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Horizon Run 5 (Lee & Shin+ 2020)
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Formation of’ Large-Scale Structures

» Gravity + Cosmic Expansion
- Dense becomes denser, sparse becomes more

sparse

* Once density is greater than a certain threshold,
matter will gravitational collapse irrespective to the
COosmic expansion

e Small-scale structures form larger-scale strlégturz
~>

| T




Horizon Run 5 (Lee & Shin+ 2020)
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Energy Content
of the Universe

© ESO/Planck



Size

Fate of the Universe

“Cosmological
Constant”

Big Rip

Big Freeze

Now Strongly depends on

the equation of state of
dark energy

w = p/pc?
= —1 for cosmological constant

>
Time
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Observed cosmological constant
~1071%Y of theoretical expectation

No galaxy
No star
No planet
No life

Cosmological constant Cosmological constant
with observed value with theoretical expectation



BAO (BOSS DR11)
SNia (JLA)
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H, + BAO (BOSS DR11)

CMB TT, TE, EE+lowP (Planck)
AP (BOSS DR12, this paper)

CMB TT, TE, EE, lowP (Planck) + SNla + Hy +

BAO (6dF, MGS, BOSS DR11) + AP (this paper)
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Redshift

A phenomenon that the wavelength of
electromagnetic wave is elongated.

« A kind of Doppler’s effect when an object radiating
electromagnetic wave moves in an opposite
direction to the wave propagation direction.
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Cosmicflows-3 (http://edd.ifa.hawaii.edu/)



http://edd.ifa.hawaii.edu/

Robertson-Walker spacetime metric

ds? = c?dt? - a?(t)

scale factor

|

dr?
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Why Is Important?
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lllustration Sequence of the Milky Way
and Andromeda Galaxy Colliding

NASA, ESA, Z. Levay and R. van der Marel (STScl), T. Hallas, and A. Mellinger = STScl-PRC12-20b

Supergalactic Z (millions of light-years)




Local Universe?

S
Local Void-

Virgo
" ®

o - Local Group

CLUES simulations
(160 Mpc/h & 64 Mpc/h)
1005.2687

Cosmicflows-1: Courtois+ (2012)




Local Universe?

Cosmicflow-3
(Tully+2016)

Full-sky observations , ‘
(Incomplete; low-latitude mask) Reconstruct Gaussian field

(> 4Mpc/h scale)

o - Local Group

Run simulations

& find Add different realizations of

small-scales




Deep Learning Image Reconstruction

a SDO/AIA 304 SDO/AIA 304 SDO/AIA 304

* Test galaxy images

Single Stacked Total Variation GAN

De-noising generated
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SolarMagGAN: Kim+(2019)



What is Miachine Learning
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Find a function F(...) Output

F we estimate

for given data

i

Find a function F(...) Output

—_—
F = we can define

where {y;}is comethine usetul for data {x;}




Magoulas et al. (2012) © Bolshoi Cosmological Simulation

log(age) slice 10<z<11 realization BDM z=0. Bolshoi
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Least-squared fitting w/
polynomial/exponential form Friend-of-friends halo finder
- Supervised learning - Unsupervised learning
{x;}: {(Re, 0);} {x;}: particle position

ik (L)} {y:}: group label



Traditional Learning (or Fitting)

R, o (Ie)
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Machine Learning

R, o (Ie)
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Machine Learning: Pros

*V\L can be used without specific description.

- Good when we need to find something
beyond the known relation.

*V\L can find very complex F(...).

- Good when the relationis hard to
formulate.

*Once found, ML can usually calculate F(...)
very fast.

- Good when the true relation is
computationally expensive.



Machine Learning: Cons

*F(...) derived from I\L is usually very
complex.

- Harder to get clear physical understanding.

*Controlling learning strategy is somewhat
different from controlling physical
parameters.

- May take extra efforts to
methods.

et used to the

FREELUNCH |



© David Parkinson

Machine Learning

® All results should be lead by physics Techniques (examples):
® Software is no replacement for physical s ! . ;
understanding 1.Classification/catagoriszation
® \IL is a useful technique in three cases: ® Support Vector Machines
® No known or understandable physical ® Naive Bayes
mechanism exists: ® Perceptron/CNN
®
Dek eneigy ® Decision Trees
® Physics known, but computing the

required quantltles is challenging: 2.Clustering
hotometric redshif ® Hierarchical




Deep Learning
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Deep Learning: Pros & Cons

* The physical understanding of results becomes
even harder than usual ML

* Building DL architectures allow
too many degrees of freedom

* Successful DL requires many training samples
& computational cost(usually on GPUSs)

* If successful, DL can provide
very high estimating powerin complex problems



scikit-learn

Machine Learning in Python

Classification

Identifying which category an object belongs to.

Applications: Spam detection, image recognition.
Algorithms: SVM, nearest neighbors, random forest,

and more...

Install User Guide APl Examples

Regression

Predicting a continuous-valued attribute associated
with an object.

Applications: Drug response, Stock prices.
Algorithms: SVR, nearest neighbors, random forest,
and more...

Boosted Decision Tree Regression

Simple and efficient tools for predictive data analysis

o Accessible to everybody, and reusable in various contexts
® Built on NumPy, SciPy, and matplotlib

® Open source, commercially usable - BSD license

Clustering

Automatic grouping of similar objects into sets.

Applications: Customer segmentation, Grouping
experiment outcomes

Algorithms: k-Means, spectral clustering, mean-
shift, and more...

K-means clustering on the digits dataset (PCA-reduced data)
Centroids are marked with white cross.

ML: scikit-learn (http://scikit-learn.org/)
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A mostly complete chart of

:__ Input Cell

A Noisy Input Cell

@) Hidden cell

. Capsule Cell
@ outputCell

. Recurrent Cell

. Memory Cell

Kernel

() Backfed Input Cell

. Probablistic Hidden Cell

. Spiking Hidden Cell
. Match Input Qutput Cell

. Gated Memory Cell

\ O Convolution or Pool )

) Neural Networks

©2019 Fjodor van Veen & Stefan Lefjnen  asimovinstitute.org

Deep Feed Forward (DFF)

Perceptron (P)

Feed Forward (FF)

S

Recurrent Neural Network (RNN)
- [~ [

Radial Basis Network (RBF)

Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
- ) [~ . ) )

9.9
ey

Variational AE (VAE) Denoising AE (DAE)

Sparse AE (SAE)

Auto Encoder (AE)

Markov Chain (MC)

Hopfield Network (HN)  Boltzmann Machine (BM)  Restricted BM (RBM) Deep Belief Network (DBN)
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Deep Convolutional Network (DCN)
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Generative Adversarial Network (GAN)
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Deep Residual Network (DRN)

Capsule Netwark (CN)
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Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)

P ~ L~
-O/O\- . >_< /O\—— -/O\ .
P P aY Yo N
~or 7 Ce e 07
~ ~
Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)
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Neural Turing Machine (NTM)

5,

Attention Network (AN)

Kohonen Network (KN) &

Differentiable Neural Computer (DNC)
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https://www.asimovinstitute.org/neural-network-zoo/



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

Deep Feed Forward (DFF)

N
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Fully connected (FC) layer

* Produce connections for
all elements between
layers

- Useful if each elementis
rather independent
(e.g., different physical
parameters)
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Deep Convolutional Network (DCN)

Convolutional (Conv) layer

* Apply convolution
kernels with fixed sizes

« Useful if ordering of
elementsis important
(e.g., spectrum, image)



Deep Learning Image Reconstruction

© NVIDIA: arXiv:1804.07723

SDO/AIA 304 SDO/AIA 304 SDO/AIA 304

* Test galaxy images

Single Stacked Total Variation GAN

De-noising generated

2 P R soughin * ol

Al-generated Al-generated Al-generated Al-generated

i« | > . ‘& i L8 8
st A *  f £ S A /

© Youngjun Park
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SolarMagGAN: Kim+(2019)
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Cosmlcﬂows-3 COSMOGRAPHY OF THE LOCAL voID
R. Brent Tully, Daniel Pomarede Romain Graziani, Yehuda Hoffman, Héléne M. Courtois and Edward J. Shaya

» Provides both distance and LOS velocity Ho = 100h km/s/Mpc

* Use 40Mpc//1 cube volume, with 0.3125Mpc//7 resolution
 Exclude region close to the Galactic plane (|6 < 10 deg)
* Apply absolute B-band magnitude cut (M;<-16 mag)

« Peculiar velocity = LOS velocity (Galactic standard of rest) -
Hubble flow



Observed K s

s [km/s; Ho Seong's suggestion]

15 F
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Distance

~30% of galaxies do not contain
proper K.-band magnitude.
Possibly due to the limitation of

2MASS+ observation.

Absolute B magnituda

b 10 15 0 2l

[ristanca

Mg < -16 mag is sufficient for
making volume-limited sample
up to R ~ 30Mpc/A.

Tested both H, = 67km/s/Mpc
(Planck cosmology) and
75km/s/Mpc
(Cosmicflows-3 best-fit)
for Hubble flow.

Found

prediction.

on the



Training & Validation: lllustris-TNG



Training 8 Validation:

* Key Selection Criteria: Similar to Cosmicflows-3

» Origins : MI\W-like galaxies with stellar mass
4x109~10""T ..

« Use galaxies with M;< -16 mag & |b| > 10 deg

 Fiducial Simulation: TNG300-1
« 205Mpc/h boxsize

. 10'15 T 11T T TTTI T T TTTT T T T
« 2,5003 DM\ & gas particles 5 0] -
10_25_ 3
> donwith - F N\, §
galaxy number density cut 5100 AN\¥/ E
rather than facevaluesof MM, "2 ¢ \ 1
and M>:< 510—4 — VD Souzart 2015 (SDSS, 2-0.1) \ =
Hu TNG100 -
H== TNG100-2 L4 —
10> E— TNG100-3 v —
H— TNG300 =
H— TNG300-2 \ 4 a

1076 R RTIT Rt T A

10 10” 10" 10" 10'2

Pillepich+(2017) Galaxy Stellar Mass [ M 1[<2xr ]

stars,1/2



Additional Tests for Dififerent Setups

« TNG100-1: Higher Resolution & Lower Boxsize

« 75Mpc/h boxsize

- 11,8203 DM & gas particles

« Directly use Vg and V.

« Use 20Mpc/h subsamples with 643 grids

« TNG300-1-Dark:
DM-only Simulation

300 Mpc




Additional Tests for Dififerent Setups

« EAGLE RefLOT100N1504: Different Hydrodynamics
« 67.77Mpc/h boxsize

« 15043 DM & gas particles
- Similar resolution to TNG-100-1

« Magnitude information is available only for
massive galaxies f
(M.>108>M\,)

- Galaxy number density
cut instead of using Vi,




Method: UNet-like CNN

Input Layer
(2,128, 128, 128)

Output Layer
(1,128,128, 128)

- T 1 T
eyt #Galaxy M
- ‘i e | - i?}i L
S S SIS EEabensity
Fat, L ; : ‘ ‘- {
: .-.;-. Pecullar ' ’ o
- . 4 40Mpc/h o
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Multiple layers of
-Conv.5 X5

Concatenation

.:>

Multiple layers of
- Upsampling
-Conv.3 x3

(2048, 4,4, 4)



I Grid # i
L» Channel #

Input Output
(2,128,128,128) > (1,128,128,128)
Conv64 > UpConve4
(128,64,64,64) (128,64,64,64)
Concatenation
Conv32 . UpConv32
(256,32,32,32) (256,32,32,32)

Conv16 » UpConvl6
(512,16,16,16) (512,16,16,16)

_ Conv8 | UpConv8 _
Encoding (1024,8.8,8) (1024,8,8,8) Decoding
Batch normalisation (except Input) Conv4 (2,2,2)-upsampling & Concatenation
(2,2,2)-reflection padding (2048,4,4,4) Batch normalisation
(5,5,5)-convolution (1,1,1)-reflection padding
RelLU activation (3,3,3)-convolution

ReLU activation (tanh for Output)



Original Gaussian Blur Shampen Edge Detection

0 0 0 1 1 2 1 0 -1 0 -1 -1 -1
Source Pixel 0 -ﬁ. 9 % =P —1 5 -1 —1 8 -1
0 12 1 0 -1 o]|l-1 -1 1

© GIMP

Convolution Kernel (Blur)

[
A [ —
. R
Result Pixel ] [ —
|
_._'_'_'_._'_,_,_;—r—'_'_'_'_ ‘_._'_._'_‘_,_,_.—r
_'__,_.—-—'_'_'_'_'_'_'_'_F—'_'__'_'_'_'_'_'__'_'_Fr —

‘Extract Features

Encoding Decoding

Batch normalisation (except Input) (2,2,2)-upsampling & Concatenation
(2,2,2)-reflection padding Batch normalisation
(5,5,5)-convolution (1,1,1)-reflection padd!ng
ReLU activation (3,3,3)-convolution

RelLU activation (tanh for Output



Activation Functions

Sigmoid Leaky RelLU )
_ 1 max(0.1z, x)
O'(.’JC) T 14e®

tanh Maxout
tanh(x) o : max(w{ z + by, w3 x + be)

ReLU ELU |
max(O, x) {$ x>0
. ale* —1) <0 - - o

Add Nonlinearity
Encoding Decoding

Batch normalisation (except Input) (2,2,2)-upsampling & Concatenation
(2,2,2)-reflection padding Batch normalisation

5.,5,5)-convolution (1,1,1)-reflection padding
IReLU activation I ( -




Method:

 Number of independent centers
« Training: 10,629
- Validation: 1,256

* Loss function

2
L 2(10810 Prruth — 10810 ppred)

Tool: Tensorflow 2 / Keras

« 200~400 epochs; 3~4 days w/ NVIDIA Tesla V100(s)




Performance Test

Ngal Voo ~ Truth  TNG300
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[h~"Mpc]

Cf) Training without Peculiar Velocity
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Performance Test

TNG300-1

Cf) EAGLE

(Different
Hydrodynamics)

Normalized DM Density [Estimation]

Normalized DM Density [Estimation]
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Pixel-to-Pixel
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Performance Test

Cumulative Probability

Different
magnitude cut

—_

Q
[

o
()

o
I~

Q
(S

4

Kolmogorov-Smirnov statistics

Model 0810 P/ pivu) 5 (G, Snuin)

0—1Mpc/h 1—-3Mpc/h 3 —10Mpc/h
TNG100 —0.014 £ 0.543 0.263 £0.035 0.1754+£0.087 0.130 £ 0.042
EAGLE-TING100 +0.129 £ 0.491 0.171 4 0.055 0.152 +£0.047 0.149 = 0.040
TNG300 —0.020 £ 0.451 0.153 +0.035 0.134 ==0.040 0.163 =0.017
16mag —0.008 £ 0.468 0.109 £ 0.010 0.161 +=0.033 0.254 = 0.016
17mag +0.017 £ 0.481 0.143 £ 0.037 0.168 £0.018 0.251 4+ 0.019
noVpec | +0.016 £ 0.481 0.367 £0.115 0.407 = 0.061 0.170 = 0.036
stellarMas —0.050 £ 0.471 0.186 £ 0.056 0.218 =£0.016 0.269 4+ 0.021
DMhalo 0.431 0.264 +0.029 0.243 £0.030 0.263 £ 0.034

Without peculiar velocity

Stellar mass, instead oFl Dark matter-only
palaxy number, asinput simulation



Convergence Test: Local Universe

TNG100 TNG300
20Mpc/h 40Mpc/h

Combination

GX-GY

GX-GZ

GY-GZ

0 el 10 LC] [ S 10



SGX [Mpe/h]

Color: DVl Density

Arrows: Gradient of
Grav. Potential

Thickness: 4 Mipc/h




0.7 < r/h—*Mpc < 4.0 0.7 < r/h—Mpc < 4.0

TNG300 TNG100

TNG100-1
High-resolution
& Low-volume

TNG300-1-Dark

DMW-only
Simulation

0.7 < r/h-"Mpc < 4.0

Reconstruction
without using
Peculiar
Velocity
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Stress Test: Adding

Cosmicflows-3 has

0.1~0.5 of 1o error of
luminosity distance modulus
- 5~30% of distance error

Distance

anjeA aoe4

=

=]
o
=

=
=]
=%

=
=]
n s
-

0z

Error of Lumincsity Distance Modulus

=
=
—

1] 5 10 15 ] 25
Distance [Mpg]

Create 1,000 sets of
Cosmicflows-3 catalogues by
applying normal random
distribution of luminosity
distance modulus.

Recalculate peculiar velocity
with new distance.



Ra d i a I B i n 0.7 < r/mpc <40 o.?fm‘mia;.o O%tor%? ‘y:::cni-ﬁfo Ave ra ge
SNR

4.97a

0.7~4Mpc/h

40<r/h-'Mpc < 8.0 4.0 < r/h~"Mpc < 8.0

4~8Mpc/h 4.440

8.0 <r/h'Mpc < 120

8~12Mpc/h 4.650

12.0 < rfh-'"Mpc < 16.0

12~16Mpc/h 4.820

16.0 < r/h~"Mpe < 20.0

16~20Mpc/h 5.020

02 0z

: 3 -1 - ~1 0 1
Alogo XY (logup Yow — Jogp X))/ Alogyn X



Asys =

Average Systematics

_ |log19 2 — logyo XTNG300]

Alog;y XTNG300

Comparison Model

0.7 — 4Mpc/h

4 — 8 Mpc/h

8 —12Mpc/h

12 — 16 Mpc/h

16 — 20 Mpc/h

TNG100
diffHO
16mag
17mag
noVpec
stellarMass
DMhalo

2.281 (1.837+1:993
0.212 (0.17170:223
1.032 (0.94919.748
1.178 (0.901+1-081
1.935 (1.715+1:919
1.544 (1.256 1433
1.737 (1.154+2:233

1.474 (1.19671414)
0.162 (0.133+0:148)
1.093 (0.86811:939)
1.105 (0.889F2-026)
1.105 (0.83471-120)
1.175 (0.94671-136)
1.445 (1.127+1-414)

0.154 (0.116+9:101)
0.862 (0.71610-729)
1.001 (0.81575:237)
0.943 (0.70179-899)
0.925 (0.73479-299)
1.176 (0.913F5:997)

0.152 (0.1179:133
0.785 (0.64119.751)
0.887 (0.72670-562
0.828 (0.672+3 731
0.877 (0.692+9:337
1.057 (0.846+1:029

0.160 (0.12810:151)
0.804 (0.63113799)
0.898 (0.73470:833)
0.750 (0.62675:742)
0.907 (0.71319:399)
0.957 (0.79670:359)




summanry

can reconstruct D\ density & potential
of the Local Universe from galaxy distribution.

e Qurresultis with different boxsizes &
simulation setups.

* Even with distance measurement error,
the 2D projection shows reasonable mapping with
average signal-to-ratio

* Using Is crucial for reconstructing
a few M\pc-scale Cosmic Web.

of Local Universe is
mandatory for better prediction of underdense region.



