positive values, blueish colors indicate negative values.

rotation invariant representation, with the same stability properties to deformations as
those shown in Chapter 2 [Mall2].

4.4 Auditory texture discrimination

Auditory textures such as rain, insect noises or applauses are well modeled as stationary
processes. However, and similarly as in the visual case, they are poorly characterized by
their power spectra, which imposes audio representations to capture high order moments.
Figure 4.5 shows an example of an applause realization taken from [McD] and a white
gaussian noise realization, with its spectral power adjusted to match the applause. The
characteristic clapping produces an impulsive behavior in the original clip, which is not
captured by second order statistics.

(a) (b)

Figure 4.5: (a) example of an applause. The clip has a length of 8 seconds, sampled
at a rate of 20 KHz. (b) gaussian process with the same spectral density as those form
example (a). The spectral density is estimated with a window of length 1 second.

In order to illustrate the capacity of scattering representations to capture high order
moments information, we considered the dataset created by McDermott and Simoncelli,
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Table 4.2: Percentage of correct neighborhood predictions for several audio representa-
tions.

¢ P

|z 83%
Sy, Mmez=1,Q=1 | 91%
Sy, Mpmaz =1Q =16 | 91%
Sy, Mpmax=2,Q=1| 97%
Sy, Mpmaz =2Q =16 | 91%
SJ,mmM:?),Q:l 96%
SJ, Mmaz =3, Q =16 | 91%

available in [McD]. It contains a collection of 30 auditory textures, such as wind, rain, or
helicopter. The authors also offer synthesis clips using several reconstruction strategies,
which include the synthesis from the spectral density. We then consider the dataset
of 60 classes, formed by the 30 original plus the 30 gaussian equivalents. Each clip is
split into 6 smaller signals, which correspond to approximately 1 seconds of sound. For
each example z; we compute its audio representation ®(x;), and measure the percentage
p of examples for which the nearest neighbor of ®(z;), in the sense of the distance
d(z,2') = ||®(x) — ®(2)||, comes from the same class as x;.

Table 4.2 shows the classification rates for several choices of ®. As expected, the
Fourier modulus representation performs poorly, since by construction there are always
two classes whose realizations have the same power spectrum. The rate is better than
pure chance probably because the estimation of the power spectrum in the construction
of the samples differs from the one used to construct ®. We observe, as predicted,
that second order scattering coefficients bring a significant improvement over first order
coefficients, thanks to the fact that they depend upon moments of order higher than
2. Third order coefficients do not improve the results, mostly due to the fact that
they have little influence on the metric |®(z) — ®(z')||. The relative influence of high
order scattering coefficients can be modified by different renormalisation strategies, such
as those studied in Section subsection 3.4.2. A remarkable point is the influence of
the choice of the wavelet. The best results are obtained by selecting dyadic splines with
Q@ = 1 voice per octave, as opposed to the standard filter banks used in audio recognition,
which are more selective in frequency with ) = 16 voices per octave. Scattering with
narrowband wavelets becomes more discriminative to variations in frequency, which are
important for the representation of pitch, at the expense of being less stable to frequency
fluctuations. Auditory textures have features which are not well localized in frequency,
which explains the interest in working with wavelets with larger bandwidths.
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4.5 Texture synthesis with Scattering

This section studies the texture reconstruction from the expected scattering representa-
tion. We follow the same statistical framework as in [PS99; MS11], by using as the set
of statistical measures the expected scattering representation.

We start by introducing a scattering reconstruction algorithm in Section 4.5.1, which
adjusts expected scattering coefficients with a gradient descent using a family of wavelet
modulation operators. We then focus on the auditory texture synthesis, where we apply
the scattering reconstruction algorithm on a family of sound textures.

4.5.1 Scattering Reconstruction Algorithm

Section 4.2.5 showed that, given a texture representation ®(X) = {E(gx(X), k =
1... K}, sampling from the maximum entropy distribution determined by the constraints
{®(X)r = yx,k < K} can be approximated by a uniform sampling on the Julesz en-
semble:

o (y) = {z; gr(2) =y, k< K}

Under this framework, the texture synthesis from scattering representations requires an
algorithm which can adjust the averaged scattering coefficients of a given realization to
a specified vector.

Given an element y € Im S, the goal is then to solve for » € L%(R)

Sjx=1y. (4.6)

We place ourselves in the discrete case where z is a signal of size N. The scattering
image is also a finite dimensional space of dimension given by |I'| = (J + (‘2]))]\7 2=/, In
particular, when J =logy N, |I'| = (J + (‘2]))

Problem (4.6) can be solved with a gradient descent algorithm, which minimizes

C(z) = Sz —yl* . (4.7)

C(z) is convex in the variable Syz. Although S; is not differentiable with respect to z,
Section 2.3.3 showed that thanks to the Lipschitz property, its first variations [LPT12]
are approximated by a bounded linear operator DSy,. As a result, at any given point
S jx, the direction of steepest descent in the scattering domain, Sjx —1y, can be recovered
with a perturbation h satisfying

DS;,(h) = e(Syx ) - (48)

It follows that the efficiency of the gradient descent depends upon choosing appropriate
descent variables, with the capacity to modify scattering coefficients along any given
direction of the scattering domain.

Scattering coefficients are computed with a non-linear operator which cascades wavelet
decompositions with complex modulus. A good family of perturbation operators thus
must be able to factorize the influence of wavelet decompositions and the modulus. If
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o : R? = C denotes a smooth complex valued function with ||| < 00, we define the
linear modulation operator M[o]| as

Ve e LA(RY), Yu, Mlo)z(u) = o(u) - z(u) .

By properly specifying the regularity of the envelopes, modulation operators have
a particularly simple interaction with wavelet decompositions and also with complex
modulus. The regularity of the envelope ¢ can be controlled with a multiresolution
analysis [Mal08] V¢°, k € Z, defined in Appendix A.1 as a collection of embedded
subspaces generated by translated versions of a dilated scaling function ¢. Proposition
A.1.1 shows that if o is an envelope in V}°, that is, carrying details up to a scale 2k
and 1); is a wavelet localized at scale 27, then

Vo € L2RY) | o - (2 %) = (0 - @) % ¢yl < C2P 7 o]l -

Therefore, when k > j, this proposition shows that the modulation with ¢ nearly
commutes with the wavelet decomposition at scale 27.

This near commutation property of modulations is exploited to construct a family
of wavelet modulation operators, which modulate each wavelet sub-band with a slowly
varying complex envelope.

Definition 4.5.1 A wavelet modulation operator of L?(RY) is defined for any complex
multiscale envelope o(A\,u), X € Ay, u € R, with supy,, [o(A,u)] < 1 and o(),-) €
Vo, A= 2y, as

Mgz =z + Re Y WiMlo(), )Wz , v € LA(RY), (4.9)
A

Each envelope o(\, u) defines a perturbation of a signal z with the capacity to mod-
ulate each sub-band z * v; along a specified envelope o(A,-). Appendix A.3 shows
that, thanks to the near commutation property, the influence of wavelet modulation
perturbations on scattering coefficients is nearly decorrelated when using the wavelet
decomposition coefficients of the envelopes o(A,-) as descent variables. Whereas first
order scattering coefficients are influenced by amplifying or attenuating all wavelet coef-
ficients in a subband, second order scattering coefficients are influenced by modulations
with envelopes having their own spatial or temporal variations. These variations are
carried by wavelet decomposition coefficients of each o (A, -).

Let I be the space of first and second order progressive scattering paths

[=PUP} = {ji € Z,j1 < J}U{(1,j2) €2°; 1 < j2 < J} .
For convenience, we can identify first order paths j; € P! with (51, .J41) and parametrize
L= {(j1,j2) € Z%; j1 < jo < J +1}.

We approximate the direction of steepest descent characterized in (4.8) by projecting
it into the subspace V3757, . generated by a family of wavelet modulation operators.
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Appendix A.3 also shows that wavelet modulations are Lipschitz L?(R?) operators, and
hence, by the same argument exposed in Section 2.3.3, the first variations of S;M o]z
are approximated for sufficiently small € by

SyMlolz = Syx + Vi7S7.(0) + €o(|o|so) € =0 .

As a result, the perturbations of steepest descent can be obtained by resolving a linear
System.

The gradient descent algorithm proceeds as follows. We initialize zo with a sample
from white gaussian noise, and iteratively update x,, by searching for the wavelet mod-
ulation M[Y,,0.,] with step v,, > 0 yielding the steepest descent in the cost function of
(4.7):

Timt1 = M[Ymom|Tm . (4.10)
Let us now characterize the multiscale envelope o(j, u) yielding the steepest descent, in
terms of its complex wavelet coefficients © = (0,,[4,7n])p,jn:

o(j,u) = > > 0l )Wy (u—2"n) (4.11)

l7/—52|<A2,5'>5 n

where {¥;(u—27n)},, is a wavelet basis for the space of details W at scale 2/ determined
by the multiresolution analysis.

Let 2o = (Jo, 9o, no, @) denote the multi-index encoding a wavelet modulation M[azo]
whose envelope has the form

‘ B ez‘om\IlqO(u — QqO’I’L()) , if |] _j0| <Ay,
02 (j,u) = { 0 otherwise .

Here, jo € [1,J], qo € [jo + 1, J], no € [1, N27%] and ay = 0, 7. Thus, the multi-index z
belongs to a discrete space that we denote Z. The subspace generated by small wavelet
modulations is generated by the matrix of finite modulation differences

M _
Vs = [ ol =Somn) ]

€ z€Z

for a given small step € > 0.

The envelope of steepest descent o, is characterized via its wavelet decomposition
coefficients ©,,, by projecting the direction of steepest descent in the scattering domain,
SjZm —y, into the subspace generated by V375;. This corresponds to the minimization

min [|(V375972,,)0 = (Syzm = y)I* ,
whose solution is given by

@m = (VMSJ:Bm)T(SJxm - y) 3 (412)
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where (V75 Jz,,)| is the pseudo-inverse, defined as
Al = (ATA)71 AT

The coefficients in (4.12) yield an envelope o,, which defines the direction of descent.
The step v, can be set to a fixed value, or it can also be adjusted dynamically with a
line search strategy. The descent characterized by (4.12) adjusts all the coefficients in
I' simultaneously. In order to reduce the dimensionality and hence the risk of drifting
towards a local minima, we choose to split the descent into the orthogonal subspaces
Q= {(J,j2); j < j2 < J} C T, which pack scattering paths according to their first
scale. The iterative descent thus projects the scattering modulation matrix V3757, .
into J smaller matrices

Varl ]Sy = |-+ (SyMleo:]mm[y] — Syam[€o]) o 7

€ 2€255=jo

and iterates over these smaller subproblems.

The subspaces are visited from the coarsest scale {2 to the finest €2y, which corre-
sponds to the increasing order defined in A.13. Although the multiscale modulations are
well localized within the sets €2;, its influence on neighboring scales is not symmetric in
general, and has a slower decay towards the finer scales. Besides, the multiscale modu-
lations on coarse scales are likely to influence a larger number of signal coefficients than
modulations which admit more irregular envelopes, which limits the risk of being stuck
in local minima.

First order scattering coefficients P = (j);j < J are adjusted with multiscale mod-
ulation operators having constant envelopes, and hence they can be adjusted seamlessly
in the subspaces {2;. For many signals, however, first order coefficients concentrate an
important fraction of the scattering energy, which means that the direction Sjxr — y
is often aligned along the first order coordinates. In order to accelerate convergence
within the set of second order paths, it is possible to adjust first order coefficients at the
beginning of each loop on the subspaces €2;.

The scattering reconstruction gradient descent is summarized in algorithm 2. The
reconstruction algorithm is tested numerically on discrete signals. When J = log N, the
averaged scattering representation estimates the expected scattering defined for station-
ary processes defined in Section 2.3.5.

Figure 4.6 shows the reconstruction from a realization g of a white Bernoulli process,
y = Syg, with J = log N. For illustration purposes, we show also the reconstructed
signals when the scattering reconstruction is limited to paths of 0-th order (figures (c)
and (d)) and first order (figures (e) and (f)). The scattering coefficient of order 0 is the
signal average, hence the reconstructed signal is simply a white gaussian noise realization
with the same mean as g. First order coefficients are wavelet amplitude averages, which
give a measure of the average energy within each sub-band. Since the two signals come
from white processes, they are not distinguished by their spectral density, which explains
why the reconstruction from first order coefficients, in (e), is similar to (c). By adding
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Algorithm 2 Scattering Reconstruction Algorithm

Initialize = with a sample of N(0, 1).
while r < r,4, and d, > p|ly|| do
Adjust first order scattering coefficients:
r + grad_descent(x,y, P1).
for j=J—1to1do
Adjust coefficients in €;:
x «— grad_descent(x,y, ;).
end for
dr — HSJI‘ — yH
r1r+1.
end while

x = grad_descent(z, y, Q):
T < X9.
while r < 7,4, do
Compute V(]S in .
O — (V9]S7)1(S52[Q] — y[€]).
U(jv u) — Z(q,n,a) (Hj [Q7 n, O] + 26] [Q7 n, W])\Ilq(u - 2qn)'
r + M[yo)z.
end while

Parameters:

Tmaz: Maximum number of outer loop iterations.
Tmaz: Maximum number of inner loop iterations.
p: tolerance arrival scattering distance.

~: gradient step.

e: precision for the computation of V4[]S ;.
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Figure 4.6: Reconstruction examples of a realization of a Bernouilli process. (a) Orig-
inal signal. (b)-(c) Reconstruction obtained by adjusting only the mean of the process,
and scattering representation. (d)-(e). Reconstruction obtained by adjusting first order
coefficients. (f)-(g): Reconstruction obtained by adjusting first and second order scat-
tering. First order coefficients are plotted in blue, second order coefficients are plotted
in red and third order coefficients are plotted in green. Solid lines correspond to original
signal. Circles and dotted lines correspond to reconstructed signals.
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Figure 4.7: relative reconstruction error as a function of the number of iterations.

the (log V)? second order coefficients, the reconstructed signal (g) shows the spikes which
characterize Bernoulli processes.

Figure 4.7 shows the convergence of the gradient descent reconstruction algorithm as
a function of the number of iterations, for the example in figure 4.6. The reconstruction
error decays until it reaches a relative error floor of around 3 - 1073. While we have
no theoretical guarantee of convergence, we observe that the asymptotic behavior is
sensitive to the discretization parameters of the algorithm, especially the gradient step
~ and the precision € used to compute the partial derivatives e (S;M[ec]z — Syx).

As long as (log N)? < N, reconstructing the scattering coefficients Syz = Sz’ does
not imply that = 2’. Indeed, panels (g) and (h) from Figure 4.6 show that first and
second order scattering coefficients are adjusted, but still z # z/. In particular, we notice
that higher order scattering coefficients are not adjusted. If one considers a windowed
scattering representation with () wavelets per octave, such as in audio applications,
then the number of first and second order coefficients obtained for a signal of size IV is
N2=(QJ + (QQJ)), which might be larger than IV for certain choices of J and Q. In
that case, one might ask if S;yx = Sz’ implies x = 2/, or equivalently, whether z can be
reconstructed from its scattering coefficients.

This question is related to the inversion of the wavelet modulus operator U. In
[Wall2], the authors show that U can be inverted for appropriate wavelets by solving
a convex linear program. The operator S; is obtained by cascading U, followed by a
convolution by the lowpass filter ¢z, which implies that a deconvolution step is needed
prior to start inverting U. The reconstruction algorithm for S; presented here is hence
an alternative which exploits the differentiable structure of S; with a family of multiscale
modulations.

4.5.2 Auditory texture reconstruction

Section 4.4 showed that first and second order scattering coefficients have the capacity to
discriminate non-gaussian audio textures. We may then ask whether they are sufficiently
informative to reconstruct perceptually similar realizations.

For that purpose, we consider a 1 second example of several texture classes from the
sound dataset of McDermott [McD]. For each example zy, k = 1... K we estimate its
expected scattering representation SXj, with the windowed scattering vy, = Sy, and
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obtain new realizations Ij, satisfying

The constraints given by the scattering representation yj, thus define our Julesz ensemble,
in the framework of [PS99; ZWMO97]. We solve (4.13) with the gradient descent algo-
rithm of the previous section.Similarly as in [MS11], the uniform sampling on the Julesz
ensemble is approximated by initializing the gradient descent with random samples of
gaussian white noise.

Figure 4.8 shows the scattering reconstruction results for m e = 1 and My = 2,
using dyadic spline wavelets with @ = 1 voices per octave. We notice that first order
reconstruction does not capture the spurious behavior of sounds such as the hammer or
the applause. The resulting reconstructions are perceived as equalized gaussian noise,
far from the perception of the original texture. For m = 2, the reconstructed samples
are perceptually similar to the original, especially for the examples of water, applause,
helicopter, train and cocktail party. First and second order coefficients, when using
a dyadic wavelet representation, represent the texture with log N + (IO%N ) ~ (log N)?
coefficients, which gives for N = 2'4 a representation of less than 200 coefficients. The
examples where this reconstruction gives best results are well modeled by an amplitude
modulation of gaussian noise with a regular envelope. Contrarily to other audio textures
such as the jackhammer, these examples have a regular spectral density, as shown in
figure 4.9.

The frequency resolution of the scattering representation is controlled by the num-
ber of voices per octave ). Figure 4.10 compares the reconstructed realizations using
@ =1 and Q = 16 on subset of examples. By increasing the frequency resolution of the
wavelets, we are able to reconstruct realizations with more irregular spectral densities,
but this increase in resolution comes at a cost. Indeed, if X is a stationary process,
then X x1) and X x 1y are nearly decorrelated if ¥y and ) are supported in different
frequency bands, but if X is not gaussian in general they are not independent, which cre-
ates a correlation on their respective envelopes | X 5| and |X x| . In particular, this
fact justifies why McDermott and Simoncelli include the correlations between the cochlea
envelopes as part of their texture representation. By choosing wavelets with larger band-
width (smaller @) , these correlations are encoded in second order coefficients. Besides
this trade-off, increasing the Q-factor impacts the size of the representation. Indeed, the
second order representation with @ = 16 has ~ Q(log N)? ~ 3000 coefficients.

We also explore the influence of adding third order scattering coefficients into the
representation. For that purpose, we modify the gradient descent algorithm by incor-
porating on its objective function the third order coefficients. Although a priori the
family of multiscale modulations described in subsection 4.5.1 does not generate the
whole tangent space of third order coefficients, we numerically observe a convergence
up to a relative error of 3- 1072 on average for these considered examples. Third order
coefficients significantly increase the size of the representation to (log N)3? ~ 2500, and
produce a slight improvement on the reconstruction quality, barely noticeable.

Improving the reconstruction from scattering coefficients thus requires a good fre-

91



Chapter 4. Texture Discrimination and Synthesis with Scattering

2000 4000 6000 8000 10000 12000 14000 16000 2000 4000 6000 8000 10000 12000 14000 16000 2000 4000 6000 8000 10000 12000 14000 16000

Figure 4.8:  Scattering reconstruction of auditory examples from [McD]. Left col-
umn: Original sounds, Middle column: Reconstruction with m,,., = 1, Right column:
reconstruction with m,,.. = 2. We plot a scalogram obtained with a filter bank with
logarithmicly spaced constant ), from 1 KHz up to 10KHz, with @Q = 16, completed with
linearly spaced constant bandwidth filters covering the lower frequencies. The auditory
examples correspond respectively to: water, jackhammer, applause, insect, helicopter,
train, cocktail party, rusting paper.

quency resolution without losing the capacity to capture the correlation between neigh-
bor frequency components. This flexibility can be obtained by generalizing the second
layer of scattering coefficients. For a one-dimensional process X, the first scattering
layer produces the envelopes (U[AX)xen,, where X encodes a frequency interval. One
can then construct a second layer [AM12b] where the output coefficients are obtained
by recombining several envelopes U[A]X with two-dimensional wavelets.

4.6 Scattering of Gaussian Processes

Gaussian processes are a fundamental family of stationary processes, for which the spec-
tral density completely characterizes the full distribution. In this case, first order scatter-
ing coefficients are specified also from the spectral density, as well as the second moments
of the processes defined by the propagators U[\1, Aa], A1, A2 € AZ,.
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Figure 4.9: Comparison of power spectrum of two different audio textures: bubbling
water (in blue), jackhammer (in red). The bubbling water texture has a regular power
spectrum which is well captured by dyadic frequency intervals. However, the jackhammer
shows harmonic frequency peaks that require a more selective wavelet in order to be
reconstructed.

Let X be a centered, stationary Gaussian process and o2 = E|X |2, and suppose that
the scattering is computed with analytic wavelets having fast decay. We write the auto-
covariance Rx (1) = E ((X(t) — E(X))(X(t + 1) — E(X))*), and we assume Ry € L.
The first scattering layer starts by computing X, = X 1, which are also Gaussian
and stationary. The complex modulus produces the collection YA € Ay, U[N]X = | X/,
which are Rayleigh processes when the wavelets are analytic. Their auto-correlation can
be obtained from the auto-correlation of X, as shown by the following proposition from

[DR&7]:
Proposﬂzlon 4.6.1 Let X,.(t), X;(t) be independent, stationary Gaussian processes with

= 2E(|X,(t)]). Then Y (t) = |X,(t) + iX;(t)| is a stationary Rayleigh process. Its
autocorrelation Ry (r)=EY @)(Y(t+7))) is given by

Ry(T) — E0.2 2F1 <_17_1; 1; M) , (4.14)

> n b n "
oF1(a,byc,x) = Z (@ (B)n 2" , (4.15)
defined with the Pochhammer symbol:

B 1 ifn=0,
(Q)n—{ gg+1)...(g+n—1) ifn>0.
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Figure 4.10: Scattering reconstruction of auditory examples from [McD]. Left column:
Original sounds, Middle column: Reconstruction with m;,.. = 2 and Q = 1, Right
column: reconstruction with m,., = 2 with Q = 16. We plot a scalogram obtained
with a filter bank with logarithmicly spaced constant @, from 1 KHz up to 10KHz, with
(Q = 16, completed with linearly spaced constant bandwidth filters covering the lower
frequencies. The auditory examples correspond respectively to: water, jackhammer,
cocktail party, rusting paper.

This result can be proved by decomposing g(z) = |z| in the Hermite polynomials,
which form an orthonormal basis of the space L?(R,dyp), where dy is the Gaussian

measure:
1

p(z) = Wer

The n-th Hermite polynomial is given by

exp(—z2/2) .

(=D" d"¢(x)

o(x) daxm

Hy,(x) =

and when tested on a gaussian random variable N ~ N(0, 1) they satisfy
E(H,(N)H,(N)) =nld(n —m) .

As a result, any measurable function g satisfying E(|g(IN)|?) < oo can be expressed as

94


figures/audio_reconstr_q1q16.eps

Chapter 4. Texture Discrimination and Synthesis with Scattering

[Dou06]
o 2
) =Y BHu (), gu= E(g(N)HA(N)), E(lg(N)*) =" % '
n=0 "

The second moments of g(N) can be computed similarly using the Mehler Formula:

Lemma 4.6.2 (Mehler Formula, [Dou06]) Let X be a centered, finite energy Gaussian
process with covariance Rx (1) = E(X ()X (t + 7)*). Then, if g is measurable and non-
expansive, the process g(X) has correlation

o0 2
(XX + 7)) = 3 2L Ry ()
n=0 '
and covariance
o0 2
Ry(7) = Blo(X0)g(X(t +7))") ~ [E@UNP = 3 E Ry
n=1 '

This lemma can be used to obtain (4.14) by computing the Hermite Chaos expansion of
g(x) = |z|. We obtain

0 ifn=2k+1
9n = k—1 (2k—3)!1(2k)! . _
(—1) =T () e (hT) if n = 2k.

This expansion reveals the singularity of the modulus, since |gox| ~ k—3/* exhibits a slow
decay.

An important consequence of (4.14) is that when a centered Gaussian process X
satisfies Rx € L', then the auto-covariance of U[A]X = | X x| also satisfies Rypy x € L'
provided 1) is analytic:

Proposition 4.6.3 If X (t) is a stationary Gaussian process with E(|X (t)|?) = o3, such
that Rx € L', and v is an analytic wavelet with ¢ € L?> N LY, then the auto-covariance
of Y(t) = | X x(t)| satisfies Ry € L.

Proof: Since X(t) is Gaussian and the convolution is a linear operator, it results that
Z(t) = X x1) is a complex Gaussian process and hence that Y (t) = |Z(t)| is Rayleigh,
thanks to the fact that ¢ is analytic. By applying proposition 4.6.1 it results that its
autocorrelation Ry (1) = E(Y (t)Y (t + 7)) equals

By (r) = To?uF, (_1 1 IRs(r >|2> |

2 2 2 o
where 02 = E(|Z(t)|?). Since the first term n = 0 of the hypergeometric series is 1 and
E(Y)? = 50 it results that the auto-covariance of Y is given by the series
~ m 1/2 1/2) 7"
Ry (r) = Ry(r) — B(V)? = Zg2 374 T
n>0
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2
with v = M. Let us see that there exists C' > 0 such that

V7, |Ry(7)| < C|Rz(7)* . (4.16)

Indeed, from the definition of the Pochhammer symbol, one can verify that
(=1/2),\ 2 12
Al A2 < [ =
vn >0, < 0 <\ ,

v, [Ry(n) <CY 'Vg;)
n>0

and, since (1) > 0,

=CF(y(7)) , (4.17)

where F z) = Zn TL2 iS analytic. Since 0 < Y\ 7 < 1, F 0 = 0, F 1 =
n>0 —
2

>Sso 2 =% < oo, and F’(y) > 0 for all 0 < v < 1, we conclude that F(z) is
convex in (0,1), and hence that

vr, [Ry ()| < CF(y(7)) < CF(1)y(r) = C|Rz(7)* . (4.18)
Now, since Z = X x 1, it results that
Rz() = Rx v (1) ,

with 1[1(u) = ¢(—u)*. By applying the Young inequality, and since ¢ € L2NL!, it results
that

IRzl = |I(Rx * ) *lla < |[Rx *|l2|lv]1
< | Rxllllll2ll¥]

which, together with (4.18), implies that || Ry ||; < oo OJ.
Proposition 4.6.3 will be used in the next chapter to study Gaussian fractal processes.

4.7 Stochastic Modulation Models

We study in this final section stochastic modulation models, and show that under some
conditions, second order scattering coefficients separate the contributions of carrier and
envelope, hence avoiding an ill-posed inverse demodulation step.

4.7.1 Stochastic Modulations in Scattering

Similarly as in the deterministic case, a stochastic modulation has a simple interaction
with wavelet decompositions. We derive a stochastic commutation bound, which we
then use in a stochastic modulation model to express second order scattering coefficients
in terms of carrier and envelope. We consider in this section stationary processes in
dimension 1.
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Our analysis starts by studying how a stochastic modulation model X (t) = X(¢) X ¢(¢)
is expressed in a wavelet decomposition. In this model, X and X; are independent,
stationary processes. One can interpret X as being the result of a stochastic modulation
of Xy by X,. In Section A.1, we showed that, thanks to the regularity of the envelope
X, we could relate X *1p; with X - (X ;). The following proposition derives the
equivalent stochastic property.

Proposition 4.7.1 Let X = X Xy be a stationary process with X, Xy stationary and

independent. Let Y = X - (Xf*1;) — X x1p;, and assume that [ |up(u)] < co. ThenY
s a stationary process satisfying

BE(Y[?) < E(|Xf|2)/RXS(W)|A(2JW)|2dW : (4.19)

where Rx, is the spectral density of Xy and A(w) = [ |1 — ™| |1 (u)|du .

Proof: By definition, we have
YO = X0 [ Xt - wdu = [ X,00)X; (0050 - u)du
= [ (Xa0) = X)X (@~ i
= [ () = Xl = )X (¢ 0y (w)d
which yields
BY@P) = [ 5000 = Xl = )00 = X,(0 = ) BOGHE = )X — ) dudd
] (B0 + R = 00) = R () = R () R = o) ) o
=[] (== e @e) Rl o) vi) vy ua

As a result, since Ry, (w) > 0 and |Rx,(7)| < Rx,(0), we have

QYR < [[[ 1= emlin- e fu @) ol 1050 1R, (0 - o) dudd

< R0 [ R ([ e |¢j<u>|du)2dw
= 5P [ R ([ 1= 2l wiw) du)2dw ,

which proves (4.19). [.
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Similarly as in the deterministic case, the bound is controlled by a spatial localization
measure of the wavelet, contained in A(w). Indeed, by considering a limited development
of |1 — ™| we obtain

Aw) = [ 1= e
SN / /T cos(u)|p(w))du = / (o] + offuw ) 46 ()
~ ] / ()|

which yields

BQVP) £ 2E0X ) [Tt ([ Re@lds) . @20

As a result, the more regular the envelope is, the more its spectral density is concentrated
in the small frequencies, which reduces the term [ Rx, (w)|w|dw. In particular, if Rx, (w)
is negligible beyond a frequency 27%, then (4.20) shows that

E(Y]") 5 C¥ B(IX; ) B(1X, %),

which corresponds to the same asymptotic behavior as in the deterministic case.

Proposition 4.7.1 shows that stochastic modulations nearly commute with wavelet
decompositions provided the envelope is regular with respect to the scale. We use this
property to approximate second order scattering representations for modulated pro-
cesses.

For that purpose, let us first introduce a regularity criteria for stationary processes
X(t) , which asks its spectral density Rx to have uniform regularity across all dyadic
frequency intervals.

Definition 4.7.2 Let X (t) be a stationary process with finite energy and let ¥s(t) =
s~1p(s71t). For a given exponent B > 0, let (Bin (X, B), Bsup(X, B)) be defined as

s E(X x9?)
E(1X]?)

E(X *s[?)

Binf(X,8) =infs )
£(X. ) =1n E(XP)

) Bsup(Xa/B) =Ssups
S
We define the characteristic exponent of X as
BX = arﬁgf%in ’Bsup(Xa /8) - Bmf(X7 5)‘
>

and its dyadic bounds as

Bmf(X) = Binf(X, 5X) aBsup(X) = Bsup(X, 5X) .
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Dyadic regularity is related to a form of self-similarity of the spectral density of X.
These dyadic bounds allow us to bound the second moments E(|X xv;|?) with

Bing(X)2"PIE(IX?) < B(IX % 95]) < Baup(X)27 X E(IXP) .

The following proposition shows that when X = X,X;, and p = (j1,/2) is a scat-
tering path which separates the energy of the two components, then E(|U[p|X|) can be
approximated by a separable product of carrier and envelope.

Proposition 4.7.3 Let X = X, Xy, where X, Xy are stationary and with finite energy,
with Xy > 0 and E(Xs) = 1. Suppose v has at least one vanishing moment. Let
p = (J1,72) with j1 < ja2, A(w) be the modulus of continuity defined in Proposition
(4.7.1), and let Bgyp o, o be respectively the dyadic upper bound and the exponent of the
process Y = (X, — E(X,)) (U] Xy — SX¢(j1)). Then,

ISX (p) — SX;(j1)SXs(j2)] < Vb1 + vb2 + /b3 (4.21)
with
b= B(XP) [ R @)lA@ ) Pds
by = E(UPIXs?), b3 = Bsupo2 72 var(Xs)var(U[j1] Xy) -
Proof: From proposition 4.7.1 we have
E(1X x5, — Xo(Xg x45,)[%) <br

which implies

X*¢j1 :Xs(Xf*¢j1)—|—N0 ,

where Ny is an error term satisfying E(|No|?) < b1 . Since the modulus is contractive,
we have
’X*wjl‘:XS‘(Xf*wjl)’—i_Nl ) (4.22)

with E(|N1|?) < by, since X, is a positive process. We decompose
(X% 950)| = E(|(Xp xv5)) + X
with F(X) = 0, and hence (4.22) becomes
X x| = SX7(71) X + XX + Ny
Now, a convolution with 1, produces
X % 1hy, | * 0, = SX5(j1)Xs % j, + XX *1bj, + No | (4.23)

with E(|N3|?) < by since the convolution with 1; is also contractive. By denoting
X1 =X %y, | xj,, Xo = SX¢(j1)Xs %95, and X3 = XX %1, + No, it follows from
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(4.23) that E(|X1 — X2|) = E(|X3]), and hence, since f(x) = |z| is convex, thanks to
the Jensen’s inequality we obtain

[E(1X1]) = E([Xa))] < E([X0] = [Xaf]) < E(1X5]) - (4.24)
To conclude, we shall now bound E(|X3|). Since E(|X|)? < E(]X|?), we have
E(|X3]) < VE(IX5) -
Finally, we decompose X3 as the sum
X3 = (B(Xs)+ X)X %), + Na
X xj, +Y %1, + Nao

since E(X;) = 1 and by definition Y = (X, — E(X,))(U[j1)Xs — SX¢(j1)). As a result,
thanks to the fact that /E(|X + Y[2) < /E(|X|?) + /E(]Y |?), we obtain

E(1X5%)

IN

VEX xvl2 + JB(Y %0, 2) + VE(NP)

< EUBIX/P) + \/Buupo2 25 E|Y[2 + b

N

which proves (4.21). O.

Proposition 4.7.3 thus approximates the second order coefficient SX (ji,j2) with a
product of two first order coefficients, E(U[j1|X¢) and E(U[j2]X,), which depend upon
carrier and envelope respectively. The fidelity of the approximation is controlled by a
commutator bound by, which satisfies b; ~ 2717% if the envelope X, has its spectral
density concentrated at scales > k.

The other two error terms by, b3 measure the amount of interference X = U[j;]X =
SXf(j1) which remains after the first demodulation stage. This interference cannot
in general be distinguished from the envelope X,, but its influence on second order
coefficients is bounded by by and bs. The first term by = E(|U[p]X[|?)/? corresponds
to the residual energy of the carrier which escapes the first demodulation through the
path (ji,72). This energy is visible on U[p]X since the spectral density of X,X in
(4.23) contains a copy of R <, due to the fact that X is positive and hence its spectral
density has a Dirac impulse at w = 0. The term b3 carries the residual energy due to the
interference Y. Its bound relies on the property that Y is a wideband process with regular
spectrum, and hence that the fraction of energy captured by 1);, is nearly proportional
to the bandwidth of |¢)(272|w)|?, which is ~ 272, This notion of wideband, regular
spectrum is captured by the term B,y 0. Since Y is the product of two independent
noises, its spectrum is given by the convolution of the two densities and hence it inherits
the best regularity amongst the two.

In particular, if X; is Gaussian process, then U[j1]X; is a Rayleigh process, and
Section 4.6 shows that X = U[j1]X; — SX(j1) has a spectral density which is well
approximated by

Rx(w) ~ CRXf*%'I *RXf*wjl (w) s
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where R(w) = R(—w). As a result, the regularity of R ¢ can be lower bounded from that
of fiX ;-

From the proof of proposition 4.7.3, we deduce also that first order scattering coef-
ficients satisfy

[B(X *¢) = B(X)E( X % )| < v/or (4.25)

and hence that for a sufficiently smooth envelope X, with F(X,) = 1 we have SX (j;) ~
SX¢(j1). This suggests a renormalization of second order scattering coefficients, which
eliminates the influence of the carrier:

SX (j1,j2)

SX(7) ~ SX,(j2) . (4.26)

TX(j1,72) =

This renormalized scattering is called scattering transfer, and will play a central role in
Chapter 5 for the study of fractal processes.
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Chapter 5

Multifractal Scattering

5.1 Introduction

Fractals are objects defined from a self-similarity property as one applies a dilation
or a contraction. If D,X(t) = X(s~'t) denotes a dilation operator on functions or
processes, a fractal is characterized by a scaling law relating X with D X. Deterministic
fractals such as the Cantor set correspond to functional relations D; X = F(X, s) whereas
fractal processes are defined through equalities in the sense of distributions or through
their moments. Fractal processes are fundamental in the modeling of several physical
systems, such as the study of turbulence, astronomical data, satellite imaging, and also
in the field of finance. Self-similarity across scales implies that fractals are singular
almost everywhere; different families of fractals are then obtained by describing their
singularities.

A fundamental signature of a Multifractal is given by its spectrum of singularity. In
presence of self-similarity, it is equivalent, by the Legendre transform, to a function {(q)
giving the scaling law of its g-th order moments. Such quantities are in general difficult
to estimate. Indeed, the estimation of high order moments requires a huge number of
samples, due to the presence of rare large events which increase the variance of the
estimators.

Scattering operators have proved effective in the discrimination of non-gaussian,
fractal-like textures such as those in the Curet dataset [DVGNK99]. Figure 5.1 dis-
plays several examples from this dataset, showing that it contains many examples of
self-similar textures with a multifractal behavior. The identification of the scaling laws
which characterize multifractals is a particular instance of a texture discrimination prob-
lem. A natural question is then whether one can relate scattering coefficients to mul-
tifractal quantities. Many multifractals are characterized by rare, large jumps, which
prevent them from having high order moments. As a consequence, the estimation of
scaling laws from direct estimation of the moments is often unpractical due to lack of
consistency. Expected scattering representations, on the other hand, are constructed as
expected values defined from contractive operators, and exist as long as the process has
finite first moments. We will study in this chapter which multifractal properties can
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be obtained from scattering coefficients, and how the resulting estimators compare to
existing tools.

Figure 5.1: Examples taken from the CureT dataset studied in Chapter 4. Whereas
some classes contain a characteristic scale and/or orientation, other examples exhibit
multifractal behavior.

We shall concentrate in this chapter in one-dimensional multifractals. Self-similar
fractal processes with stationary increments are characterized by their scaling laws. We
introduce a new measure based on first and second order expected scattering coefficients,
the scattering transfer: _

SX(j1,52)

SX (1)

It is defined as a function of two path variables, but we show that the self-similarity of X
implies that the scattering transfer is only a function of path increments: TX (j1,j2) =
TX (j2 — j1). This normalized scattering measure, together with the expected first order
scattering, defines a new tool to study fractal phenomena, capturing information which
allows identification and discrimination of several self-similar fractal families. In par-
ticular, its asymptotic behavior as [ — oo yields a new characteristic exponent of the
process. Moreover, the renormalization defining the scattering transfer brings near in-
variance with respect to fractional derivations; as a result, the scattering transfer can be
interpreted as a form of geometric fractal descriptor, measuring the spatial or temporal
dependencies between singularities.

The scattering transfer contains information from first and second order coefficients,
but it also has the capacity to control the behavior of higher order scattering coefficients.
For a wide class of fractals, we observe that high order scattering coefficients can be
asymptotically predicted from the scattering transfer and its first order coefficients.

TX(j17j2) =

104


figures/curet_mosaic_large.eps

Chapter 5. Multifractal Scattering

This asymptotic property, which can be interpreted as a Markov propagation across
scattering paths, is proved for the Dirac measure, white Gaussian noise and Fractional
Brownian motions.

Multifractal random measures are constructed with an integral scale, which restricts
the self-similarity to a scale range of the form (—oo,2”). A fundamental signature
of a multifractal X is given by its scaling exponents ((q), which control the asymptotic
behavior of the moments of the increments E(| X (t)—X (¢—1)|?) as [ decreases. First order
scattering measures the exponent (1) since it is computed from first order moments of
wavelet coefficients. Multifractals are characterized by a concave ((q), whose curvature
gives an account of the degree of multifractality of the process. Therefore, its study
requires access to information contained in high order moments. This information can
be extracted consistently from the scattering transfer. In particular, thanks to the
prediction of higher order scattering coefficients by the scattering transfer, we prove
that the intermittency 2¢(1) — ((2), measuring the curvature of ((q), is given by the
logarithm of the smallest p satisfying the equation

S TXW)? =1,

>1

Deterministic fractal measures can also be analyzed with the integral scattering trans-
form defined in Section 2.3.4. Deterministic self-similarity is expressed as a periodicity
property on the scattering transfer.

The chapter is structured as follows. Section 5.2 gives a background on stochas-
tic and deterministic fractal analysis. Section 5.3 presents the scattering transfer and
its associated transfer function, together with an estimation from windowed scattering
coefficients. It also introduces an asymptotic Markov property which predicts higher
order scattering coefficients from first and second order coefficients. Section 5.4 analyzes
the scattering transfer for several self-similar fractal processes, showing that it captures
important discriminative information, and we also show that they enjoy the asymptotic
Markov property. We then focus, in Section 5.5, on the study of multifractal processes
with an integral scale. We first obtain a characterization of the intermittency from
the scattering transfer. Then we study the scattering transfer for several multifractal
random cascades, and then we compare the resulting intermittency estimator with alter-
native estimates, showing a consistency in pair with state-of-the-art methods. Finally, in
Section 5.7 we adapt the previous tools to the study of deterministic fractals, and show
that the scattering transfer captures important information about the self-similarity of
the fractal.

5.2 Review of Fractal Theory

This section reviews several fractal families and introduces the tools to measure their
singularities, both for deterministic and stochastic fractals.
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5.2.1 Fractals and Singularitites

Deterministic fractals are singular functions, characterized by their spectrum of singu-
larity. Stochastic fractal processes are defined from a probabilistic scaling law.

From a deterministic point of view, point-wise singularities are studied with the
Holder exponents. A function f is C%(ug) if there exists a polynomial P, of degree
n < |a] and a constant C' > 0 such that

VueR, |f(u) — Py(u—wup)| < Clu—ugl® .
One defines the Holder exponent [Jaf00] of f at ug as

Hy(ug) = supfr : f € C°(ug)} -

A fractal f might contain singularities with different Holder exponents. One can
characterize the structure of singularities of f via its spectrum of singularity D(h), which
is defined as the Hausdorff dimension of the sets

Qp={u;H¢(u) =h} heR.

A family R. = {B;}icn is an e-covering of A if A C |J, B; and |B;| < €, Vi. The
Hausdorff dimension of a set A is defined as [Jaf00]

, o . 0
dim(A) = sup{0 : ll_)Hé RelzriffBi}Z |Bi|° = 400} .
It measures the growth rate of an e-covering of A as the maximum radius of the balls
converges towards zero. As a result, for any covering of the support of f with balls of
size at most s, the optimum cardinality of such covering is ~ s~ 2", The spectrum of
singularity thus measures the proportion of Holder h singularities visible at any scale s.
When all the singularities of a fractal f have the same Holder exponent H, its
spectrum of singularity D(h) is degenerate, i.e. Vh # H,D(h) = 0 and D(H) = 1.
Some authors [Jaf00; AFTV00] use this property to distinguish ‘monofractals’ from
‘multifractals’, which contain singularities of different Holder exponents. We shall give
a slightly different definition in Section 5.2.3.

5.2.2 Fractal Processes

Fractal processes are generally defined by a scaling law of the form
Vse(S_,Sy), DX(t) £ W.X(t),

where = means an equality in the probability law of the process for each s. The scaling
law is valid for a range of scales (S_, S+ ) which can include +o00. If Wy is a deterministic
constant for any scale s, then the moments of D;X are uniformly scaled as s varies, and
hence its probability distribution remains unchanged up to a dilation factor. On the other
hand, if Wy is a random variable independent from X, then the probability distribution
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of DX varies as the scale varies. Next section will show that these two cases correspond
respectively to monofractal and multifractal processes.

The estimation of multifractal processes can be seen as a particular instance of a
texture discrimination problem. Given a realization of a fractal, it is necessary to build
consistent, informative estimators of the scaling laws which characterize the underlying
physical processes.

5.2.3 Multifractal Formalism and Wavelets

We review in this section the main aspects of the multifractal formalism, originated by
Collet et al. in [CLP87; GBP88]| for the study of the statistical scaling properties of
singular measures, and further developed by Parisi and Frisch [PF85].

The multifractal formalism originated in the framework of fully developed turbulence
to explain the deviations of experimental data to the Kolmogorov theory of isotropic
turbulence [Fri95]. Mandelbrot [Man74] introduced a family of multiplicative cascade
measures in order to account for such deviations.

One can define [AJ04] the Holder exponent of a measure p at ug as

. o logpu([xg — 6, z0 + 0])
H = lim inf .
pluo) = lim inf log &

One can then associate a spectrum of singularity similarly as in the case of functions.
Moreover, for one-dimensional signals, one can associate to each measure u defined in
the unit interval [0, 1] the function

fulur) = /O " () |

which has the same Holder exponents as p in the case sup, H,(u) < 1 [AJO4]. Box-
Counting (BC) methods [GBP88; MS91] obtain global singularity measures by defining
suitable averages of local Holder exponents. Originally they were defined as [GBP88]

_log 37, p(bi(6))
Vq> 0. Golg) = lim gzlo’;(é 2

)

where the sum runs over a collection of boxes {b;(0)} of radius 0 arranged over a regular
grid. However, box-counting measures are dominated by strong Holder singularities,
which do not fully characterize the whole spectrum of singularity [MBA93a].

A multifractal analysis can be carried out by using a wavelet decomposition and
studying the decay of the coefficients as the scale decreases. Jaffard and Meyer showed
in [JM96] that if f has a Holder exponent H¢(ug) at ug and ¢ is a wavelet with enough
vanishing moments, then under appropriate conditions on the wavelets, one has

|f % sl () ~ M)
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where v¥s(u) = s (s u). By detecting wavelet modulus maxima, one can estimate
the singularity spectrum by first defining a partition function [MBA93a]

Z(g,5)= Y <(sup If*zbsfl(U)> , (5.1)

les(s) \(ws)El

where L(s) is the set of maxima lines crossing at scale s. The asymptotic behavior of
Z(q,s) as s — 0 is given by the power law

Z(g,s) ~ s

Bacry et al [MBA93b] and Jaffard [Jaf97] showed that using appropriate wavelets, the
characteristic exponent ((¢) can be related to the singularity spectrum by the Legendre
transform, for self-similar signals with bounded spectrum:

Clq) = hESur&i(% ) (gh —D(h)) .

For signals with a concave spectrum of singularity, it is possible to recover D(h) by
inverting the Legendre transform:

D(h) = mqin(qh —¢(q)) -

Self-similar functions have a concave spectrum of singularity and hence one can use the
characteristic exponent ((q) to estimate D(h). However, in general the inverse Legendre
transform only gives an upper bound of D(h).

Similarly, the characteristic exponents of a fractal measure can be estimated with a
wavelet decomposition. Indeed,

px hs(t) = /w Lt — u)dp(u)

defines a function in L? for all ¢, which allows the computation of a partition function
yielding the scaling law.

5.2.4 Multifractal Processes and Wavelets

We review now the theory of stochastic multifractals. We describe their scaling expo-
nents in terms of wavelet decompositions and present some important families of fractal
processes and measures.

Definition 5.2.1 A stochastic process {X (t),t > 0} with stationary increments is self-
similar if it satisfies a scaling law of the form

Vs >0, {X(st)}mo = (s X ()}iz0

where H is a characteristic exponent [BKM08a).
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Equivalently, one can show [BKMO08b] that this is equivalent to a self-similarity of its
increments:

{X(st) = X(s(t — D)} = {s"(X(t) = X(t = 1))} -

A change of time on the process thus recovers a scaled version of the same process, which
leads to a power law behavior of its moments

VgeR, B(IX(t) — X(t—1)|7) ~ Cl¢@ |

where ((q) = qH is alinear function of g. We shall denote such processes as monofractals.
In this case, the spectrum of singularity D(h) of X is degenerated, and supported in
h = H. If a self-similar process X (t) can be written as

X(t)é/oth(s) >0,

where dX is a stationary process, then the self-similarity of X (¢) induces a self-similarity
on dX(t):
l _
{D_,dX}; = {7 tdx}, .

Multifractal behavior is obtained by generalizing the notion of self-similarity. It can
be defined as follows [BKMO08al]:

Definition 5.2.2 A process X with stationary increments has stochastic self-similarity
if for a certain range of scales s we have

VE>0,Y0<l<t,X(st)— X(s(t—1) = W,(X(t) - X(t—1), (5.2)
where Wy is a positive random variable independent of X.

This equivalence in distribution is stated for each fixed ¢, and in general does not imply
that the two processes X1 (t) = Dy-1 X (t)— D1 X (t—1) and Xa(t) = Ws(X(t)—X(t—1))
have the same law. The stochastic self similarity yields a scaling law of the moments of
its increments:

VgeR, B(IX(t) — X(t—1)|7) ~ C¢@ . (5.3)

The scaling exponent ¢(q) is now allowed to be a non-linear function of ¢. If (5.3) holds
in the limit [ — 0, then ((g) is concave as a result of the convexity of the moments of a
random variable, otherwise if it holds when | — oo, then ((g) is necessarily convex.

When ((gq) is a non-linear function of ¢ we say that the process is multifractal. In
particular, if ((q) is strictly concave (resp stricly convex), it results [BKMO08a] that the
scaling law cannot hold at arbitrarily large scales (resp small scales).

Definition 5.2.3 Assuming ((q) is concave, the integral scale of a multifractal X is the
time scale T where the process ceases to be multifractal:

T =sup {Ist¥ge R, E(|X(t)— X(t—1)|?) ~ Cl¢@D} . (5.4)
l
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Equivalently, the integral scale also determines the range of stochastic self-similarity in

(5.2): If DsX(t) = X(s7t), then

Vs, 1> 08t I<T,st<T , Dy X(t) — Dyr X(t — 1) £ Wo(X(t) — X(t—1)) ,t>0.
(5.5)
One then generally assumes that the process becomes decorrelated beyond the in-
tegral scale. The degree of multifractality of a process, often referred as intermittency,
is thus characterized by the curvature of its scaling exponents ((g). Some authors
[BKMO08a] define it as ¢ (0).
If ¢ is a wavelet with at least a vanishing moment, then the scaling exponents can
be recovered from the wavelet decompositions of the process [Mall2]:

VgeR , E(|X *]?) ~ Cus¢@ . (5.6)

In particular, {(1) measures the decay of the wavelet coefficients amplitude
E(|X % 1)g|) ~ Cy ¢

which are estimated from realizations of X with L' norms at each scale. Similarly, ¢(2)
measures the decay of the variance of wavelet coefficients with the scale.

The integral scale of a multifractal can be also expressed in terms of wavelet coeffi-
cients. If J = logT is the log of the integral scale, then from (5.5), by setting s = 27
and [ = 2% it results that

Vi kst j+k<J,k<J, Dy i X xthp(t) = Wy (X %) (t) ,t > 0. (5.7)

In particular, monofractal processes satisfy (5.7) for all j, k € Z2 with Wy, = 271,

5.2.5 Cantor sets and Dirac Measure

We give in this section two examples of deterministic fractal measures: the Cantor
measure and the Dirac measure.

Deterministic fractals can be constructed by giving a functional scaling law. In one
dimension, a well known example is the triadic Cantor measure dC defined over the
Cantor set. It is constructed recursively by subdividing a uniform measure into uniform
measures on smaller intervals. The process starts with dCy(x) = dx, where dx is the
uniform Lebesgue measure of [0,1]. This measure is then split into a piecewise uniform
measure dC(x) on the intervals [0,1/3], [1/3,2/3] and [2/3, 1], with integrals respectively
p1, 0, and 1 — p;, such that f[Ovl} dCi(x) = 1. The process is repeated recursively,
by updating each uniform measure of integral p on an interval [a,b] into a piecewise
uniform measure with integrals pip, 0 and (1 — p;)p on the intervals [a, (2a + b)/3],
[(2a+b)/3, (a+2b)/3] and [(a+2b)/3, b] respectively. The limit measure dCx, is supported
in the Cantor set and is self-similar, since

D3dCy = p1dCs  in [0,1] .
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The Cantor measure is then invariant up to a normalisation constant to all dilations
of the form 3™. However, it is not self-similar when the dilation factor is not of that
form. The Dirac measure ¢ is another example of self-similar measure. In this case, the
self-similarity is observed for any dilation factor:

Db=sd ,Vs>0.

5.2.6 Fractional Brownian Motions

We briefly review an important class of self-similar processes, given by the fractional
brownian motions.

An important family of fractal processes is given by the Fractional Brownian motion
[Dou06]. It is defined as a centered Gaussian process Xy (t) with covariance

E(Xut)Xu(t)) = [t + ' — |t — > .

The parameter H € (0,1) is called the Hurst index and controls the average singularity
of the process. The Brownian motion corresponds to a Hurst index H = 1/2. It is not
a stationary process, but its increments Xy x 1) are stationary. Xp(t) is a self-similar,
monofractal process, since

Xp(st) £ s7Xy(t) teR,s>0.

Although X is not stationary, its increments Xy (t) — Xy (t — [) are stationary, and
thus one can define a generalized power spectrum [Wor95], given by the spectrum of the
increment divided by the transfer function:

2
Ry, (W)= —H (5.8)
’w‘QH-i-l

Each filtered process X * ¢s has a power spectrum R x,s satisfying
Ry (w) = 8" Ry (sw)
which, together with the fact that Xz is Gaussian, implies that
I H
XH*TZJS(St) =S XH*I/Jl(t) .

As a result, the characteristic exponent is the linear function ((¢) = ¢H, confirming
the fact that Xy is a monofractal process. In particular, the Hurst exponent can be
estimated from both (1) and ((2).

5.2.7 «-stable Lévy Processes

Another important class of self-similar fractal processes comes from the class of stable
Lévy processes.
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A process X (t),t > 0 is said to be a Lévy process [Kyp07] if its realizations are almost
surely right continuous, with left limits, if Prob(X(0) = 0) = 1 and if its increments
X (t)—X (t—) are stationary in the strong sense and such that X (¢)— X (s) is independent
from {X(u) : u < s}.

Lévy processes necessarily originate from an infinitely divisible distribution, which
ensures that X (¢) can be written as a sum of iid increments:

Vt>0neN, X(t) £ (X (t/n)—X(0)+(X (2t/n)—X (t/n))+ - +(X()—X (t — t/n)) .

The Lévy-Khintchine formula characterizes infinitely divisible distributions from
their characteristic exponents. If Z is a random variable distributed along a probability
law p, and ¥ (u) = —log E(e™%) denotes the exponent of the characteristic function of
Z, then p is infinitely divisible if and only if

1 )
VueR, U(u) =iau+ §U2u2 + /(1 — "+ iul ) (dz) | (5.9)

where a € R, ¢ > 0 and II is a measure, denoted the Lévy measure, concentrated on
R\ {0} and satisfying [min(1,2?)II(dz) < oo. A Lévy process can be decomposed
as a sum of a Brownian motion, a compound Poisson point process, and a martingale
[Kyp07].

Amongst infinitely divisible distributions, we are interested in those which are also
stable. A random variable Z has a stable distribution if for all n > 1 we have

Zl""{'ZnéanZ"'bna

where Z; are independent copies of Z, a, > 0 and b, € R. It results that necessarily
an = n'/® for o € (0,2]. [Kyp07]. An a-stable Lévy process with centered increments
satisfies

X(nt) £ noX(t) t>0n>1,

and thus it is self-similar. The jump process AX () associated to the Lévy process
(X(t)); is defined [Pap07] as

VO<t, AX(t) = X(t) — X(t—) ,
where X (t—) = lim,_,;— X(s). It is a self-similar stationary process, satisfying
VO>t,Yn>0,AX(nt) £ nl/*TAX(2) .

a-stable Lévy distributions are heavy tailed, with rare, large jumps. As a result,
they only have moments strictly less than « [Kyp07].
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5.2.8 Multifractal Random Cascades
Mandelbrot Cascade

The first example of a multifractal process is given by the Mandelbrot cascade [Man74].
It constructs a random measure dM, in the unit interval from a binary tree. The root
of the tree is initialized with a uniform measure dMy on the whole interval Iy = [0, 1),
My(Ly) = [ I dMy(s) = Yp, where Yj is a random positive variable. The uniform measure
dMy is then refined with dM;, which is uniform in the two intervals I; = [0,1/2),
I, = [1/2,1), and such that the measure of each of these intervals is set to Mj([;) =
Y1 = YuXi, Mi(Iy) = Ye = Y Xo, where X3, X, are iid, infinitely divisible positive
random variables, independent from Y. The process is iterated along the binary tree
which partitions each interval I; in two adjacent intervals of equal length, yielding M.
This construction converges towards a non-trivial measure under appropriate conditions
on the positive random variables X; [Man74]. The resulting measure has stochastic
self-similarity. If one defines a contraction of a measure as Dsu(I) = pu(D; ) for any
Lebesgue measurable set I, then

DyMoo(I) £ X;Moo(I) ;5> 1.

Multifractal Random Measure (MRM)

The construction of the Mandelbrot cascade defines a process which is not stationary,
since it is constructed on a binary tree which is not translation invariant. However,
one can generalize the construction with the so-called random multiplicative cascades
[BKMO8a]. One starts by defining the random measure

VI>0, MRM, (dt) = > Ot |

in the sense that for all Lebesgue measurable sets I one has MRM; ;(I) = [; 27 (1t
Here, wl‘] is a stationary Gaussian Process with mean and covariance

2 J
E(le) = —%IH(QJ/Z) s COVW(T) = )\2 In (m) 1[_2‘]72‘]](7') . (510)

A log-normal Multifractal Random Measure (MRM) is defined as the weak limit when
[ — 0 of the random measure M RM; ; [BKMOSb]:

MRM(dt) = lim €2 ®qt | (5.11)

1—0+

which exists and is non-trivial as long as A2 < 1/2.

An MRM is a positve random measure which models the stochastic volatility, and it
has been successfully applied in the fields of finance and turbulence [BKMO08a]. It defines
a multifractal process. When w is a Gaussian process, its scaling exponent is given by

2 2
((q) = <1+%>q—%q2-
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This process depends upon the intermittency coefficient A2, which controls the amount
of non-linearity of the characteristic exponents ((q), and the integral scale 27 which de-
fines the support of their correlation functions.

Multifractal Random Walk (MRW)
A Multifractal Random Walk (MRW) is constructed as the limit { — 0 of
MRW (dt) = lim 5 DWW (¢) ,
=0

where dW (t) is a Wiener noise, and &/ is also a stationary Gaussian process with same
covariance as in (5.10) and mean given by

B(g) = —N (2 /1) .

An MRW models the stock price fluctuations, and can be thought as the composition
of an MRM with white gaussian noise. Similarly as in the MRM case, it is a multifractal
process. When ¢ follows a Gaussian distribution, its scaling exponents given by

1 A2
— - )\2 2 )
¢(a) (2 + ) ¢ =54
Again, the intermittency coefficient A2, controls the amount of non-linearity of the

characteristic exponents ((q), and the integral scale 27 defines the decorrelation scale of
the process.

5.2.9 Estimation of Fractal Scaling Exponents

The estimation of the parameters defining a multifractal process has been studied in
[BKMO8b; Jaf97]. A fundamental object to be estimated is the characteristic exponent
¢(q). In particular, the curvature of ((q) controls the intermittency of the process and
characterizes a multifractal behavior, as opposed to the homogeneous or monofractal
case. Some authors define the intermittency as ¢’ (0) [BKMO08a]. Since ¢(0) = 0, a
measure of the curvature at ¢ = s¢ is obtained with ((2sg) — 2¢(sg). In particular, for
sp = 1, one obtains the intermittency measure given by ((2) — 2¢(1). In the case of a
log-normal random cascade, since ((q) is a parabole, this finite difference coincides with
¢(0).

A first strategy to obtain A% estimates the moments E(|X x;|7) and then performs
a regression on the predicted scaling behavior

E(|X *1pj|7) ~ o(J=3)¢(a)

Estimations based on wavelet leaders [ALJ04], which are used in texture discrimination
[WAJZ09], are indirectly obtaining such scaling laws. However, the variance of this
estimator converges very slowly with the sample size, as N~17® with « > 0, as shown
in [BKMO08b; OWO00]. High order moments are difficult to estimate due to the expansive
nature of z? for ¢ > 1 and = > 1. In [BKMO08a], another estimator for the intermittence
is proposed, based on the covariance properties of the logarithm of the absolute value of
the increments.
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5.3 Scattering Transfer

Fractal processes are analyzed with scattering representations. We introduce the scatter-
ing transfer for self-similar fractals in Section 5.3.1 and also for non-stationary random
measures in 5.3.2. It is computed with scattering operators, which are non-expansive. As
a result, Section 5.3.3 defines a consistent estimator of the scattering transfer using the
windowed scattering transform. Finally, in 5.3.4 we introduce an asymptotic prediction
property of the transfer function, which we shall verify for several fractal families.

5.3.1 Scattering transfer for Processes with stationary increments

The scattering transfer is defined from first and second order expected scattering coef-
ficients. Self-similarity yields a transfer function which gives a new signature of fractal
processes.

If X(t) is a process with stationary increments, then X % ;(t) is stationary for
all j € Z, and since convolutions and moduli do not affect stationarity, we have that
Ulp] X (t) is stationary for all p. We recall from 2 that the expected scattering is then
defined as

SX(p) = E(U[p]X) .

Since we concentrate in this chapter on uni-dimensional functions and processes, we shall
denote scattering paths as p = (j1,...,Jm) for sake of simplicity.
The scattering transfer is first defined for processes with stationary increments:

Definition 5.3.1 Let X(t) be a process with stationary increments. The Scattering
transfer of X (t) is defined for (j1,j2) € Z? by

SX (51, j2)

PR TG

(5.12)
The transfer is well defined as long as SX(j) > 0 for all j € Z. This is guaranteed if
in particular the wavelet 1 satisfies @(w) # 0 almost everywhere in {w > 0}, and the
generalized spectral density of X (t) [Mal08] satisfies Ry (w) > 0 on a set of positive
measure . This last condition is automatically satisfied for stationary processes with
auto-correlation Rx € L'. Unless specified otherwise, we shall assume throughout the
rest of the chapter that this admissibility condition is satisfied.

For any j € Z, for sake of simplicity let us denote the dyadic dilation D;X () of the
process X (t) by D; X (t) = X(277¢) for all t. Recall from definition 5.2.1 that self-similar
processes satisfy {D_; X ()} L {27 X (t)}, for all j € Z.

The following proposition shows that self-similar processes have a scattering transfer
which becomes a transfer function of a single scale variable .

Proposition 5.3.2 If the stochastic process X (t) satisfies {D_; X (t)}+ L {A; X(t)}+ for
J €3, where A; is independent from X(t), then

Vi1 €3, SX (1, Joes m) = E(Aj,) SX(0, 42 — jiy oo im — J1)
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and hence B
Vi e, TX(j1,j2) = TX(j2 — j1)- (5.13)

The scattering transfer matriz is then called a transfer function. In particular, self-
similar processes satisfy (5.13) for all j1 € Z.

Proof: Since v; = 279 D;1, a change of variables yields D;|X x| = |D; X * ;| , and
hence
| X % 1| = Dj| D X % 4] . (5.14)

If p=(j1...Jm), it results that

UlplX = [ITIX % ja | x o] 5 | x 405
= Dil [ID—j X x| x Pjoiji | % ool x g | 5 (5.15)
If X (t) is stationary, then E(D;X) = E(X), and thus from (5.15) we derive that
SX(p) = E(||] [D—j X % | % jp—ju| % | s |) - (5.16)

Now, if j; € J, the self-similarity of X implies that

l
(D X(0)}e = {4 X ()}
where Aj, is independent of X (¢). This implies that
SX(p) = E(Aj) E((| || | Xxtp[etpjy—jy %o by, s ) = E(A5,)SX (0, ja—jv, - -, Jm—1) ,
and hence

o SX(jge)  E(A)SX(0,42 =) e,
PO =55y~ Bk

which proves (5.13) [O.

The scattering transfer function thus defines a new measure for self-similar processes,
computed from first and second order coefficients. We shall see that it contains highly
discriminative information. Although it is computed from expected values of contractive
operators U[j1], Ulj1, jo| applied to X, we shall see that it contains information about
the scaling exponent ((q) for ¢ > 1 of the process.

In particular, it defines a new characteristic exponent for X (¢). First order scattering
coefficients SX(5) have a scaling law given by

SX(j) = B(IX #4hy) ~ 20,
provided the wavelets have at least a vanishing moment. The scattering transfer function
defines a scaling law T X (1) ~ 2! . The characteristic exponent « gives a new signature
of X (t), which complements the exponent ¢(1). Since

ULX () = | [ Xyt - wia] < [ X3¢~ wldn = X< 0.
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it follows that SX(j) = E(U[j]X) < E(|X|)||¢|l1 ,Vj and hence that if p = (j1 ... jm),
then B
SX(p) < BOIX x5, D)7, (5.17)

which shows in particular that the scattering transfer is defined for any process with
stationary increments having finite first moment.

The scattering transfer defines a normalization which brings further invariance prop-
erties to the scattering representation. The self-similarity used in proposition 5.3.2 is a
particular case of a more general invariance produced by the renormalization. The fol-
lowing proposition shows that the scattering transfer generates invariance with respect
to other linear, translation covariant operators satisfying a similarity property when
applied to the wavelets ;.

Proposition 5.3.3 Let X (t) be a process with stationary increments, and let L be a
linear, translation covariant operator such that

. l
Vi, | X x Ly = Cr | X x4y, (5.18)
where Cr, ; is a random variable independent of X. Then, if X = LX, we have
TX(j1,72) = TX (j1,72) - (5.19)

Proof: Since L is linear and translation covariant, it commutes with convolutions; it
follows that
Xxpj=LX xpj =X xLp; ,

and hence

it l
| X x| = | X * Lapj| = Cp ;| X x ]

As a result,

TX(jth) _ E(HX *~¢]1‘ *¢j2’) _ E(CL,]')E(HX *1/}]'1‘ *¢j2‘) _ TX(j1,j2) 0.
E(|X *1j,]) E(CL ) E(|1X %)

Propostion 5.3.3 gives sufficient, idealized conditions under which the transfer is in-
variant. These conditions are nearly satisfied by operators which are almost diagonalized
by complex wavelets. Indeed, if Liy; ~ Cp, ji;, then it follows that (5.18) is approxi-
mately verified. One can control the quality of this approximation with a supremum
norm on the diagonalisation error, as shown by the following proposition.

Proposition 5.3.4 Let X(t) be a stationary process such that E(|X|?) < oo and Ry €
L', and let ji,js € Z. Suppose that L is a linear, translation covariant operator in L2,
and let

0= égé | Ltbj, — ey l2 - (5.20)
Then, if X (t) = LX(t), we have
S . VIR .
TX(j1,72) — TX(117J2)‘ <9 % ([¢|lL + TX (j1,42)) - (5.21)
1
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Proof: Let us first approximate the numerator and the denominator of T'X (J1,J2)-
Since ||L;, || < oo and

el ll = 1L | < 1 Lapg, — ey ll2 < lelllebg | + 11 Labj I

it follows that the infimum in (5.20) is attained in a compact set and hence that there
exists cg € C such that || Ly, — cotpj, |2 = 6. We then have

E(|X x;,]) - |Co|E(|X*¢jll)( = [BE(X * Lipjy | = | X % cotjy [)]
< E(X x (L, — o)) - (5.22)

But for a given h € L?, we also have

E(|X xh|)> < E(Xxh?) /RX )| h(w)|?dw

< sngx(w)Hth < |[Rxl1|Inl3 (5.23)

where in the last inequality we have used the Plancherel identity. By applying (5.23) to
h = L, — covpj,, (5.22) becomes

(X % 3,1) = B(X * cou, )| < VIRxT (5.24)

Similarly, the second order coefficients are approximated by

E((1X gy | — | X x cothjy ) % 105,)
E([|X x Lipj, | — [ X * covjy [N
E(|X * (Lj, — cov)) ¥l

VIIRx 10w - (5.25)

[EUIX %95, % ¥a]) = BUIX % ot | x9z))]

VAN VAN VAR VAN

Finally, by observing that if a, @, b, b > 0 and
la—al <da, [b—b <&,

then
a a

E‘Z‘S (la—al+p-53) < %(5#5%) , (5.26)

the result (5.21) follows by applying (5.26) with a = SX (j1,j2), @ = SX(j1,J2), b =

The scattering transfer is thus nearly invariant to linear operators which are nearly

diagonalized by wavelets. Of particular importance are the fractional derivative opera-
tors D¢, defined in the Fourier domain as

Doz(w) = (iw)*#(w) ,w € R .
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Figure 5.2: (a) A realization of Gaussian white noise, (b) logTX(l), estimated from
100 realizations of size 2'® points, following the procedure described in Section 5.3.3.
We observe TX (1) ~ 2-1/2_ This asymptotic behavior will be obtained analytically in
Section 5.4.1.

Appendix A.2 shows that wavelets with good frequency localization nearly diagonalize
fractional derivatives. The near invariance of the scattering transfer with respect to
derivation can be interpreted in geometric terms; a derivation operator modifies the
Holder singularity of all points in a uniform way. The renormalization of scattering
coefficients creates a descriptor which is sensitive only to the local singularity differences,
thus conveying geometric information.

Figure 5.2 shows an example of a self-similar stationary process, given by white
Gaussian noise, and its associated transfer function, which only depends upon jo — ji.
This behavior contrasts with the one depicted in figure 5.3, which corresponds to a
Bernouilli white noise. This noise is not self-similar, since dilations change the average
density of the process. We observe that as the first scale j; increases, the scattering
transfer TX (j1,71 + 1) converges towards a transfer function. Indeed, in that case, the
filtered process X * 1, (t) converges towards a Gaussian process thanks to the Central
Limit theorem, which is self-similar.

Figure 5.4 shows examples of two processes and its corresponding jump processes,
which are obtained in the discrete case by the linear, translation invariant derivative
operator AX(t) = X(t) — X (¢t — 1). The first row shows a realization of a Bernouilli
process and its associated jump process, and the second row shows a realization of a
MRW cascade with its jump process. First order scattering coefficients are sensitive
to changes in the spectral density of the process, and are hence affected by derivative.
On the other hand, as predicted, the scattering transfer remains nearly invariant to the
derivation.
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Figure 5.3: (a) A realization of Bernouilli white noise, with parameter p = 278. (b)
Scattering transfer. We plot the curves Tj, (1) = T'(j1,71 + 1) for several j;, estimated
from 100 realizations of size 2'6. As j; increases, the curve converges towards a transfer
function T(1) ~ 2742 of a Gaussian white noise, which is a the bottom of the plot.

5.3.2 Scattering transfer for non-stationary processes

We define the scattering transfer for non-stationary processes. We observe that self-
similarity defines a transfer with similar behavior as in the stationary case.

An important class of fractal random processes are not stationary. Mandelbrot
[Man74] constructed a multifractal process as a random measure defined from a multi-
plicative binary cascade. This cascade is not translation invariant and as a consequence
the resulting measure is not stationary.

We can compute a scattering representation for a random measure p with compact
support using the integral scattering transform. For each p = (ji ... jm), the integral

Su(p) = /(U[p]u)(U)du

is random variable. The scattering representation for a random measure is thus defined
as N
Su(p) = E(Su(p)) - (5.27)
This representation is estimated from several realizations of the random measure by first
computing the integral scattering for each realization and then averaging for each path
p across the realizations.
The scattering transfer is then defined analogously as in (5.3.1), by

- ‘ § . : .
Tu(ji,j2) = % .

A random measure of [0, 1] is self-similar if for any open set I C [0, 1]

l .
Dju(l) = Wiu(l) ,j>0,
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Figure 5.4: (a) A realization of Bernouilli white noise dX(¢). (b) A realization of the
cumulated process X (t) = fg dX(u). (c) First order scattering coefficients of dX (t)
and X (t). (d) Scattering transfer of dX(t) and X (¢). We plot the curves Tj X(I) =
TX(j1,71 + 1) for several j;. Each color corresponds to a different value of j;. Notice
how the curves corresponding to X (¢) and dX(t) are nearly overlapping. (e) and (f):
Realizations of an MRW process dX (t) and its associated cumulated process X (t) =
fot dX(u). (g): First order scattering coefficients SdX (j) and SX(j). (h): Scattering
transfer TdX (1) and T'X(1).
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where W; is a random variable independent of . The Mandelbrot cascade is self-similar
for dyadic dilations. In that case, we recover a transfer function as in the stationary case
before, before reaching an integral scale given by the support of the measure.

5.3.3 Estimation of Scattering transfer

The scattering transfer is estimated from averaged scattering coefficients. For self-similar
processes, we construct an estimator of the transfer function which minimizes the mean
squared error, by combining measures from all scales according to their covariance.
For processes with finite second moments, one can approximate the scattering transfer
covariance from the windowed scattering covariances.

If X is self-similar up to an integral scale 27, then the previous section showed that

TX()=TXG1,j1+1) , h+1<J.

If one supposes that scattering coefficients can be measured for scales j > 0, an estimator
of TX (1) can be obtained by aggregating estimators of each scattering transfer coefficient

TX(j1,71+1) for 0 < j; < J—I. Let us suppose that Y; is an estimator of TX (5, j+1) =
% with bias b; = E(Y; —TX(j,j+1)) and with finite variance. The aggregation
of estimators given by the weights h = (ho,...,hj_;)

>y (5.28)
0<j<J—I

has a mean-squared error

‘ > hY; —TX(1) ‘2 =TX(1)* 40’ BE(YYD)h—2T X ()h? (T X (1))u+b) ,
J

(5.29)
where b = (bg,...,bs_;) and u = (1,...,1). If we denote by ¥ = E(YY7) the corre-
lation matrix of the family of estimators, then this quadratic form is minimized by the
linear combination h* satisfying

W =TX)S N (TX1)u+b)=TX{1)X'E(Y) . (5.30)

If the family of estimators Yj is unbiased, then an unbiased aggregation h must satisfy
> j hj = 1; its mean squared error expression is simplified to

‘ZhY TX(l ‘ (Zh Tx0) -y | (5.31)

which implies that in this particular case, if ¥ = E((Y — TX()u)(Y — TX())u)T)
denotes the centered covariance of the estimators Y}, the MSE estimate is obtained by

h* = argmin vI'Zv , (5.32)
V,Zj v;=1
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which corresponds to the normalized eigenvector of ¥ with smallest eigenvalue.

The MSE estimator of the scattering transfer function is thus obtained from estimates
of each transfer coefficient TX (4,7 + 1), and require access to the covariance structure
of these estimators. The coefficients defining these estimators are however not known,
and need to be estimated from the data.

Let us now compute estimators of each scattering transfer coefficient T'X (j1, j2).
The windowed scattering transform S;[p]X = U[p]X * ¢; is an unbiased estimator of
SX(p) = E(U[p]X), since [ ¢s(u)du = 1. For a wide range of ergodic processes, we
observed that the variance of this estimator converges to zero as 2/ — oo, and hence
that S;[p]X (u) converges in probability to the constant SX(p) as J — oo [Mall2]:

Ve>0, 2}im Prob(|S;[p] X (u) — SX(p)| >¢€)=0. (5.33)

A first estimate for the scattering transfer is given by the ratio of two windowed
scattering coefficients:

Tylj1, Joli X (u) = %

We shall denote T[j1,j2] the windowed scattering transfer, by analogy with the win-
dowed scattering estimator. For a given J, this estimator is biased, since S;[j1, j2] X (u)
and S[j1]X (u) are not independent random variables, and hence

Syl j2JX )\, B(S)ljn.da)(u))
E( S, 111X () > B, G11X ()

(5.34)

in general.
However, since S[j1, j2] X (u) — SX (j1, j2) in probability and S;[j1]X (u) — SX (j1)

in probability, then it results that Ts[j1,j2] X (u) = % also converges in prob-

ability to % = TX(j1,72) as long as SX(j1) > 0. As a result, the estimators

T1lj1, jo] X (u) for (j1,j2) € Z? are asymptotically unbiased as the scale 27 — oo, for the
class of processes having a mean squared consistent scattering.

If X has stationary increments and X x1; have finite second moments, then one can
approximate the covariance of Ts[j1, j2] X using truncated Taylor approximations, as in
the Delta method [KMO00]. Indeed, let us first suppose that S;[ji, j2]X has finite energy
and that X satisfies the consistency condition (5.33). If the random variables X and Y
concentrate around their respective means px and py, we can consider a second order

X

approximation of the function g(X,Y’) = ¢

g(X,Y) = glux,py) +Vylpx,py) - (X —px,Y — py)
1
+§(X - MX7Y - ,UY)THQ(,UXaMY)(X - MX7Y - MY) ) (535)

where Hg is the Hessian matrix Hg = (%)m. By applying the approximation (5.35)
10T
to X = Sy[j1,72] X (u), Y = S;[j1]X(u) and taking the expected value, we obtain an
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approximation of the bias of T[j1, jo| X (u):

E(Ty[j1,j2) X (u)) = E(%>
X

E(Sslj1,42]X(w)) — Cov(Sslj1, jo X (w), Ssl1] X (u))
E(Ss[71]X (u) E(S[1] X (w))?

)
+E(SJ[j1’jQ]X(u))Var(SJ[jl]X(u))
(

%

E(Sy[h] X (u))?

= TX(j1,J2) (539
+ % (TX (jr, o) Var (S [1) X (u) = Cov(Syljr, ja) X (u), Sy [1] X (u))) -

In particular, the leading bias term converges to 0 for processes having a mean squared
consistent scattering, since in that case both Var(S;[j1]X (u)) and Cov(Ss[j1, 72] X (u), Ss[j1] X (u))
converge to 0 as J — o0.

Similarly, the covariance of (T[j1, j2] X)(j, <j,), which determines the MSE estimates
defined in (5.30, 5.32), is approximated by a second order development of the function
9(X1, X2,Y1,Ya) = §142, yielding

E(Tylj, i + X Ts[j', ' +|X) ~ TX(j,j + DTX (', 5 +1)+
Cov(Sylj,j +1X, Syli', 5 +1X)  SX(§', 5"+ DCov(S, [ j + X, Ss[]X)

SX(5)SX(j') SX(5)2SX(5)
_SX(5', 5"+ DCov(Ssl5 5 + UX, Syli'1X)  SX(j, 5 +1)Cov(Syl5', 5" + 11X, 8,151 X)
SX()SX(5)? SX(5)25X(5)
_5X(j,4 + l)C_ov(SJ[_j’,j’ +1)X,8;[5'1X) N SX(j,7 + l)§X(_j',j’ —i—_l)Cov(SJ[j]X, S;[51X)
SX(j)SX(j)? SX(7)?SX(j')?
L 5X0G +DSXG T+ DVar(Sy[1X) | SXGj+ DSX( ' +DVar(S 1Y) o)
SX(j)2SX(5) SX(j)SX(5')?

The approximation (5.37) contains cross-correlation terms between first and second
order scattering across different scales. If X is a Gaussian process, then X x; is nearly
decorrelated from X * 1 for j # j', which implies that the covariance approximation
(5.37) can be simplified by removing the cross-scale correlation terms.

Figure 5.5 shows the scattering transfer estimators T[j1,j2]X corresponding to a
MRM cascade, together with the scattering transfer function estimator (5.28) with ag-
gregation coefficients given by (5.30), where all the covariances have been estimated with
the empirical covariances and the formulas (5.36, 5.37). We plot confidence intervals for
TX(j,j + 1) for several values of j using an interval given by the mean of T;[j,j + I]X
and its standard deviation. We observe that the variance of Ts[j, j+1]X increases with j
for all values of [. This phenomena can be explained by approximating Var(7Ty[j, j+1]X)
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Figure 5.5: Estimation of transfer function for an MRM process with intermittency
A2 = 0.1. We plot confidence intervals for scattering transfer coefficients T[4, j + 1] X (u)
for several values of j. In bold magenta we plot the estimated transfer function, using
the MSE estimation (5.30).

with the covariance approximation (5.37):

var (TJ[jl,jz]X(u)> ~

m (var(SJ[jl,j2]X) + 2T X (j1, j2)v/var(S; X [j1, jo])var(S; [j1] X)

FTX (1, j2)2var(SJ[j1]X)> , (5.38)

Section 5.5.4 will show that MRM have first order scattering coefficients SX (j;) which
converge towards a constant value. On the other hand, the variances var(S;[j1, jo] X) and
var(Ss[j1]X) increase with j1, since the number of decorrelated samples in an interval of
size 27 is proportional to 27771, The MSE estimate takes these variances into account
by assigning lower aggregation weights to the estimates T's[j1, j1 + [|X with large j;.

There are a variety of multifractals which do not have finite second moments, such
as a-stable Lévy processes with a@ < 2. In this case, the covariance of S;[j1, j2| does
not exist, and hence the approximations derived in (5.36, 5.37) cannot be applied. The
large, rare jumps of such processes are also visible in the propagated processes | X 1]
and [|.X *%‘1! *1/}]'2"

However, the scattering transfer can mitigate the influence of these jumps, thanks to
cancellation due to the renormalization. This suggests a more general estimator of the
scattering transfer T'X[j1, ja):

Uljr, jo] X * ¢os
Ulj1]X * |19z | * P

The first scale parameter J averages the wavelet modulus coefficients U[j1, jo] X and
Ul[j1]X, but now we adjust the lowpass scales in such a way that the numerator and the

TJ7J/[j1,j2]X(U) = < > *¢2J/ (u) . (539)
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Figure 5.6: Estimation of scattering transfer 7 X (1,1) for an a-stable Lévy process with
a = 1.3 with windowed transfer estimators for different values of J,.J’, using a total of
221 points. In purple, an “oracle” estimator 77X using 22" points. We plot confidence
intervals using the empirical average and standard deviation for each estimator.

denominator have the same spatial resolution. The second scale parameter J' averages
the windowed scattering transfer over a support proportional to 2/". The available
samples are thus combined in two separate stages. The scale J determines the amount
of averaging on windowed scattering coefficients before they are combined to obtain an
estimate of the scattering transfer. The scale J’ is then responsible for averaging the
normalized coefficients. The previous windowed scattering transfer corresponds to the
case where 27" = 0 and J — .

Figure 5.6 compares windowed scattering transfer estimates (5.39) for different values
of J,J' for an equal amount of samples. We observe that adjusting the scale 27 of the
windowed scattering trades-off the bias and the variance of the estimator. The numerical
results from Figure 5.6 seem to indicate that the bias produced by a small J dominates
the risk of the estimator T ;.

5.3.4 Asymptotic Markov Scattering

The scattering transfer has the capacity to predict a particular asymptotic of high order
scattering coefficients. As the scattering path increments grow, we observe that the
prediction error converges to 0 for a wide class of fractal processes.

A given path p = (j1,. .., jm) defines a nonlinear operator U[p] = [[,«;<,,, UlJi] which
is built from a cascade of operators U[j;]. Since these operators are non-commutative,
the resulting scattering coefficients SX(p) = E(U[p]X) in general depend upon the
whole path p.

The scattering transfer can be used to predict high order scattering coefficients by
assuming a Markov propagation across scattering paths:

Definition 5.3.5 Let X be a process with stationary increments. The Markov scattering
propagation of X is defined by EMX(jl) = SX(j1) and for m > 2 and progressive paths
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(J1---Jm) by

m
=M . ‘ S ‘ .
ST X(1s e dm) = X (G1) [ TX Grr, k) - (5.40)
k=2
A process X has an asymptotic Markov Scattering if

- lim SX(J1y - Jm) =S X(J1,---yJm)| =0, (5.41)
min(jg —jx—1)—>00
This property means that if the jumps jx — jx—1 of p = (j1 ... Jm) are large enough,
the scattering coefficient SX(p) can be obtained from its ancestor py = (j1 ... Jm—1)
using the scattering transfer:
lim [SX(p) = SX(po)TX (jm—1,4m)| =0 .
jm*)OO
This property is important since it ensures that the asymptotic behavior of scattering
coeflicients is captured by first and second order scattering. This phenomena is in accor-
dance with the previous chapters, where we saw that first and second order coefficients
captured most of the discriminative information in most of the encountered situations.
For a fractal X, the asymptotic Markov property is verified by computing the average
relative error

> [5X(p) X(p)l* , (5.42)

1P|
- = |SX Pk

where
Pr={p= (1< <jm) €Pys minjs—jr1 =1}

denotes the set of progressive paths whose smallest jump is equal to [. The asymptotic
first order Markov property predicts that lim;_, . €x(l) = 0.

Next section shows that several monofractal processes have the asymptotic Markov
scattering property.

5.4 Scattering Analysis of Monofractal Processes

This section computes the Scattering transfer for several monofractal processes. We
derive the asymptotic behavior of the scattering transfer for the white gaussian noise
and Fractional Brownian Motions. The scattering transfer yields a new signature which
allows identification and discrimination of different fractal families. In particular, the
exponent « in the scaling law T X (1) ~ 2! reveals information about the fractal family
and its associated parameter.

5.4.1 Gaussian White Noise

We consider in this section the white Gaussian noise, which is a self-similar noise with
monofractal behavior. We compute the first order scattering coefficients as well as the
asymptotics of its scattering transfer.
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Theorem 5.4.1 Let dX (t) be a Gaussian white noise of unit variance, and suppose the
scattering is computed with an analytic wavelet 1 with fast decay. Then the following
properties hold:

1. BAX(j) = [l T2
2. Its scattering transfer satisfies TdX (j1,j2) = TdX (j1 — j2), V(j1,j2) € Z x Z, and

l—00

lim 2//2TdX (1) = \/ / Ry (T)dT (5.43)

Proof:  Let us first prove (i). Since dX(t) follows a Gaussian distribution, so does
dX =1, and hence |dX *1);|(t) is a Rayleigh random variable, since 1); is analytic Its

mean does not depend upon ¢ and is given by E(|dX %1);|) \/_\/ (|dX *1]2). Since

dX is a white noise of unit variance, its spectral density is given by
Rix(w) =1,

and hence
B(dX +05) = [ Rax(@)lfw)ds = 271013

which implies that

SaX (j) = B(IdX »4;]) = uw\b\f 23l

We shall now prove | (ii). The first statement, namely that the scattering transfer
satisfies TdX (j1,j2) = TdX (jo — j1), follows immediately from Proposition 5.3.2, since
dX is self-similar for all scales, with D;dX () L 21/2dX (t).

Let us now study the scattering transfer. Since dX is self-similar,

l |
||dX*71Z)j1| *wj2| = Dj1||D*j1dX*¢| *¢j2*j1| =2 J1/2Dj1||dX*7p| *w]é*jl .

If we write [ = jo—j1, we will prove (5.43) by first proving that the sequence of stationary
processes Z; = 2!/ 2|dX x| x4y converges in distribution to a Gaussian process, and then
showing that this convergence yields a convergence of the first and second moments of
Z;. The following lemma, proved in Appendix B.1, shows that the second moments of
Z; are uniformly bounded and converge towards a non-zero constant:

Lemma 5.4.2 Let Z)(t) = 2/2|dX xp|xyy(t), | € N, and let vo = ||[¢[|3([ Rax oy (T)dT),
Y1 = 1931l [ Rjaxwplll1- Then v, y1 < 0o, and the sequence of random variables Zy(t)
satisfies

Vi, E(|Z,(t)]*) < v ,and llir&E(\Zl(t)]Q) = . (5.44)

The convergence towards a gaussian distribution is given by the following lemma, proved
in Appendix B.2:
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Lemma 5.4.3 The sequence of stationary processes Z; = 2l/2|dX*1/)|*1/)l, l € N, satisfy

vVt lim Z(t) i) Z = Z(T) + ZZ(Z) , (5.45)
l—o0

where Z.y, Zy ~ N(0,0%/2), 0% = lim;_,o E(|Z1?), and < denotes convergence in
distribution.

Let us first see how (5.45) implies (5.43). Since the complex modulus F(X (t)) = | X (t)]
is a continuous function, it follows from the Continuous Mapping Theorem on metric
spaces ([Pol84], Theorem 12) that (5.45) implies

vt lim |Z(0) 4R, (5.46)
—00

where R follows a Rayleigh distribution.

We can exploit the convergence in distribution to obtain the asymptotic behavior
of the moments of Z;. The following lemma, proved in Appendix B.3, shows that the
convergence in distribution in such conditions implies the convergence of the first and
second moments:

Lemma 5.4.4 The sequence Z; = 2'/2|dX x| x 1y satisfies

Vt, llim E(1Zi(t)|") =E(R"), for1<r<2, (5.47)
—00

where R follows a Rayleigh distribution.

Using these lemmas, from (5.47) it follows that

limi,oo E(|Z1%) _ E(IRP?) _ 4

lim oo E(1Z1])2  E(R)? 7’

implying that

Jim B(|Z]) = lim \/gv E(1Z)]?) = %Hﬂ)\lz\// Ryigx | (T)dT (5.48)

and hence

N E(|Z]) /
fim 2TAX (1) = zlir?oE(\dX*zpy \/ Riaxai (7 (5:49)

which finishes the proof [1.

Figure 5.7 shows the first order scattering and the transfer function estimated from
the windowed scattering transform using 100 realizations of size N = 2. We display
the logarithms log SdX(j) and log TdX(l) in order to reveal the power law behavior
predicted by proposition 5.4.1:

SdX () ~279/2 | Tdx(l) ~27Y? .
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Figure 5.7: (a) plot of log SdX(j) as a function of j, estimated from 100 realizations
of N = 216 points. (b) plot of log TdX(l) as a function of I, estimated from the same
number of realizations. We verify that SdX () ~ 277/2 and TdX (l) ~ 27V/2,

For small I, we notice that the scattering transfer of dX does not follow the scaling law.
Indeed, in that case U[ji]dX 1,4, has a distribution which is not well approximated
by a Gaussian distribution. However, convergence is observed relatively early, at | ~ 3.

The proof of proposition 5.4.1 showed that the second order wavelet modulus process
U[1,1JdX (t) = ||dX * 1| x ¢y|(t) converges for all ¢ in distribution towards a Rayleigh
distribution, as [ — oco. Thus, for sufficiently large [, U[1,1]dX (t) has approximately the
same distribution as U[l]dX (t) = |dX * ¢|(t), up to a normalization factor:

d
Vi, ||[dX x| x| (t) = CldX *y|(t) , 1> 1. (5.50)
It follows that when jo > ji, then third order scattering coefficients satisfy
SdX (j1,72) SdX (jr, j2, J3)
SdX(j1)  SdX(j1,j2)

Ciy gy E(|dX % by, | % y5])
CJ1,J2E(‘dX*1/’J2D

= SdX(j1)TdX (jo — j1) TdX (js — jo) ,

ng(j17j27j3) = ng(]l)

~ SdX(j1)TdX(j2 — j1)

and, by repeating the argument on higher order scattering, we obtain the asymptotic
Markov property. Table 5.1 shows the relative approximation error

_ [SX (p) X(p))?
€X ‘fPl] Z ‘SX ’ )
peP!

introduced in (5.42), which measures the asymptotic Markov scattering property. We
verify that for large enough minimum jump, the Markov approximation reaches a relative
approximation error of 1073,

The proof of the asymptotic Markov property requires showing that the approxima-
tion in distribution (5.50) is sufficient to invoke a central limit theorem as the jumps
between scales increase. The proof of lemma 5.4.3 shows that having an integrable
autocorrelation is a nearly sufficient condition. This motivates the following conjecture:
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Table 5.1: Average Markov approximation error €4y (1) as a function of minimum path
jump [. The error is computed over paths of order m < 4.

l 1 2 3 4 5 6
eax(l) | 1.5-1072 8-107% 5-107% 5-107% 2-107% 1-1073

Conjecture 5.4.5 Let X be a stationary process with finite energy o® = E(|X(t)[?),
and such that Rx € L'. Then

Tim 225X ) = o2y XD (5.51)

5.4.2 Fractional Brownian Motion and FGN

Fractional Brownian Motions are an important class of monofractal processes. They
are not stationary but do have stationary increments, which allows us to compute its
expected scattering representation. Its associated increment processes are Fractional
Gaussian Noises (FGN), which are stationary.

The following proposition shows that the Hurst exponent of a Fractional Brownian
Motion is captured by first order scattering coefficients, while its scattering transfer has
the same asymptotic behavior as the White Gaussian noise.

Proposition 5.4.6 Let Xy (t) be a Fractional Brownian Motion with Hurst exponent
0 < H < 1. Let ¢ be analytic, with fast decay and such that the zeros of (w) in
w € (0,00) form a discrete set. Then the following properties hold:

1. §Xpy(j) = C2H, with € = ) TEXmwl?)

2. Its scattering transfer satisfies TX g (j1,42) = TXu(j1 — j2) and

fim AT X (1) = \/ / R x | (T)dT (5.52)
—00

Proof: The process X;(t) = Xy *1;(t) is a stationary Gaussian process [Mal08], with
power spectrum given by:

R, (@) = o3(2w) ] ~CHD (5.53)

As a result, a change of variables shows that

E(X;*) = /ﬁixj(w)dw _ 9%l
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with C = E(|Xg * ¢|?). Since X; is Gaussian, we conclude that SXpy(j) = E(|X;|) =
mCoifl
The second statement can be derived directly from theorem 5.4.1. Indeed, X is

obtained from a white Gaussian noise dX with a fractional linear, translation operator,
acting on the wavelet:

Vi, Xorxi(t) = dX « 0l (t)

where

Vo, () = (w2

If v is analytic and with fast decay, it results that ¥ is analytic and with fast decay
as well. Besides, the zeroes of " (w) in (0,00) are the same as the zeroes of ¢. Thus,
! satisfies the admissibility conditions of proposition 5.4.1, and hence we can replace
7y = 212|dX x| x 1y by ZH = 2U2|dX % pH | x4 in (5.43) to obtain

1
lim 22T X (1) = < / RdX*¢H|(T)dT> ‘o
=0

Figure 5.8 shows the first order scattering and the transfer function of fractional
brownian motions for H = 0.2,0.4,0.6,0.8, estimated from the windowed scattering
transform using 100 realizations of size N = 216, We identify the first scaling exponent
SXH(j) ~ 27¢M with ¢(1) = H, and we verify that the scattering transfer satisfies
TXH(Z) ~ 271/2,

Fractional Gaussian noises dXp(t) are defined as the increment processes of Frac-
tional Brownian Motions. They are self-similar stationary processes, satisfying

Vt>0, dXp(st) =

sHLaXpy(t) .

The proof of proposition 5.4.6 shows that the same arguments can be applied to dXg
to obtain SdXp(j) ~ 27H-1) and TdXy (1) ~ 272, Figure 5.9 displays the scattering
results for Fractional Gaussian Noises d Xy (t) for H = 0.2,0.4,0.6,0.8, which confirm
the predicted asymptotic behavior.

5.4.3 Lévy Processes

We consider in this section a-stable Lévy processes. Self-similar Lévy processes, de-
scribed in section 5.2.7, have heavy tailed distributions, and its realizations contain rare,
large, events which critically influence its moments. This phenomena appears frequently
in nature in a variety of multifractal processes. In particular, an a-stable Lévy pro-
cess only has moments strictly smaller than a. Figure 5.10 shows realizations of the
increments of Lévy processes for a = 1.1,1.3 1.5, revealing the presence of rare, large
jumps.

If X, is a a-stable Lévy process, its associated jump process dX, is distributed
according to the Lévy measure II(z), defined in (5.9), and satisfies E(|dX,|) < oco. It
results from the first order bound (5.17) that its second order scattering representation
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(a) (b)
Figure 5.8: (a) plot of log SXp(j) estimated from 100 realizations of N = 2'¢ points.
(b) plot of logT' Xy (1), estimated from the same number of realizations. We verify that
SX(§) ~ 2 and TX (1) ~ 2712,

is well defined. We estimate its first order scattering and its scattering transfer using the
estimation described in Section 5.3.3. Figure 5.11 shows the log-plot of first order scat-
tering coefficients and the transfer function. For each value of a;, we plot the estimated
transfer TdX,(l) together with the confidence interval +o for each .

Since by definition X, and dX, are self-similar with

Vi Xo(st) & sY2X (1), dXa(st) £ s/ dX,(t)

the first order scattering coefficients of d X, recover the scaling law of the first moments
of its increments:

lim 2777 V84X, (j) = lim 277 "DE(|dX, x ¢;]) = C .

J—00 J—00
Figure 5.11-(a) confirms this scaling law.

The analysis of the scattering transfer, however, reveals that TdX,(l) behaves very
differently than in the Brownian case. Figure 5.11 and Table 5.2 show that TdX,(l) has
approximately the same scaling law as SdX,(j). These results can be interpreted as
follows. Lévy processes with o < 2 contain rare, large jumps, as seen in the examples of
figure 5.10, and whose distribution is dictated by the Lévy measure II(x). These sparse,
large events are transmitted to the processes U[jld X (t) = |dXq x 9;[(t), in the sense
that U[j]dX, also contains rare, large events which dominate its moments, for each scale
j. The sparsity of U[j]dX, means that the interaction between jumps is not statistically
significant, and thus that we can approximate each U[j]dX, by

VE |dX o |(E) & [dXa % [1]](E) |

which smoothes the jumps with the envelope [¢)|. As a result, it follows that

l ! . .
||an *¢j1| *1/)]'2| ~ |an * (|71Z)]1| *¢j2)| ~ Cj1|an *1/)]'2| y J2 2> J1 (5'54)
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Figure 5.9: (a) plot of log SdXp(j) estimated from 100 realizations of N = 21¢ points.
(b) plot of log TdX (1), estimated from the same number of realizations. We verify that
SdXg(5) ~ 278 and TdX (1) ~ 2712,

Table 5.2: Estimated scaling laws from the first order scattering coefficients and the
scattering transfer for different a-stable Lévy processes

a | H=a"'—1 H from S;dX,(j) ~ 27" H, from TydX, (1) ~ 22
1.1 —-0.1 -0.14 -0.13
1.3 —0.23 —-0.21 —0.2
1.5 —0.33 —0.34 —0.33

which implies that

_ EB(ldXa x| x 1))  CoB(|dXa x 1))

TdX,(l) = E(|dX, x1]) E(|dXq %))

= C08dX, (), I>1.

Thus, contrarily to the Brownian case, where the filtering Xz x 1); removes the
long range dependencies of the process which determine its characteristic exponent,
the wavelet coefficients of Lévy processes are still influenced by the large excursions in
amplitude characterizing the jumps. The conjectured behavior (5.54) predicts that the
amplitude of wavelet coefficients varies as a function of the scale following the same
scaling law as the original jump process.

5.5 Scattering of Multifractal Processes
Multifractal processes are characterized by a concave scaling exponents function ((q),
which implies the existence of an integral scale. By introducing an asymptotic scattering

energy propagation condition, we give a measure of the curvature of ((q) from the
scattering transfer function.

134


figures/afgn_first_order.eps
figures/afgn_transfer.eps

Chapter 5. Multifractal Scattering

x 10 x 10

6000

40001

2000

-2000

-4000

Figure 5.10: Realizations of a-stable Lévy process. (a) @ = 1.1, (b) @ = 1.3, (c) o = 1.5.
Notice that the intensity of the jumps is reduced by an order of magnitude from one
panel to the next.

5.5.1 Multifractal Scattering transfer

A transfer function is defined for multifractal processes having an integral scale, thanks
to their stochastic self-similarity.

As explained in Section 5.2.4, a multifractal process X(t) is characterized by a
stochastic self-similarity defined in (5.2), which yields a non-linear scaling exponent
¢(q). The curvature of ((q) thus measures the degree of multifractality of the process,
also referred as intermittency. We will now develop a tool which measures the curvature
of ((q) from first and second order scattering coefficients. In particular, we will indi-
rectly measure ((q) at ¢ = 1 and g = 2, which yields a measure of the curvature with
((2) - 2¢(1).

The intermittency ((2) — 2¢(1) is usually difficult to estimate for a fractal process,
since the estimation of

E(1X > ;)

e 9i(¢(2)~2¢(1))
*Pj

requires to evaluate a second order moment E(|X * t;]) at large scales 2/ and the
estimation of such a moment has a high variance.
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Figure 5.11: (a) plot of log SdX,(j) for a-stable Lévy processes, estimated from 64
realizations of N = 220 points. (b) plot of log TdX,(l), estimated from the same number
of realizations.

Let us start by defining a scattering transfer function for processes with stochastic
self-similarity, up to an integral scale 7' = 27. We consider multifractal processes which
decorrelate beyond this integral scale, an assumption justified in physical applications
such as turbulence.

The stochastic self-similarity of definition 5.2.2 induces a decomposition of the mul-
tifractal X (¢) as a random cascade [BKMO08a]:

J
Xy = [[ v, (5.55)

j==o0

where Yj(t) are independent processes with E(Y;) = 1, and whose spectral density is
concentrated in the interval (—277,277). Let us show that this decomposition defines
a scattering transfer having the same invariance as self-similar processes on a subset of
scattering paths determined by the integral scale J. Section 4.7 showed that the wavelet
coefficients of a process of the form Y,Y, where Y is smooth with respect to Y7, satisfies

(YsYy) x4 (t) = Y (Yy % 905)(t) ,

with a mean squared error bound which depends upon the amount of energy of Y in
the frequencies where |¢;| is non-negligible. Since each term Y in (5.55) has its energy
concentrated on frequencies in the dyadic interval (—27,27), it results that

J1
Xx~ [ i) | T Yixen | -

J1<j<J j=—o00
and hence

J1
X xvul~ [T i) | II Yixvn

n<j<J j=—00
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It follows that if jo < J,

X« vl = TT Y| TT 3| TT Y| vl -
P<i<l  |n<isih i<
and, since E(Y;) =1 for all j,
E(‘Ha‘lqsmyj i< Yi*va *%) | (5.56)

TX(j1,72) =

]:1 Y} * ¢j1

o (o)
The scattering transfer coefficient 7'X (j1, j2) can thus be approximated by TX;,(j1,72),
where X, (t) = [];<;, Y;(t) is the truncated cascade. But X, satisfies the stochastic
self-similarity relation

~ l ~
{DSXj2 (t)}t = {WSXj2+S(t)}t )
where W is independent from X;. Tt results that if j|, j, satisfy j; < j, < J and
j2 = j1 = jy — ji, then
E(||Xjy *hjr [+ dyl)  EWj_; ) E(|[ X5, * P3| * ¥31)
E(‘X*l/}]{’) E(Wji—jl)E(\ij * ;)
= TX,(j1.52) # TX(j1,J2) (5.57)

which shows that

TX(j1,72) = TX(j2 — j1) ,

for j1,j2 < J. For jo > J , the decorrelation at large scales induces a transfer function
which converges to that of the Gaussian white noise, with an asymptotic behavior C274/2
as seen in Section 5.4.1. The resulting scattering transfer is

TX(j—j1) if j1 < Jand jp < J
TX(j1,j2) ~ CQ({*jé)/Q if 7 <Jand jo>J (5.58)
C201=12)/2 if J < j; < jo

The transfer function TX (1) of X is thus defined for all [ > 0. Figure 5.12 shows the
estimated scattering transfer for the random MRM with A\? = 0.04, with an integral scale
27 ~ 217, As predicted, paths (j1,72) with j; < jo < J satisfy the invariance induced
by the self-similarity, whereas as soon as js > J, the scattering transfer decays as in the
white gaussian noise.
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Figure 5.12: Estimation of the scattering transfer for an MRM random cascade with
A% = 0.04. We plot the curves T;(I) = TdX(j,j + 1) as a function of I, and different
colors stand for different values of j.

5.5.2 Energy Markov Property

We introduce an energy Markov property, which yields a measure based on the scattering
transfer function with a scaling exponent given by ((2).
If X (t) is a multifractal process with integral scale J, then its second moments satisfy

Vi< J, E(|X xj?) = 20=De@)

Our objective is to define a measure based on first and second order scattering coeffi-
cients having a power law behavior given by ((2). Although the scattering representation
is computed from first moments of X (¢) and its wavelet modulus decompositions, the
conservation of energy described in Section 2.3.5 allows us to compute the second mo-
ments E(|X x ¢;|?) from its scattering representation. In particular, proposition 2.6.1
showed that if X is a process with stationary increments, such that S;X is mean square
consistent, then

E(X ) = Y [SX(j+p)*. (5.59)
PEPoo

The energy of the process X x1); can thus be recovered by summing all the scattering
coefficients starting by j. Section 2.6.5 also showed that most of the scattering energy
is concentrated within the set of progressive paths p € P satisfying p = (ji ... jm) with
Ji > Jit1-

The scattering transfer can be used to predict high order scattering coefficients, using
the markov scattering propagation defined in (5.40):

=M . T .
SUX 1y dm) = X (1) [ TX Gk, k) -
k=2
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We can thus consider the quantity

S EYXG ) (5.60)
pEfPl

which depends only upon first and second order scattering coefficients. Moreover, since
X is decorrelated beyond an integral scale 27, most of the energy in (5.60) is captured
by paths whose maximum scale is smaller than 27:

—M .
SIS XG+p)P, (5.61)
pe?f

where ?l] is the set of progressive paths with maximum scale given by 2.
We can then characterize the processes X for which this scattering measure gives
information about ((2):

Definition 5.5.1 A multifractal process X with stationary increments and with integral
scale 27 has the energy Markov property if there exist constants C_, C. > 0 such that

Vi<, CoB(X %) < Y SYXG+p)P S CLE(X x ) . (5.62)
pe?j

This property thus asks that, for all j, the energy captured by all scattering co-
efficients to be comparable to the energy captured by progressive, Markov scattering
coefficients. It is a much weaker condition than the asymptotic Markov scattering, since
we only demand an overall approximation of the energy instead of approximating each
scattering coefficient. Section 5.5.4 shows numerical simulations showing that all tested
multifractal processes satisfy the energy Markov property.

If a process X(t) has the energy Markov property, then the following proposition
shows that 2¢(1) — {(2) can be recovered from the scattering transfer.

Proposition 5.5.2 Let X (t) be a process with stationary increments, with an integral
scale 27, scaling exponents ((q), and satisfying the energy Markov property (5.62). Then
there exist constants C_, CL > 0 such that

|p|
i (J—5)(¢(2)—2¢(1)) (s 9
C-<,lm 2 > I TXGk =gk < Cs (5.63)
peyf k=2
p(1)=j
and hence
Ip|
A (] =) logy Z} kHQTX(Jk — )2 | =2¢(1) - ¢2) . (5.64)
pG‘Pl =

p(1)=j
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Proof: By definition,

=M, A o
SYX (1 dm) = SX (1) [] TX Gk o) -
k=2

If p e fPl’, then (5.58) shows that TX (ji,jx—1) = T X (jr — jk—1). Then, property (5.62)
implies that there exist Cy _, C; 4 such that

Ip|
) A=, — . )
G- < Er_n (E(IX *4;%)  SX(5)? Z H TX (jk — je-1)” < Ci 4
e per] k=2
p(1)=j

which in turn implies that there exist Cy _, Co 4 satisfying

Ip
Cy— < lim 2DISx ()2 N T[TX(jk — jr-1)* < Cos -

j——00
pe?f k=2

p(1)=j
Since E(|X x¢;|) = SX(j) and there exists constants C3 _, Cs 4 with

C3_ < lim 2V7CWE(X %)) < Cs4

T jo—o0
it follows that we can find constants Cy _, Cy 4 so that

|p|
< 1 (J=5)(€(2)~2¢(1)) TX(ir — j1_1)2
Ci- < lim 2 > T TX0k = k-1 < Car
pe:Pl’ k=2
p(1)=j

which proves (5.63). As a result, by taking the limit of the logarithm as j — —oo, we
obtain (5.64) [J.
This proposition shows that the scattering transfer is directly associated with the

curvature of the scaling exponents ((g). Under the energy Markov property, the ratio

B(Xxy;%)
> E(|X*y5))2°
and second order scattering coefficients, which are both computed with non-expansive

operators applied to the multifractal.

between first and second moments is expressed in terms of ratios between first

The Markov energy property is numerically verified for several multifractal processes.
Figure 5.13 compares the estimated second moments E(|dX % t;|?) with the prediction
using the scattering transfer over progressive paths, given by (5.61). We confirm em-
pirically that they yield the same scaling law, and hence that they verify the Markov
energy property.
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Figure 5.13: Numerical verification of Markov energy property for different multifractal
families. From top to bottom: White gaussian noise, Fractional Brownian motion with
H = 0.4, a-stable Lévy process with a = 1.3, MRM cascade with A\?> = 0.04, MRW
cascade with A\?> = 0.04, Mandelbrot cascade. In blue we display the estimated second
moments E(|dX *1);]?) as a function of j. In red, the predicted second moments using
the Markov energy model from (5.61), also as a function of j.
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5.5.3 Intermittency characterization from Scattering transfer

This section proves that if the energy Markov property is satisfied, we can obtain ((2) —
¢(1) from the smallest zero of a series defined by the scattering transfer.

We saw in (5.64) that thanks to the energy Markov property, we can obtain 2¢(1) —
¢(2) as the limit of a quantity defined entirely from the scattering transfer. We shall see
in this section that one can make the dependency explicit as the root of a series defined
from T

Let us consider the following power series defined from the scattering transfer of X:

Tx(z)=>» TX(1)P*: ,zeC. (5.65)
>1

The following theorem proves that the limit defining 2¢(1)—((2) is equal to the logarithm
of the smallest real © < 1 satisfying

Tx(z)=1, (5.66)

Theorem 5.5.3 Let X be a self-similar process with an integral scale Qi , and such
that X satisfies the energy Markov property (5.5.1). Let |[TX|?* = D1 TX(1)?, and

Tx(z) = ZIEITX(Z)QZI. Then
1. 2¢(1) = ¢(2) > 0 if and only if |TX| > 1, and

2. If p is the smallest x € RT satisfying Tx (z) = 1, then
2(1) - ¢(2) = max(0, — logy(p)) (5.67)

Proof: Let us first turn the limit j — —oo in (5.64) into a limit where the integral
scale J — oo. If X has integral scale J, then D_; X (t) = X (2’t) has integral scale J — j.
The ratio

E(|X x1;]?)
E(1X *151)?
can be rewritten as
E(|D_; X x¢[?)
E(|D_; X % ¢[)?

where the integral scale of D_;X increases to J —j as j — —oo.
The transfer function of D_; X only depends upon j through its domain of definition,
which controls when it reaches its integral scale J — j. We define

F(J-j) = (8D ;x(0)2 Y §"D_ ;x(0+p)?
pEP

= Z H T(jx — jr—1)?

pEfPJ_j J1=0<jo<..im<J—j
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and we write J = J — j. As a result, the energy Markov property (5.64) is equivalent to

lim logy F(J) _ 20(1) — ¢(2) . (5.68)
J—o0 J

We shall now compute the limit in terms of F'(J). )
Let us first prove that ||TX| < 1 implies 2¢(1) — ¢(2) = 0. We decompose F(J) in
terms of the path orders:

where R .
Fm= > I TGx—i)*
pEP 5, Ipl=m p=(j1...jm)

The quantity F'(.J),, is bounded by indexing the set of paths Bj, = P;N{|p| =m}
from By, _, as

F)m = Y, I TGk—ir2)

pE? 5,Ipl=m p=(41,--Jm)

_ Yo TG —gn) I TGk —de)’

PEP 5, Ipl=m—1 J>j'>j,, 1 p=j1,--Jm—1)
= Z H T(jr = jr-1)? Z T(j' = jm—)?

p€? ;,Ipl=m—1p=(j1,--Jm-1) J>5">jm-1
< F())malT|*.

As a result,
3 J
F(Jy<14> TP . (5.69)
m=2

This shows that F(.J) grows at most as CHTHQJ, which means that

lim 282 80) o e (5.70)
J—o00 J
Since ((q) is concave, necessarily 2¢(1) — ¢(2) > 0, and we deduce from (5.70) that if
ITX| <1 then 2¢(1) — ¢(2) = 0.

Let us now prove (5.67). For this purpose, we use an alternative decomposition of
the set P;. Let

Q={p=(jr---Jp) €Pj3 jp=J}
denote the subset of paths in P; which end by J, and

(S,jo) ={peP; :p=jo) :p €5}
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denote the set which extends S with a fixed scale jg. For each A > 0, we have the
following disjoint decompositions:

(.Pj = ijflqu,
Qj = (?j,A,l,J)U(Qj,A,J)U---U(Qj,l,J)- (5.71)

Let E(S) = > es L, i T(jx — jr—1)*>. The normalized energy corresponding to the

set (Q5_,;,J) is computed as

E(Qj D) = > 1] TGk =ik’

pE(Q5_,,J) Itk
= > 1[I TGk — 31T
PEQj_; J1--Jk
= T()*E(Q; ) .
If Q(j) = E(Q,), then the relations (5.71) yield
F(J) = B(Pj)=E@®;) +EQy =F(J-1)+Q(J),

Q) = Y T -1). (5.72)
=1

By substituting Q(J) = F(J)—F(J—1) in (5.72) we obtain the following linear recursion
on F(J):

F(J)=byF(J=1)+bF(J—=2)+...+baF(J—A—1)+..., (5.73)

where the coefficients are given by

{ by =1+T(1)2, (5.74)

bh =TI+1)2-TW0)?,1>1.
Since F(j) =0,J<0and b =0, 1 <0, we define their causal Z-transforms as

F(z) = ZF(n)z_",

n>0
B(z) = Y bpz ", (5.75)
n>0
The linear recurrence (5.73) becomes
Fin+1)=) bF(n—1)=(F«xb)(n) ,n>0. (5.76)

>0
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Since F'(0) = 1 and the Z-transform of a convolution F % b is F(z) - B(z), the linear
relation (5.76) is expressed in the transformed domain as

2+ F(2)B(z) = 2FO0)+> [ D F )by | 27"

n>0 \n/>0
= 2F(0)+ ) F(n+1)z"
n>0
= 2F(0)+ =z Z F(n)z™"
n>0
= 25(z) . (5.77)
As a result, we have
F(2)(1—271B(2) = F(2)Pr(z) =1, (5.78)
where
Pr(z)=1-2z""! Z bzt (5.79)
1>0

If 2 is a zero of Pr(z), then necessarily it must also be a pole of F(z).

On the other hand, the radius of convergence of the complex series F(z7!) is given
by

R =limsup F(J)™/7 = lim F(J)~// = 22¢@~21)
J—oo J—o0

thanks to the Cauchy-Hadamard theorem. But the radius of convergence of F(z~1) is
determined by its pole of smallest magnitude, which coincides with the zero of largest
magnitude of Pr(z) thanks to (5.78). 2¢(1) — ¢(2) is thus characterized from the zero of
largest magnitude of Pr(z). Let us now factorize Pr(z).

We define
0 ifl<o0,

Ty(l) = -1 ifi=0, (5.80)
TX()? ifli>0.

Then, if we write Pr(2) = 25 biz~!, by substituting from (5.74) we have that
VI>0, b =To(—1)—Th(l),
and hence

Pr(z) = (="' =1)(Q_ Tz = (7' = 1)(Tx (=) ~ 1) .

1>0

The zeros of Pr of magnitude greater than 1 are thus contained in the zeros of Txy — 1
inside the unit circle, and 2¢(1) — ¢((2) is obtained from the zero of smallest magnitude

of Qr(z) = Tx(z) — 1.
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Let us finally show that ||T'|| > 1 necessarily gives a real root with those character-
istics. Since Q7(0) = —1 and Q7(1) = ||T|| — 1 > 0, then necessarily we have a real
root zg € (0, 1) satisfying Qr(xo) = 0, which shows in particular that 2¢(1) — {(2) > 0.
Let us consider the smallest real root z¢ satisfying Qr(xo) = 0. This root is necessarily
the one with smallest magnitude amongst the roots in the unit circle. Indeed, suppose
2 is a complex root with nonzero imaginary part satisfying Qr(z9) = 0. Then, since
Tx(20) = 1, we have |Tx(zp)| =1 and

Qr(|20l) = Tx(|20]) =1 > [Tx(20)| —1=0.

We thus have Q7(0) < 0 and Q7(]z0]) > 0, which implies that there exists a real root
with magnitude smaller than zy. This concludes the proof. [.

This theorem thus characterizes the multifractal behavior of a process from its scat-
tering transfer function. A measure of the intermittence is obtained analytically by
finding the solutions of the equation

Tx(z)=1.

We observe that this characterization depends upon all the values of T(I) and not only
upon its asymptotic behavior. In fact, as [ grows, the influence of TX(I) on the zero
of Tx(x) — 1 diminishes, since its associated power z! tends to 0. This shows that the
transient values of TX for small values of [ > 0 contain critical information about the
multifractal behavior of X. We shall see in the estimation section that this property
ensures that estimates of 2¢(1) — ¢(2) are based on the estimated values of T X (I) with
smallest variance, corresponding to small values of [.

As a corollary, we can bound the value of 2{(1) — {(2) by bounding the scattering
transfer function:

Corollary 5.5.4 Under the same hypothesis of theorem 5.5.3, then

logy(1+minTX(1)?) < 2((1) — ((2) < min(logy (|T|?), logs (1 + max TX(1)2)) . (5.81)

Proof: From (5.70) we know that 2¢(1) — ((2) < log,(||T||?). Let us now obtain the rest
of the bounds in (5.81). Let K = min TX(1)2. Then, we can write
TX()? =K+d(), (5.82)

where d(1) > 0, V1. If p = 2¢2)=2¢(1) "then from theorem (5.5.3) we know that > T()?p! =
1. By using (5.82) we have

STE +d)p =KY p+> dl)p =1,

>1 >1 >1

and since d(I) > 0 it results that

I _ P
KY p _K—l_pg1.
>1
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By substituting p = 2¢)=2(1) we obtain
(K +1)20@2)=21) <1 |

which implies logy (1 + K) < 2¢(1) — ((2).
If we now replace K = mimTX(l)2 by K = max TX ()2, then d(l) < 0, Vi, and the
same reasoning yields logy(1 + K) > 2¢(1) — ¢(2), which concludes the proof. .

5.5.4 Analysis of Scattering transfer for Multifractals

Multifractal Random Cascades [BKMO08a| construct stationary multifractal random mea-
sures from a log-infinitely divisible measure. The scattering transfer TX (I) function
converges towards a constant value as [ — co. We compute numerically the scatter-
ing transfer for multifractal random cascades and verify empirically the energy Markov
property.

The asymptotic scattering transfer for random cascades has been studied in collabo-
ration with E. Bacry and J.F. Muzy. We conjecture that if dX is a self-similar random
cascade, then the scattering transfer converges towards a nonzero constant as [ — oo.

Conjecture 5.5.5 Let dX(t) be a random log-infinitely divisible cascade with an integral
scale J. Then there exist two constants K, K' > 0 such that

1. limj 0o SAX (j) = K, and |SdX (j) — K> ~ 2777,

2. Its scattering transfer TdX (j1,j2) converges towards a scattering transfer function
TdX when J — j1 — 00,J — jo — 00, and

lim TdX(l) = K .

l—00

This conjecture is explained from the particular behavior of wavelet decompositions

of a random cascade. A random cascade with integral scale 27 can be written as dX (t) =

lim; e“’i'](t), where wj“-’ (t) is an infinitely divisible process. This process satisfies a self-

similarity property

J=lio—ly L T
wi (27 = wj(t)

and, thanks to the infinite divisibility, it also satisfies the cascade property

J _ . J J . =
wi(t) =wj(t) +wi(t), ,Vj<j<J,

with w; and w;,] independent. This property implies that dX(t) can be written as a

product
dX(t) = 30 ) lim e

j——o00
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Figure 5.14: Scattering of MRMs with A? = 0.04, 0.07, 0.1. (a) Example of a realization
of an MRM with A? = 0.04, (b) a realization with A\?> = 0.1, (c) First order scattering
log SdX(5), (d) Scattering transfer log TdX (I). The scattering is estimated from 64
realizations of 220 points.

of two independent processes: a slow one which influences the long range correlations,
and a fast one which dominates the increments of dX at small scales. Using this decom-
position, one can approximate the filtered process dX * 1, (t) as the product

e ® <‘lim e’ @) *Q,Z)j()) .
j——o0

Second order scattering coefficients can thus be controlled by exploiting this decompo-

sition.

Figures 5.14 and 5.15 display the estimated first order scattering and the scattering
transfer for MRM and MRW cascades respectively, confirming the results predicted by
conjecture 5.5.5. In the case of MRW, first order moments are controlled by the Wiener
noise, which yields an asymptotic decay of SdX (j) ~ 279/2 The influence of the noise
composition disappears in the scattering transfer.

Figure 5.16 shows a realization of the binary Mandelbrot cascade, which is self-
similar. We observe that the estimated scattering transfer 7'X (j1, j1 +1) does not depend
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Figure 5.15: Scattering of MRWs with A? = 0.04, 0.07, 0.1. (a) Example of a realization
of an MRW with A? = 0.04, (b) a realization with A\? = 0.1, (c) First order scattering
log SdX (j), (d) Scattering transfer log TdX ().
realizations of 220 points.
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(a) (b)

Figure 5.16: (a) A realization of a Mandelbrot random measure, (b) Estimated Scattering
transfer. We plot the curves Tj, X (1) = TX(j1,71 + 1) for several j;. The curves define
a transfer function 7X (1), since the random cascade is self-similar.

upon ji, thus defining a transfer function.

5.5.5 Intermittency Estimation for Multifractals

This section estimates 2¢(1) — ¢(2) from the scattering transfer, using the result of
theorem 5.5.3. Numerical experiments compare this estimate with a regression of the
estimated moments and the covariance of the logarithm, on MRM and MRW multifrac-
tals.

Section 5.5.4 gave numerical evidence that MRM, MRW and the Mandelbrot cascade
verify the Markov energy property. In such conditions, we can apply theorem 5.5.3 to
estimate the intermittence 2¢(1) — ((2) from an estimation of the scattering transfer.

Conjecture 5.5.5 predicts that as | — oo, TdX(l) converges towards a constant in
the case of random cascades. As a result, it is only necessary to estimate the first terms
of TdX (I), which are precisely those having the smallest variance.

The scattering transfer TdX is estimated with the windowed scattering transfer T';,
using the procedure described in Section 5.3.3. Beyond a certain scale Jy, we regularize
the estimation by assuming that the transfer function is a constant value. As a result,
the estimated intermittence is obtained from the smallest solution of

Jo+1

Jo
3 T ()% +TX(J0)2316 —1=0,

>1

which amounts to finding the smallest root of the polynomial

Jo
(1—2x) ZTX(Z)Z.%'I +TX(Jo)2xl™ oz —1.
1>1

More powerful regularizations can be achieved by fitting the asymptotic decay of T(1)
predicted in (5.5.5). Besides, the solutions = € (0,1) of Tx(x) —1 = 0 are stable with
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respect to the tail of T. Indeed, if A = sup,; |[TX(1)? — TX(Jy)?|, then

Jo+1 Jo+1
9T T
| <A )

1—=x 1—=x

Jo
Tx(z) = > TX (1) — TX(Jp) (5.83)
=1

which converges to 0 as Jy — oo for each z € (0,1).

The log-normal MRM and MRW are multifractal processes with ((q) given respec-
tively by ((¢) = (1 + )‘—22) — /\;qQ and ((q) = (% + )\2) q— /\;qQ . In the log-normal
case, the scaling exponent is a parabole and hence ((2) — 2((1) = —\? .

Table 5.3 reports the results of the intermittency estimation for MRM and MRW
for several values of A2. We simulate cascades using N = 2'6 points. We estimate the
expected scattering representation by averaging over 32 realizations, which is then used
to estimate the intermittency. We repeat this experience over 8 runs in order to compute
the standard deviation of the estimators. The estimate based on the scattering transfer
is compared with the linear regression on the estimated first and second order moments

E(|dX * ;%)
E(|dX % 1;0)*

and also with the estimate from [BKMO8b], resulting from

Cov (log |[dX x 1,|(t),1og |dX * . |(t + 1)) ~ =A?In <2LJ> +o (%) .
For the first method, the moments are estimated by averaging the empirical first and
second order moments |zx1);|xd.s, |wx1);|**¢ s, whereas the second estimate is obtained by
first estimating the covariance Cov (log|dX % 1;|(t),log |dX x ¢;|(t + 1)) for 7 < J and
[ > 7, and then performing a log regression to recover A\2.

The intermittency estimate based on the scattering transfer outperforms the re-
gression on the moments, and shows a variance comparable to the covariance of the
logarithm. We observe a small bias, which might be due to the simplistic regularization
based on predicting a threshold on the scattering transfer. The low variance is explained
by the consistency of the scattering representation, in contrast with the estimation of
higher order moments. Besides, the intermittency is dominated by the transient of the
scattering transfer. Section 5.3.3 showed that the variance of the estimator of TX (I) is
roughly proportional to 2!, and hence that the transient state corresponds to the regime
where the variance is smallest.

5.6 Scattering of Turbulence Energy Dissipation

Turbulent flows appear in a variety of dynamical systems. They contain random fluc-
tuations across time and space, and are thus modeled as stochastic processes. Fully
developed turbulence contains physical phenomena at different scales, from the fine dis-
sipation scale where the turbulence flow is smooth, until the integral scale, which can
be proportional to the size of the medium.
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Table 5.3: Estimation of 2¢(1) — ¢(2) = A? using the scattering transfer, the regression
on first and second moments, and the log covariance from [BKMO08b], for different values
of A2. We report the mean and the standard deviation of each estimator.

Cascade | Intermittency | Regression moments Regression Log-Cov  Scatt transfer
MRM 0.05 0.05+8-1073 0.05+6-10~% 0.051 + 103
0.1 0.092+1-1072 0.099 +2-1073 0.099 + 1073
0.15 0.142+1-1072 0.1514+4-1073 0.147 + 21073
0.2 0.23 + 102 0.248 +4-1073 024+4-1073

MRW 0.05 0.05 +8-1073 0.05+6-10~* 0.05+ 1073
0.1 0.09 + 102 0.1+2-1073 0.1+2-1073

0.15 0.14+2-1072 0.15+2-1073 0.15+ 1073
0.2 0.23+2-1072 02+3-1073 0.24+3-1073

The dissipation of kinetic energy at a given time is given by

Fo (2.

where v(t) is the velocity flow and v is a viscosity constant. The Kolmogorov model
[LMCB86] predicts an isotropic energy dissipation of energy, which induces a power spec-
trum of F(t) following the well-known Kolmogorov ‘k~%/%’ law:

Rp(w) o< |w| ™73 (5.84)

This model predicts a dissipation process with self-similarity across scales. However,
the Kolmogorov theory does not account for the intermittency observed in developed
turbulent flows; as a result of the isotropy, the energy dissipation behaves as a Brownian
motion with a Hurst parameter adjusted so that its spectral density decays according
to (5.84). An alternative model which can account for the multifractality of turbulent
flows was introduced also by Kolmogorov in 1962 [MS91]. It modeled the volatility of the
dissipation with a log-normal distribution, which corresponds to a random multiplicative
log-normal cascade.

The pertinence of these models can be elucidated using the scattering transfer tools
developed in the previous sections. Figure 5.17-(a) shows the energy dissipation F'(t)
as a function of time, from the velocity measurements of a fluid in a Helium jet, with
a Reynolds number of Ry = 703, which corresponds to the turbulent regime. The
dissipation scale is observed at approximately 22 sample points, whereas the integral
scale is approximately 2'' sample points.

Its first order scattering coefficients are displayed in panel (b) of Figure 5.17. We ob-
serve that between the diffusion and the integral scale log SF(j) ~ 2774 with H ~ 1/3.
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This corresponds to the Kolmogorov k~%3 law, since from (5.8) we know that Frac-
tional Brownian Motions have a generalized power spectrum which decays as \Rp(w) x
| w|—2H —1.

However, the monofractal isotropic dissipation model can be discarded by computing
the scattering transfer of the observed dissipation. Panel (c) of Figure 5.17 shows the es-
timated scattering transfer coefficients T'F'(j1, j2). We observe that between the diffusion
and the integral scales, the dissipation exhibits a form of stochastic self-similarity. The
scattering transfer TF(I) corresponding to this regime can thus be used to discriminate
between a monofractal model and multifractal one.

For that purpose, we first verify the Markov energy property of Section 5.5.2. Panel
(d) of Figure 5.17 shows that second moments E(|F % t;|?) are well predicted by scat-
tering coefficients. Thus, from Theorem 5.5.3 we use the test | TF|| > 1 to assess the
multifractality of F. By fitting a power law TF(I) ~ C2~* in the regime between diffu-
sion and integral scale, we obtain o = 0.19 and C = 0.45, which yields |TF| = 1.02 > 1,
corresponding to the multifractal regime.

We also use Theorem 5.5.3 to estimate a measure of intermittence 2¢(1)—¢(2) ~ 0.01,
which we then use to simulate a log-normal random cascade with A\?> = 0.01. Figure 5.18
shows the estimated scattering transfer TF(I), which is compared with the dissipation
transfer corresponding to the isotropic dissipation model and the log-normal cascade
model. The log-normal cascade transfer function predicts an asymptotic regime TF(I) ~
C, which does not correspond to the observed asymptotic regime of TF(I) ~ 2702,

The scattering transfer is thus able to discriminate between different multifractal
models with consistent estimators, thanks to the fact that it is computed with non-
expansive operators. As opposed to first order scattering coefficients, which do not
provide insight on the multifractal nature of the process, the scattering transfer contains
enough information to discriminate between different multifractal models.

5.7 Scattering of Deterministic Multifractal Measures

The tools developed for stochastic fractals can be applied for the study of determinis-
tic multifractals. We show that self-similarity can be detected and analyzed with the
scattering transfer

5.7.1 Scattering transfer for Deterministic Fractals

One dimensional deterministic fractals are studied with the integral scattering transform
introduced in Chapter 2. First order scattering coefficients yield a power law given by
¢(1) which characterizes monofractal singularity. The scattering transfer is defined from
first and second order scattering coefficients. We show that self-similarity is expressed
in terms of an invariance property on the scattering transfer.

Multifractal analysis requires global singularity measurements, such as the partition
function in (5.1). The integral scattering transform for functions f € L? computes L'
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Figure 5.17: (a) Realization of dissipation F'(t) = v (%)2 in a turbulent flow. (b) First
order scattering coefficients log SF(j) as a function of j, estimated from 4 realizations of
219 samples each. (c) Scattering transfer coefficients log TF(j1, jo) estimated from the
same data. We plot curves log TF(j1,71 + 1) as a function of [ for different values of jj.
(d) Verification of the energy markov property. In blue, we plot E(|F x;|?), in red the
energy predicted by markov scattering coefficients of (5.61), as a function of j.

norms of wavelet modulus decompositions Up|f, given by

51 () = / Ulplf(w)du , p € Ta . (5.85)

Here, p is a finite order path p € Po,. Since f € L% and o € L, U[p]f € L' ¥p € Py, and
the transform is well defined. Note that in this case we do not renormalize the integral
by the Dirac scattering, since we do not consider the limit scattering as path order goes
to infinity.

The same transform can be applied to a measure u defined on a compact set €2 C R.
In this case, the first scattering decomposition yields

Suj) = / x5 ()] du
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Figure 5.18: Comparison of the scattering transfer estimated from the observed turbulent
flows with two energy dissipation models.

which is well defined since p % 1); € L!. Higher order scattering coefficients are obtained
as in the functional case. Indeed, one can decompose any path p of order |p| > 1 as

p = jo+p', ylelding

Su(p) = SUjoluw)(»') ,

which is equivalent to the previous functional case since Ul[jo]p € L? too.
Similarly as in the stochastic case, we introduce the scattering transfer as the main
tool to study self-similarity.

Definition 5.7.1 Let f € L2. The Scattering transfer is defined for (j1,72) € Z2 by

Tf(j1,72) = % .

The Scattering transfer for a measure p is defined analogously.

The Scattering transfer, together with the first order coefficients

SfG) = f*vilh i€z,

yield a descriptor for fractals, computed with a contractive operator, but which depends
upon high order moments.

We shall now see how self-similarity is expressed on the scattering domain.

Let D; be the operator D; f(u) = f(277u) which dilates f by a factor 27.

Similarly, we can define a dilation of a measure p of R by specifying its integral on

any Borelian set S: '
D) = u(278) | (5.56)
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where 2778 = {u;2/u € S}.
The following proposition specifies how a dilation operator is seen in the scattering
domain.

Proposition 5.7.2 Let f € L? and p = (ji...jm). If Djf(u) = f(277u) denotes a
dilation of f by 27 and Ljp = (j1 — j,j2 — j ... jm — j) denotes a translation of p by j,
then B -

S(D;f)(p) =2'Sf(L;p) (5.87)
and hence

T(D;f)(1,d2) =Tf(j — J.j2 — J) -

FEquivalently, if i is a measure in a compact set of R, then with the same definition of
L;p we have

SD;u)(p) = 2Su(Lyp)  and T(D;p)(j1, j2) = Tp(jr — j.j2 — J) -

Proof: Relation (5.15) applied to D; f yields
SD;f(p) = 2j1/H!!D—lejf*¢!*¢j2—j1!*---!*wjm—jl\(U)du-
= 2 [YI11D gy ) 0% a5, ) (5.59)

Since L;p is a translation in the path scale variables, the path increments ji, — ji of L;p
are the same as those of p. It follows from (5.88) that

SD;f(p) =2 Sf(Tjp)
and in particular
SD;f(j1,52)  Sf(jr—j.j2—J) _ L
=== ————=Tf(—ji2—1J) -
SD;f(j1) SfG = 3)
The case of the measure is treated analogously. [.

When a function or a measure is self-similar for a scale s, it is also self-similar for
any scale of the form s", n € N. The wavelet decomposition which defines the scat-
tering representation is composed of dilated versions of a mother wavelet 277 D;v(u) =
2774p(aJu). Dyadic wavelets are obtained by setting a = 2. If the self-similarity of a
function appears for s = a, then (5.7.2) shows that the scattering transfer is stationary:
TFGuji +10) = TF().

When s # a, then the scattering transfer is not stationary. However, the pairs

(n,m) € N? for which s” ~ a™ produce a periodicity phenomena on the scattering
transfer matrix,

TD;f(j1,J2) =

Tf(j1,42) = Tf(j1 +m,j2 +m),
as it will be shown with the Triadic Cantor Set.
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5.7.2 Dirac measure

We start by the Dirac measure, which is self-similar for any dilation.

Proposition 5.7.3 Let § be the Dirac measure. Then the following properties hold:

1. S5(5) = |91

2. Its scattering transfer satisfies T(j1,j2) = T6(j2 — j1) and

Tim T5(0) = 91 (5.89)

3. 0 has an asymptotic first order Markov Scattering.

Proof: The first order scattering gives U[j]0 = |d%1;| = |1;]. Since 1;(u) = 277 (2 7 u),
a change of variables shows that

5803) = sl = [ 103(u)idu = 9]

and hence that first order scattering is constant and equal to ||¢)]|;.
Let us now verify that 7'6(j1, jo) = T9(j2 — j1). The Dirac measure satisfies D; 6 =
271§, By applying proposition 5.7.2 we have

2795D;,6(j1. j2) = S6(j1, J2) = 560, j2 — ju)
and since S5(j;1) = ||¢||1, we conclude that T8(jy, j2) is only a function of the difference

J2 — J1-
As j — —oo, the envelope [¢);| is an approximation of the identity in L'. Since

Uljr,j2]0 = 271Dy, |Djy_j, | % 0|
= 27]2Dj2|2]27]1Dj1—j2|7,Z)| *TM
27J2DJ2H7/}]‘1—]‘2’*1/}‘ )

it results that for each jo,

i UL Gold = w2 Dl x vl = lim Ul gald — 01U L8] .00

which yields
tim [ Ul (e = [0l [ Ulalsd
1——00
and hence lim; o, T6(1) = ||#||1. By applying (5.90) for each p = (ji ... jm) shows that
Jim S6(p, jm +1) = T()S5(p) ,
—00

and hence that X = § has an asymptotic Markov Scattering. [J.
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Figure 5.19: Scattering of Dirac measure. (a) First order scattering 56(3), (b) Scattering
transfer T'9(1).

Figure 5.19 displays the scattering first order coeflicients, together with the scatter-
ing transfer of the Dirac measure, computed with spline wavelets. As expected, first
order coefficients are constant, and the scattering transfer, after a transient state which
depends upon the wavelet, reaches a constant value.

If one chooses Gabor wavelets, then S§ can be computed analytically and hence one
can compute the speed of convergence of T'(1) towards the constant. In that case, ¥ (u) =
eiboue—u?/(208) and |¥;,] is a lowpass Gaussian window. The convolution [v;, | * 1;, is
again a complex Gaussian, characterized by a variance, a central frequency and an
amplitude, which implies that U[j1, jo]d is again a lowpass Gaussian characterized by a
variance and a maximum amplitude. This means that for any path p = (j1 ... jm),

—

Ulpl6(w) = e Pre=one?/2

which yields
S6(p) = Ulp|o(0) = e

The parameters (3, and 012, are obtained from the previous path pg = (ji...Jm—1) by
solving a linear system:

Po
2¢2 292im
Bp = Bpy + 00250 <1 + 00(2721 > )

P

(5.91)

2 _ .2 2 2
{ap =o, +2%mof ,

As a result,

— _ S5(p) {ﬁ%( 92jm )}
T6(jm — Jm-1) = = =expy —— |\ 1+ =377 | ¢ -
( 1) S(S(p()) 2 Zl:(] 227

If p is a frequency decreasing path, the denominator ;" 227t is dominated by the last
terms, thus showing that in this case the asymptotic Markov is reached at exponential
rate.
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Figure 5.20: (a) Triadic Cantor fractal (b) Scattering transfer T'u(j1,72). We plot the
curves Tu(j1,j1 + 1) as a function of [ for different values of j;. The curves do not
converge towards a transfer function since the scattering is defined over dyadic wavelets,
which does not match the scale self-similarity of the fractal.

5.7.3 Cantor Measures

Figure 5.20 shows a triadic Cantor fractal obtained with weights oy = 0.4 and as = 0.6.
As expected, its scattering coefficients are not self-similar since they are computed with
dyadic wavelets at scales of the form s; = 27 j € 7Z, and the self-similarity of the
measure is observed for dilations of the form 3, = 3%, k € Z. The oscillatory pattern
observed in Figure 5.20 is explained by considering the continuous surface

E(llp* s, | % thsy)
E(lp* s [)

Tp(log s1,log s2) = y S1,52 ER ;81,80 >0,

where 9),(u) = s '(s ) is a dilation by a factor s. Tpu(logsi,log ss) is a continu-
ous and periodic two-dimensional surface, where the period is determined by the self-
similarity of p. The scattering transfer T'u(j1, j2) corresponds to a discrete sampling of
T,u at points of the form (271, 272), which creates oscillations as soon as the self-similarity
factor does not correspond to the sampling step.
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Appendix A

Wavelet Modulation Operators

A.1 Wavelet and Modulation commutation

This Section studies the commutation of a wavelet decomposition operator and a mod-
ulation. When the envelope is smooth with respect to the scale of the wavelet, the two
operators nearly commute, thanks to the good spatial localization of wavelets.

We shall express the regularity of ¢ with a multi-resolution analysis. For that pur-
pose, we consider the multi-resolution approximation spaces {Vy }rez [Mall2] generated
by the orthogonal basis

{¢n(t —n2"), n ez},

where ¢p(u) = 27%/2¢(27%4) is a scaling function. Notice that in this case we use
an L2 normalization. When the context requires it, we shall distinguish between the
L? normalized scaling functions and the L' normalization used in the definition of the
scattering operator. We say that o € V° if

o(t) =282 " cln] gy (t — n2k)

with sup,, |c[n]| < co. In particular, if ¢ is C2, then o is C? too.

The following proposition computes a bound for the commutator M [o]W—W M [o].
As before, |Vo|o = sup, |Vo(u)| denotes the sup of the Euclidean norm of Vo, and
|Ho|s = sup,, ||Ho(u)||, where ||[Ho(u)]| is the operator norm of the Hessian Ho(u).

Proposition A.1.1 Let j and k be two integers, and let Molz(u) = o(u)z(u) be a
modulation operator with o € V°. Then, if A = 21, there exists a constant C > 0
depending upon the scaling function ¢ such that

IM[o]Wy = WaM[o]|| < Clo|2’ " Au(¥) , (A1)

with

Ay(y) = / lul |t (u)|du .
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Proof: The kernel of M[c|Wy — W M]|o] is
k(v,u) = o(v)ga(v —u) —o(Wpa(v —u) = (o(v) — o(u)) Ya(v —u) .
Since o is twice differentiable, we can consider the following Taylor development:
k(v,u) = </01(v —u)-Vo(u+t(v— u))dt> (v —u) , (A.2)
Let us now bound the operator using the Schur lemma. Since

k(u,0) = = (0(v) = o(u)) ¥a(v —u) ,

with ¥(u) = ¥(—u), we can exchange the roles of v and u and hence it is sufficient to
bound

Sup/ |k(v,u)|dz .
Fix v € R% From (A.2) we have
/\k: (v w)do < ]Va]oo/\v—qu/o\(v —w)|dv
— Vol [ ol [0(o)ldo
via a change of variables o = 277r~1v. As a result,
Moy = Wil < sup [ h(wwldo < [Vole2 [Pl (43
We shall now bound the gradient of an element of V°. Since

= okd/2 Z n)ép(u — n2%) |

it follows that
= gkd/2 Z n)Ver(u — n2k),

and hence
Vo(u)| < 2kd/22| ][]V (u — n2")]
< wPI IZIWS Fu—n)]
< 27 sgP!C[n]\F(V¢)7 (A4)
where

F(V¢) = sup Z V(v +n)]

~€0,1]¢
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only depends upon ¢, and is finite as soon as ¢ and its derivatives have fast decay.
Finally, by definition

2hd/2 ] — 9—kd/2 / (B2 (t — n2¥)dt |
which implies that

Vo, ldn]| = 27

/a(t)¢(2—’ft — n)dt‘
< ol ™ [ 62 0)ldt = ol (A5)
From (A.3, A.4, A.5), we obtain
IM[oIWy — WAMIo]]| < 2~ lolow () (F(V6)[6]1) |

which concludes the proof. [I.

This proposition shows that when k> j, the modulation with an envelope o € V¢°
nearly commutes with the wavelet decomposition at scale j. In that case, we exploit the
good spatial localization of wavelets. When k > j, then the envelope is smooth with
respect to the wavelet, which means that, locally, the envelope is well approximated by
a constant within the support of the wavelet.

A.2 Wavelet Near Diagonalisation Property

Lemma A.2.1 Let A = 2/r and VW, f = fxVbr. Then, if wg is the central frequency

of ¥, A ,
VW — 277 (r L)Wy || < d279 AL (W) | (A.6)

where
Au(®) = sup |’ — wol|$()
is the frequency spread of 1.

Proof of lemma A.2.1: Since scalar products in R¢ and gradients commute with or-
thogonal transformations, we can assume without loss of generality that » = 1 and that
wp is aligned along the first cartesian coordinate. Let us approximate the convolution
f * Oy with another linear operator of the form af %), and let

Ep(f) = fxOkn —af x iy = f* (Opthr — athy) .

Since Fy is a convolution operator, it is diagonalized in the Fourier basis and hence its
operator norm is given by

sup iwk{ﬁ\)\ — oal)\)\ . (A7)
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We choose as approximation a = i277(wg)s, which corresponds to the k-th coordinate
of the central frequency of 1. As a result, (A.7) yields

1Bk = suplwp — 2 7wl (2w)|
w

= 27 sup lwy, — woul[DW)® < 27 suplw —wol[Pw)]* . (A8)
w w

By summing over all coordinates k = 1...d, we obtain (A.6). .

A.3 Local Scattering Analysis of Wavelet Modulation Op-
erators

This Section concentrates in the study of the multiscale perturbations defined by (4.9).
We restrict ourselves to the unidimensional case d = 1 and to first and second order
scattering coefficients.

We first verify that the perturbations given by wavelet modulations define a stable
operator in L2(R9).

Proposition A.3.1 Let Wy and WA be the wavelet decomposition frame and dual frame
respectively. If the wavelet frame satisfies the Littlewood-Paley condition (2.7) with § >
0, then M[7] is a bounded linear operator of L2(RY), and its norm satisfies

7] - 1) < 47 (A9

In particular, the map o — M([o|f—f is Lipschitz with respect to the norm Supy, 4, o (A, u)|.

Proof: The multiscale operator M|[5] can be written as
M) =1+ WMW ,

where W is the decomposition frame W = {A;, Wx}xea,, M is a point-wise modulation
operator in the frame decomposition coefficients, and W is the frame reconstruction
operator. From the Littlewood-Paley condition (2.7) we know that the frame bounds
are [1 — §,1], which implies that [|[W| < 1 and ||W| < 5. As for the diagonal operator
M, its norm is bounded by |o|o = sup, , |o(A, u)|. It follows that

‘U‘oo

I32[5) = ]| < [WIHIMHIW] < 5

which proves (A.9). Since for each f € L2(R%) we have

35)f - £l < 2o
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it follows that o ~— M (o] f— f is Lipschitz with respect to the supremum norm sup, ,, [o/(A, u)|
.

The main result that we obtain is that one can find a family of wavelet envelopes
such that they define scattering perturbations with an asymptotic triangular structure.
Thanks to this property, a small scattering perturbation can be linearly inverted as a
cascade of multiscale wavelet modulations.

Let us first define a collection of localized envelopes, which generate a family of
“atomic” wavelet modulations in correspondence with scattering paths. We recall the
definition of I':

I =PlUP={j1 €Z,ji < JtU{(j1.j2) €EZ°; 1 < ja < J} .

For convenience, we can identify first order paths j; € P! with (41, .J41) and parametrize
I = {(j1,j2) € Z*; j1 < j2 < J+1}. A multiscale modulation operator M[7] is defined
from a bi-dimensional envelope

O’(jl,u),jlgj,UER.

We are now going to construct a family of envelopes {0} },—(j, j,)er in correspondence
with I'. Let us denote Wy, the space of details from a multiresolution analysis [Mall2]:
Vi =W & Vi

Definition A.3.2 Let Ay, Ay > 0, and suppose that {¥;(u —2/n)}, is a wavelet basis
for the space of details W of L2(R) generated by Ypj. We define an envelope of type

p = (J1,J2), 1 < jo, as

.y -/ . . .
op(d,u) = 2l —jal<bag>g 2 Wy (0 =2Tm) A lf =l < A&y )
0 , otheruse ,

for any complex vector of coefficients such that sup |6[j',n]| < oo.

An envelope of type p = (j1,j2) thus has its energy well localized in the log-frequency
plane (j,7") defined by the scales of f and the scales of the envelope, and illustrated in
figure A.1.

In particular, when js = 0o, the envelope has no spatial variations, o,(j,u) = Cy for
|5 — j1| < A1, and hence the resulting operator M[o] becomes

Mole=z+Co >, WWz, (A.11)
li—711<A1

which amplifies the energy of the wavelet subbands in [j; + Aq].

The operator M[o] with an envelope of type p = (j1, j2) modifies the wavelet coeffi-
cients of = at scales in the neighborhood of j;. The wavelet representation is redundant,
and the wavelet coefficients from different scales are related by a reproducing kernel

ij = W\/NVW]@" 5 (A12)
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2 (J1>]2)

Ay

9-i

Figure A.1: Definition of an envelope of type p = (j1,j2) in a plane (j,j’) representing
the scales 27 of the L?(R) wavelet decomposition W; and the scales j' of each envelope
o(j,+). An envelope of type p is localized around (ji,j2) with a spread controlled by
(A1,A3). The shaded region corresponds to envelopes more irregular than the wavelets
they are acting upon. We shall see that the “valid” region is in correspondence with the
set of progressive first and second order scattering paths.

Cp=(j1,52)

9-i

Figure A.2: Cone of influence assiociated with the path p = (j1, j2).

where W and W are respectively the forward and the dual wavelet decomposition. This
implies that a perturbation Mo (j1,-)]W;, on a given scale j; won’t in general satisfy
the reproducing kernel equation (A.12). As a result, the dual wavelet projections Wj
will propagate the perturbation to other scales.

The complex coefficients {0[j’,n] € C}, encode variations, both in phase and am-
plitude, of wavelet coefficients at scale 27, along envelopes whose own variations are
localized at scale 27, with j' > j. We shall now see that an envelope of type p produces
a perturbation concentrated along a band of influence C), C I' centered at p = (j1, jo2).

It is defined by
Cp={a=(,b) €Tl =j1;l=>j}.

Figure A.2 illustrates the band of influence C,.
The scattering paths in I' can be ordered along a lexicographic ordering induced from
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Z2. For any p, q € I with p = (j1,42), ¢ = (4}, jb), we say that
p<qe= 271 <27 or (j; = j; and 2772 < 2772) (A.13)

Then the band of influence C), of a given path p is included in the set of older paths
{q € T;q < p} . The following theorem shows that for each = and small €, we can find
a family of envelopes of type p, p € I', such that the operator V475, mapping each
envelope of type p = (j1, j2) to the corresponding scattering difference,

VirSiee : pr— (S M [“pj“” — Ssz) (A.14)

has its energy concentrated along a band lying in the lower triangular region of the
scattering coordinates. More precisely, the theorem shows that the energy of the per-
turbation SyM|o]z — Syx along a scattering path ¢, given by

1S M{o)a(q) — Syx(q)]*
decays proportionally to a discrete distance dist(gq, Cp) in T

Theorem A.3.3 Let x € L2(R) and p = (j1,j2) € I'. Suppose that S; is computed
with a unitary wavelet frame generated by v with fast frequency decay. The following
properties hold:

1. If jo # 1 and Q5 = {(q1,92) € '; ¢1 = jo}, then for any envelope of type p

1S5 M[a)z[€o] — Ssz[]|I° < ClolZ I fI?  sup  Ki(ji —jo+6) . (A.15)

(56[—A1,A1
where Ky depends only upon v and satisfies K1(n) — 0 as |n| — oo.

2. Suppose ¥ and ¢ have compact support. Then there exists a non-zero envelope o* of
type p, and Cy depending only on the wavelets, such that if jo+log(jo—71) < J—Cy,
then for all paths q = (q1,q2) satisfying q1 = j1 and g2 < jo, the discrete scattering

vector
Fylk) = Flo(2"k) = SyM[#)la)2(2"k) - S,ld2(2"k) ke Z,
satisfies
Va1 =i a2 <o s IFIP < Cllel? (Ka(An) + o207 #)) | (A16)

where Ky depends only upon ¢ and satisfies Ko(n) — 0 as n — oo, and C' depends
upon p and A.
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Proof: Let us first prove (A.15). We define F = S;M[g]x — Syx. Since §2, regroups the
paths in T starting by jo, for any z,2’ € L(R) we have

15,180z — S[€o )2l 155 ULjo]w — SyUljo)e|

<
< |[[Uljolz — Uljo]a'|| < [[Wjo(z — "), (A.17)

thanks to the fact that S; and U are contractive operators. Let us apply (A.17) with
' = M[g]z. If o is an envelope of type p = (j1,j2), then

M)z — x = Re( Z WMo (j,-)|W;x)

l7—711<Aq
and hence
IF[Q]I < [[Wjy(x — M[g]z)]|
< Y W WMo (j, )W
l7—511<Ay
< olsollel D> W5 W5] - (A.18)
l7—511<A1

Since the wavelet frame is unitary, the norm of the operator Wj, Wj is given by
sup |91} (w)] = sup [ (27°w) [ (27 w)| = K1(jo — )
w w

where

K1(j) = Sgpllﬁ(?jw)l [ (w)] - (A.19)

If the wavelet has fast frequency decay, then K;(j) < Coal?! for a < 1, and hence (A.18)
is bounded by

2A1
olellel®  sup  Ka(Gii 46— o) | 3 Co?
5=0

66[—A17A1

€250 ]

IN

IN

Clz||  sup Ki(j1+0—Jjo),
d€[—A1,Aq]

which proves (A.15).

We shall now prove (B.1). If ¢ = (j1, ¢2) is a progressive path with ¢o < ja, we start
by computing Wj, M[g]z with an envelope of type p = (j1,j2). If g = Re(go) and ¢
is a complex wavelet, then 2W,g = Wjgo, and hence we can drop the real part in the

definition of M[&] with just a constant impact on the bound. If j € [j; &+ A1], then by
definition o(j,u) does not depend upon j, and we shall write o(j,u) = o(u). Thus,

Wi Mle =W f+ W5, > WiM[o]W,f . (A.20)
li—j1|<Ar

168



Chapter A. Wavelet Modulation Operators

Let us approximate (A.20) with a modulated version of the original wavelet decomposi-
tion, (1 4+ Mlo])W;, f:

Wi MBlf = Wif+w, | > <M[U]Wj - [M[a],vi/j]) W f

1| <A1
= Wi f+Molw;, > WW;f +
li—j1]<A1
HMo], W] Y WWif =W, > Mol W, f
l7—711<A l7—71|1<A1

= 1+ Mo)Wj, f+ (Ex+ Ex+ E3)f

with
E1 = M[O’]Wj Z Wjo -1 s E2 = [M[O'],le] Wjo s
l7—711<A l7—511<A1
By = W Z [M]o], W;]W; .
l7—711<A

We now bound the linear operators E;, i = 1,2,3. We have

1B = |oloosup [ (2" w)| 1= > [(2w)f’| = Ka(Ay) (A.21)
v lj—d1l<A
where
Ky(A) =sup [p(w)[ |1 = D [(20w)]? (A.22)
“ jl<a

satisfies K5(A) — 0 as A — oo, since the wavelet frame is unitary, and hence 3, b (2 w)| =
1 for all w > 0.

Since o is an envelope of type p = (j1,72), the commutator [M o], W;] is bounded
using proposition A.1.1 by ||[[M[o], W;]|| < C2/=72FA2 | which implies

1B < |[M[a], W]l Il > WW,|| < c2ivitae (A.23)
l7—511<A

and

IBs] < > MWl <C Y 2imRtAr < it hiitae (A o)
l7—511<A l7—711<Aq

By reassembling (A.21), (A.23) and (A.24) we have that

W;, M[glz = (1 + M[o])W;,z + Ex , (A.25)
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where E satisfies || E|| < Ka(Ap) + C2i—izHAi+82

Second order scattering coefficients of the form (j1,g2) are computed from the com-
plex modulus of W;, M [5|z. If M|o] is a modulation operator, then |M[o]z| = M||o|]|z|.
As a result, U[j1]M[o)x satisfies

UM [E)e — M5]U[j]z] < [E]lll=]l | (A.26)

with
o(u) =[1+ou)] .
Now, we decompose U [j1]M[7]z with 1),,, which yields
W, U1 M 5] — We, M[5]U[1]]| < [IE]|]|z]] - (A.27)

Since |o|x < 1, we have that (u) > 0, Vu, which means that the modulus does not
vanish, and hence that it preserves the regularity of 0. As a consequence, if o is an
envelope of type p = (j1,72), it follows that & is also of type p, which means that W,
and M[5] commute with an error ~ 292772722 We can thus write

W, Ui M [5lz — M[6]We,Uljiz|| < (|B|| + C2272F22)||z] |
which leads to
U1, 2] M &)z — M[5]U[j1, o] < (| E|| + €222 F82)||z]| (A.28)

since |o| = 0. Now, by decomposing ¢ as
M

5= 1+ o(w)] = VT T 2Re(o ()] T Tl = 1+ oolu)
with oo(u) = Re(o(u)) + |o(u)|?/2 + o(|o(u)]), we obtain that
U1, g2]M 5] — Ulj1, gl = Moo]U[j1, o)l < (|[E] + C2%=72F22) ]| . (A.29)

The second order scattering differences F'[q] are obtained from Ulj1, go] M [7]x—U j1, j2]z
with

Flgl = (UlgM[o]z — Ulglz) * ¢ - (A.30)
We now define
2
L(J)= inf sup > B, (t —n272) | Uljr, galz /|2l | * ¢ (A.31)
1Bloo=1 j1 <ga<j2 n
This quantity is minimized by envelopes of the form
o0 =Y Bln] U, (t —n2?) (A.32)
which are orthogonal to the functions
{Un, Q2]x¢J(k2J - 75)}]‘1<Q2<j27/€ : (A.33)
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Since both ¢; and ¥ have compact support, for each k, the size of the support of
¢7(u — k27) is €27, and those of U, is C' 272 As a consequence, on an interval of size
C?27, the envelope o has a2”772 coefficients which influence the support of ¢;(u—k27).
Thus, we can divide the constraints

{U[jla Q2]5'3¢J(k2j - 75)}j1<q2<j27/€

into disjoint sets of size (j2 — j1)No

I = {U[jl,(D]xQSJ(kQJ - 75)}]‘1<q2<j27/€63(l) > |j(l)| = No ,

according to the spatial position k, in such a way that for each set J; we can find a subset
of basis elements

T = {5 (t = U22)} ey
of size /27772 with the property that each element of J; only intersects scaling functions
¢ (k27 —t) within the set J;.
As a result, by renaming the position index n in (A.32), the orthogonality constraints
for each fixed group J; in (A.33) become

0/2‘]7]?
/ S B0, (- n27) | Uljn, gole(8)65 (k27 — t)dt =0 j1 < g2 < o, k €9(0) |
n=0
/2792

> 0l ([ Wale - 02Ul wlel)0s2) — 0a) =0 i < 0 < o k€0

o’27—i2

S Blnlgalnl = 0,51 < g2 <o, k € I(I[A.34)
n=0

The constraints in (A.34) on the envelope are thus equivalent to finding a nonzero
vector 3 of dimension /27772 orthogonal to a collection of (j» — j; — 1) Ny vectors Vgo k-
As aresult, we can find a non-zero envelope o of the form (A.32) with an error L(J) = 0
in (A.31) as long as a’27772 > (ja — j1)Np, which yields

J > jo 4 logy(j2 — j1) + log(Np) — logy (@) .

Since the mapping o +— o9 is onto, we can consider and envelope o such that |1 + o] =
1+o05.
We then obtain from (A.29)

IF, 1 = > (UldM[alz — Ulglz) * ¢ (k27)?
k

< ) (UlgM[@)z — Ulglz — M{oo]Ulqlz) * ¢ (k27)?
k

Ulg)3 1w — Uldle — MoolUlgle|*
|z||(Ka2(Ay) + Clo|2 2t —2+AitBe o 0|2 ge2—2+A2)
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which proves (B.1). 0.

Theorem A.3.3 shows that by localizing a modulation both in the scale of the en-
velope and in the scale of the carrier, the effect of such perturbation in the scattering
domain is limited to a band of influence C),, centered at a point which corresponds to
the coordinates of the complex wavelet envelope. Although the result of theorem A.3.3
controls the absolute scattering difference F, = S;M][o,]f — Ssf, in practice we observe
that the relative difference F/||F|| has an asymptotic band behavior. Figure A.3 shows
the operator V}S 7 obtained by normalizing each column of V7S¢, for two different
examples of f and for J = log N. We use the ordering of I' described in (A.13). In
order to optimize the relative energy concentrated in the cone of influence, we draw 20
random envelopes of type p, we project each of them in the orthogonal space

(@5, cq<iUldlf)* = {h € (LIR)Y'; / B(W)Ug) f (u)du = 0,1 < ga < ja} |

and we retain those achieving maximum concentration in the band of influence C,. The
first row corresponds to a realization of white gaussian noise, whereas the second row is
obtained from a NASDAQ stock price signal. The middle column shows the obtained
operator setting Ay = 0, whereas the right column corresponds to A; = 1. As expected,
the relative energy is concentrated around the cone of influence. When A; = 0, the
impact on scattering coefficients having different first scale is minimized, as predicted by
(A.15). For a white gaussian noise realization, the operator is virtually diagonal, whereas
for the stock price signal the operator is nearly triangular with its energy concentrated
along a band. White noise yields a nearly diagonal operator because the propagator Ulg]
of Mo, f is well approximated by the wavelet decomposition modulus of o, thanks to
the concentration of Ulq]f along its mean. This phenomena is not observed on sparser
signals, such as that of (d).
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i .
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(d) () ()

Figure A.3: Numerical simulations of the differential scattering operator V}S g ¢ for
two different signals. First row: (a) realisation of white gaussian noise; (b) V3757
obtained with A; = 0, (c) V3755 obtained with A; = 1. Second row: (d) stock price of

NASDAQ:AAPL (e) V475 obtained with Ay = 0, (f) %ij obtained with A; = 1.
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Appendix B

Proof of Theorem 5.4.1

B.1 Proof of Lemma 5.4.2

Lemma B.1.1 Let Z(t) = 2/2|dXxy[xy(t), L € N, and let vo = [|¢[13( | Rjaxy| (T)d7),
Y1 = 19131l [ Rjaxwpllli- Then v, 1 < 0o, and the sequence of random variables Zy(t)
satisfies

VI, B(Z(0)) < sand Tim B(Z(0P) =0 - (B.1)

Proof: Let us compute the limit limy_,o, E(|Z|?) for Z; = 2//2|dX « | x . If dX (1) is a
Gaussian white noise then we saw in Section 4.6 that U[0]dX = |dX x| is a stationary
Rayleigh process. Proposition 4.6.3 shows that its auto-correlation function Rpjg)qx
belongs to L!.

The spectral density of Z; = 2//2|dX 9| % vy is given by

Rz (w) =2 RU[O ax (W) [P (2w)?

Since Ryjojax € L!, its Fourier transform is continuous, which implies that

lim E(|Z|*) = lim 2l/ﬁzl(w)dw = lim Ql/RU[O ax (@)Y (2'w)|2dw
l—o00 l—o00 l—00

= lim Ryjoax (0 /W 2'w) [P duw

l—o00
— Rugax(©) [ [9@Pdo = |01} [ Rogax()ir . (B2)
since | (2lw)| concentrates towards the low frequencies as [ — oc. In addition, we have
B(ZP) = 2 [ Rugax)lb(e)Pds
<

sup | Rygax @2 [ [6(2) P

= || Ryax |1 llvll3

which completes the proof [I.
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B.2 Proof of Lemma 5.4.3

Lemma B.2.1 Let v be an analytic wavelet with fast decay and such that the zeros
of ¥ in (0,00) form a discrete set. Then the sequence of stationary processes Z; =
2/21dX % | * 1y, | €N, satisfy

Vi, lim Zi(t) -5 Z = Zy +iZ4 (B.3)
l—o00

where Zy, Zgy ~ N(0,0%/2), 0? = limo E(|Z1]?), and % denotes convergence in
distribution.

Proof:  This result will be proved using a version of the Central Limit theorem for
strong mixing processes, that we briefly recall. Rosenblatt [Ros] introduced a notion of
dependence of two g-algebras of events Fy, Fo where a probability measure is defined:

a(?l,?g) = sup |P(A1ﬂA2)—P(A1)P(A2)| .
A1€F1,A2€TF5

If X (t) is a stationary process, its a-mixing coefficient is defined as
V7 >0, ax(t) =alt,t +7) = a(M" o, M3,),

where M denotes the o-algebra of events generated by the quantities X (u), s <u <t
[KR60]. If
lim ax(r) =0, (B.4)

T—00

then the process X has the strong mixing condition. We will use the following Central
Limit theorem for strong mixing stationary sequences, first introduced by Rosenblatt
[Ros], and later refined by several authors.

Lemma B.2.2 ([Ros/). Suppose (X, k € Z) is a strictly stationary sequence of random
variables satisfying EXo = 0, EXS < 00, having the strong mixing condition, and such
that for some § > 0,

E(|Xx*) <00, and Y ax(n)?/H) < oo,
n>1

then the partial sums S; = 1~1/2 > o<k<y Xk satisfy limy oo Var(S;) = 0% < oco. If

moreover o2 > 0, then

S, 5 N(0,02) , (1 — o) , (B.5)
where % stands for convergence in distribution.

We shall prove (B.3) by first considering for each [ an approximation of the random
variable Z;(t) obtained by discretizing |dX « 1)|.
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Let m € N, and A,,,(X) denote the discretized process defined as

Wt Am(X)(t) = X <“Lm+aj> , (B.6)

where 6 is a random offset. We consider the following approximation:
vt, Zl(t) = Zl,m(t) + El,m(t) ) (B7)
where
Zim(t) = 220 (JdX %)) x Uy (t) - (B.8)

For each [, the approximation error € ,,(t) is a random variable which satisfies, for every
6 >0,
lim Prob(|e;m(t)] > ) =0. (B.9)

m—0o0

Indeed, if we write
em(t) = [dX x P|(t) — Am(|dX +P[)(F) ,
then by definition of €, in (B.7,B.8) we have

6l,m(t) = 2l/2€m * T;Z)l(t) .

We can write €,,(t) as
em(t) = 1dX % ¥](t) = An(|dX *¥])(t) = [X3| = [ Xa | (B.10)

where X; and X» are 0-mean Gaussian random variables, with a covariance given by

(3 )

where . .

V(t) =v (), () =v(-t), (B.11)
and 7 < m~! is the distance from ¢ to its closest quantifier % The random variable
em(t) satisfies

Blen(t) = B(ax = (0] - B (|ax+u (L2} <o,

since |dX x 1| is stationary. Let us now compute its variance.

Var(em(t)) = E(lem(t)]?) = 2(B(1X1%) — E(1X1]] X))

= 20(0) — 20(0) (gQFl (—1/2,—1/2; 1; %)) :

using again the correlation function of a Rayleigh process from Section 4.6. The hyper-
geometric function 9 F7(—1/2,—1/2;1, ) is continuous with respect to its last argument,
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and such that oFy(—1/2,—1/2;1,1) = 1. It results that for all §yg > 0 there exists M
such that for m > M,
Vit , Var(en(t)) < do . (B.12)

We then use (B.12) to obtain a bound for the variance of €;,,(t). By making the
offset 0 of the sampling grid of A,, random, €,,(t) is stationary, and hence

Var (e,m(t)) = 2' / Re,, (w)|1h(2'w)Pdw .
The autocorrelation R.,, (7) satisfies
Re,, () < 2Rjgxsp( (1) < C|Raxup(T) (B.13)

thanks to the bound on the hypergeometric function of Propostion (4.6.3). As a result,
R.,, € L' and hence its spectral density is continuous and bounded by || R.,, |1 It results
that

Var(en(t) < suplfe, )2 [ 19 Pdo

< Reu 13 -

Since Var(ey,(t)) = Re,,(0) < Cm™! and ||Re,. |1 < C||Raxsyl3, for each n > 0 we can
find T" > 0 such that

[ IR @lar <.
I7|=T

On the other hand,

Ymz Mo, [ R (r)ldr < R, (0)2T <275 .
|7|I<T

It results that
lim ||R., |1 =0,
m—r0o0

and hence that lim,, . Var(e;,,(t)) =0 .
Thus, using Chebyshev’s inequality, given 6 > 0, if 0y, = /E(|e;m (t)|?),

5 2
Prob(|e; (t)] > 6) = Prob <|el7m(t)| > O'm—> <2
Om
which converges to 0 as m — oo.
We will now prove that the sequence Z; ,,(t), as | — oo, converges in distribution to
a Normal random variable. For this purpose, the first step is to show that for each m,
the discrete, stationary Gaussian process

Ve = (dX x)(kAgm™) , k€ Z, (B.14)

has the strong mixing condition. To see this, we use a result from Kolmogorov and
Rozanov [KR60], which gives a sufficient condition for a discrete stationary Gaussian
process to have the strong mixing condition:
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Lemma B.2.3 ([KRG60], th. 4) If X is a discrete, Gaussian, stationary process with
finite energy, such that its spectral density Rx(e) is continuous and does not vanish
for any —m < w < m, then Xy has the strong mizing condition (B.4).

Since
Ry[n] = B(YiY},,) = B((dX %4)(Aok/m) (dX %) (Ao(k+n)/m)) = Raxep(Bon/m)

and Rgx,.y(7) = ¥(7), using the definition from (B.11), it follows that the spectral
density of Y}, is

Z‘w <w+A—OW>'2 . (B.15)

Since ¢ € L', its Fourier transform is continuous, which implies that \1&]2 is also contin-
uous. Moreover, since the zeros of ¢ are isolated and |¢)(w)| > 0, one can find Ag such
that the periodic spectrum Ry (w) does not vanish for —7 < w < 7, which, by virtue of
lemma B.2.3, implies that Y} has the strong mixing condition.

In addition, [KR60] shows how to control the decay of the mixing coefficient (7).

If there exists an analytic function ¢(w) such that ‘RY(())‘ > ¢ > 0 and the derivative

(M

O]
o) > is uniformly bounded, then

p(r) < 7!

Since 1 has fast decay, the spectrum Ry (w) is C°°, which implies that a(r) has fast
decay by setting ¢ = 1.

Let us now see that if Y}, has the strong mixing condition, then its modulus |Y|; also
enjoys the strong mixing condition. By definition, the mixing coefficient of Y}, is

V7 >0, ay(r) = aML, M3E,) = sup [P(A1 N Az) — P(A1)P(A2)]

ArEME  A2eMSS

where M, denotes the o-algebra of events generated by the quantities Y(u), s <u<t.
Since the o-algebra of events M} generated by |Y (u)|, s < u < ¢, is included in MY, it
follows that

qu‘(T) = Q(Mt 7:]{/[?4?7_)
< (M':OO,M?_T_T) = Oéy(T) >

which implies that |Y|; has the strong mixing condition.

Let us now see that for each m, the limit as [ — oo of Z,,,; converges in distribution
towards a gaussian random variable. For that purpose, we decompose the convolution
by the wavelet 1; in (B.8) as a cascade of two convolutions, the first one implementing
a low-pass filter which generates partial sums of |Y|. Since by definition

Ap([dX % 2])(2 Z|Y|n1( Ao/m,Ao/m)(t —nlg/m)
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we have

Zma(t) = 22 A, (|dX % 9b]) * 0y (1) }:WM@t_nAwm), (B.16)

where [;(t) = 21/2(1(iA0/m) * ;) (t). Since 1(0) = 0, it results that

Vit |dX x| % () £ (|dX x| — E(|dX %)) *(t)

and we can replace |Y|;, by the centered stationary sequence Y3, = |Y|, — E(|Y]o) with
the same mixing properties as |Y|. The lowpass filter g,, given by the partial sum

n71/2 Z Xk’ :X*gn[k‘]
|k—k/|<n/2

has a Fourier transform §(e”) given by the Dirichlet kernel

A6 — —1/251n((“+1/2) w)
9(e™) sin(w/2) ’

which has its energy concentrated on the frequency interval (—%, =)- Since the spectrum
of 3 has its energy concentrated on the frequency range (a;27" -1 ,a227"), then for any
n > 0 and any ey > 0, there exists a scale [(n) > 0 and a finite energy analytic filter h
such that . .

Zina(t) = (V 5 By () = (V. gn) % B)(0) + W (B.17)

with E(|W| ) < ew. ) )
But Y satisfies E(Y) =0, E(|Y]?) < oo, E(]Y|*) < 00, and

ZO‘Y P2 < oo

since its mixing coefficients have fast decay. We can thus apply lemma B.2.2 with § = 2
to the partial sums Y x g,,. The same argument we used in (B.2) can now be applied by
replacing v; with the Dirichlet kernel g,, to show that

2
nangOVar Y*gn = (ZR ) lgllz < oo,

and hence that, as n — oo, the partial sums Y * gn(t) converge in distribution towards
a Gaussian random variable.

Finally, let us see that this implies the convergence in distribution of Z; towards a
gaussian distribution. We use Slutsky’s theorem, which states that

X, 4Xx

- — X, +Y, 3 X,
Y, —0
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where % and 5 stand respectively for convergence in distribution and convergence in
Probability. Since the discretization error €,,; converges to 0 in probability as m — oo
uniformly in [, and (B.17) approximates each discretized Z,,;(t) with a linear transfor-
mation (}7 * gn) * h of partial sums, with an error W converging to 0 in probability as
ew — 0, we conclude by letting m — oo and ey — 0 that Z;(t) converges in distribution
to a complex Gaussian random variable. [J.

B.3 Proof of Lemma 5.4.4
Lemma B.3.1 The sequence Z; = 2V/%|dX x| 1)y satisfies

Vt, llim E(|Z(t)]") = E(R") , forr=1,2, (B.18)
— 00
where R follows a Rayleigh distribution.

Proof: This result is proved as a consequence of lemma 5.4.3, which lead to the conver-
gence in distribution of (5.46):

Vt, Zi(t) S R, (1 — o0) ,

where R follows a Rayleigh distribution.

The proof of the Central limit theorem showed that lim; o, E(|Z;|?) = E(|R[?). In
order to see that the first moments also converge, we use a classic result on uniform
integrability of sequences of random variables:

Lemma B.3.2 ([Das08], thm 6.1-6.2) Let X; be a sequence of random variables. Sup-
pose that for some § >0 ,
sup B(|X;'*?) < o0 ,
l

and that X 4 X. Then X is uniformly integrable, and

lim F(X;) = E(X) .
l—00
Lemma 5.4.2 showed in particular that sup; E(|Zi|*) < [|9]13]| Rjaxyjll1 < co. Then, by
setting 6 = 1 in lemma B.3.2, we conclude that |Z;| is uniformly integrable and hence
that
lim E(Z]) = E(R]) 0.
l—o0
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