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How can we efficiently extract information from LSS surveys?
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How can we efficiently extract information from LSS surveys?

» standard analyses
two-point correlation function, power spectrum
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How can we efficiently extract information from LSS surveys?

» standard analyses
two-point correlation function, power spectrum
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How can we efficiently extract information from LSS surveys?

» standard analyses
two-point correlation function, power spectrum

» higher-order correlations ° . °
three-point correlation function, bispectrum, etc .
» multiscale statistics '\./. .. ’;\\A;ﬂ'
wavelet scattering transforms, e

density PDF's with # smoothing scales, etc S o
(]
» correlations or distribution of specific objects o ., .
density extrema (clusters, voids) .

topological environments (Minkowski functionals, etc),
density-split statistics

» machine-learned statistics
neural summaries

» field-level inference
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How can we efficiently extract information from LSS surveys?

» standard analyses
two-point correlation function, power spectrum

» higher-order correlations
three-point correlation function, bispectrum, etc

» multiscale statistics
wavelet scattering transforms,
density PDF's with # smoothing scales, etc

» correlations or distribution of specific objects
density extrema (clusters, voids)
topological environments (Minkowski functionals, etc),

density-split statistics —

» machine-learned statistics Paillas+23
neural summaries 1.9 to 2.9 improved precision on g, W, gm;m, N
» field-level inference with respect to 2PCF only
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How can we efficiently extract information from LSS surveys?

» standard analyses
two-point correlation function, power spectrum

» higher-order correlations
three-point correlation function, bispectrum, etc

» multiscale statistics
wavelet scattering transforms,
density PDF's with # smoothing scales, etc
usually rely on

» correlations or distribution of specific objects simulation-based models

density extrema (clusters, voids)
topological environments (Minkowski functionals, etc),

density-split statistics —

» machine-learned statistics Paillas+23
neural summaries 1.9 to 2.9 improved precision on g, W, gm;m, N
» field-level inference with respect to 2PCF only
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Density-split statistics
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Density-split statistics

split density field
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Density-split statistics

split density field cross-corelated
Wlth
DS3
DS2
DS1
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Density-split statistics

split density field
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Analytical model for density-split statistics

smoothed density-split correlation function

&r (s) = (Or(r + s)|dr(r) € DS)
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Analytical model for density-split statistics

smoothed density-split correlation function

&r (s) = (Or(r + s)|dr(r) € DS)

o which is an integral of
joint PDF of 65(r),0z(r + s)
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Analytical model for density-split statistics

joint PDF of 8z(r), 8z (r + s)

L s = 40 Mpe/h 0.8 * (Gaussian
063 different models * Shifted log-normal

Hilbert et al 2011, Wavier et al 2016,

40.4 & > Friedrich et al 2018, Uhlemann et al 2023

109 « Large Deviation Theory (LDT)
Bernardeau et al 2015, Uhlemann et al 2016,
Codis et al. 2016

19 0 1 2 —00
Or(r)
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Analytical model for density-split statistics

joint PDF of 8z(r), 8z (r + s)

s = 40 Mpc/h 0.8 * Gaussian

06 3 different models * Shifted log-normal

Hilbert et al 2011, Wavier et al 2016,
S > Friedrich et al 2018, Uhlemann et al 2023

0.4

109 * | Large Deviation Theory (LDT)

Bernardeau et al 2015, Uhlemann et al 2016,
Codis et al. 2016
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Large Deviation Theory (LDT) model

Large Deviation Theory (Uhlemann+16)

* assumption: exponential decay when the variance is small o « 1:

(Or) ]

P((SR) X  exp

a%z—>0 2

OR

¢ consequences:

o we can relate the late-time to the initial one if we know the mapping between the
initial and late-time density

o then we can express the CGF (and then the PDF) from this rate function
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Large Deviation Theory (LDT) model

Large Deviation Theory (Uhlemann+16)

* assumption: exponential decay when the variance is small o « 1:

(Or) ]

’P(dR) X  exp

a%z—>0 2

OR

¢ consequences:

o we can relate the late-time to the initial one if we know the mapping between the
initial and late-time density
o then we can express the CGF (and then the PDF) from this rate function

For spherically symmetric configurations (e.g. count-in-cells = spherical top-hat smoothing):
we can approximate the mapping between initial and late-time densities (spherical collapse)
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Large Deviation Theory (LDT) model

LDT + spherical collapse (Uhlemann—+16)
» prediction for the count-in-cell density 1D PDF
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Large Deviation Theory (LDT) model

LDT + spherical collapse (Uhlemann—+16)
» prediction for the count-in-cell density 1D PDF

Pinon+25 0.75 _
* Poissonian shot noise N :
<
* comparison with N-body, dark matter-only \E/ 0'50_
(2 Gpc/h)? AbacusSummit simulations 0.5 |
(Garrison+21, Maximova+21) U
LDT: 1 free parameter = the variance o3
log-normal: 2 free parameters = o7, and the skewness §
<
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Large Deviation Theory (LDT) model

LDT + spherical collapse (Uhlemann—+16)

» prediction for the count-in-cell density 1-pt PDF

» prediction for the bias function in the regime of large separations s > R (Codis+16):

P(dr,0r) = P(Or)P(0R) |1 + £r(5)b(0r)b(0R)] ——  b(3r,s)Er(S) = (dr(r +s) | 6r(r) = 5R)
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Large Deviation Theory (LDT) model

LDT + spherical collapse (Uhlemann—+16)

» prediction for the count-in-cell density 1-pt PDF
» prediction for the bias function in the regime of large separations s > R (Codis+16)

. fDSd5Rb(5R73)P(5R)
 [ys dORP(SR)

A\ J
h'd

» prediction for the density-splits: 25 (s) £r(S)

independent of s in the limit s > R
predicted analytically (with o fitted to the 1-pt PDF)
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Large Deviation Theory (LDT) model

LDT + spherical collapse (Uhlemann—+16)

» prediction for the count-in-cell density 1-pt PDF
» prediction for the bias function in the regime of large separations s > R (Codis+16)

f d5Rb(5R, 8)P(5R)
» prediction for the density-splits: DS(s) = b5 @
p veplits: €%(s) = 2B

here taken from the mocks
(but in practice we could use an analytical prediction)
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Large Deviation Theory (LDT) model

LDT + spherical collapse (Uhlemann—+16)
» prediction for the count-in-cell density 1-pt PDF
» prediction for the bias function in the regime of large separations s > R (Codis+16)
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» prediction for the density-splits: 25 (s)
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Galaxy bias

* Gaussian Lagrangian bias + super-Poisson shot noise (Stiicker24, Friedrich+22, Gould-24)
* AbacusSummit + ELG HOD (Rocher-+23)

bias model shot noise model
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Galaxy bias

* Gaussian Lagrangian bias + super-Poisson shot noise (Stiicker24, Friedrich+22, Gould-24)
* AbacusSummit + ELG HOD (Rocher-+23)

density PDF bias function
0.6k —— Gaussian bias 10:_ s = 40 Mpc/h
i ---- Eulerian bias
_ ! ¢ AbacusSummit
9 0.4t > 5 0 o e
_0_: [ ~ | -
o [ T | ’ ]
02} 0._ —— Gaussian bias
[ i ---- Eulerian bias
ool e | +IAbacusSurlnm|t
"> 0.01F = 2:
14 . o
= 000} = Or = N
o 001 ?’ | 2: . | T\/\I\‘I_\_/\/ I»
' 0 2 4
!R,g !R,g

25/04/2025 Mathilde Pinon — PhD student at CEA


http://arxiv.org/abs/2405.01951
https://ui.adsabs.harvard.edu/abs/2022MNRAS.510.5069F
http://arxiv.org/abs/2409.18182
https://ui.adsabs.harvard.edu/abs/2023JCAP...10..016R

Galaxy bias

* Gaussian Lagrangian bias + super-Poisson shot noise (Stiicker24, Friedrich+22, Gould-24)
* AbacusSummit + ELG HOD (Rocher-+23)

density-splits
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Conclusions

 LDT model for density-split statistics:
» accurate enough at large scales within DESI DR1 cosmic variance
» understand the additional physical information encoded in density-splits statistics
» complementary modeling to simulation-based methods

* Research prospects:
» go to redshift space
» LDT beyond ACDM (e.g. PNG Friedrich+21, modified gravity Cataneo+22 ...)
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Analytical model for density-split statistics

joint PDF of 8z(r), 8z (r + s)

s = 40 Mpc/h 0.8 | Gaussian

06 3 different models

Shifted log-normal
Hilbert+11, Wavier+16, Friedrich+18,

a >
10.4 Uhlemann+23
10-2 « Large Deviation Theory (LDT)
Bernardeau+15, Uhlemann-+16, Codis+16
1 0 1 2 —00
Or(r)
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Gaussian approximation

~

5
PS(s) = —> x&p(s)
ORR

(similar to Kaiser84)
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Gaussian approximation

average density
in density region DS

~

o)
5}12)5 (s) = % X&p(s) | smoothed 2PCF

ORR

variance of !

ED5 (s) has the same shape as &z (s)
with a linear bias « the average density in DS
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Gaussian approximation

each of these from the mocks here

P 4
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~ K

5DS//,*I
fgs(s) = 27' X$R (s)
ORR

comparison with N-body, dark matter-only
(2 Gpc/h)3 AbacusSummit simulations
(Garrison+21, Maximova+21)
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Analytical model for density-split statistics

joint PDF of 8z(r), 8z (r + s)

s =40 Mpc/h
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3 different models

.
»

(Gaussian

Shifted log-normal

Hilbert+11, Wavier+16, Friedrich+18,
Uhlemann+23

Large Deviation Theory (LDT)
Bernardeau+15, Uhlemann-+16, Codis+16



Shifted log-normal approximation

* Change of variable:

2
Yp = ln(l + (;_R) + U;R 2 free parameters
0

e Assumptions:
o (Yr(r),Yr(r +s)) ~ bivariate Gaussian dist.

o Poisson shot noise: 2D distribution
convolved with Poisson distribution
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Shifted log-normal approximation

* Change of variable:

5R O-%R
Yp=Inl1+ —
R n(+50)+ 2

2 free parameters

e Assumptions:
o (Yr(r),Yr(r +s)) ~ bivariate Gaussian dist.

o Poisson shot noise: 2D distribution
convolved with Poisson distribution
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5 density splits

* Similar agreement with 5 density splits
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Smoothing radius
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Smoothing radius

* Good agreement above s = 50 Mpc/h for both smoothing radii
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Convolution with Poisson shot noise
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Redshift space distortions

* Assuming bias function is indp of the separation (and mu)

S12%(s) [(h' *Mpc)?]

5p —

I 1DS(s)/#

s [h' *Mpc] s [h' Mpc]
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