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The Big Data era in Astronomy

Sky Survey Project

Sloan Digital Sky Survey (SDSS) 50TB 200 GB perday Images,
redshifts
Large Synoptic Survey Telescope  ~ 200 PB 30 TB per day Images,
(LSST) catalogs
Square Kilometer Array (SKA ) ~ 4.6 EB 150 TB per day  Images,
redshifts

Garofalo, Mauro, Alessio Botta, and Giorgio Ventre. "Astrophysics and Big Data: Challenges, Methods, and Tools."
Proceedings of the International Astronomical Union 12.5325 (2016)
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Brief history of DL

Convolution Neural Networks for  Google Brain Project on

Handwritten Recognition 16k Cores
1958 Perceptron 1974 Backpropagation 1998 a ‘ | 2012
awkward silence (Al Winter) I
1969 1995 2095 2012
Perceptron criticized SVMreigns  Restricted  AlexNet wins
y , Boltzmann ImageNet
Machine

IMAGENET
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Why Today?

Lots of Data

Why deep learning B = e e e oo o
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ResNet-18
Amount of data - ResNet-34

34-layer

_ . . 0 10 20 30 40 50
How do data science techniques scale with amount of data? iter. (led)
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Why Today?

Lots of Data

Deeper Learning

Revolution of Depth ILSVRC top-5 error on ImageNet

152 layers 30
A

225

22 Iavers 19Iayers | I I 15

3.57
8 layers 8 layers shallm
M l - | i°

ILSVRC'1S  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet GoogleNet VGG AlexNet

2010 2011 2012 2013 2014 Human  Arxiv 2015

ImageNet Classification top-5 error (%)
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Why Today?

Lots of Data

50X BOOST IN DEEP LEARNING
IN 3 YEARS

Deep Learning o
M40 + cuDNN4
50

3 M40 + cuDNN3
More Power E

2 3

&

&

3 K40 + cuDNNi

1132013 9!3014 712015 1272015
AlexNet training on 20 iterations,

throughput based
CPUE 1 esms 12 Core 2.5GMz. 178GE System Memory, Ubuntu r4.04

Cloud

Computing EE8 = https://blogs.nvidia.com/blog/2016/01/12/accelerating-
: ai-artificial-intelligence-gpus/
https://www.slothparadise.com/what-is-cloud-

computing/
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Apps: Gaming

Kaissa
1974: first world
computer chess

champion

Dartmouth

Conference
1956: the birth of Al

Mac Hack

1967: chess Al beats
person in tournament

Zobrist's Al

1968: First Go Al,
beats human amateur

Checkers Al
Wins

1962: Samuel's

program wins game
against person

1989: convolutional
nets first
demonstrated

1956: IBM Cheljkers Al
first demongjrated

Bernstein's
Chess Al

1958: first fully
functional chess Al

developed

Backprop
1986: multi-layer
neural net approach
widely known

History of Game Al
By: Andrey Kurenkov

TD-

Gammon
1992: RL and neural
net based back-
gammon Al shown

MCTS Go

2006: French
researchers advance
Go Al with MCTS

Monte
Carlo Go

1993: first research
on Go with stochastic
search

Crazy

Stone
2008: MCTS Go Al
beats 4 dan player

Zen19

2012: MCTS based Go
Al reaches 5-dan rank

NeuroGo

1996: ConvNet with
RL for Go, 13 kyu
(amateur)

DeepMind
2014: Google buys
deep-RL Al company
for $400Mil

AlphaGo

2016: Deep
Learning+MCST Go Al
beats top human

1994: checkers Al
draws with world
champion

1997: IBM chess Al
beats world champion
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Machine learning is everywhere

vt

LEFT REARWARD UEHICLE CAMERA

MEDIUM RANGE VEHICLE CAMERA

What can | help
you with?
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Deep Learning

Inspiration from brain
» 86Billion neurons

» 10%4-10% synapses

impulses carried
toward cell body
branches
of axon

axon
terminals

impulses carried
away from cell body

Brain neurons (billions)

et

Ilar moset
Fhesus mankey
Gorilla
Chimpanzee

Human

Gources: Suzana Herculano-Houzel, Marino, L. Brain Behay Evol 199851:230-238

Cerebral cortex neurons [billions)

Elephant

Ilar moset

Fhesus mankey

Gorilla

Chimpanzee

Human

Gources: Suzana Herculano-Houzel, Marino, L. Brain Behay Evol 199851:230-238
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Key components of ANN

» Architecture (input/hidden/output layers)




Key components of ANN

» Architecture (input/hidden/output layers)

» Weights
L Wy
@ synapse
axon from a neuron ™\
. WoZg
dendlite\‘\
|
cell body f(Zw.-:c.— +b)
LES] Z +b i
w; X;
: e f output axo;
activation
function

Wy 9
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Key components of ANN

» Architecture (input/hidden/output layers)

» Weights

» Activations

O O] m/
(] —/ (] (]

LINEAR LOGISTIC / RECTIFIED
SIGMOIDAL / TANH LINEAR (RelLU)
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Perceptron: an early attempt

Activation function

f(x)za(w-a;_|_b) 0(y):<1’ y >0

0, o/w

\

Need to tune W and b

x1 wl

w2

o i




Multilayer perceptron

> :
A neuron is of the form
. ]
\r/\\ée Jrl::Snt Iaadgfld a / o(w.x + b) where o is
u yer: Lan activation function

We just introduced
non-linearity! 14
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A mostly complete chart of

0w NEUral Networks ..........

=) Input Cell ©2016 Fjodor van Veen - asimovinstitute.org
= /A
é R RIpE e Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF) O,
@ Hidden Cell & & )
© rrobablistic Hidden Cell 8 g X
@ spiking Hidden Cell ’
Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM) Gated Recurrent Unit (GRU)
‘ Output Cell A‘ A_ -6 -
TENTING TENTN T
X)) 00 N 00 N
. Match Input Output Cell N BN N K N NI,
PRERE PREEZ REZR
\‘l . (1) ‘ (1) ‘ dn ‘ (1) ‘ (1) .

. Recurrent Cell

@ wemory cet Auto Encoder (AE)  Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)

-

. Different Memory Cell

. Kernel

L7

Q: Convolution or Pool

Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM) Restricted BM (RBM) Deep Belief Network (DBN)

7 R )R R R/
By O 00y O 80y B

¥,
AR

Sasen Cain (@spectralradius)
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Training & Testing

Training: determine weights
o Supervised: labeled training examples
> Unsupervised: no labels available
> Reinforcement: examples associated with rewards

Testing (Inference): apply weights to new examples

ST | LeNet 5
answer: 0
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DNN

ining
Get batch of data

Tra
1.
2.

> estimate loss

Forward through the network

Backpropagate error

3.

4. Update weights based on gradient
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Backpropagation

Chain Rule in Gradient Descent: Invented in 1969 by Bryson

and Ho

: 1 2
Defining a loss/cost function  J(z,y;0) = By Z(?J — f(z;0))
Assume a function
flz;0) =wlz4+b , 0={w,b}
and associated predictions § = f(x;0) —
Examples of Loss function ‘ s =

3.5¢

*Hinge J(9,y) = max{0,1 — gy} ]
*Exponential J(g,y) = exp(—7yy) .l

0.5r

"Logistic J(g,y) = log2(1 + exp(—7y)) ..
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Gradient Descent

»Minimize function ] w.r.t. parameters 0

DEREE 0" =0 —nxVJ(y,z;0) m

= Gradient

0J(x) 0J(x) 8J(a:))
Oory = Oxo =~ Oz,

VJ(x)=(

= Stochastic Gradient Descend

N
0" =0 — nZVJ(yi,a:i;Q)

1=1
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Backpropagation




Backpropagation

~g(x)
. — H s » — 2=f(y)=f(g(x)

Chain rule:




https://google-developers.appspot.com/machine-
learning/crash-course/backprop-scroll/
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Optimization algorithms

Optimization algorithm

Core idea

Pros

Cons

SGD [140]

Computes the gradient of
mini-batches iteratively and
updates the parameters

¢ Easy to implement

e Setting a global leamning rate required
o Algorithm may get stuck on saddle
points or local minima

e Slow in terms of convergence

o Unstable

Nesterov's momentum [125]

Introduces momentum to
maintain the last gradient
direction for the next

update

e Stable
o Faster learning
e Can escape local minima

e Setting a learning rate needed

Applies different learning

e Leamning rate tailored to each

o Still requires setting a global
learning rate

Adagrad [126] rates to different parameter o Gradients sensitive to the regularizer
parameters e Handle sparse gradients well e Leaming rate becomes very slow in
the late stages
Improves Adagrad, by e Does not rely on a global learning rate| o t stuck in a local minima at
Adadelta [141] applying n'self-adapuve o Faster speed of convergence 1 atmiem .
leaming rate o Fewer hyper-parameters to adjust
e Learning rate tailored to each
Employs root mean square | parameter ] ) )
RMSprop [140] as a constraint of the e Leamning rate do not decrease e Still requires a global learning rate
learning rate dramatically at late training e Not good at handling sparse gradients
o Works well in RNN training
e Leamning rate stailored to each
Employs a momentum parameter
Adam [127] mechanism to store an ¢ Good at handling sparse gradients and | o It may tumn unstable during training

exponentially decaying
average of past gradients

non-stationary problems
o Memory-efficient
o Fast convergence
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Visualization

i1 i
||||

o e
Y —se0 |
| — MomentumE
w NAG g
- Adagrad
-~ Adadelta
Rmsprop




Training Characteristics

& Over-fitting

Training steps

Under-fitting




Supervisea
Learning




Supervised Learning

== Spiral

Data Model

Labels Prediction
Exploiting prior knowledge B
» Expert users

&= [liptical

» Crowdsourcing

» Other instruments
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State-of-the-art (before Deep Learning)

Support Vector Machines
= Binary classification

Y ;,./margin
\.\ Y
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State-of-the-art (before Deep Learning)

Support Vector Machines
= Binary classification
= Kernels <-> non-linearities

s Data projected to R~2 (hyperplane projection shown) Data in R~ 3 (separable w/ hyperplane)
1.0 y * . ]
L 3 ¥
ced e It 14
e % ° o #T 2 .
- ° ° ° °
os - 1.2 .: " #e e
- . Ses ®° & o % ,;
. 1.0 7 ‘." 2 0 Se %
L . ofo® ‘,' °§Q, ° o o
_ . N 0-:«» ° '
E . 5 08 . o | o 0
5 oo} e g e © ;. g
L]
X3 0.6 1
-05 : 0.4
- A 2 - =
0.2 7 4 ’l:‘ “.‘A‘
1.0
0.5
0.0 _ 0.5 1.0
Ylaby ~*5-10 Lo -05 00
_15 . . . . . X Label
215 10 ~05 0.0 05 10 15

X Label
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State-of-the-art (before Deep Learning)

Support Vector Machines
= Binary classification
= Kernels <-> non-linearities

Random Forests
= Multi-class classification

Random Forest Simplified

Outlook

/‘\ Instance
) Random Forest
/S unny Overcast Ram\
Humidity y|e s Wind 15 E' . } E g E

= Tree-2 Tree-n
High Norm\mf St;mg Wea{ Tree
No Yes No Yes Class-A Clalss-B Qlass-B

Majority-Voting } |

[Final-Class |
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State-of-the-art (before Deep Learning)

Support Vector Machines
= Binary classification
= Kernels <-> non-linearities

Random Forests
= Multi-class classification

Markov Chains/Fields
= Temporal data
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State-of-the-art (since 2015)

Deep Learning (DL)

» Convolutional Neural Networks (CNN) <-> Images

» Recurrent Neural Networks (RNN) <-> Audio
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Convolutional Neural Networks

Inpu layer {51) 4 feature maps

I 1 (Cl) 4 feature maps (52) 6 feature maps  (C2) 6 feature maps

| convolution layer | sub-sampling layer | convolution layer sub-sampling layer | fully connected I""1LF|
| I ) | )
! | I
(Convolution + Subsampling) +() ... + Fully Connected
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Convolution operator

Convolved
Feature

Image
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Convolutional Layers

28x28xK activation map

32x32x1 Image

5x5x1 filter W /
—

channels i filters
ki1—1ko—1

(IxK);; = >: >: I(:—m,j5 —n)K(m,n)

m=0 n=0
ki1—1ko—1

= >: >: I(i4+m,j5+n)K(—m,—n)

m=0 n=0

Ry

height
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Convolutional Layers

Characteristics
» Hierarchical features

» Location invariance

Parameters

» Number of filters (32,64...)
» Filter size (3x3, 5x5)

» Stride (1)

» Padding (2,4)

“Machine Learning and Al for Brain Simulations” —
Andrew Ng Talk, UCLA, 2012
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Activation Layer

Introduction of non-linearity
o Brain: thresholding -> spike trains

Identity (Linear)

Tanh (Hypertangent)

wdentity(x) = x

tanh(x) =

e —e

et +e T
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Sigmoid

Gaussian

1
l+e*

sigmoid(x) =

gaussian(x) = e

39



Violtage (mV)

Ey
(=]

=

o
S o

Activation Layer

ReLU: x=max(0,x)
v Simplifies backprop
v" Makes learning faster
v" Avoids saturation issues
v' ~ non-negativity constraint

(Note: The brain)

relulx)
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Subsampling (pooling) Layers

max pooling
20|30

112| 37
12120 30| O
8 (1212 |0 /////;'f
34|70 ;T average pooling
1121100| 25| 12 13 8

79| 20

<->downsampling

» Scale invariance

Parameters
* Type
* Filter Size

* Stride
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Fully Connected Layers

Full connections to all activations in previous layer

Typically at the end

Can be replaced by conv

Features
Classes
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LeNet [1998]

[LeCun et al., 1998]

C3:f. maps 16@10x10
INPUT C1: feature maps S4: 1. maps 16@5x5

6@28x28
I r o

6@14x14

o me | l' |

| | Full conAection ’ Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection
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AlexNet [2012]

55 _
27
\ 13 13 13

N\
1 \ i -~ —
R s|\-| - =1~ N i Tl &
1 + = p 3 i
I e o o = 13 A - 13 & = 13 dense dense|

384 384 256 100C

N

N
S
w

55

S
(=)
O

4096

Numerical Data-driven

256 Max
Max Max pooling
4 Stride\| o | Pooling pooling /
4\ || of 4
3

cock
2|qe1 Suruurp

ship

(-]
]
(<}
o

2
z
]
=
o

Conv 1: Edge+Blob Conv 3: Texture Conv 5: Object Parts Fc8: Object Classes

Alex Krizhevsky, llya Sutskever and Geoff Hinton, ImageNet ILSVRC challenge in 2012
http://vision03.csail.mit.edu/cnn_art/data/single_layer.png
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http://www.image-net.org/challenges/LSVRC/2014/

VGGnet [2014]

i
\ !

| i
maxpool { maxpool |

maxpool maxpool

i maxpool

, . depth=256 depth=512 depth=512 size=l4096
depth=64 depth=128 3x3conv 3x3 conv 3x3 conv FC1
3x3 conv 3x3conv  conv3_1 conv4_1 conv5_1 FC2
convl 1 conv2_1 conv3_2 conv4_2 conv5_2 size=1000
convl 2  conv2_2 conv3_3  conv4_3 convs_3 softmax

conv3 4 conv4_4 conv5_4

K. Simonyan, A. Zisserman Very Deep Convolutional Networks for Large-Scale Image Recognition,
arXiv technical report, 2014

DEEP LEARNING IN ASTRONOMY - INTRODUCTION 45



VGGnet

D: VGG16

E: VGG19

All filters are 3x3

More layers

smaller filters

ConvNet Configuration
A A-LRN B c D E
11 weight | 11 weight | 13 weight | 16 weight|| 16 weight | 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB image)

conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128] | conv3-128 | conv3-128
conv3-128 | conv3-128] | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256]| conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256] | conv3-256 | conv3-256
convl-256] | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512]| conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512) | conv3-512 | conv3-512
convl-512) | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512) | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512] | conv3-512 | conv3-512
convl-512) | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max
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Inception (GooglLeNet, 2014)

Filter
concatenation

o e

1x1 convolutions

3x3 convolutions 5x5 convolutions 1x1 convolutions
A 4 K.
3x3 max pooling

1x1 convolutions 1x1 convolutions

Previous layer

Inception module with dimensionality reduction
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Residuals

weight layer
F(x) ,l, relu identity
weight layer X

Hx)=F(x)+x
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ResNet, 2015

Residual Networks

152 layers { A
I IR I (EE
b ol wgh gl ighigbighlglluligl
o * 18] (3] /8] (] 8] (] 3] |2
’i’:b".. : 4 ,ﬁ""-.'
~TTHD aln
\ 2
S Be e
I3 s i §
SEEEEEEEEgEgEn S EgE gy .. L) L ®

He, Kaiming, et al. "Deep residual learning for image recognition." IEEE CVPR. 2016.
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Dropout
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(a) Standard Neural Net

Present with
probability p
{a) At training time

(b) After applying dropout.

W
Always
present
(

b} At test time

Dlanaifcat an Brror %
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AN s0d000
Bhumiar of wa gt undate

Srivastava, Nitish, et al. "Dropout: a simple way to prevent neural networks from overfitting." Journal of
machine learning research15.1 (2014): 1929-1958.
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Batch Normalization

Input: Values of = over a mini-batch: B = {x1._,. }
Parameters to be learned: -, /3
Output: {y; = BN, 5(z;)}
1 Tr
— — i // mini-batch mean
B oy ;w
1 Tr
— — i — // mini-batch variance
5 m ;(3‘ 1B) I v
T; Li— B // normalize
«./{IBE + €
yi + vx; + f = BN, g(x;) // scale and shift
1
0.9} ¢
1
] 0 0
0811 M “\Without BN
' | ——withBN M|
070K 20K 30K 40K 50K 2 2

(a) (b) Without BN (c) With BN
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http://arxiv.org/pdf/1502.03167v3.pdf

Transfer Learning

Layer L




Transfer Learning

X

NNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN

O - Q_“ea”“y
| }{@V{ %C Malignancy
| | ®

Layer L



Layer Transfer - Image

5: Transfer + finle-tuning inl'nproves ger"leralizaticﬁ

0.64¢

3: Fine-tuning recovers co-adapted interactions
0.62r 2: Performance drops

A due to fragile
fine-tune the co-adaptation
whole network

4: Performance

drops due to
representation
specificity

. Source: 500 classes

o
U
oo

Top-1 accuracy (higher is better)
o=
o
=

from ImageNet Only train the
os6- Target: another 500 rest layers
classes from ImageNet
054 1 2 3 7 5 6 a

Layer n at which network is chopped and retrained
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Deep Learning
Applications in Astronomy

Gregory Tsagkatakis
CSD — UOC & ICS — FORTH

http://users.ics.forth.gr/~greg/
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DL for galaxy morphology

Recovery of galaxy parameters for HST images

Simulation of 31K galaxies (24K training), H band PSF,
CANDELS survey noise

H

Tuccillo, D., Etienne Decenciere, and Santiago Velasco-Forero. "Deep learning for studies of galaxy
morphology." Proceedings of the International Astronomical Union 12.5325 (2016): 191-196.

e e o e S
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DL for of galaxy morphology (con’t)
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CNN: Star-galaxy Classification

type filters filter size  padding non-linearity  initial weights initial biases
convolutional 32 5X5 - leaky ReLU orthogonal 0.1
convolutional 32 3x3 | leaky ReLU orthogonal 0.1
pooling - 2x2 - - - -
convolutional 64 3x3 1 leaky ReLLU orthogonal 0.1
convolutional 64 3x3 1 leaky ReLU orthogonal 0.1
convolutional 64 3x3 1 leaky ReLLU orthogonal 0.1
pooling - 2x2 - - - -
convolutional 128 3x3 1 leaky ReLU orthogonal 0.1
convolutional 128 3x3 1 leaky ReLU orthogonal 0.1
convolutional 128 3x3 1 leaky ReLU orthogonal 0.1
pooling - 2x2 - - - -
fully-connected 2048 - - leaky ReLLU orthogonal 0.01
fully-connected 2048 - - leaky ReLU orthogonal 0.01
fully-connected 2 - - softmax orthogonal 0.01

Kim, Edward J., and Robert J. Brunner. "Star-galaxy classification using deep convolutional neural
networks." Monthly Notices of the Royal Astronomical Society (2016): stw2672.
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Gravitational Lensing

galaxy cluster

distorted light-rays

Gravitational Lens in Abéll 2218 HST - WFPC2
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CNN for lensing

» CNNs in Kilo Degree Survey

21789 colour-magnitude selected Luminous Red Galaxies, of
which 3 are known lenses, the CNN retrieves 761 strong-lens

candidates and correctly classifies 2/3 of known lenses.

Feature Featuire Futuru Feature Hidden Hidden
Inputs rmaps MAaRS rraps units units Outputs
Ligpe0=E&0 32&3(1:34} 6415215 12!@151:15 12!&15:15 1024 1024 1
o
Cormealution Convalution Fully
a7 kernel 3x3 kermnel Convalution Convaelution Flatten Fully connected
Max-poaling Max-paaling Ix3 kernel  3x3 kernel connectbed Max-poaling

Petrillo, C. E., C. Tortora, S. Chatterjee, G. Vernardos, et al. "Finding strong gravitational lenses in the Kilo Degree
Survey with convolutional neural networks." Monthly Notices of the Royal Astronomical Society 472, no. 1 (2017)
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Deeplens

» Training ——
20,000 LSST-like observations
» Testing

for a rejection rate of non-lenses of 99%, a
completeness of 90% can be achieved for
lenses with Einstein radii larger than 1.400

and S/N larger than 20 on individual g-band
LSST exposures.

Dutput. [Bax(N/2)x(N /2]

Lanusse, Francois, et al. "CMU DeeplLens: Deep Learning For Automatic Image-based Galaxy-Galaxy
Strong Lens Finding." arXiv preprint arXiv:1703.02642 (2017).

DEEP LEARNING IN ASTRONOMY - APPLICATIONS




Detecting strong lensing

» Strong galaxy-galaxy lensing systems
» CA-FR-HA Telescope Legacy Survey (CFHTLS)
» Ensemble of trained DL networks

» Search of 1.4 million early type galaxies selected from the
survey catalog as potential deflectors,

» ldentified 2,465 candidates (117 previously known lens
candidates, 29 confirmed lenses, 266 novel probable or
potential lenses and 2097 false positives.

Jacobs, Colin, et al. "Finding strong lenses in CFHTLS using convolutional neural networks." Monthly
Notices of the Royal Astronomical Society 471.1 (2017)
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Fast Strong Gravitational Lenses analysis

» Typical ML approaches: single lens > few weeks &
experts

» Estimation of lensing parameters via CNN

 Singular Isothermal Ellipsoid density profile

* Parameters: Einstein radius, complex ellipticity, the coordinates of the lens
center

> Lens removal through ICA

| Sl R
\
|

et AL S
W SL28J220329+020518 SL28J020833-071414 W SL25J021737-051320
—~ :

Hezaveh, Yashar D., Laurence Perreault Levasseur, and Philip J. Marshall. "Fast automated analysis of
strong gravitational lenses with convolutional neural networks." Nature 548.7669 (2017)
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Exoplanet detection

Box Fitting Least Squares

The ideal algorithm should be 1ooa | e
»fast o] 3%
»robust to noise él-m
> capable of learning and abstractil *oam-
highly non-linear syi’ggms. o 0.9

f(z) > [Oa 1]

Pearson, Kyle A., Leon Palafox, and Caitlin A. Griffith. "Searching for exoplanets using artificial
intelligence." Monthly Notices of the Royal Astronomical Society 474.1 (2017): 478-491.
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Exoplanet detection

Training Data
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Exoplanet detection

Transit Detection with Feature Loss CNN Detection Accuracy given TESS Noise Statistics
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Pearson, Kyle A., Leon Palafox, and Caitlin A. Griffith. "Searching for exoplanets using artificial
intelligence." Monthly Notices of the Royal Astronomical Society 474.1 (2017): 478-491.
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Quasar micro-lensing light curves

—
gaussian

» Use CNN to model
qguasar microlensing
light curves and
extract the size and
temperature profile of
the accretion disc.

gaussian+hole
thermal

wavy

uniform

REin

I

REin

Rijs=0.1Rem 4

R Ein REin

G. Vernardos and G. Tsagkatakis "Quasar microlensing light curve analysis using deep machine learning",
Monthly Notices of the Royal Astronomical Society, Vol. 486 (2), pp. 1944-1952, June 2019,
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Other applications

» Classifying Radio Galaxies With Convolutional Neural Network!

» Deep-HITS: Rotation Invariant Convolutional Neural Network
For Transient Detection?

» Galaxy surface brightness profile3

» Gravitational wave detection?®

1. Aniyan AK, Thorat K. Classifying Radio Galaxies with the Convolutional Neural Network. The
Astrophysical Journal Supplement Series. 2017 Jun 13

2. Cabrera-Vives G, Reyes |, Forster F, Estévez PA, Maureira JC. Deep-HiTS: Rotation invariant
convolutional neural network for transient detection. The Astrophysical Journal. 2017 Feb 10

3. Tuccillo D, Huertas-Company M, Decenciéere E, Velasco-Forero S, Dominguez Sanchez H, Dimauro
P. Deep learning for galaxy surface brightness profile fitting. Monthly Notices of the Royal
Astronomical Society. 2017 Dec 11

4. George, Daniel, and E. A. Huerta. "Deep Learning for real-time gravitational wave detection and
parameter estimation: Results with Advanced LIGO data." Physics Letters B 778 (2018): 64-70.
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GANSs for deconvolution

4,550 SDSS images of nearby galaxies at 0:01 < z < 0:02

Data Prep. Training of GAN

Original Image Origireal Image

Decriminatar

Artificia
Degrading1

legraded Image

m [
ekt ]

Schawinski, Kevin, et al. "Generative Adversarial Networks recover features in astrophysical images of
galaxies beyond the deconvolution limit." arXiv preprint arXiv:1702.00403 (2017).
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TensorFlow

Deep learning library, open-sourced by Google

(11/2015)
TensorFlow provides primitives for
o defining functions on tensors TenSOI’F|OW

o automatically computing their derivatives

What is a tensor

What is a computational graph

Material from lecture by Bharath Ramsundar, March 2018, Stanford
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Introduction to Keras

Official high-level APl of TensorFlow
o Python
o 250K developers
> Developed by Francois Chollet

Same front-end <-> Different back-ends
o TensorFlow (Google)
o CNTK (Microsoft)
o MXNet (Apache)

o Theano (RIP) Keras API

Hardware
o GPU (Nvidia)
o CPU (Intel/AMD)
o TPU (Google)

Companies: AWS, Uber, Google, Nvidia... m CPU

TensorFlow / CNTK /MXNet/ Theano / ...

TPU
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Keras models

Installation
o Anaconda -> Tensorflow -> Keras

Build-in
> ConvlD, Conv2D, Conv3D...
o MaxPooling1D, MaxPooling2D, MaxPooling3D...

o Dense, Activation, RNN...

The Sequential Model
> Very simple
° Single-input, Single-output, sequential layer stacks

The functional API
° Mix & Match
o Multi-input, multi-output, arbitrary static graph topologies
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Sequential API

>> import keras

>> from keras import layers

>> model = Sequential()

>> model.add(layers.Dense(24, activation='relu’, input_shape(10,)))
>> model.add(layers.Dense(20, activation="relu'))

>> model.add(layers.Dense(10, activation=‘softmax'))

>> model.fit(x_train, y_train, epochs=5, batch_size=32)

DEEP LEARNING IN ASTRONOMY - APPLICATIONS 74



Functional API

>> import keras

>> from keras import layers

>> inputs = keras.Input(shape=(10,))

>> x = layers.Dense(20, activation='relu')(inputs)

>> X = layers.Dense(20, activation="relu')(x)

>> outputs = layers.Dense(10, activation="'softmax')(x)
>> model = keras.Model(inputs, outputs)

>> model.fit(x_train, y_train, epochs=5, batch_size=32)
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Sequential

>>from keras.models import Sequential

>>model = Sequential()

>> from keras.layers import Dense

>> model.add(Dense(units=64, activation='relu’, input_dim=100))
>> model.add(Dense(units=10, activation='softmax’))

>> model.compile(loss='categorical _crossentropy’,
optimizer='sgd', metrics=['accuracy'])

>> model.fit(x_train, y_train, epochs=5, batch_size=32)

>> |loss_and_metrics = model.evaluate(x_test, y test,
batch_size=128)

>> classes = model.predict(x_test)
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Functional

>> from keras.layers import Input, Dense

>> from keras.models import Model

>> inputs = Input(shape=(784,))

>> x = Dense(64, activation='"relu’)(inputs)

>> x = Dense(64, activation="relu')(x)

>> predictions = Dense(10, activation='softmax')(x)

>> model = Model(inputs=inputs, outputs=predictions)

>> model.compile(optimizer=‘SGD',loss='categorical _crossentropy’,
metrics=['accuracy'])

>> model.fit(data, labels)
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Case study #1: Galaxy morphology

Euclid mission
» Mission: map the dark universe

»Planned launch in 2022

21 'O I T I 1 T T T
g Euclid Wide Space & Ground Complementary Observations
§ 21.5 Passbands and depths for photometric redshifts of the Euclid population
gg CFIS-u = 23.6 Depth (except u-band) based on the color of the the z~1 dominant population
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Case study

star

spiral galaxy

elliptical galaxy

Band y Band J Band H
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Kaggle kernels

https://www.kaggle.com/greg1982/astroschool-
morphology
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