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What we want to understand...

Evolution of the Large Scale Structure

Particles Dark First stars/ Galactic
Big Bang Inflation  form Recombination ages galaxies evolution Today
i matter u”

r ol s " '-.:-"'-’.'Dg_fk

Credits: ESA



[Taditional Inference pipeline

Initial conditions \YelatsI@il=lle Observables 2pt function
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Traditional Inference pipeline

AnalyticModeling

Measurements

Covariance

Analysis Constraints
=l 9 MCMC By

Likelihood

Distance Parameter?

Correlation
Parameter?2




Cosmology 1

—

'here is much more
Nnformation in the
observation

2pt correlation alone does not
capture all the informationina
non-gaussian field.

Cosmology 2 -
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How do we do petter?

- GO beyond 2pt statistics!

- Multiple options:

-Marked correlation function
-Wavelets transtorms
-Graph neural networks

-Convolutional neural
networks

= rhany mere)



OW O we do petter”? m

(Too non-linear)

- GO beyond 2pt statistics!
- Multiple options:

-Marked correlation function

-Wavelets transtorms s P

_Graph neural networks (Need too many simulations)

-Convolutional neural
networks Slik

" cenns (many more) (Away from central limit theorem)




Simulation Based Interence (SBI) pipeline

Matter field

Initial conditions
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Simulation Based Interence (SBI) pipeline

Matter field

Initial conditions
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What are the main pottlenecks
N this pipeline?



Simulation volume
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Simulation volume and resolution

1 08<z<1.1
1 11<z<1.6

Requires ~6000°

oarticles for 3Gpc

eBOSS quasar clustering box
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halos that galaxies occupy

Rocher et al 24



Simulation volume and resolution
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Typically need to run a lot of them to compare against the observations using
techniques like SBI as mentioned before




Lets start with accelerating halo inding in

Quijote N-body

the most extensive simulation suite we have

halo
(dark matter)

spiral disk
(visible stars)

.1 (Gpc/h)’ volume, 1024° particles
Credit: Luna Zagorac + Astrobites ° ~ZOOO Sj_ms Varying Cosmologj_es
° ~5000 CPU hours/sim

. 108 M halo mass resolution


https://astrobites.org/author/lzagorac/

Quijote N-pody

® Quijote Suite

LCC) 1011

g - (Classical N-body
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10-7 . .
10-1 100 102 ~
Survey Volume [(Gpc/h)’] .1 (Gpc/h)® volume, 1024° particles
Credit: Matt Ho + LtU-ILI team o NZOOO Sims varying COsmOlOgieS
Naively scaling Quijote simulations to the needed o ~5000 CPU hours/sim
volume will not work! . 10"° M, halo mass resolution

« >270 million CPU hours needed for
full SDSS-like volume LH set



Particle mesh

: 1 (Gpc/h)® volume

= 3847 particles

« ~5 CPU hours/sim or 10 GPU sec/sim
« [C —> Matter can be differentiable
and much faster with GPUs

Quijote N-pbody

pe | »'vs,;lq\ -
Lo

[

1 (Gpc/h)’ volume

10247 particles

~5000 CPU hours/sim
Not-differentiable
>270 million CPU hours needed
for full SDSS-like volume LH set



onnect PM to N-body ha

4D, 3D
Matter density field Halo distribution
(PM Simulation) N-body Simulation

Input Target

17



zethe 3 ume (~8Mpc voxel

4D, 3D
Matter density field Halo distribution
(PM Simulation) N-body Simulation)

Input Target

18



Creating Halos with Auto-Regressive Multi-stage
NEetWOorks

RM. arxiv:2409.09124

4D, 3D
Matter density field Halo distribution
(PM Simulation) N-body Simulation)

Input Target

19



CHA.

Qvervie
09124

arxiv:2409

=M

3D
Matter density field

(PM Simulation)
Input

3D
Halo distribution
N-body Simulation
Target



CHARM

Overview

arxiv:240909124

~
ResNet
T
X2
Learned
Feature Features
extraction
3D 3D
Matter density field Halo distribution
(PM Simulation) (N-body Simulation)

Input Target



CHARM

Overview

X1v:240909124

(i R
ResNet
-
X2
- Learned
Feature Features
extraction
3D 3D
Matter density field : Halo distribution
(PM Simulation) Cosmological (N-body Simulation)
Parameters

Input Target



Low density
High density

Total number
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Feature Features

extraction

3D
Halo distribution
(N-body Simulation)
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Matter density field

Cosmological

(PM Simulation)

Target

Generative

Parameters

Input

Model



Low density
High density

Total number

=M

CHA

Overview

WRIS0)STH

Base distribution

Low density
High density
Tinker 2008
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halo mass
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CHARM

~

QOverview G
arxiv.2z409.09124 Density
Network
(N tot)
\_
-
& > — 2. Spline
ResNet o Transformation
-—>
X2 ->- x5
- Learned \| (M)
Feature Features
extraction
-
3. Neural
L Spline
S = Flows
Matter density field . re
(PM Simulation) CosmologlcaI\(Mz, T MNtot)
Input Parameters ~/
Generative
Model

Total number
of halos

Low density
High density

Histogram

Nyalo unquantized

Low density
High density

Base distribution
Tinker 2008

Heaviest
halo mass

—_
-
w

Histogram
—_
-}
[\

—0.2 0.0
M7 normalized

Second heaviest Low density voxels

halo mass High density voxels

Base distribution
Gumbel

3D

Histogram

102 Halo distribution
(N-body Simulation)
10! Target

0.4 0.6
(My — M;) normalized



CHARM

Qvervie
arxiv: 240909124
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N-pt pertformance — Redsnift space
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Cosmology interence pertormance with SB
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Do
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(), true Credibility Level

Accounts for halo-galaxy connection with analytical frameworks (eHOD)

Currently being developed further to analyze the SDSS-NGC data within the LtU.

Being further developed to generalize to redshifts to get halo lightcone



Generalizes to large volumes
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I )

Can now run suite of large simulations
CHARM is 1000x faster than N-body

® Quijote Suite
- (Classical N-body
- LtU PM + Emulation
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Credit: Matt Ho + LtU-ILI team



Robustness

- Validating on completely
independent simulation:

HARM can generalize to MTNG + L-Galaxies

. Different halo finder

- Using a completely
different way of

oopulating the galaxies A | S A R

“A

"TY

. Also similarly validated on
the Abacus simualtions:

comoving distance [ Mpc | redshift

7"""']'

v'vvvvlvvv

. Different gravity solver Fe=oz4(k) + Bo(k), k < 0.4 h/Mpc

different mass
definitions, multiple
cosmologies

'YV""

Froaoa bh
'lY'll"‘l"IllY.‘
ool

NEEERL
Ilvvv["vvv'vv
FEEERL

\
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Credit: Matt Ho + LtU-ILI team




Forecasted constraints
SDSS data analysis ongoing within LtU

| T 10_1

SimBIG Field-level

-

SimBIG Field-level
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Here halo locations are localized to ~8Mpc.
But we want to go to smaller scales!
Can treat positions as properties as well.




Here halo locations are localized to ~8Mpc.
But we want to go to smaller scales!
Can treat positions as properties as well.

We want an architecture that is very
efficient and scalavle 1or long-length

auto-regressive dependencies,




How else to go from left to right

e cistripution? B
Target

0.30

©
DO
ot
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S
atter Density

0.15 =
—_4
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(@)
Dar

0.05




Matter density + velocity fields 1
z=0.5, 1.0
(PM Simulation)
Input

0.30

{ ~15 conditional fields

aPock Channel Attention Module s
/-\ jﬁ
\ o Al / M] @ @ _C:annel Attention
- Shared MLP E Mc
\ Input feature F )

Spatial Attention Module

o

Channel-refined [MaxPool, AvgPool] Spatial Attention
feature F’ M

Transformer Encoder

e 8 00008 6 00 )

* Extra learnable

[class) embedding Linear Projection of Flattened Patches

SN E I I I A O e
b . ’
HEN 8 | .

Halo distribution
(N-body Simulation)
Tarsget

14.50

14.25

14.00

13.75

13.50

13.25

13.00

log,,(Halo Mass)



Matter density + velocity fields

(thzgirslﬁlt’gon) Halo distribution
Input (N-body Simulation)
’ Target
. 0.30 14.50
v 025 2 14.25
:
0.20 & 14.00
= 13.75
0.15 =
= 13.50
0.10 5
13.25
0.05
13.00

N, embed COSMoO

N, seq—enc

log,,(Halo Mass)



Matter density + velocity fields
z=0.5, 1.0

. . Halo distribution
(PM Simulation) ) .
Input (N-body Simulation)
Target
. 0.30 14.50
| 0.25 & 14.95
n
S 14.00
0.20 E .
(D)}
N 13.75
(@)
0.15 =
E 13.50
av]
e 13.25
0.05
13.00

embed COSIMoO

EEE=======s ¢

N, seq—enc

l Tokenization

Heaviest halo Embedding
property tokens \

[<START>, 42, 21,12, ,<SPACE>,
Second heaviest halo _37, 31, 12, » <SPACE>,..., <END>,
property tokens <PAD>,..., <PAD>]

/ 3D position tokens

log,,(Halo Mass)



Output
Probabilities

Matter density + velocity fields *
z=0.5, 1.0

Halo distribution
PM Simulation . .
( SII1 1111 tat on) Layer Norm (N-body Simulation)
P t Target
0.30 14.50
0.95 "? ? 14.25
S
0,90 A Layer Norm o L 1400
% 13.75
0.15 =
» 13.50
0.10 5
13.25
0.05
13.00

Layer Norm

?

embed COSIMoO

g ‘
N BN BN B BN BN B B B .
N B B BN S B . Layer Norm

N, seq—enc

Positional

Tokenization

Encoding

Heaviest halo Embedding
property tokens \

[<START>, 42, 21, 12, ,<SPACE>,
Second heaviest ha,10/37, 31,12, , <SPACE>,..., <END>,
property tokens <PAD>,..., <PAD>]

/ 3D position tokens

log,,(Halo Mass)



Fixed cosmology: 1-pt performance

s
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DN

Halo counts
In sub-boxes

_iv

0
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10 12 14 16 18 20
N halo

Halo masses
In sub-boxes

250

13.5

14.0 14.5
loglo(Mhalo)

15.0

15.5

arXiv:2409.11401



https://ui.adsabs.harvard.edu/link_gateway/2024arXiv240911401P/arxiv:2409.11401

Fixed cosmology: 2-pt pertormance

Unweighted |  Mass weighted

Power spectra Ny B Power spectra

T
k (h/Mpc)

arxiv:2409.11401

Can go to much smaller scales now!



https://ui.adsabs.harvard.edu/link_gateway/2024arXiv240911401P/arxiv:2409.11401

Halo Mass Distribution: Truth vs Inferred Halo Velocity Distribution: Truth vs Inferred

.Simulations 114-118 N Simulations 114-118 T Truth

—eo— Inferred _ . —eo— |nferred

Number of Halos
Number of Halos

14.0 145 ) ) , . . 0.0
10910 Mhaio [h™1Mg] Vhalo/1000

Halo Concentration Distribution: Truth vs Inferred

- == Truth

- Preliminary results | eI

. 1-pt inference on test simulations

. Varying cosmologies have
orders-of-magnitude different
number of halos

Number of Halos




Real space halo power spectra: Truth vs Inferred Redshift space halo power spectra monopole: Truth vs Inferred

—
-~
b .

—— Y ——
raLtetions 114-118 Truth magMagions 114-118 Truth
~ -o= |nferred N -o== |nferred

Redlsohift space halo power spectra quadrupole/monopole: Truth vs Inferred

- P rel | m | n O ry reS u ‘tS . Simulations 114-118 - Truth

-o==|nferred

. 2-pt inference on test simulations

« Showing both real-space and

redshift-space power spectro
Multipoles




—

['his was for halos ana their properties only
requires halo-galaxy connection!

r

Can we go to galaxies and their
opserved properties directly while
marginalizing over Cosmology?



CAMELS Hydro-sims

)

(25 Mpc/h)’ volume

~6000 CPU hours/sim
Four astrophysical and two
cosmological parameters varied
1000+ simulations in a latin-
hypercube space of parameters



CAMELS Hydro-sims

. (25 Mpc/h)> volume
: Dark matter only - ~6000 CPU hours/sim
» Matched IC and cosmology . Four astrophysical and two
: ~100x cheaper/sim cosmological parameters varied

° 1000+ simulations in a latin-
hypercube space of parameters



Galaxy properties
[NlustrisTNG-only

—— Intrinsic (< 10 Myr) M. /Mg= 3.42x10'°

Intrinsic (> 10 Myr) SFR/Mg yr—t= 3.01
- |ntrinsic (total) Filters:

- Attenuated (total) = I GALEX FUvV

: L o m GALEX NUV
° Ste‘ ‘O r m O SS Attenuation curve SLOAN/SDSS.

Generic/Johnson.U
SLOAN/SDSS.g
Generic/Johnson.B

2 GO ‘O Xy ‘ | ﬂ e_Of_S | g ht N iAd Generic/Johnson.V

SLOAN/SDSS.r

" SLOAN/SDSS.i
ve ‘ OC | ty SLOAN/SDSS.z
Generic/Johnson.)
UKIRT/UKIDSS.Y

UKIRT/UKIDSS.)

+ SDSS photometry | L B S
(dust attenuated) a

Lovell et al 24



z—oo,,o;,bs 0.6, 1.0
(N-body §1mu1at10n)
- Input_

0.30

©
N
St

()
S
Matter Density

0.15

Dark

0.10

0.05

N, seq—enc

Now we

condition on lots
of DM fields

embed COSIMoO

Heaviest galaxy

property tokens \

Output
Probabilities

-

|

Embedding
/ 3D position tokens

[<START>, 42, 21, 12, <SPACE>,

Second heaviest
galaxy property /37 31,12,
tokens

, <SPACE>,..., <END>,
<PAD>,..., <PAD>]

Galaxy distribution
(Hydro Simulation)
Targeb

Tokenization

14.50

14.25

14.00

13.75

13.50

13.25

13.00

log,,(Halo Mass)



{8918 1l BRI

. Inference of galaxy properties on test LH simulations.
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log M, VUgalaxy/1000. (km/s)

Neurips2b ML4PS workshop



N-body DM density

N-body DM density

Truth galaxies

25 ¥ o . ° o T v
¢ o
¢ [ ] 0 [
° : ° o ® A
201 ° - .
o [
o o
;%. * ] 8
°
© » ® °
o ® ¢ o
o o] o)
15 A ® = -
o ° '1' ¢ o * o
o) ¢ .'. Y L ® . L L ]
o L ®
» o
lo oo °° »°
e o ’ PY . S s
10 A :' ® .‘.; ’.‘.' o o
° o Y
9 o‘. ¢ o ° o o
I ® %o ’.
g s © ° d* /Y
o o0 o« %, o°
® o ° P s
< N7
5 - '.‘ .‘l‘
0.."... L ¢ e ® e .o °
[ ] ° o o Py ..
°
S ¢ o i A N
R o
0 - 1 1 1
0 10 15 20 25
Truth galaxies
25 = e ° ®
° L ]
o
o
O O
20 - S d“’ °
.4
® o
°
o
15‘ ‘ (] ®
R o e
o
® o
® ° e
10 A
o
° °
5 ® .o
<o.. ° o® o
° °
°, ° ¢ I
¢ o
° °
0 ; ‘ - l" :
0 10 15 20 25

Mock galaxies

25 s S . - .
® ¢ o
]
P ° o 9 o
o o ° 2 °° *‘
20 A °. . » s, .
® .. ®
.‘. ® [ ° ¢
a ™Y ..
® P "
15 1 S %
®e '\ Ik . ™ "
® O‘ o] L ° [ J o]
o o ° o
o . o) ’.
104 ® . o °°, ce .
% L o ¢ o’® S
P '.. . .. ‘ ® .. L4 .’ ..
* Lo , o © ..q ..“ ..
LIPS o o o] ° ? o
5 - - * ‘e e °
w & :'. i
.oﬂ'b‘.o ° ° o...ai' [ ) ;!; °
- oo L JPSY
’ o ° ’ o c:'. 1);' .‘L
0 e * . ik s
0 10 15 20 25
Mock galaxies
25 O T
¢ d ®e® oo
o '=
°
i °7 ee
20 .
Pd
. ™ S
° ® ’.
154 ®° o ® oo
° ° I
°
¢ ® ° [s} ®
L o
o
10 7 ° o
=
° ° o
™
o® ¢
5% o
o ’. * o
’ d Ie} o
.' [ [ ]
o o
£’ L . ° o
0 1 1 - 1
0 10 15 20 25

- 11.5

11.0

10.5

10.0

9.5

1 11.0

- 10.8

10.6

10.4

10.2

10.0

9.8

9.6




20t (and beyond) correlations

. Inference of galaxy properties on test LH simulations.

Neurips2b ML4PS workshop



[nterpreting the learning

't is nice to know that the computer
understands the problem. But |
would like to understand it too.

- Eugene Wigner




nterpreting the learning
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== All 2 DMO fields
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Conclusions

. Accelerated forward models are needed it we wish to extract
full cosmological information from current/future surveys.

- The generalizability of transformers to multi-modal inputs can
pe extended to cosmological simulations as well!

- More work is needed to integrate it into final data pipeline anag
to interpret the performance of the model.



Extra sliaes



Halo

[nding in PM

- PM can only reliably find friends-of-
friends halos of high masses

« Rockstar halos much more reliable.
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=l i

RG galaxies occupy

halos with M ~ 10 M /h

FoF FASTPM/Quijote

FoF FASTPM
FoF' Quijote
—— Rockstar Quijote




Can we go to small
scales”?



How else to go from left to right
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Matter density field
(PM Simulation)
Input

Can treat it as a language o
translation proplem arvory Smussion
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GOTHAM
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1-pt performance
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2-pt performance

Unweighted |  Mass weighted

Power spectra Ny B Power spectra

T, T
k (h/Mpc)

Can go to much smaller scales now!




