New Methods for Cosmic
Large-Scale Structure Analysis
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LSS Cosmology

SDSS-IV Catches the Rise
of Dark Energy

Present

Time Since the Big Bang
(Billions of Years)

Correlation function £(r): BAQO bump
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|s that all?
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l. Tomographic AP Test




The Alcock-Paczynski test

Alcock & Paczynski, Nature, 1979 We use cosmology to
calculate 3d shape
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. Bat sonar

[ [ 7a .
W Returning sound waves

* The bat can identify an ubjéct Ev the sound of the echo.

The bat's brain converts the received sound into 3d positions.



If you see this, something
wrong with your brain



AP is very simple (easy modeling)

happens on all scales (including non-linear!)

Spread out
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But life is not so simple...



Difficulty: RSD!

(no good solution for many years)
structure

Anisotropy from peculiar motion omm)  Actual
s —_— shape
Apparent

linear flow

shape
(viewed from
below)

n(h™ Mpc)
7 (h™' Mpc)

n(h™ Mpc)

o (W™ Mpe) o e U(h'PMPCJ ” 1_00 -20 -10 . 0 | 10 4. 20
Large-scale.motion Small-scale motion

No'RSD (Kaiser effect) (FOG effect)

-100 -50 0 50 100




Difficulty: Contamination from RSD

Strong
(5-10 times larger than AP)

Non-linear, very headache

1 want him disappears




Distinguish AP from RSD?

Li et al, 2014, ApJ, with Prof. Changbom Park @ KIAS

AP in 0_=0.26 ACDM
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AP: significant redshift evolution RSD: evolves less with redshift




Statistical Quantification via 2PCF
Li, Park, Sabiu, et al. 2015, MNRAS
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Statistical Quantification via 2PCF
Li, Park, Sabiu, et al. 2015, MNRAS
Test on N-bodyv

15% 30 45 I’I_"I 70 g0

140 @~@ 7=0.3-0.6
% 7=0.6-0.9 ' pe
1.2t $4 2=0912 fi :

i—# z=1.2-1.5
lﬂ"“‘—;-if—“—’
t

Ens(p) = / E(s, 1) ds.

0
/ ds £( 5.t ), amp normalized

0.8} i‘ . NoRSD
£ X E& S (,U ) iﬁ# '
':' = Hmax 0.6/ m;
jll[ gﬁ& ,“ d}'} i & T

" p.al. . With RSD i ;
Integration scale Correct Cosmology
6'40 MpC’h 0.2 u.al _J”I:I.E 0.8
B =cos 0

0 = angle between galaxy pairs and LOS



Statistical Quantification via 2PCF
Li, Park, Sabiu, et al. 2015, MNRAS f;l'est on N-body
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Application to SDSS DR12

Li, Park, Sabiu, et al. 2016, ApJ
1/4 sky, z = 0.15-0.7,

DR17 1.3 million galaxies
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Systematics in real data
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1. RSD

2. Galaxy bias
(affect clustering)

4. Radial variation
(incomplete LF
coverage)

5. Fiber collision
(high-density regions
under-sampled)

8,
H 0.150 <z, <0.274 | 0274<z <0351 | 0.351<z<0430 | 0.430<z<0.511 0511 <z<0.572, 0.572 <2, <0.693
v (120587) 10583) 1 (120889) (257193) 1) (257195)
—_ ' ' '
Talp e | Lo oz
Bl ; : : T CMASS
K|
2 ! ! . ! !
[ ] L Il ' . o, ' '
= ' gl -"L‘LH;‘JF ' 1 1 '
S I \ . ) |
=3 L ; . : ] :
h | | , \ |
£ : : ! i B !
1 l 1 1
— 1 1 1 1
1 ) :
. i Cosmology : 2, =0.31 ACDM 1 L .
0.2 0.3 0.4 0.5

z

But we can solve them:
Using mocks to simulate
everything.
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Horizon Run Simulations

HR3 (Kim et al. 2012) HR4 (Kim et al. 2015)
(10.815 i~ Gpc)’ (3.15A1 Gpc)?
71203 particles 63003 particles



Mocks from HR3/HR4

North

b wp
0 50 100 150 200 250 300 350

4 North / 8 South mocks can be made from an all-sky sample.

* 108 North / 216 South / 72 North+South mocks made from twenty-
seven z<(0.7, all-sky lightcones of HR3 PSB halos
» Large number of mocks, suitable for estimating covariance.

* 4 North / 8 South mocks made from one r<3150 Mpc/h, all-sky lightcone
of HR4 mock galaxies
» Faithful to real observational data; suitable for accurate modeling
of systematic effects



Simulation VS Observaton ..., 0pe

/
40 b0 0
1 8 20 30 . 50

118 === BOSS DR12 galaxies
‘ == HR4 N-body, mock galaxies

1.10
1.05
= 1.00p

<]
o 0.95}
0.90

FOG peak

0.85
0.80

CMASS NGC




Insensitive to Galaxy Bias
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Evolution in 6 bins
Li, Park, Sabiu, et al. 2016, ApJ
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Tomographic Analysis
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Tomographic AP applied to SDSS D

Li, Park, Sabiu, et al. 2016, ApJ
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by 30-40% |



Dynamical dark energy
Li, Sabiu, Park, et al. 2018, ApJ
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Robustness check
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Robustness check

Include

Remove
~all FoG
~ ; N

More conservative
binning
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Cosmological Interpretations



Cosmological Interpretations

|||||||||||||||||||||||||||||

: : 4+ BAO+AP (this work)
Comological Interpretation :

H, constraints (1801.07403) H+— BAO (2017)

|
L + LIGO et al. (2017)
i —— Riess et al. (2016)

Hiu Planck (2015)

:}—-—- WMAP9 (2013)

BAO+AP is consistent with CMB
(32% improvement by adding AP)

F
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Cosmological Interpretations

Comological Interpretation

H, constraints (1801.07403)
Non-parametric DE constraint (1902.09794)

—0.6 1

—— Planck+SNIla+BAQO+H,
—— Planck+SNla+BAO+Hy+AP

#F b k&

z

100% improvement on w(z)
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Cosmological Interpretations

Comological Interpretation
H, constraints (1801.07403)
Non-parametric DE constraint (1902.09794)

MG
More parameters (1903.04757)
ACDM extension wCDM extension
Parameter Planck+BAO +AP Planck+BAO +AP
e oo ~0.0002% 0040 00004535 —0.0010% oy —0.0015%5 504
Yo leNT v wisen v v w < 0.181 < 0.141 < 0.295 < 0.243
Bt w soms wooms s % 0% % 5 R g 1.07°52 295" 296 o
A fdk « vs wvir 5 20s 5 s -0.002370013%  —0.0025°0013%  —0.00247001%  —0.00254001 %2
P W SN SR B 8§ < 0.115 < 0.121] LS <1

20-30% improvement on Q;, m, N«



| know you have questions.
Let me explain more.



Q: Why results so godd !?

A: By reducing RSD, we can use small-scale clustering.
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Actually, method also works for Fourier space
Luo (¥ #B%), Wu, Li, 2019, ApJ

Por(1) 2-Paic(d) 2,

A

I
2
=
=]

o o o
o o o
(=] = %)

|
2
=}
=t

Bty Pos )5,

|
=
(=]
]

Q= 0.307 | —— #=0-00

w=—100 ~* Z=020
—— 7;=0.40

—a— z=0.61

1.00 <k <1.40

Gn=0.307 — =<0

W= — 1 00 —& ZI'=0.20
—— z=0.40

—— 7;=0.61
—— z=0.89
—4— z=1.00

1.40 <k<1.80

Qp, = 0.407 | — z=0.00

w=—1.30|* z=0.20
' | —— z=0.40

—— z=0.61
—— a:gﬁg
—— z=1.00

1.00 <k <1.40

Qm = 0.407 | — #=9.00

w= —1.30 —* =020
—— z=0.40

1.40 < k < 1.80

T T T
0.2 0.4 0.6

u

T
0.8

0.2 0.4 0.6

u

Tomographic AP can work at
k=1-1.8

(test using BigMD Nbody)



Q: But we all know RSD is evolving?!



Q: But we all know RSD is evolving?!

A: We are not saying “RSD i1s invariant”.

We should say, “in many models AP evolves larger than RSD,
these models can be ruled out by our method”.
Also, we do correct RSDs via simulations. We are even

planning a model-dependent correction.



Q: “Small evolution of RSD” is just “a phenomenon you find”.

You don’'t have solid proof.



Q: “Small evolution of RSD” is just “a phenomenon you find”.

You don’'t have solid proof.

A: 1) On non-linear scales, N-body is a kind of “the best theory”




Q: “Small evolution of RSD” is just “a phenomenon you find”.

You don’'t have solid proof.

A: 1) On non-linear scales, N-body is a kind of “the best theory”

2) If you only rely on analytical approach, you will miss many things

A =
2L sin 2T g~ A pfigy 5=
g

EVS e

BE F M www.nipic.com @Y. melody9988



Q: “Small evolution of RSD” is just “a phenomenon you find”.

You don’'t have solid proof.

A: 1) On non-linear scales, N-body is a kind of “the best theory”
2) If you only rely on analytical approach, you will miss many things

3) Simulation-based approach is the future trend (emulation, machine learning, ...)

. Cosmological Physics & "y s

Advanced Computing . ~&..

" Argonne T



Q: “Small evolution of RSD” is just “a phenomenon you find”.

You don’'t have solid proof.

A: 1) On non-linear scales, N-body is a kind of “the best theory”
2) If you only rely on analytical approach, you will miss many things
3) Simulation-based approach is the future trend (emulation, machine learning, ...)

4) Actually, we are trying to “prove 1t” using CLPT ...

Convolution Lagrangian Perturbation Theory for Biased Tracers

Jordan Carlson'*, Beth Reid?, and Martin White!?
! Department of Physics, University of California, Berkeley, CA 94720, USA
2 Lawrence Berkdey National Laboratory, 1 Cyelotron Road, Berkeley, CA 94720, USA c L P I pa pe r
-
b arXiv:1209.0780

ABSTRACT

We present a new formulation of Lagrangian perturbation theory which allows accurate pre-
dictions of the real- and redshift-space correlation functions of the mass field and dark matter
halos. Our formulation involves a non-perturbative resummation of Lagrangian perturbation
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Preparations for
future data (preliminary)
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CSS-0S LEO  ~2022 1:1 0.15 2.5 17500 255—1000 =7 yes

. 056 | 302 06 550—920 1 no
EHCHE E2 2R N e N it 00| aooo—2000 | a0 | ges

WFIRST L2 2025 0.28 >0.2 0.3 ~2000° 827—2000 4 yes

LSST Chile 2022 9.6 ~0.7 3.2 18000 320—1050 6 no

Reego: radius encircling 80% energy

Space = HST/ACS
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Best image quality among surveys! 11/43

By Zhan Hu



DESI Forecast

— Planck+BAO
- %5

1.0 Planck+BAO+AP }E‘i@ﬁﬁ“]’ﬁ—]‘é‘

If we can control systematcis, then
Planck+DESI BAO/AP is10 times better
than Planck+ DESI BAO

wow;CDM forecast

1.4 45 ~1.0 0.8 —06
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Challenges

Big Data (expensive mocks)
Big Covmat (many, redshfit bins)
Systematic error becomes critical !

(worry about the cosmological
dependence of the RSDs)

n(z,)

0.8

0.6

0.4

0.2

5 z_—bins,

Zan=1.9




Fast mocks using COLA algorithm
(COLA paper: arXiv:1301.0322)

boxsize = 100 Mpc/h
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COLA, 10 timesteps N-body, 2000 timesteps
CLOA strategy = Lage-scale 2LPT + small-scale Nbody



RSD estimation using COLA

Ma, Guo, Li, et al., 2020, ApJ

Kaiser
\

dashed lines: BigMD Nbody
FOG 15 dotted lines: COLA _
| solid lines: SDSS

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

-

-

Accuracy of COLA seems to be good

1.0



COLA in lightcone

(Using L-PICOLA code: arXiv:1506.03737)
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X=

30003 particles, ~100 cores,

finished in ~ weeks

we will need 103 runs in single/multi

cosmologies for covmat/systematics



Redshift Caveat of CSST

CSST
redshift error

N

For RSD and tomographic AP methods (workingon5—-50 M

h)

Large effect
expected

0.006 4
0.005

N (0.004

0.002 |

0.001

A-=2 Mpc/h (should be OK) ' -*
A-=5 Mpc/h (affected a lot)
A-=8 Mpc/h (significant effect} o

0.001 * (1+2) e
0.002 * (1+2) "

Some effect

/ expected

0.0

0.5 1.0 1.5 2.0

25



. lopology

\

‘v
! :sn "
N
TR







B-SKELETON

I

Nina Amenta et. 1998




Jaime Forero Romero

B-SKELETON

I

Nina Amenta et. 1998




B-SKELETON: Connection based on empty space

Feng et al., MNRAS, 2018
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Length of connections

Feng et al., MNRAS, 2018 Two peaks
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Length of connections
Feng et al., MNRAS, 2018

Robust major peak

1000004 :
— z=0.0 ---- z=0.0
— 2z=0.3 ---- z=0.3
80000 —z=0.6"1 P -—=-z=0.0
# -
2=0.9 i z=0.9
f! f’ .‘."" \\.
i & y LY
Minor peak RS xTF
I “=" ¢ ~
- I R L T \\ \\
disappears! b/ el o
40000+ s PR M
L|r J'I ‘\"'-.. \::\
I\bf S "‘-}-\
N i Teads
20000+ y P T
kbﬁ“‘
, = < - -
. | __With RSD™ . NoRSDT
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8

L (h~Mpc) L (h—tMpc)
Adding RSDs



In-progress works

Topology
Entropy of cosmic web (Garcia-Alvarado et al., MNRAS submitted)

Relationship with other methods using Machine Learning (Suarez-Perez et al.,
In progress)

Density Field B-Skeleton
. B 7 'u-'xi W\ B NP - e

150 200 250 300
X [Mpc]




In-progress works

Topology

Entropy of cosmic web (Garcia-Alvarado et al., MNRAS submitted)

Relationship with other methods using Machine Learning (Suarez-Perez et al.,
In progress)
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Cosmology (more difficult)

Under investigation...
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MDPATCHY
—— BOSS DR12 galaxies
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B-skeleton
Feng et al., MNRAS, 2018 Clustering
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B-skeleton
Feng et al., MNRAS, 2018

Clustering
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Major peak

B-skeleton o e
Feng et al., MNRAS, 2018 stable and Clustering
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B-skeleton
Feng et al., MNRAS, 2018

Major peak
becomes
stable and
redshift-invariant
Looks like another
standard ruler!

Clustering
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Just mention two more
methods ...



Topology as standard ruler
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Changbom & Young-Rae, 0905.2268 Stephen & Changbom, to appear



Mark weighted Correlation Function

Yang et al., appear soon

weighting all objects by P¢




Mark weighted Correlation Function

Yang et al., appear soon

weighting all objects by P¢

y (h~1 Mpc)

a=1:

1200

1150 A

(]
o]
[a]
o
1100 5
[e]
[
o}
(s8]
1050 A &
8 =]
o D &
o o

1000 - BigMD halos, weight«p
z=10.102, nyg = 30, z€ (1045,1065) h? Mpc
1000 1050 1100

x (h~1 Mpc)

1150

1200

y (h~1 Mpc)

1200

1150 A

1100

1050

1000 4

focus on clusters/filaments

Wz o
%
O O
@ g8
e O a
o0
5 0
Q
o o
B
O 8
&
O +
Q e}
O . O O@@
o QR O
o o 2 @

BigMD halos, weight « p~1
z=0.102, ny = 30, zE€ (1045,1065) h~1 Mpc

: T
1100 1150

x (h—1 Mpc)

1000 1050

a= -1: voids

1200



Mark weighted Correlation Function

Yang et al., appear soon

— a=0
......... a= —0.5
a=0,0.5 —-05
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weighting all objects by P ...~
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Combining information from different weights



B-skeleton Major peak

becomes
Feng et al., MNRAS, 2018 stable and Clustering
redshift-invariant
Looks like another
standard ruler!
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This peak is insensitive to everything.
Cannot be used to do cosmology.



l1l. Machine Learning
Cosmology

For me
SO easy




Motivation

Simulation of cosmic web

The Extremely Complicated LSS
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Simulation of cosmic web

The Extremely Complicated LSS
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Connectionism (3% £ )

* “When connecting together a large
number of simple units, the system
becomes intellegent.”



Connectionism (3% £ )

* “When connecting together a large
number of simple units, the system
becomes intellegent.”

« Example: Our Brain




Connectionism (3% £ )

Our brain is just a
collection of naieve things




Deep Learning in one slide

Output * Inputs are just pixels

(object identity)

3rd hidden layer
(object parts)

2nd hidden layer
(corners and
contours)

1st hidden layer
(edges)

Visible layer
(input pixels)



Deep Learning in one slide

Output * |Inputs are just pixels

(object identity)

« Based on that, more sophisticated

ST IGCCT: (R features constructed. See hidden layers.

(object parts)

2nd hidden layer
(corners and
contours)

1st hidden layer
(edges)

Visible layer
(input pixels)



Deep Learning in one slide

Output  |Inputs are just pixels

(object identity)

« Based on that, more sophisticated

Hra-ilden Ry features constructed. See hidden layers.
(object parts)

2nd hidden layer » First layer identifies edges based on
(corners and brightness contrast;
contours)

« Second layer identifies angles and

boundaries based on edges;

1st hidden layer

(ediges) « Third layer groups together angles and

boundaries and can identify some objects

Visible layer
(input pixels)



Deep Learning in one slide
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Neural Network
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Deep Learning in one slide

Neural Network

3D field
1 196,608

L W W, W,




Pan et al., arXiv:1908.10590

COSMOLOGICAL PARAMETER ESTIMATION FROM LARGE-SCALE STRUCTURE DEEP LEARNING

SHUYANG PAN, Mi1aoxIN Liu,' JaAIME FORERO-ROMERO,? CRISTIANO G. SaBIU,® ZHIGANG L1,* HAITAO MIAO," AND
Xi1a0-Dong Li **

We propose a light-weight deep convolutional neural network to estimate the cosmological parameters from simulated
3-dimensional dark matter distributions with high accuracy. The training set is based on 465 realizations of a cubic
box size of 256 h~! Mpc on a side, sampled with 128* particles interpolated over a cubic grid of 128% voxels. These
volumes have cosmological parameters varying within the flat ACDM parameter space of 0.16 < €2,, < 0.46 and
2.0 < 10°A, < 2.3. The neural network takes as an input cubes with 32% voxels and has three convolution layers,
three dense layers, together with some batch normalization and pooling layers. We test the error-tolerance abilities
of the neural network, including the robustness against smoothing, masking, random noise, global variation, rotation,
reflection and simulation resolution. In the final predictions from the network we find a 2.5% bias on the primordial
amplitude og that can not easily be resolved by continued training. We correct this bias to obtain unprecedented
accuracy in the cosmological parameter estimation with statistical uncertainties of §¢2,,=0.0015 and dog=0.0029. The
uncertainty on €2, is 6 (and 4) times smaller than the Planck (and Planck+external) constraints presented in Ade

et al. (2016).

&R FE K=
TEMKFT

Fore more reference: Ravanbakhsh et al. 2017, Mathuriya et al. 2018



Training Set

500 cosmologies

« 128 3 particles, (256 h -1 Mpc) 2 box,

.- 0.16<Q_<0.46
+ 20<10°A_.<2.3

T
150
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Our Architecture
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~103 of neurons,
much simpler than
our head
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Features
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Features

Q-0 = 0.16, 0.43



Training (converge after 200 epochs)
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Controlling Bais

L11 . Ground truth
« CNN prediction
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We add a regression to fit
the bias and correct it



Cosmological Constraint

|
* Ground truth: — Groud truth — Groud truth
0.835 18307115, 1.0228) —— CNN prediction —— CNN prediction
; CHNN predictions, bias corrected
*  (0.3073 +0.0015, 0.8178 + 0.0029) 1.0 4 1.0 -
0.830 1
0.825 0.8 1 0.8 4
0.820 1
e;:' 0.6 0.6 1
0.815 1
0.4 4 0.4 4
0.810 1
0.805 ~ 0.2 0.2 1
0.800 1
0.0 0.0

0.3000 0.3025 0.3050 0.3075 0.3100 0.3125 0.3150 0.304 0.306 0.308 0.310 0.800 0.805 0.810 0.815 0.820 0.825



Precision

(256 Mpc/h)3 + CNN yields to
0Q,, =0.0015, do;=0.0029

Accuracy of Q.. 6 times better than Planck



Precision

Relative error of (2m,08)"

smallest
CNN (0.0048, 0.0053)
g U 3 times larger
2pcf, s € (0,130)h 1 Mpc (0.017, 0.012)
o ) o 10-20 times larger
2pcf, s € (10, 130)h~1Mpc (0.1, 0.06)

“Defined as Ay/y (y stands for 2y, 03) Machine outperforms

2pCF



Robustnhess Tests
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Robustness tests on samples having 323 voxels.



Robustnhess Tests
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3% smoothing or 10% global variation :~ 20 shift in central values, ~ 100% enlarged errors



Robustnhess Tests
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1% smoothing, 5% global variation,10% change in the simulation’s resolution: 1o shift in central values,



Robustnhess Tests

& Ground truth: 0.56 1 Ground truth:
— (Qm, 08)=(0.26,0.69) * (Q,, 05)=(0.31,0.82)
Original sample Original sample
®  0.25+0.01, 0.69+0.02 0.86 ®* 0.31+0.01, 0.81x0.02
0.74 5% random noise: 10% lower resolution: s gy w®
0.25 +0.01, 0.69 + 0.02 0.32 £0.01, 0.83+0.02 % X
B randam i ige: 10% higher resolution: £ "N

0724 © 0.25£0.01,0.70%0.02 0849 X §30+0.01,0.79+0.02

y, S
s £ 40
| 0.82
lg! 0.70 éo a x,&(
- ﬁ. ™
» :
0.68 0.80 1 ®,
| ¥
teh 0.78 xx, X
X
H
0.64 . % . e = B ;
Random noise 0.76 4 & Simulatin resolution
x x
U.|23 E}.|24 U.|25 E}.IEE U.IET IJ.IEE 0.29 0.30 031 032 0.33 0.34 0.35
Qm nm

Robustness tests on samples having 323 voxels.
3% smoothing or 10% global variation :~ 20 shift in central values, ~ 100% enlarged errors
1% smoothing, 5% global variation,10% change in the simulation’s resolution: 1o shift in central values,

1 or 4 3 voxels removal, 5% or 8% random noise, rotation & relfection: no change



Next Step

ML on realistic SDSS mock surveys
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(a few more words)



LSS Reconstruction using Machine Learning




LSS Reconstruction using Machine Learning

Just like image transforming...
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IC & Velocity Reconstruction
Very preliminary trials

Based on z=0 density field...
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Very preliminary ftrials
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Q,, = 0.320
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Conclusion & Future
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Traditional methods

rs, Da, H, D, fOo's



Traditional methods

Observation

Statistics
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Traditional methods

Observation

Statistics

(o)
Is, DA, H! DL’ f 8 Is, DA, H, DL! de

4

Cosmological OK for
constraint gaussian, linear



Novel Method

Simulat
ion




Simulat
ion

Some features

e.g. z-evolv

of AP, RSD

Novel Method
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Simulat
ion

Some features

e.g. z-evolv

of AP, RSD

Novel Method

Cosmological
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Some
non-linear



Machine Learning




Machine Learning

Observation




Machine Learning

Observation

Cosmological (Hopefully)
constraint non-linear



Application to future surveys
all methods need a lot of mocks!
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1. systematics correction
(~103 runs, multi-cosmologies)

2. covariance matrix

(~103 runs, single cosmology)
3. machine learning training/test samples

(~103-104 runs, multi-cosmologies)
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