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SMALL-SCALE STRUCTURE OF DARK MATTER

Small scale distribution of

Large scale structure is very — tt ; t 1
ark matter Is not we

well measured.
understood.



THE MISSING SATELLITES PROBLEM

DISCREPANCY BETWEEN THE NUMBER OF CDM SUBHALOS AND MW DWARF SATELLITES

N-BODY SIMULATIONS ) OBSERVED MW SA'TELLITHS

Sentane

THEORY: N~ 10000 OBSERVATION N~50



SOLUTIONS

1 - Modify galaxy formation models 2 - Modify dark matter model

"

C‘fol(:l;_Da.l;k M.dtter 2 keV Warm Dark Matter

Lovell et al., MNRAS, 2012



GALAXY

Baryonic matter

(shiny)

/ ‘

Dark matter
(transparent)




SOLUTIONS

1 - Modify galaxy formation models 2 - Modify dark matter model

.

2 keV Warm Dark Matter

Cold Dark Matter

Lovell et al., MNRAS, 2012
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SOLUTIONS

1 - Modify galaxy formation models 2 - Modify dark matter model

.

.

2 keV Warm Dark Matter

e

Cold Dark Matter

Lovell et al., MNRAS, 2012



STRONG GRAVITATIONAL LENSING

Formation of multiple images of a single distant object due to the
deflection of its light by the gravity of intervening structures.







Lensing galaxy

Two images of a
background
quasar




STRONG LENSES PRODUCE ARCS







STRONG GRAVITATIONAL LENSING

bBackoround galaxy

foreground galaxy




SUBSTRUCTURE LENSING




SUBSTRUCTURE LENSING







SIMULATED IMAGES WITH AND WITHOUT A SUBHALO

Main lensing galaxy mass ~ 1072 Msun

Subhalo masses ~ 107—109 Msun

SMOOTH GALAXY SMOOTH GALAXY + SUBHALO




SUBSTRUCTURE LENSING

LENSED RADIO QUASARS LENSED GALAXIES (OPTICAL)  LENSED OPTICAL QUASARS
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Dalal & Kochanek 2002 Vegetti et al. 2012 Nierenberg et al. 2014

EFFECT ON TIME DELAYS
BETWEEN IMAGES

10 10.5 11 11.5
Aty o [days]

Keaton & Moustakas 2009



1: A NEW, LARGE POPULATION OF STRONG LENSES
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SPT-DISCOVERED STRONG LENSES

-

~ 50 (s) ~15 ANTENNAS 0.5 ARCSEC >70 SIGMA DETECTION

Vieira et al., Nature, 2013 Hezaveh et al., ApJ, 2013 Weiss et al., ApJ, 2013



Atacama Large Millimeter Array (ALMA) -

¢ Interferometric array of radio telescopes.

e Observing wavelength: 0.3 to 8 mm (e.g., dustsgas)~
e Composed of 66 antennas.

® | ongest baseline: 16 Km. . ‘
[ ]

Started operating in 2012. §
® Shared between US, Canada, Europe, East Asia and Chile.
* Cost of'US$144 billion. -~ - 2
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AN INTERFEROMETER MEASURES CERTAIN
FOURIER MODES OF THE SKY EMISSION

TRUE IMAGE OF THE SKY 2D FOURIER TRANSFORM
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A single measured Fourier mode = a "visibility”



COMPACT CONFIGURATION

FOURIER SPACE

EXTENDED CONFIGURATION

FOURIER SPACE




BLUE: HST
ReED: ALMA




BLUE: HST

RED: ALMA




MEASURING PHYSICAL PROPERTIES
FROM IMAGES OF STRONG LENSES

Physical properties that can be constrained from
lensing images (lensing parameters):

1: Morphology of the background source
(the true, undistorted image of the candle)

2. Matter distribution in the lens
(the shape of the wineglass)




MEASURING PHYSICAL PROPERTIES
FROM IMAGES OF STRONG LENSES

simulating lenses

SIMULATED IMAGE




MEASURING PHYSICAL PROPERTIES
FROM IMAGES OF STRONG LENSES

maximum likelihood lens modeling

SIMULATED IMAGE

A MEASURE OF
SIMILARITY

OBSERVED IMAGE



MEASURING PHYSICAL PROPERTIES
FROM IMAGES OF STRONG LENSES

maximum likelihood lens modeling

SIMULATED VISIBILITIES
(A DISCRETE SET OF FOURIER COMPONENTS)

(simulator)
A MEASURE OF
SIMILARITY

OBSERVED VISIBILITIES



SUBHALO DETECTION:
COMPARE A SMOOTH MODEL WITH A MODEL WHICH INCLUDES SUBHALOS

BACKGROUND
SOURCE

SIMULATED IMAGE

OBSERVED IMAGE



LENS MODELING PIPELINE

Pixelated background source reconstruction.

Perturbative, linear subhalo search.

Distributed computations on thousands of cores.

Extensively tested on simulated data.



PROBABILITY OF THE PRESENCE OF A SUBHALO

mock without subhalo I

1-10

-15

-20

-25

mock with subhalo

-20

-25

Greyscale: difference in log posterior between a model which
includes a subhalo and a smooth model (no subhalos)

Hezaveh et al. ApJ 2016



SIMULATED IMAGES WITH AND WITHOUT A SUBHALO

Main lensing galaxy mass ~ 1072 Msun

Subhalo masses ~ 107—109 Msun

SMOOTH GALAXY SMOOTH GALAXY + SUBHALO










DETECTION OF A 10?2 M, SUBHALO

SDP.81
Blue: HST image of the lensing galaxy
Red: ALMA image of the lensed background source

”

1,2, and 3-o confidence regions of a detected subhalo

N

Hezaveh et al. ApJ 2016
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164

DISTRIBUTION, INCLUDING THE
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DETECTED SUBHALO

=

|||||

.....
vvvvvv

Ul
o
P
p—

AL ALA

. ;

®

........
-t T

®
.

\i® s
) ——
.

@; At D I Rl Dadl T VI
—F r” ®x & o S S S
i T P @ F

"""" Bt ] R log Mgyp Xsub Ysub

sisisisiaisie
L A
L

M T ) o by

ST

[ |||

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

I {‘3: ::?:Q:,:: @ T @ I @ 1 @ 1 s@ I %3 I @ i I @ ':>
PN
®

..................

TS

sieieivieieieniaeinie/—

)
80 @8N0
)

@l @ NS -
0/4,4.8.8,0,8 6000

®

oo

wlwiA
" W @ O]
i

@
P @9 O] @

.
- ® @ -®
= - = «
AT X " n n L L I -‘l B 1L ip i A T " n N
S —=— % % cen o o= o RS =+ o w8 9 %
S = B SES S X B O REm 28 SR K 2 S < =2 ® o oo = <
= = S 8 ¢ <& g3 o 3 <& o == = v
log M ® X 2 Ay B By TBT Mg Seub Fsub

Hezaveh et al. ApJ 2016



EXCLUSION MAPS FOR OTHER SUBHALQOS
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CONSTRAINTS ON THE MASS FUNCTION OF
SUBHALOS IN THE HOST HALO
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COMPARISON TO THEORETICAL PREDICTIONS
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HOW TO IMPROVE OUR CONSTRAINTS
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SPT 0418 SPT 0532
0.025 ARCSEC RESOLUTION (2018) 0.025 ARCSEC RESOLUTION (2018)

12 hours with JWST in ERS
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Mwdm [keV]

FORECASTS FOR N LENSES

N lenses



HOW TO IMPROVE OUR CONSTRAINTS
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SURFACE BRIGHTNESS CORRELATIONS

lensed by a field lensed by a field
with low-k power with high-k power

smooth density field

SURFACE BRIGHTNESS CORRELATIONS => POWER SPECTRUM OF THE DENSITY FIELD



DM SUBHALO DENSITY POWER SPECTRUM

POWER SPECTRUM
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DM SUBHALO DENSITY POWER SPECTRUM

POWER SPECTRUM DENSITY MAP
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DM SUBHALO DENSITY POWER SPECTRUM
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DM SUBHALO DENSITY POWER SPECTRUM

POWER SPECTRUM DENSITY MAP




DM SUBHALO DENSITY POWER SPECTRUM

POWER SPECTRUM DENSITY MAP
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DM SUBHALO DENSITY POWER SPECTRUM

POWER SPECTRUM DENSITY MAP




POWER SPECTRUM OF

RIANCE OF
Cov GE O THE DENSITY FIELD

DEFLECTIKONS
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Hezaveh et al., JCAP, 2016



FORECAST FOR MEASURING THE
DM SUBHALO POWER SPECTRUM WITH ALMA
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Looking into the future:

1- New Lenses

For future surveys we find that, assuming Poisson limited lens
galaxy subtraction, searches of the DES, LSST, and Euclid data sets
should discover 2400, 120000, and 170000 galaxy—galaxy strong
lenses, respectively

Collett, ApJ. 2015

WHY DO WE NEED SO MANY LENSES?

1- Statistical precision from the analysis of a
large population.

@ 2- Finding rare systems:
Ciscid Lensed supernovae

Double-plane lenses
Lensing systems at extreme redshifts




Looking into the future:

2- Existing and New Telescopes

ALMA

In operation

Keck

In operation

JWST

2019




Looking into the future:
3- Analysis Methods

How are we going to analyze 170,000 lenses?

Lens modeling is very slow.

Even a simple lens model can take
2-3 days of human and CPU time,
translating to 1,400 years!

Even if we pay 100 people to work
on this, it'll be 14 years!

Old method are simply not feasible.
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Lens modeling sweatshop of 2022



CAN WE OBTAIN THE LENS PARAMETERS USING NEURAL NETWORKS?

OQUTPUT

X1
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Universal approximation theorem:
Neural nets can approximate any function to an arbitrary accuracy.



MEASURING PHYSICAL PROPERTIES
FROM IMAGES OF STRONG LENSES

maximum likelihood lens modeling

SIMULATED IMAGE

! Neural
n 7 | Network

\
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OBSERVED IMAGE



COMPUTER VISION:
CONVOLUTIONAL NEURAL NETWORKS

COMMONLY USED FOR IMAGE RECOGNITION AND CLASSIFICATION
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CONVOLUTIONAL NEURAL NETWORKS:
PREVIOUSLY USED FOR LENS DISCOVERY
(CLASSIFICATION)

THEY CAN BE TRAINED TO CLASSIFY IMAGES:
TWO CLASSES: LENSES VS. NON-LENSES

CMU DeepLens: Deep Learning For Automatic
Image-based Galaxy-Galaxy Strong Lens Finding

Francois Lanusse,'* Quanbin Ma,? Nan Li,>** Thomas E. Collett,> Chun-Liang Li,?
Siamak Ravanbakhsh,? Rachel Mandelbaum! and Barnabés P6czos?

! McWilliams Center for Cosmology, Department of Physics, Carnegie Mellon Univ
2School of Computer Science, Carnegie Mellon University, Pittsburgh, PA 152183, U
3 High Energy Physics Division, Argonne National Laboratory, Lemont, IL 60439,
4 Department of Astronomy & Astrophysics, The University of Chicago, 5640 South Ellis Avenue, Chicago, IL 60637, USA
S Institute of Cosmology and Gravitation, University of Portsmouth, Burnaby Rd, Portsmouth, PO1 SFX, UK

» Pittsburgh, PA 15213, USA

Finding Strong Gravitational Lenses in the Kilo Degree
Survey with Convolutional Neural Networks

C. E. Petrillo', C. Tortora!, S. Chatterjee!, G. Vernardos!, L. V. E. Koopmans',

G. Verdoes Kleijn!, N. R. Napolitano?, G. Covone®, P. Schneider?, A. Grado?,
J. McFarland!

! Kapteyn Astronomical Institute, University of Groningen, Postbus 800, 9700 AV, Groningen, The Netherlands
2INAF - Osservatori di C Salita , 16, 80131 Napoli, Italy

3 Dipartimento di Scienze Fisiche, Universita di Napoli Federico 1i, Compl. Univ. Monte S. Angelo, 80126 Napoli, Italy
* Argelander-Institut fiir Astronomie, Auf dem Hilgel 71, D-53121 Bonn, Germany




NEURAL NETWORK OUTPUTS: LENSING PARAMETERS




PRODUCING THE TRAINING DATA

GET A REAL IMAGE OF A GALAXY LENS IT BLUR IT WITH A PSF

APPLY RANDOM MASKS ADD COSMIC RAYS ADD NOISE



TRAINING

> Half a million (simulated) images for training.
> Trained multiple networks: e.g., Inception.v4 (hundreds of layers)

© Training time: About 1-2 day(s) on a single GPU

Convolution
AvgPool
MaxPool
Concat
Dropout

pt "
: Fully connected | nce ptl on -V4

Softmax



TEST DATA

10,000 SIMULATED IMAGES 9 HST IMAGES

W SL2S J141137+565119

Hezaveh, Perreault, Marshall, Nature, 2017



ESTIMATING LENSING PARAMETERS WITH NEURAL NETS

10 million times faster than ML lens modeling.
0.01 seconds on a single GPU

Hezaveh, Perreault, Marshall, Nature, 2017



UNCERTAINTIES

Make networks predict their uncertainties:

Instead of predicting a point estimate of lens parameters, make NNs predict
a distribution, defined by a handful of parameters.

Example: Gaussian

1
»C(Ym)’n(xn,w))OCZz 2||ynk ynk(xnaw)ll ——lOgO'k



STANDARD NEURAL NETWORKS:

WEIGHTS HAVE FIXED, DETERMINISTIC VALUES

INPUT HIDDEN OUTPUT




BAYESIAN NEURAL NETWORKS:

WEIGHTS ARE DEFINED BY PROBABILITY DISTRIBUTIONS

INPUT HIDDEN OUTPUT

e
£,

[USING VARIATIONAL INFERENCE]



UNCERTAINTIES OF THE ESTIMATED PARAMETERS
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PIXELLATED DENSITY MAP RECONSTRUCTION

OBSERVATION PREDICTION
(NETWORKS' INPUT) TRUE DENSITY MAP (NETWORKS' OUTPUT)

(LOG PROJECTED DENSITY) (LOG PROJECTED DENSITY)



PIXELLATED DENSITY MAP RECONSTRUCTION

OBSERVATION PREDICTION
(NETWORKS' INPUT) TRUE DENSITY MAP (NETWORKS' OUTPUT)

(LOG PROJECTED DENSITY) (LOG PROJECTED DENSITY)



PIXELLATED DENSITY MAP RECONSTRUCTION

OBSERVATION PREDICTION
(NETWORKS' INPUT) TRUE DENSITY MAP (NETWORKS' OUTPUT)

(LOG PROJECTED DENSITY) (LOG PROJECTED DENSITY)



COULD THESE NETWORKS EVER GENERALIZE BEYOND THEIR TRAINING DATA?

OBSERVATION PREDICTION
(NETWORKS' INPUT) TRUE DENSITY MAP (NETWORKS' OUTPUT)




COULD THESE NETWORKS EVER GENERALIZE BEYOND THEIR TRAINING DATA?

OBSERVATION PREDICTION
(NETWORKS' INPUT) TRUE DENSITY MAP (NETWORKS' OUTPUT)




COULD THESE NETWORKS EVER GENERALIZE BEYOND THEIR TRAINING DATA?

OBSERVATION PREDICTION
(NETWORKS' INPUT) TRUE DENSITY MAP (NETWORKS' OUTPUT)




COULD THESE NETWORKS EVER GENERALIZE BEYOND THEIR TRAINING DATA?

OBSERVATION PREDICTION
(NETWORKS' INPUT) TRUE DENSITY MAP (NETWORKS' OUTPUT)




EXTENSION TO INTERFEROMETRIC DATA

SPT 0529;
Max-likelihood lens modeling (black)
Neural Networks (red/blue)
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Morningstar et al. (in prep)



SUMMARY

The small scale distribution of dark matter
is an important test of dark matter models.

ALMA observations of lensed submm
sources are extremely sensitive probes of
subhalos.

With large number of lenses from wide
surveys and machine learning methods, in
the coming years, we are poised to see
significant advances in this field.



THANK YOU!



