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- translations 
- rotations 
- scaling 
- small deformations 
- change in brightness / illumination 
- additive constant

Data x ! "d Representation
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cat

rabbit

object classification texture classification

We need to make use of symmetries 
This is similar to what we do in physics.



Using the power spectrum  (invariant to translation)

Higher-order moments?



Another approach: the Fourier transform

It is invariant to translations.  

• Translational invariance: if  then  
 

• Expanding the finite series adds more information. 
 

• Robust to small distortions (i.e. warping) ?
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deformation: 

What happens  
in Fourier space?
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the scattering transform

original object 
warped object

frequency
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frequency

BUT… we have lost some information by taking an absolute value…

The Fourier transform is too delocalized →  Let’s use a wavelet .$  x % $

We now are invariant to small translations & deformations. 
We can do this as a function of scale.

 { x % $% % &, }%

 x % $ % &A wavelet is not translational invariant. → Let’s use some averaging . &

 !x % $ ! % &Averaging will tend to give zero → Let’s use an absolute value. 
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%1,%2SOLUTION: do it hierarchically.

Stéphane Mallat & Joan Bruna (2012)



A cascade of convolutions
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image from J. Bruna & S. Mallat



from Laurent Sifre & S. Mallat

Texture classification
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Object classification

To construct a representation   
useful for classification, we need invariants:

&( f )

- translations 
- rotations 
- scaling 
- small deformations 
- change in brightness / illumination 
- additive constant

- filters must be wavelets (convolution) 
- complex modulus (non-linearity) 
- averaging (pooling) 
- hierarchical (multilayer)

the scattering transform (Mallat & Bruna 2012) 
can achieve this with the following requirements:

Yann Le Cun
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Figure 1. Examples of a matter distribution within a slice (left) and a weak-lensing convergence map (right). We plan to apply the scattering
transform to these two kinds of images to constrain cosmological parameters.

which reveal the non-Gaussian nature of the matter distri-
bution: galaxy clusters and the filamentary structure. How-
ever, this approach has a severe limitation: galaxies provide
us with a biased tracer of the total matter field (for example
not all dark matter halo hosts a galaxy.). The galaxy-density
field (accessible from observations) is linked to the total mat-
ter density field by

�g(x) = fcomplicated(�(x)) (2)

This relation can be Taylor expanded and on large scales,
where the density contrast is small compared to unity, we
obtain

�g(x) ' b �(x) (3)

Here the ’bias’ b depends on the type of galaxy considered.

• a 2-dimensional mapping of all the matter. The de-
flection of light by mass fluctuations, also called gravitational
lensing, allows us to map out the projected 2D distribution
of all the mass lying in front of an ensemble of background
galaxies. This is done by measuring the weak distortion of
galaxy shapes due to the lensing effects. Using this approach,
one get access to the so-called convergence field

(�) /

Z
dl �(�, l) Le↵(l, lbackground) (4)

where l is the distance along the line-of-sight and
Le↵(l, lbackground) is the lensing efficiency, a geometric
weight which is maximum when the lens is half way between

the observer and the source. And � is the angular position on
the sky.

The appeal of using weak lensing convergence maps is the
ability to access the total matter density field without being
limited to a biased tracer as was the case for galaxy surveys.
The drawback is that we only get a 2D mapping. The pro-
jection in Eq. 4 tends to Gaussianize the field. Some of
the non-linear, non-Gaussian information is lost, as shown
in Figure 1. That said, even for weak lensing convergence
maps, the expectation is that most information is embedded
in the non-Gaussian features, bore out by the scattering trans-
form, as we will demonstrate below.

In both cases, for galaxy and weak lensing surveys, the
future is bright: numerous large-scale projects are aimed at
mapping a large fraction of the sky with high quality data. A
number of existing and future photometric and spectroscopic
galaxy surveys (SDSS1, PanSTARRS2, LSST3, DESI4, PSF5,
etc.) are designed to map the distribution of galaxies as a
function of distance. In addition, several ongoing surveys
(KiDS6, DES7, HSC8, and upcoming ones (LSST, Euclid9,

1 https://www.sdss.org/surveys/
2 https://panstarrs.stsci.edu
3 https://www.lsst.org
4 https://www.desi.lbl.gov
5 https://pfs.ipmu.jp
6 http://kids.strw.leidenuniv.nl
7 https://www.darkenergysurvey.org
8 https://hsc.mtk.nao.ac.jp/ssp/

Application to cosmology: the texture of the density field
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complexity

As scientists, we want to describe/explain the complex world


We want to go from complexity to simplicity.


This requires an efficient language.
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Challenges:

Simplicity found in:
parameters geometry classesvocabulary

interpretability, control of systematics


