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The -Millennium Simulatioﬁ Project.


https://indico.cern.ch/event/1308028/contributions/5634384/
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Standard inference in cosmology
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Standard inference in cosmology

Parameters

Prior over the

posterior Likelihood parameters

p(0

xr) < |L(x

Possible problems:
e Need of analytical approximations
e Cumbersome covariance estimations
e Binning effects




Simulation-based inference

Parameters Prior over the
posterior elih parameters

p(@|x) o< L) P(0)

x ~ simulator(6)




Simulation-based inference

X
0 ~ p(6)
. summary
parameters simulator samples statistics




Simulation-based inference
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Simulation-based inference

Summary statistics
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This is not what we are doing!



Simulation-based inference

Neural Posterior
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Simulation-based inference

Posterior

1.0




Normalizing Flows

Neural Density Estimators (NDEs):

s :;;(11)1 « Neural Posterior Estimation (NPE)
p(x) =7 (f~'(x)) |det ((';X )‘ e Neural Likelihood Estimation (NLE)
Zo :LIN?T(U) ZT = XN}J(X)
fT—lo.“Ofl ffl'l 3
= ZT 2
froqo-- fr'
1 |
X H
U1 Zl Xl oyl
ci(x<i) ;
h; = {a;, 145} .
U;—1 Zi—1 RKg—11 - =3 -1 0 1 2 3
X; = Z; exploy) + i
u; 7 - X4 Credits: Miles Cranmer
Z; = (X — L) eXpl —ay; . . .
=@ - Learns an invertible dynamical model

for samples of the distribution



Simulation-based inference

0 ~ p(0) O X
cosmological, bias and power spectrum
noise parameters LEF Tfield samples + bispectrum
density
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The bias expansion

Cooray & Sheth (2002)

Matter
distribution

Cosmological
tracers

0g(x,7) =) bo(T)O(x,7) +e(x,7) + » co(x,7)O(x,7)

@, O

For a review, see:
Desjacques, Jeong
& Schmidt (2016)



Forward model

o = og/oid §(x) ~ N(0,1)

5\V(k, z) = Wa(k)/a2PL(k, 2) §(k)

An n-th order Lagrangian Forward Model for Large-Scale Structure
Fabian Schmidt (2021)



http://arxiv.org/abs/2203.06177

Forward model

o = og/oid §(x) ~ N(0,1)

5\V(k, z) = Wa(k)/a2PL(k, 2) §(k)

Lagrangian Bias Operators

1+ 6(x,7) =1+ Ml(q, 7)™ M":aisj

1t [ M)

LPT recursion relations

5 qer(a,7) = D bor (1)0 (g, 7) 5™

An n-th order Lagrangian Forward Model for Large-Scale Structure
Fabian Schmidt (2021)


http://arxiv.org/abs/2203.06177

Forward model

Lagrangian Bias Operators

1t [ M)
2 w[M MY, (M) tr[MY] = —sW

x(q,7) =q+s(q,7) g N(O Pe)

0g(T,T) = 0gget(@, T) + (@, T) + Ce5(T)e(X, T)O (2, T) + ce2 (1) (T, T)

An n-th order Lagrangian Forward Model for Large-Scale Structure
Fabian Schmidt (2021)


http://arxiv.org/abs/2203.06177

Simulation-based inference

0 ~ p(0) O X
cosmological, bias and power spectrum
noise parameters LEF Tfield samples + bispectrum
density
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Our main goals

Considering an Euclid-like mock survey, we want to answer:

e Does the non-Gaussianity of the power-spectrum and bispectrum
distributions at low-k affect cosmological inference?

e How many simulations are needed for posterior estimation?




Cosmological inference | Euclid configuration

Gaussian-likelihood

NPE B Gaussian-likelihood (sample covariance)
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Cosmological inference | Euclid configuration

B Full SBI Gaussian-likelihood
NPE B Gaussian-likelihood (sample covariance)
} x, ~ N ({(x,), Cov[x,|)

Gaussian-likelihood (analytical covariance)
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Posterior diaghostics

Simulation-based calibration - Convergence
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Conclusion & Next Steps

e Simulation-based inference has proven to be a powerful tool for
galaxy clustering analysis and offers several advantages over the
likelihood-based approach;

e In the future, we plan to sample more cosmological parameters,
add more summary statistics and improve observational aspects
of the forward model (masks, systematic effects, etc);

e Comparison of field-level inference with HMC and SBI with
summary statistics (P+B).

Beatriz Tucci
tucci@mpa-garching.mpg.de
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Cosmological inference | Euclid configuration

BN [Full SBI
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Gaussian-likelihood

E. 0.2
=
=" 00}
—n"
= 02
&S -04
—0.8¢
S
= -1.0
-1.2
w 230
A
T 20
-
- 1.7
g L0
)
0.5
0.5
(o]
Q00+
—0.5¢
10
e
= 0
=
-10

----------

Gaussian-likelihood (analytical covariance)
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Posterior diaghostics
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Inference tests

PB normalization
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| forward model

EFTofLSS based approach £~ ,/\/'(O, o)
r .
T Gravi;;;(igward Perturbation Theory
Sl e | /
e (3g(k1)3g(k2)dg(k3))stoen = Be + 2b1 Pec, (P (k1) + 2 perm.)
. 1as
\ / \ Forward Model
cosmological bias/selection /
parameters 0 parameters bo <(Sg (kl )69 (]{2)69 (k3)>s%0c():h = 6CENGP52 —|— le PE 0-65 (Pm (kl) —|— 2 perm,)

An n-th order Lagrangian Forward Model for Large-Scale Structure
Fabian Schmidt (2021)

0g(X,T) = 0g.det(X,T) + (X, T) + 0c5(7)e(x, 7)d(x,T) + CEG(T)&?Q(X, T)
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