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Neural networks?
A generalization of linear regression
to complex models.

Does it work? Usually, no, it doesn’t.
However, this idea now allows us to implement
excellent feature detectors.

As physicians, how can you look at these
methods with a critical eye?



What can we see on a medical image?
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One image : three levels of analysis [EPW11, Man11]
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1. Texture 2. Anatomy 3. Function

Each level of analysis can be modeled
by relying on the previous one.

Let’s discover the most fundamental of all imaging theories:
Texture analysis through multi-scale filtering.
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Multi-scale prior on images

Wavelet theory (1990~2010 ; Meyer, Mallat, Daubechies...) :
Small filters + cascading zoom-out operations [Mal16]:

picro

Image —  Relevant coefficients
~ “wav”’ Audio — Music score

= JPEG2000 format, standard of the movie industry.



That’s it for classical models.
What about neural networks?
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“Supervised learning” = regression

We have:

« Adatabase {(x1 —y1), (x2 = y2), ... }.
+ Amodel

Flw; x) — vy,

— 1T

parameters input output

Let’s find, step by step, a value Wopiima of the parameters
that minimizes the average error on the predictions.
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Let’s complexify our model with intermediate variables...
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Neural networks:
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Neural networks:

+ Generalization of the linear regression to arbitrary models.
+ Introduces intermediate variables and bendings.

+ Naive training procedure (flexible rod + springs).

Generic neural network
~ Interpolation between the samples of the database.

Is it good enough?

12
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Medical imaging # generic Big Data problem

1 number 2 numbers 128 - 128 numbers

— 5128-128

— 5 samples — 52 samples samples

The set of all 2D/3D images is way too large

to be sampled with a satisfying accuracy.
13
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In medical imaging, a good model F(w; x) ~ y should:

Encode a sensible prior on the data
Can | understand a heart MRI as a deformed template?

Put constraints on the decision function,
Thus allowing us to extrapolate outside of the training database.

Rely on cheap, elementary operations,
To scale up to 3D/4D volumes.

— Let’s combine “regression” with “JPEG2000” !
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Analysis through multi-scale filtering :
—> Convolutional Neural Networks




Towards an optimization of the JPEG2000 filters

Classical signal processing [Dam] :
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Towards an optimization of the JPEG2000 filters

Modern signal processing [PMC11] :

entrée «JPEG 2020» ~~ Régressionlinéaire  —~ sortie
X
—® ey Y
Paramétres : @1, P2, .0+ a,b
1 S; C, S, n; n,
input feature maps feature mapsfeature mapsfeature maps output
32x32 28x28 14x 14 10x10_ 5x5

e

5x5 \7

convolution

OhY \
22 5x5 O
AN subsampling  convolution \\ } con:eZted\ \

subsampling \
feature extraction classification
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Convolutional Neural Networks: an excellent compromise

JPEG2000 relies on a model F(w; x ) ~ y that is:

+ Computationally cheap.
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Convolutional Neural Networks: an excellent compromise

JPEG2000 relies on a model F(w; x ) ~ y that is:

+ Computationally cheap.
« Constraining
+ Encodes a multi-scale prior on natural images.

By tuning its parameters on a labeled database,
we geta CNN ~ problem-dependent “JPEG2020”.

CNN

16



An iconic application: Deep Art [NN16]
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The dreamed application: image classification

Looking at CNN(x) = [ u(x), m(x), M(x)],
can we separate seagulls from pandas?
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The dreamed application: image classification

Looking at CNN(x) = [ u(x), m(x), M(x)],
can we separate seagulls from pandas?

What researchers have in mind [WZTF]:

Conv 1: Edge+Blob Conv 3: Texture Conv 5: Object Parts Fc8: Object Classes
o) m(x) M(x) 18




The limits of multi-scale filtering

CNNs perform feature detection, nothing more, nothing less [NYC15]:
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The limits of multi-scale filtering

CNNs perform feature detection, nothing more, nothing less [NYC15]:

« p(x) is reliable ; M(x) really isn’t. »

3 Y7 i
$ 7
king penguin starfis| baseball J electric guitar

freight car ” remote control ”7 peacock ] African grey

Unfortunately : structured anatomical models are way more expensive.

(that’s my job...) 19
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Deep | i
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Conclusion

The Deep Learning revolution is all about:

. Artificiabintelisence.

+ The first convincing model for texture.

+ The development of high-level software tools that allow us to
tune the parameters of our models — TensorFlow, PyTorch...

An image processing software always relies on a
simplistic model of the data.

There is no miracle.

22
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When facing an “Al” product :

+ « Show me what doesn’t work. »
+ « Can you explain this error to me? »
+ “More data” is not going to solve problems automagically.

Going further:

Cours de Sciences des données au Collége de France,
www.college-de-france.fr/site/stephane-mallat/

Jetez un ceil a la legon inaugurale, trés accessible !
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Al+Radiology MasterClass

sites.google.com/view/masterclassiaimagerie/home

* Antoine

rmation en |A pour le radic

My notebooks are available: www.math.ens.fr/~feydy/Teaching/ 9


sites.google.com/view/masterclassiaimagerie/home
www.math.ens.fr/~feydy/Teaching/

Thank you for your attention.

Any questions ?
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