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Quftline

Motivation
What are deep neural networks?
What can one do with auto-grad?

Using deep neural networks for strong
lensing image analysis



Strong gravitational lensing

* Light from distant
galaxies is
deflected by DM
halos long the line
of sight
Leads to multiple

images, arcs, near- > distortad iight-rays
perfect Einstein — \
rings S —

Careful analysis of
lensed images
reveals
information about
DM halos

Earth




Strong lensing basics

Basic geometry
Thin lense approximation

/ / I5] Observer
: Dvs |

Displacement field
from Poisson kernel convolution

a:4GDOLDLS/E(9/) 60— 0 d29!

62 DOS

Lensed image
(surface brightness conserved)

Ilens(g) — Isrc(g — a(g))



Problem sefup

Lens

Displacement
field

Source

N/

Ilens(e) — Isrc (9 — a(@))

/

Lensed image
With multiply lensed regions

Challenge: Reconstruct both lens and
source from a single image

Lenstronomy, Birrer & Amara 2018

Codes:
Autolens, Nightingale 2017




Probe for DM temperafure & mass
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The cut-off in the mass function is directly related to the model for dark matter.

Slide credit: John McKean (ASTRON) 2018



A.l. technology



A.l. technology

LHC event reconstruction
|I Y u;ai-_ﬁi: A

/ //

W

Super-fast  Deep
& approximate Learning

Computer Science Fast & exact
automatic differentiation
probabilistic programming

high-dimensional optimization \

Unrealized potential


http://arxiv.org/abs/1810.00592
https://arxiv.org/abs/1806.11484

Deep neural networks

Deep neural networks are extremely flexible function approximators
Input: & fo(Z) =Y Output : ¢
¢ : Internal network parameters/weights

Typical feed-forward network with Layer connection: Stacking
multiple hidden layers affine and activation function
Input Hidden Hidden Output activation
layer layer 1 layer 2 layer x] Mﬁ function
)\
) 'h?/ xz—» @—»actzvatzon X
_
@”i /
2 N 5
: é g” 5
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Y & function
ni (@)
) c@“D ReLU : max(0, )
'h“h -
s > Network weights Lo
& B _ ¢ = w,b
I\_él and biases

Works theoretically because of “Universal approximation theorem”



Cxample: Image classi

Convolution

fication network

Neural Network

Convolution Pooling Convolution Pooling Fully Fully

Connected Connected

Input Image Feature maps Pooled
Feature Maps

|
AlLabPage Data Source - Open Internet various sources

Feature maps Pooled
Feature Maps

Image Source - https://vinodsblog.com via @vinod1975 9

Convolutional layer

Source pixel
((1x3)+(0x0)+(1x1)+
(-2x2)+(0x6)+(2x2)+
((1x2)+(0x4)+(1x1) =-3
///
/////
/////
/////
/////
// //
Convolution filter == |1
L —1
(Sobel Gx) —1 |+
Destination pixel —1 ]
// //
//
=

Pooling layer

Single depth slice

W11 ]2) 4
max pool with 2x2 filters
aaleoE 7 | 8 and stride 2
3 | 2
1 | 2 R
” >

Image credit: https://towardsdatascience.com/applied-deep-learning-part-4-convolutional-neural-networks-584bc134cle2, http://cs231n.github.io/convolutional-networks/

Dog (0.1)
Cat(0.4)
Deer(0.94)
Lion(0.2)
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https://towardsdatascience.com/applied-deep-learning-part-4-convolutional-neural-networks-584bc134c1e2
http://cs231n.github.io/convolutional-networks/

Ex 1: Parameter inference with CNNs

Gravitational lensing data (HST)
- S
i
- Reconstructed parameters
a b
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My £ 150 18 0
-" -5
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-1

0.5 (I 0z 1

* Amazing speed up: 1day = 0.01s
* Somewhat less accurate

* Challenge: Subhalos will show up as 0(1%) perturbations of best-
fit model, unclear if models can be trained for that as well?

Hezaveh, Y. D., Levasseur, L. P. & Marshall, P. J. Fast Automated
Analysis of Strong Gravitational Lenses with Convolutional
Neural Networks, Nature 2077/.
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Training with gradient decent

1. Define loss function

2. back-propagation < Stop
(here square error / chi-square) a1 when it
. oy grad = 055 works
loss = Z (fo(Zs) — i) 0P well on
batch separate
test data
3. parameter update —
® — ¢ — LR - grad
Too low Just right Too high
}(9} || | }(9) || fll 1(9) r\ 'IIIIIII
\ f’;‘ '\ ;I-' '1\\ /?
\\ / \ / N /
\ \ 'y
o X e
2] ) 7]

A small learning rate
requires many updates
before reaching the
minimum point

The optimal learning
rate swiftly reaches th
minimum point

e

Too large of a learning rate
causes drastic updates
which lead to divergent
behaviors
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Many recent auto-grad fools

Automatic

differentiation
£(x) {...}; A df(x) {...};
human .
programmer !
— f X ———————————————————————— > / e f/ X
/ ( ) symbolic differentiation Y ( )
(human/computer)
Forward-mode 0 )
hi = —f; . ion: ¢i = r
Differentiation: L= 5 fi(x) Back-propagation: i ﬁxif(x)

https://medium.freecodecamp.org/demystifying-gradient-descent-and-backpropagation-via-logistic-regression-based-
image-classification-9b5526c2ed46
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What else to

Source: Deep ldeas

do with auto-grad?
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1) Hamiltonian Monte Carlo

Typical goal of Bayesian inference is to evaluate expectation values of the form

E.[f] = / dg(q) f(q) Betancourt, M. A Conceptual Introduction to
s 5 Hamiltonian Monte Carlo (1701.02434).

The course of dimensionality

Typical
Set

m(q) dq

|q - qModeI

The integral is dominated by points in the
“typical set”, which is not conincident with
the mode if dimensionality is large
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1) Hamiltonian Monte Carlo

Goal is to explore the “typical set”, Knowing the direction of the
using Monte Carlo techniques. typical set would greatly help.

=]

©o

However, simply following the gradient
would just lead to the mode ;

V(g) = —Inn(q) ]
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1) Hamiltonian Monte Carlo

|ldea: Introduce momentum, p, such that MC is kept in the “orbit” of highest

density mass (in the ‘typical set’).

Betancourt, M. A Conceptual Introduction to

Hamiltonian Monte Carlo (1701.02434).

New target function

7(q,p) = e H@P)

H(q,p) = —logm(p| q) —logm(q)
= K(p,q) + V(q).

Sampling
* Pick initial point
—> ¢ follow Hamiltonian dynamics
dg OH 0K

dt  Op dp
dp  OH 0K 0V
dt  0q  Oq dq

_  * resample momentum from canonical
distribution, preserve position
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2) Variational Inference
Kullback-Leibler divergence:

KL Ip(ela)) = [ dzqz)n 220 = Elloga(2)] —E[logp(z|x))

Fit parameteric model for posterior, q(z), to true posterior p(z|x).
Sampling problem — Optimization problem

q"(z) = argminKL(q(z)|[p(z|x))

q(z)eL

Densitl Samiles

Blei, D. M., Kucukelbir, A. & McAuliffe, J. D. Variational Inference: A Review for Statisticians (1601.00670).

Target

Video credit: Jesse
Bettencourt
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3) Auto-grad through Euler fluid equations

Optimization goal
Find initial velocity field that does this

]

] — >
flow

—

https://github.com/HIPS/autograd
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Back fo strong lensing

20



Ex 2. Guiding source fit with RIM

Recurrent inference machines for source modeling
Morningstar+ 2019. https://arxiv.org/abs/1901.01359

Guide source fit, integrating
both gradient and galaxy prior
information.

S
dL
% Jo

Observed Image

Predicted Source True Source




Ex 3: Likelihood free inference for subhalos

Likelihood free inference for modeling lenses with substructure
Brehmer+ 2019, https://arxiv.org/abs/1909.02005

Use CNN to estimate 5 i e p(af:‘ﬁg)
likelihood ratio* T(m‘ 05 l) = p($‘91)

3.0
\ g
\ 20
2.6 =

2.4

: . 25
0.6 - 3 o -
I = 15 .2
-0.8 - . ' =
* * v] ?‘
©.-1.0 - =
4 w0
=]
1.2 - B
] 1 ﬂ
1.4 j | |

N | 0

0.00 0.05 0.10 0.15 0.00 0.05 0.10 0.15 0.00 0.05 0.10 0.15 0.00 0.05 0.10 0.15
_f.‘-illh _ﬁ;llh fsuh fsuh

*what is learned is a binary classifier, whose results are then

recalibrated to yield a likelihood ratio Cranmer+ 1506.02169
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Differentiable probabilistic programming

elens — a(g‘elens)

Lens Model Source Model
GI)src — z:src (Qlesrc)

Lensed image
Ipred (9|®].QHS} esrc)

Philosophy

* Write traditional lensing pipelines, with
back-propagation I
Likelihood

Iobs‘elens; G)src)

]
]
I Prediction
]
]
]

* Replace individual components by [p(
deep/physical generative models

* Use gradient based optimization methods

Observation

* Use propabilistic programming for posterior
estimates

1909.xxxxx: Marco Chianese, Adam Coogan, Paul
Hofma, Sydney Otten, CW
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Variational Aufo-Encoder as source mode|

~64 parameters )

L~ 64x64 pixels 64x64 pixels -

in latent space
KL(z,N(0,1))

U
— = +
encoder e=gxoT i decoder
£
X x'=D(z)
Components Training by ELBO maximization
* Generative model
ELBO(q) = E[log p(x|z)] — kL (q(2)l|p(2))
p(x,2) = plx]2)p(2) P Nl
Marginal Difference w.r.t. prior

* |nference model

log-likelihood
q(z|x)

log p(x) > ELBO
Kingrna, D. P. & Welling, M. Auto-Encoding gp(x) = ()

Variational Bayes. arXiv [stat.ML] (2013).
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Iraining data sef
e Dataset: ~56,000 galaxies, redshifts ~ 1

This talk: train on ~10,000
images with S/N = 15 - 50

S/N<10 S/N ~ 20 S/N > 100

* Encoder, decoder: deep convolutional neural networks

128
T—

Eg, decoder: m

Froject and reshape Stride 2

N

CONVY 4

http://great3.jb.man.ac.uk/ Radford et al 2015 (DCGAN)

Slide credit: Adam Coogan
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Observation

Source galaxy reconsfruction w/o lensing

Galaxy image — (Encoder) — Latent space — (Decoder) = Reconstruction

Generative model (or “decoder”) seems to be expressive enough to
model real galaxies (though somewhat blured).

Can we use this in a “traditional” fit to lensed images?
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Source galaxy reconstruction with lensing

.
£ .
L1l

S/N ~5

S/N =10

S/N = 30

Residuals

Mock data
Best-fit source

T

Test system 1 Fit with 8 lens parameters
and 64 source paramters

Original source

27



Source galaxy reconstruction with lensing

.

.

O
T

S/N ~ 10 S/N ~5

S/N = 30

Best-fit source

Mock data T Residuals

o Original source
Test system 2 Fit with 8 lens parameters

and 64 source paramters

28



100 A

1.6 1

0.6 1

0440 %

Parameter reconstruction with HMC

We use Hamiltonian Monte Carlo to sample the ~75 dimensional posterior.

; System 1
1
1.85 1.90 1.95
150 A T
1
100
' 50 1
T E . T O =
1.85 1.90 1.95 1.6 1.8
: 0.6 -
T
L as
044
2

1.85 1.90 1.95

TEin

1.6 1.8
o

100 ~

50 A

BN S/N=5
S/N = 10
BN S/N =30

0.25

0.50
@

100 A

50 1

2.2 4

.

2.0

—0.21
=04

—0.6

1.850 1.875

214

L]
1
1
: 1
;i i
.
7

------------

1.850 1.875

1.850 1.875

T'Ein

100 1

50 A

System 2
mEm S/N=5
S/N =10
B S/N =30
2.0 22

—0.50 —0.25
%y 0]

2.0 2.2

* Works excellent, but results are slightly biased for how S/N images
* Likely due to limited expressiveness of source model

* Estimating effect on subhalo searches is work in progress
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summary

* Deep neural networks are power flexible function
approximators with many applications.

* Gradient decent is one of the key components of training
neural networks. They are useful for high-dimensional
optimization, sampling and variational inference.

* First steps towards gradient-based lensing pipeline that
integrates deep generative models look very promising.

* A.l. technology provides tons of opportunites for
improving physics and data analysis, still largely
unchartered territory

Thank you
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Backup slides
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Rorarion fest

90.0°

Observation
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1000 sine curves

0.8

A simple example for the latent space

Training

074 N

0.6

0.5 4

044 /

0.3 |

02 XgZ>

/75@ /V/V

q(z|x) P z

5 10 15

f(t) = Asin(x + ¢)

15
10

05 4

2'2 0.0 1

-1.0 4

=1.5 1

20 5 0

NPT 2 3, W N
‘.-A-j-:!:ﬁﬂ‘aﬁu.-;:}? :
il E';*S?t.,
.gf_a'f Learned latent ’3-}'1:;‘
-l“f;. space 2
-.':,"'g', representation g

4 %c v
""-:H:l?:\:“lﬂﬂr ﬁ"t‘?*'.

PR R P

-15 -10 -05 00 05 10 15

21

0efs
p(x|z)

0.8 1

0.6 1

04

0.2 1

0.0 T

Reconstruction
Works reasonbly well

Learned latent space
* Periodic variable (phase)

* Bounded variable (amplitudeO
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