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Introduction
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Motivation: Why improving covariance matrices?

B They reflect the propagation of the statistical errors:
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Introduction

Problem

B To represent the true statistical errors we need a lot of data to build
these matrices:

N = 6000

0.0030
00025
00020
0.0015
0.0010
0.0005
0.0000
0 20 40 60 80

100 4
o 1074
£
g
=
5 Normalized covariance: N = 6000
=
1072 4 10
08
1073 4 . 06
1071
04
KlhMpc]
02
0.0

3/9




Introduction
000

Problem

B To represent the true statistical errors we need a lot of data to build
these matrices:

N = 6000

0

0.0030

0.0025

0.0020

100 4 stk 0.0015

4 00010

/ \ 0.0005

1073 st 0.0000
\ 0 20 4 60 80

Normalized covariance: N = 6000

PUk) Mpcth]?

1072 4
08
1073 4 06
1071
04
KlhMpc]
02
0.0

But we can not always do it in practice...
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Proposed solution

Bad covariance: n= 525

[} o.0035
0.0030
00025
00020
0.0015
0.0010
00005

0.0000




Introduction

ooe

Proposed solution

Bad covariance: n= 525

[} o.0035

Aethodol

0.0030
00025
00020
0.0015
0.0010
00005

0.0000

Target covariance: N

0.0030

00025

00020

00015

0.0010

0.0005

0.0000




Introduction Aethodol

ooe

Proposed solution

Bad covariance: n= 525

Target covariance: N

[} 00035
0.0030 0.0030
0.0015 0.0015
0.0010 0.0010
0.0005 0.0005
00000 0.0000
0s
08
0.6 R R 06
Image denoising
02
00

4/9




Methodology

Methodology - Toy project simulation

B The simulations followed the theoretical function:
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oo | 0.03h/Mpc

B We trained different denoisers using, each time:

e input_train: bad cov. matrices (hundreds of spectra) = n;

e target_train: good cov. matrices = N = 6000;

B Then, we test the each denoiser with:

e input_test: bad cov. matrices (hundreds of spectra) = n.
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Results - Visual Results
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Results - Markov Monte Carlo Chain (MCMC)': Recovering Parameters
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Results - Sigma fraction: ox /0 gest

B Varying the number of spectra n in the bad/input covariance matrices;

B Same number of spectra N in the good/target covariance matrices;
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Conclusions and Next Steps

B We have achieved great results using image denoising techniques to
improve the covariance matrices,
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Conclusions and Next Steps

B We have achieved great results using image denoising techniques to
improve the covariance matrices,

B We showed that even with a low number of simulations, we can achieve
the same results as a higher number of them;

B Once all this work is a really controlled “toy project”, we want to apply
the same method in realistic simulations (e.g., ExSHalos, LogNormals,
N-body).
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