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| the Large Synoptic Survey Telescope

LSST in a few numbers

- 1000 images each night, each one is 3.2 GB and 40 full moons
= 15 TB/night for 10 years

- Covers 18,000 square degrees (40% of the sky)
- Tens of billions of objects, each one observed ~ 1000 times
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| what does it look like ?
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| the challenge for modern surveys

— Modern surveys will provide large volumes of high quality data
A Blessing

- Unprecedented statistical power
- Great potential for new discoveries

A Curse

- Existing methods are reaching their limits (computational cost,
accuracy) at every step of the science analysis

- Control of systematic uncertainties becomes paramount

= Dire need for novel data analysis techniques to fully realize the
potential of modern surveys.



| Outline of this talk

1. Deep residual networks for the detection of gravitational lenses
2. Deep Generative Models for modeling galaxy morphologies
3. Graph convolutional networks for cosmological simulations

4. Conclusion



Deep residual networks for the
detection of gravitational lenses




| Galaxy-Galaxy Strong Lensing




| examples of strong lenses

- " »

ot mannease | wes moweagnir | oses aneaesany | st genecae

AR

LAk AR AR

s s | S s | SR v | Set 00

.
AR AR R R

. ~
265 i et0 | SRR 00003 | SO abeadensde | $0GR JiAeSEM | BORS A0RMA-0054 | S0 srsdmesat® | S0afaiiddeeadt | 465 mderddd | s suesesusd | 044 Sisda-siid

SR AR R IR R AE AR AR A

5065 watdecede | Ses naisodss | sowsawvssessts | soes oo eccoo | sons saosecoce | s wotecosd | soes noadeanso | soss soar-ouan | soes svspessn | soes sommess

-
e navsanans | sows gvezene | soes wdssancos

@@ &% 8 s e

soeis wocawsoois | o 50 A0

-~ 2 =

@ . e e
. 4 ~

EET A 00 | MRS ORe2EST | BT JrE1e Mt | BOGS BRI | WORE S 0Re0ade | ST OURTet0l | SO0 AGR0e 113 | BORE e atid | SONE 2naM-0000 | SO00T MG 0
e | ot | 7

Nl SR N R A

sos 03300000 | 505 a1a9senea | s0ss weoaeante | s0us scos-cose | soes wonr-oess

Soomlateesnze | Sa% s00esan | S sonaneans | soesoare-cars | sess

SLACS: The Slean Lens ACS Survey www.SLACS.org

A Boltan (Ih, Howad'i 1A}, L, Koopmans (Kepteyn), T. Trow (UCSE), R, Govorzi (4P Poris), L. Mowstokes (JPL/Coltech], S, Burles {MiT)



| example of application: gravitational time delays
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| time delays of HE0435-1223 (Bonvin et al. 2017)
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| time delays of HE0435-1223 (Bonvin et al. 2017)
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| time delays of HE0435-1223 (Bonvin et al. 2017)

o018 UH, UACDM UwCDM UoACDM

0.16| Ho:80.6731 Hy:80.0%54 Hy:80.91%7 Hy:80.0+43 : ;’1‘15101331

o1 Hy:69.8133 Hy:68.3%%9 Hy:68.6754 Hy:67.77%:§ | HE0435
74.3%84 Hy:73.17%7 Hy:74.3%54 Hy:72.51%% 1 TDsL

1719738 Hy:79.17%3 Hy:72.537




| the problem: finding strong lenses
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| the problem: finding strong lenses
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| automated lens searches: RingFinder (Gavazzi et al. 2014)
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| automated lens searches: RingFinder (Gavazzi et al. 2014)
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Visual inspection time required
~ 30 person-minutes / deg?




| extrapolation to future surveys
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| extrapolation to future surveys
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= LSST would require an estimated 10* man-hours.
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How can we robustly detect these rare objects
without needing an army of grad students ?



| Conventional Convolutional Neural Network
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| residual learning
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| residual learning

X
A 4
weight layer
F(x) Jrelu x
weight layer identity

Image credit: He et al. (2015)

- Learning the difference to the identity (He et al. 2015)
- Easier to initialize and to train in deep architectures (> 1000
layers)



CMU Deeplens: deep residual learning for strong lens finding
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- Deep residual network (46 layers)
with pre-activated bottleneck residual units

. outpnt size:
ResNet-32-64, /2 s
ResNet-32-64

sNet-64-128, /2 output size:
sl s 128x12x12
ResNet-64-128

B —
12 BB 256x6x6
ResNet-128-256
ResNet-128-256
L S
ResNet-256-512, /2 P
[ ]

ResNet-256-512

Lanusse et al. (2017)
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| CMU Deeplens: deep residual learning for strong lens finding

- Deep residual network (46 layers)

Eo with pre-activated bottleneck residual units
- Training on simulated LSST lenses:
SN=20 SN

TR /D output size:
ResNet-64-128, / 128x12x12

ResNet-64-128

esNet- 128-256, /2 output size:
= 0 256x6x6

ResNet-128-256
ResNet-128-256

ResNet-256-512, /2
ResNet-256-512
ResNet-256-512

output size :1

Lanusse et al. (2017)



| CMU Deeplens: deep residual learning for strong lens finding
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- Deep residual network (46 layers)

with pre-activated bottleneck residual units

- Training on simulated LSST lenses:

S/IN =5 S/N =15 S/N = 20 S/N = 35

- Classification of 45x45 images in 350 us

= 9 hours to classify a sample of 108 lens
candidates on a single GPU (Nvidia Titan X)
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| performance on simulations

Einstein radius > 1.43 arcsec
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| Euclid strong lens finding challenge
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| Euclid strong lens finding challenge

0.00 0.25 050 0.75 1.000.00 025 050 0.75 1.00
False Positive Rate

- CMU Deeplens wins over 24 other methods (including other
CNN methods) in space and ground challenge.

- Significantly outperforms human classification accuracy.

16



| takeaway message

- An example of Deep Learning allowing us to handle the volume
and data rate of future surveys
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| takeaway message

- An example of Deep Learning allowing us to handle the volume
and data rate of future surveys

- Our automated lens finder is faster and more reliable than
human volunteers.

- Larger and more robust samples for the science analysis.

- Other uses for automated classification methods in LSST:
photometric time series classification with recurrent neural
networks



Deep Generative Models for
modeling galaxy morphologies




| the weak lensing shape measurement problem

Galaxies

Propagation through the Universe

(blurred) )

. .

\ Propagation through the Earth's
tmosphere and telescope optics

Realisation on detector

(sheared) (blurred) (Pixellated)
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| the weak lensing shape measurement problem

[CI)

Propagation through the Earth's

(pixellated)

(blurred)

(pixellated)

Shape measurement biases

<e> = (1+m)y+c
- Can be calibrated on image simulations

- How complex do the simulations need to be ?



| image simulations for shear calibration in the HSC survey

Mandelbaum, Lanusse, Leauthaud, Armstrong, et al. (2017)
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- 1400 sq. deg. in the wide survey down to 26.4 mag in i-band
- Essentially a smaller area precursor of LSST
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| image simulations for shear calibration in the HSC survey

Mandelbaum, Lanusse, Leauthaud, Armstrong, et al. (2017)

L B S e hd. "

Lensing PSF Pixelation Noise

The GREAT3 approach

- Input galaxies from deep HST/ACS COSMOS images (25.2 imag)
- Apply a range of PSFs and noise levels sampled from the survey
- Measure response of shape measurement to a known shear
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| image simulations for shear calibration in the HSC survey

Mandelbaum, Lanusse, Leauthaud, Armstrong, et al. (2017)
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| image simulations for shear calibration in the HSC survey

Mandelbaum, Lanusse, Leauthaud, Armstrong, et al. (2017)
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| impact of galaxy morphology

Real galaxy Model
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| impact of galaxy morphology

ground constant
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| impact of galaxy morphology

ground constant
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The need for data-driven generative models
There can be two situations:

- Lack or inadequacy of physical model
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| impact of galaxy morphology

ground constant

Real galaxy Model
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Mandelbaum et al. (2014)
The need for data-driven generative models

There can be two situations:

- Lack or inadequacy of physical model
- Extremely computationally expensive simulations



Can we learn a model for the signal from the
data itself ?



| the evolution of deep generative models

- Deep Belief Network
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| the evolution of deep generative models

- Deep Belief Network
(Hinton et al. 2006)

- Variational AutoEncoder
(Kingma & Welling 2014)

Credit: Alec Radford
https://youtu.be/XNZIN7Jh3Sg
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| the evolution of deep generative models

- Deep Belief Network
(Hinton et al. 2006)

- Variational AutoEncoder
(Kingma & Welling 2014)

- Generative Adversarial
Network
(Goodfellow et al. 2014)

b Y i i e f."
Deep Convolutional GAN
2016)

(Radford et al.
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| the evolution of deep generative models

- Deep Belief Network
(Hinton et al. 2006)

- Variational AutoEncoder
(Kingma & Welling 2014)

- Generative Adversarial
Network
(Goodfellow et al. 2014)

- Wasserstein GAN
(Arjovsky et al. 2017)

Progressive growing of wGAN-GP
al. 2017)

(Karras et

21



| visual Turing test
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| visual Turing test
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Auto-Encoding Variational Bayes (Kingma & Welling 2014)

g

Generative model
Dataset of N i.i.d. samples {x;} generated from

X ~ P, (X12) Po. (2)

- zis a set of latent variables
- pg is some parametric distribution

- 0, are the true model parameters
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Auto-Encoding Variational Bayes (Kingma & Welling 2014)

Generative model
—0 Dataset of N i.i.d. samples {x;} generated from

‘_
X ~ Py, (X|2) pe.(2)
G{ - zis a set of latent variables
N

- pg is some parametric distribution

- 0, are the true model parameters

- In practice py(x|z) can be parameterized with neural networks,
eg.
po(x|2) = N(X| o (2), o5(2))
where ug and 05 are deep neural networks, with weights 6.
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Auto-Encoding Variational Bayes (Kingma & Welling 2014)

Generative model
—0 Dataset of N i.i.d. samples {x;} generated from

‘_
X~ Po. (X|2) Po.(2)
G{ - zis a set of latent variables
N - pg is some parametric distribution

- 0, are the true model parameters

- In practice py(x|z) can be parameterized with neural networks,

eg:
Po(x|7) = N'(x| 1o(2), 05(2))

where ug and 05 are deep neural networks, with weights 6.

- Training the model amounts to estimating the parameters 6
maximizing the marginal likelihood py(x) = | pe(z)pe(x|z)dz.
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Auto-Encoding Variational Bayes (Kingma & Welling 2014)

Generative model
—0 Dataset of N i.i.d. samples {x;} generated from

‘_
X ~ Py, (X|2) pe.(2)
G{ - zis a set of latent variables
N

- pg is some parametric distribution

- 0, are the true model parameters

- In practice py(x|z) can be parameterized with neural networks,
eg.
po(X12) = N (x| 1o(2), o5(2))
where ug and aé are deep neural networks, with weights 6.
- Training the model amounts to estimating the parameters 6

maximizing the marginal likelihood py(x) = | pe(z)pe(x|z)dz.
= Intractable and/or impractical in most situations
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| recognition model and variational lower bound

0 - Efficiently estimating po(x) = & k_, po(x|21)
requires sampling z, where pg(x|zx) % 0.

€O
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| recognition model and variational lower bound

0 - Efficiently estimating po(x) = & k_, po(x|21)
requires sampling z, where pg(x|zx) % 0.

4_
/| - The true posterior py(z|x) is intractable.
N
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| recognition model and variational lower bound

qb___

- Efficiently estimating po(x) = & S"k_, po(x|2k)
requires sampling z, where pg(x|zx) % 0.
- The true posterior py(z|x) is intractable.
The auto-encoding solution

Introduce an auxiliary inference model g4(z|x)
to approximate the true posterior.
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| recognition model and variational lower bound

- Efficiently estimating po(x) = & S"k_, po(x|2k)

=== > 0 requires sampling z, where pg(x|z;) % 0.

- The true posterior py(z|x) is intractable.

(}5/ The auto-encoding solution
Introduce an auxiliary inference model g4(z|x)

to approximate the true posterior.

- Working out the Kullback-Leibler divergence between g4(z|x)
and pg(z|x) yields:

log pe(x) — Di(qe(zIx)|IPe(z|x)) =
Ezvq,(llog po(x12)] — Dri(qe(zX)[Ipe(2))
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| recognition model and variational lower bound

- Efficiently estimating po(x) = & S"k_, po(x|2k)

=== > 0 requires sampling z, where pg(x|z;) % 0.

- The true posterior py(z|x) is intractable.

®/ The auto-encoding solution
Introduce an auxiliary inference model g4(z|x)

to approximate the true posterior.

- Working out the Kullback-Leibler divergence between q4(z|x)
and pe(z|x) yields:
log po(x) — Diu(ds(zX)llpe(2|X)) =
Unknown, but > 0
Ezngo(ollog Po(x|2)] — Dii(qs(21X)(Pe(2))
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| recognition model and variational lower bound

- Efficiently estimating po(x) = & S"k_, po(x|2k)

=== > 0 requires sampling z, where pg(x|z;) % 0.

- The true posterior py(z|x) is intractable.

®/ The auto-encoding solution
Introduce an auxiliary inference model g4(z|x)

to approximate the true posterior.

- Working out the Kullback-Leibler divergence between q4(z|x)
and pe(z|x) yields:
log po(x) — Diu(ds(zX)llpe(2|X)) =
Unknown, but > 0
Ezngo(1ollog Po(x|2)] — Dii(qs(2[X)(IPe(2))

Differentiable lower bound on the likelihood
2%



| Conditional Variational AutoEncoder (CVAE)

qs(z [ x,y) pa(x | 2,y)
X Z~qy(2lx,y) X' ~po(x|2z,y)
- HH— -
u = u o]
y Inference y Genera-
network tor network

Ravanbakhsh, Lanusse et al. (2017)

log(pa(x | ) = = Di(as(z | X,¥)[1Po(2)) + Ezna, (- x)[log po(x | 2,)]

Code regularisation Reconstruction error
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| Conditional Variational AutoEncoder (CVAE)

z ~ py(2)

Po(x|2,y)

X'~ po(x | 2,y)

**—’:.‘
|

—_—
Genera-
tor network

Ravanbakhsh, Lanusse et al. (2017)
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| modeling galaxy images from the Hubble Space Telescope

Experimental setup

- Training set: postage stamps from COSMOS HST/ACS survey
- Conditional model: Half-light radius, brightness, redshift
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| modeling galaxy images from the Hubble Space Telescope

Experimental setup

- Training set: postage stamps from COSMOS HST/ACS survey
- Conditional model: Half-light radius, brightness, redshift

Hubble Space Telescope images Variational Autoencoder samples

- » - ’ . - - -

, . 0 . - . - ‘
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| testing the conditional generation
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| testing the conditional generation
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= We can generate galaxies of desired size and brightness
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| morphological statistics

e

AR

From top to bottom: Real COSMOS galaxies, CVAE samples, Parametric fits




| morphological statistics
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| morphological statistics

M20

M20
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COSMOS images
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| takeaway message

- Generative models are a data driven way of completing our
physical modeling

- Implementing these models inside the GalSim simulation
software used to simulate the LSST survey

- Adversarial code manipulation
- Properly handling COSMOS PSF and correlated noise

- Will allow for an extra degree of realism in LSST simulations
= Essential to the calibration of science pipeline

- Other uses for generative models: any time a complex image
prior is required (denoising, deconvolution, deblending, etc)

29



Graph convolutional networks for
cosmological simulations
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| intrinsic alignment of galaxies

Impact on dark energy constraints
1]

"O "0 19 \

NGl
“e o'
Galaxies randomly

. Slight alignment 2 N\
distributed gnt alig O
ot = NLA model in data;
assume no IAs

€ =€ + v with <€e>=0 _,/ — NLA model in data;
—_——

assume LA model

NLA nulling

not completely true A5 =3 =3 -1
Wy
Kirk et al. (2015)
<e > = <y > + <€ > + <>+ <ey >
— N—— ~——
measured cosmological signal II GI

30



| why does this happen ?

Kiessling et al. (2015)

- Tidal interactions with local gravitational potential
= Can be analytically modeled on large scales
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| why does this happen ?
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for TA studies
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Kiessling et al. (2015)

10 100 1
simulation box length [Mpc/h]

- Tidal interactions with local gravitational potential
= Can be analytically modeled on large scales
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- Much more complicated in details, no single model for all galaxy

types, impacted by baryonic physics
= Study requires expensive hydrodynamical simulation
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How to produce mock galaxy catalogs on large

cosmological volumes with realistic alignments
?



| Massive Black Il simulation (Khandai et al, 2015)

- 100h~"Mpc hydrodynamical simulation ran to z = 0.06
- Corresponding dark matter only simulation

32



| what quantities are we looking at ?
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| what quantities are we looking at ?
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- Shape parameters: g =2  s=¢
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| what quantities are we looking at ?
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| what quantities are we looking at ?

z=0.3 (Stellar Matter)

E
K}
102
104 L 10° *Mpc (Reduced)
_— M 10 'Mpc
see M 110010 -t Mpe
-5
10ypt 10° 10
- Shape parameters: g =

102
r (h"'Mpc)
S = E

- Misalignment angle: § = arccos (|e(dm égg“‘>|)
- Ellipticity-Direction correlation function: w(r)

— Depends on redshift, galaxy types, stellar mass, baryons, merger
history...
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| example: impact of baryons (Tenneti et al. 2015)
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| example: impact of baryons (Tenneti et al. 2015)
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| inpainting intrinsic aligments on N-body simulations

Massive Black Il Dark Matter Only

Image credit: Tenneti et al. (2015)
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| inpainting intrinsic aligments on N-body simulations

Massive Black Il Dark Matter Only

Image credit: Tenneti et al. (2015)

gal ~ p (stellar properties | dark matter properties)

35



| inpainting intrinsic aligments on N-body simulations

Massive Black Il Dark Matter Only

Image credit: Tenneti et al. (2015)

gal; ~ p (M., 0, Gu, Sk, --. | Mpm,i, Vdisp,i> Qom,i> Som,is - -

)
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| inpainting intrinsic aligments on N-body simulations

Massive Black Il Dark Matter Only

Image credit: Tenneti et al. (2015)

gal; ~ p (M, 0, Gy, Su, --.| Mpm,i» Vdisp,i» Gom,i> Som,is - - -)

=—> How to model this conditional distribution ?
35



| first approach using a CVAE

- Use a CVAE to independently draw each galaxy
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| first approach using a CVAE

Predicted M,

- Use a CVAE to independently draw each galaxy
- Conditioned on Dark Matter subhalo properties:

mass, shape, orientation, local tidal field

- Predicts distribution of Stellar properties for each galaxy: stellar
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| predicted galaxy shapes

Normalized histogram
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| predicted misalignment angles
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| Ellipticity-Direction correlation function
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| Ellipticity-Direction correlation function

10 M, : 109100 100 M, : 1017120,
107 e ) 107! ) --
P — - o
3 3
1072 102
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Dark Matter
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Fails to reproduce 2pt functions

- The galaxies are randomly misaligned
— suppresses power evenly on all scales

- To reproduce 2pt functions, galaxies must point in a specific

direction with respect to their neighbors 19



| the cosmic web as a graph

MB Il simulation, animation credit: Kim Albrecht
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| spectral theory on graphs

7

Graph Fourier Transform
Defined by the eigendecomposition of the
graph Laplacian L = UU’

The graph Fourier transform of a signal f is

f=Uf
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| spectral theory on graphs

Graph Fourier Transform
Defined by the eigendecomposition of the
graph Laplacian L = UU’

7

The graph Fourier transform of a signal f is

f=Uf

- The convolution of a signal f with a filter gg can be defined as

go*xf=UGe U'f

Spectral graph convolutions are expensive
- Computing the graph Fourier transform of U is expensive for
large graphs
- Computing one convolution requires O(N?) operations M



| deep learning on graphs (Kipf & Welling (2017))

Hidden layer Hidden layer
7/ ! / ?
I__". \ 9
* . v Output
c_‘é ReLU ---é‘ ReLU
\ L ] | 1]
o |\ _" ® \\ _’E/}b .
. . *
L ] L ]
L] L]

- Convolution layer reduces to: gg: x f = 04f — 0, D-2AD~ 7 f
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| deep learning on graphs (Kipf & Welling (2017))

Hidden layer Hidden layer
L3
/ ] / o
—e o
\ ° °
1 ° \ L
* . v Output
. _'L RelLU
.\
LI
L ] L
° o °

- Convolution layer reduces to: gg: x f = 04f — 0, D-2AD~ 7 f
- Tractable graph convolutions using an approximation restricted
to first neighbors 0



| preliminary results with new model

- Model adapts mixture density networks and deep residual
networks to graphs
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| preliminary results with new model

- Model adapts mixture density networks and deep residual
networks to graphs

- Conditioned on Dark Matter subhalo properties of all galaxies in
the graph: mass, shape, local tidal field

- Predicts 3D orientations of all galaxies in the graph.

ED correlation function M, > 19 h~1M,

—— MBIl - star
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| takeaway message

- Exciting new framework to empirically populate large volume
simulations with realistic galaxy populations

- Easily extendable to include merger tree information

- Extend/complement existing empirical/semi-analytical model

- Will add to the realism of cosmological simulations and allow us
to test IA mitigation techniques.
- Being implemented as part of the simulation pipeline for the LSST
DESC Second Data Challenge

- Neural networks on graphs are powerful tools for working with
non euclidean data.

— See Bronstein et al. 2017 (arXiv:1611.08097) for a recent
overview.
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| conclusion

What can deep learning do for cosmology ?

- Model and analyze large volumes of complex datasets

- Open new and powerful ways to look at the data

- Image detection for finding rare astrophysical objects

- Data driven way of complementing our physical models
- Modeling realistic galaxy morphologies
- Modeling galaxy properties in numerical simulations
— Goes towards improving the accuracy of our cosmology
constraints.
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Any questions?
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