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Machine learning (AI) for SETI



Machine learning (AI) for SETI: the paper

August 26, 2017: 21 bursts have been previously detected.
Machine learning: 72 new detections



Machine learning (AI) for SETI: the machine learning
Data

I 5 hours listen observations
I 400000 images,
I half of which contain simulated pulses

model
I inputs: images
I outut: detection (yes/no)
I convolutional deep network 17 layers
I 6.2 million trainable parameters

training
I training set = 4.5 hours
I 20 hours on a GPU
I error converges after 100 epochs to 93%

combined with dedispersion verification

decision = f (image) + noise
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Machine learning

model
decision = f (image) + noise

IP(decision, image) unknown .

goal = cost
f̂ estimate f from data .
minimize the cost of f̂ .

issues: induction
statistics + unknown distribution + cost + computational issues .



Exemples de machines capables d’apprendre

tâche données performance
prédire le type d’une galaxie images taux d’erreur

estimer une fréquence images écart quadratique
(découvrir) des types de galaxies images entropie de la partition
recommander une ligne de code programmes renforcement

d’après https://www.kaggle.com/c/galaxy-zoo-the-galaxy-challenge

https://www.kaggle.com/c/galaxy-zoo-the-galaxy-challenge


Les trois (principales) familles d’apprentissage automatique

Apprentissage
statistique

Á prédire
Supervisé

Classer

Régresser

Ordonner

Par essai erreur
Renforcement

Jouer

Planifier

Faire

Seul
Non supervisé

Estimer
une

densité

Représenter

Catégortiser



Apprendre à prédire : apprentissage supervisé
Entrée x sorties y

y ∈ {0, 1} classification binaire ou multiple

.
y ∈ R régression

.
y ∈ {faible,moyen, fort} ordonnancement
y structuré



Apprendre à résumer : apprentissage non supervisé
Entrée x seul (pas de y)

Catégoriser (clustering) : qui se ressemble s’assemble k-means, CHA

.
Représenter: x ∈ IRp −→ z ∈ IRd , d � p ACP, t-SNE, UMAP

.
Estimer une densitée IP(x) Parzen,

.



Apprentissage et ensemble d’hypothèses

{xi , yi}
{xi , yi}
i = 1, n f A f

H

f

Loss L

apprendre c’est :
sélectionner, parmi des hypothèses, la plus cohérente avec les données



Universalité de l’apprentissage

Résultat d’existence

Théorème d’approximation universel
soit ε > 0 un réel
quelle que soit la tâche à apprendre ∀f ?

il existe f̂ ∈ H, telle que

‖f ? − f̂ ‖ ≤ ε

Choisir un ensemble d’hypothèses H universel
plus on a d’exemples, plus le modèle doit pouvoir être complexe
danger : surapprentissage
question centrale : adapter la complexité du modèle au prolème



Les différents types de modèles universels
modèles basées sur les variables

I la notion de dictionnaire (base, polynômes, ondelettes. . . )

f̂ (x) =
k∑

k=1

αkφk(x)

modèles basées sur les exemples
I plus proches voisins
I noyaux (SVM)

combinaison d’éléments simples (partitions)
I les forêts aléatoires
I le boosting

modèles profonds (deep learning)

linéaires vs non linéaires
→ C’est un problème de représentation (extraction de caractéristiques)



Machine learning for galaxy morphology prediction
Galaxy Zoo - The Galaxy Challenge at Kaggle

Data
I training set with 61,578 images
I test set of 79,975 images
I Data augmentation

model
I inputs: images
I outut: proba galaxy morphology
I SVM, GBM,
I convolutional deep network

training accuracy
I SVM 88%
I Gradient Boosting 90 %
I deep learning (CNN) 93%

https://www.kaggle.com/c/galaxy-zoo-the-galaxy-challenge/discussion/7599

https://www.kaggle.com/c/galaxy-zoo-the-galaxy-challenge/discussion/7599
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The biological neuron



McCulloch & Pitts formal neuron 1943

x1,w1

x2,w2

. . .

xp,wp

1, b

h y = σ(w tx + b)

x input ∈ IRp

w weight, b bias
σ activation function
y output ∈ IR



The artificial neuron as a linear threshold unit

x1,w1

x2,w2

. . .

xp,wp

1, b

h y = σ(w tx + b) x1

x2

w tx + b = 0

x input ∈ IRp

w weight, b bias
a activation, a = w tx + b
σ activation function
φ transfer function
y output ∈ IR

σ activation function (non linear)

IR 7→ IR
a → y = σ(a)

φ transfer function

IRp 7→ IR
x → y = φ(x) = σ(w tx + b)



The formal neuron as a learning machine: fit the w

Ψ(x) = σ

 p∑
j=1

ϕj(R)wj + b


Rosenblatt’s Perceptron, 1958 (Widrow & Hoff’s Adaline, 1960)
given n pairs of input–output data xi = ϕj(Ri ), ti , i = 1, n
find w such that σ(wtxi )︸ ︷︷ ︸

prediction of the model

= ti︸︷︷︸
ground truth



Cost minimization (energy-based model)

Minimize a loss min
w∈IRp+1

n∑
i=1

loss(w) loss(w) =
(
σ(wtxi )− ti

)2
Gradient descent w← w − ρd d =

n∑
i=1

∇wloss(w)

Stochastic gradient d = ∇wloss(w)

Algorithm 1 Gradient epoch

Data: w initialization, ρ stepsize
Result: w
for i=1,n do

xi , ti ← pick a point i
d← d + ∇wloss(w, xi , ti )

end
w← w − ρd

Algorithm 2 Stochastic gradient

Data: w initialization, ρ stepsize
Result: w
for i=1,n do

xi , ti ← pick a point i
d← ∇wloss(w, xi , ti )
w← w − ρd

end



Accelerating the stochastic gradient
stochastic average (mini batch)

I parameters (Polyak and Juditsky, 1992)
I gradients SAG-A, (Le Roux et al 2012)
I variance reduction (Johnson, Zhang, 2013)

convergence acceleration
I Nesterov’s method (1983)
I momentum (heuristic)

acceleration and averaging
I (Dieuleveut, Flammarion & Bach, 2016)

stepsize adaptation
I RMSprop (Tieleman & Hinton, 2012)
I Adaptive Moment Estimation – ADAM

(Kingma & Ba, 2015)
I AMSGRAD (Reddi et al, BPA ICRL 2018 )

http://ruder.io/optimizing-gradient-descent/ https://wikidocs.net/3413
Optimization methods for large-scale machine learning L Bottou, FE Curtis, J Nocedal - stat, 2017 -

http://ruder.io/optimizing-gradient-descent/
https://wikidocs.net/3413


Non linearity combining linear neurons: the Xor case

Alpaydın, Introduction to Machine Learning, 2010



Neural networks

Definition: Neural network
A neural network is an oriented weighted graph of formal neurons

When two neurons are connected (linked by an oriented edge of the graph),
the output of the head neuron is used as an input by the tail neuron. It can
be seen as a weighted directed graph

3 different neurons are considered:
input neurons (connected with the input)
output neurons
hidden neurons

N1

N2

N3

N4

N5

N6



The Asimov Institute: http://www.asimovinstitute.org/neural-network-zoo/

http://www.asimovinstitute.org/neural-network-zoo/


Neural networks propagation and back propagation

y = ϕ(W3h(2))

↑

h(2) = ϕ(W2h(1))

↑

h(1) = ϕ(W1x)

↑

x

∇W3J = (y−ya)ϕ′(W3h(2))h(2)
>

↓

∇W2J = ∇h(2)Jϕ′(W2h(1))h(1)
>

↓

∇W1J =

↓

x

backpropagation = chain rule (autodiff)
Used to learn internal representation W1,W2,W3

from L. Arnold PhD



Back propagation is differential learning



The image net database (Deng et al., 2012)

ImageNet = 15 million high-resolution images of 22,000 categories.
Large-Scale Visual Recognition Challenge (a subset of ImageNet)

1000 categories.
1.2 million training images,
50,000 validation images,
150,000 testing images.

www.image-net.org/challenges/LSVRC/2012/

www.image-net.org/challenges/LSVRC/2012/


A new fashion in image processing

shallow approaches

deep learning
Y. LeCun StatLearn tutorial



ImageNet results

publication year
2010 2011 2012 2013 2014 2015 2016

0

5

10

15

20

25

30

35 152 layerstop-5 error in  %
number of layers
human performance

2012 Alex Net
2013 ZFNet
2014 VGG
2015 GoogLeNet / Inception
2016 Residual Network

karpathy’s blog: karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/

karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/


Deep learning for galaxy morphology prediction
Data

I training 61,578 / test 79,975 images

model
I inputs: 45 by 45 by 3 arrays of RGB
I 16 different viewpoints
I outut: 37 answer probabilities
I four convolutional layers
I 42 million trainable parameters

training
I Data augmentation, parameter

sharing & dropout
I manual parameter search: more than

100 architectures were evaluated
I Model averaging
I 67 hours (accuracy of 98%)

Dieleman, Sander, Kyle W. Willett, and Joni Dambre. "Rotation-invariant convolutional neural networks for galaxy
morphology prediction." Monthly notices of the royal astronomical society 450.2 (2015): 1441-1459.
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A book to begin with machine learning in astronomy

Ivezic, Zeljko, et al. Statistics, Data Mining, and Machine Learning in
Astronomy: A Practical Python Guide for the Analysis of Survey
Data. Princeton University Press, 2014.

astroml.org

astroml.org


astroML: code to begin with machine learning in astronomy
Python module for machine learning and data mining built on numpy,
scipy, scikit-learn, and matplotlib

astoML: github.com/astroML/astroML
ogrisel.github.io/scikit-learn.org/sklearn-tutorial/tutorial/astronomy

github.com/astroML/astroML
ogrisel.github.io/scikit-learn.org/sklearn-tutorial/tutorial/astronomy


AstroNN: code to begin with deep learning in astronomy
Python module for deep learning built on Keras (and scikit-learn)

github.com/henrysky/astroNN
github.com/henrysky/astroNN/blob/master/demo_tutorial/galaxy10/Galaxy10_Tutorial.ipynb

github.com/henrysky/astroNN
github.com/henrysky/astroNN/blob/master/demo_tutorial/galaxy10/Galaxy10_Tutorial.ipynb


Neural Network for Identifying Exoplanets



Brut force training

Data
I 3600 planet candidates
I 9596 astrophysical false positive
I 2541 nontransiting phenomenon

model
I inputs: both global and local input
I convolutional deep network

training
I Google vizier for hyper parameters tuning
I 100 CPUs in parallel

prediction: 10 copies model averaging

Golovin, Daniel, et al. "Google vizier: A service for black-box optimization." Proceedings of the 23rd ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining. ACM, 2017 github.com/tobegit3hub/advisor

github.com/tobegit3hub/advisor


Astronet: Neural Network for Identifying Exoplanets
github.com/tensorflow/models/tree/master/research/astronet

github.com/tensorflow/models/tree/master/research/astronet


Conclusion

Deep learning
I pas seulement: XGboost, SVM. . .
I représentation: t-SNE

Beaucoup de données

Introduction d’a priori

Attention à la méthodologie (pour bien généraliser)

Python
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