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We propose a novel approach using neural networks (NNs) to differentiate between cosmological
models, and implemented LIME as an interpretability approach to identify the key features influencing our
model’s decisions. We show the potential of NNs to enhance the extraction of meaningful information from
cosmological large-scale structure data, based on current galaxy-clustering survey specifications, for the
cosmological constant and cold dark matter (ACDM) model and the Hu-Sawicki f(R) model. We find that
the NN can successfully distinguish between ACDM and the f(R) models, by predicting the correct model
with approximately 97% overall accuracy, thus demonstrating that NNs can maximize the potential of

current and next generation surveys to probe for deviations from general relativity.

DOI: 10.1103/PhysRevLett.134.041002 Savvas Nesseris



f(R) family — Hu Sawicki model

Extension of GR: R-~>R+f(R) R = 6(H +2H?).
> Screening mechanisms

Forn=2 > HS passes the Solar system tests.
> HS model can be considered as a small perturbation around
ACDM.

lim f(R) = R—2A

b—0




®  Growth of Matter Perturbations f

s * Study LSS through perturbation theory:
4 density: P = p + op, pressure P = P+ §P



* Study LSS through perturbation theory: . , .
density: » = p+ op, pressure P = P + §P and ) _p
We study the eq;:

O + 2HD,, — ATGog)p 6, == 0

(evolution of the matter density perturbations).



* Study LSS through perturbation theory: . . .
density: » =P+0p. pressure P=P+§P and o =%

m p
We study the eq;: /

O + 2HD,, — ATGog)p 6, == 0

(evolution of the matter density perturbations).

With a solution (for ACDM, G« = 1):
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The growth
fog

In galaxy surveys we observe the
galaxy density fluctuations

5y =bm

The growth in a bias independent




The growth
fog

In galaxy surveys we observe the
galaxy density fluctuations

5y =bm

The growth in a bias independent
way

fos(z) = f(z)os(2)

1 11
bulo) = a-afi (515 g s

For ACDM, G4 =1
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Forf(R) Geg = = |=

M2a2 ]

1
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Dataset simulation strategy

fogvalues w/ uncertainties. |

. | I .
Cosmological parameters O+ 2HO, — 4
varied as: >

N — e L -_— _— —_—




Dataset simulation strategy

fogvalues w/ uncertainties.
Cosmological parameters

varied as:




\
\

N
SN /T A
) 4 IZ “‘\‘\. 3‘::,'.
) \o'-'l“ \\‘ AU
l/,/’\ . A\‘\ P
, WX

.'.'. X

AT, Y
\
.

0.05 £ 0.04 RiREENIL

True Class

ACDM  HS
Predicted Class




Model independent framework:

[Data ]

[ Theory ]

Source: https://simons.berkeley.edu/
15



Accuracy

Interpretable Machine Learning

Highly Accurate Models

@ Neural Networks -Non-linear relationship
-Non-smooth relationship
-Long computation time

@ Random Forest :
Highly Interpretable Models

-Linear and smooth
@ Support Vector Machine relationships

) -Easy to compute
@ Graphical Models

@ K-Nearest Neighbors

@ Decision Trees
@ Linear Regression

@ Classification Rules

>
Interpretability

Source: An Introduction to Interpretable Machine Learning Models: analyticsvidhya.com/

Spurious correlations cause misalignment

16



LIME (Local Interpretability Model
agnostic Explanations)

Global

Complex Non-linear Simple Linear

Ribeiro, Singh (2018)

. Source: Explainable Al, https://bigdatarepublic.nl/
: - " T ) . b -



Feature Importance using LIME

. True Class: HS
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Distribution of LIME feature
i m pa Ct Hu-Sawicki

fog(z1) - e--2-¢ e oo
fog(z2) - s c ¢ ez ecc———-o-02k

fog(z3) sormame =

fog(zs) - e coxmmse o e o
fog(zs) ol SCT™E | T TS =cc
fog(zg) - @ PSS s s
fog(z7) - o9 & -9 ®D s@BS—-© =e
fog(zs) - e --emes-s oS =

fog(zs) ceoIT o oSs OIS o O

Features
Feature Value

fog(z1o) SCTSTE ©

fog(z11) o szmrzes

fog(z12) 1 TEITLEETT T ST

fog(z13) eammer = o= o cooo

fog(z14) seze mmes  mez = == e

fog(z1s) - $--26@ - CLEI-T--D-9-3T—-9WS-£-¢

fog(z1) T=es oo o -2

0.2 0.0 0.
Feature Impact on Model Output




~ Feature Impact and Redshift for fog
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ARCHIVAL RESEARCH VISITOR PROGRAMME = {cesa
ournal of €osmology and Astroparticle Physics

An I0OP and SISSA jourmnal

Neural Networks for cosmological model selection and
feature importance using Cosmic Microwave
Background data

. Ocampo,” G. Caiias-Herrera™? and S. Nesseris"®

*Instituto de Fisica Tedrica UAM-CS5IC,
O/ Nicolds Cabrera 1315, Cantoblanco, 28049 Madrid, Spain
bESTEC Furopean Space Agency, Keplerlaan 1, 2201 AZ Noordwijk, The Netherlands

Guadalupe
Canas-Herrera

FE-mail: indira.ocampo@csic.es, Guadalupe.CanasHerrera@esa.int,

savvas .nesseris@csic.es

ApsTrACT: The measurements of the temperature and polarisation anisotropies of the Cosmic
Microwave Background (CMB) by the ESA Planck mission have strongly supported the
current concordance model of cosmology. However, the latest cosmological data release from
ESA Planck mission still has a powerful potential to test new data science algorithms and
inference techniques. In this paper, we use advanced Machine Learning (ML) algorithms,
such as Neural Networks (NNs), to discern among different underlying cosmological models
at the angular power spectra level, using both temperature and polarisation Planck 18 data.
We test two different models beyond ACDM: a modified gravity model: the Hu-Sawicki Savvas Nesseris
model, and an alternative inflationary model: a feature-template in the primordial power

spectrum. Furthermore, we also implemented an interpretability method based on SHAP

values to evaluate the learning process and identify the most relevant elements that drive our

architecture to certain outcomes. We find that our NN is able to distinguish between different

angular power spectra successfully for both alternative models and ACDM. We conclude by

explaining how archival scientific data has still a strong potential to test novel data science

algorithms that are interesting for the next generation of cosmological experiments.




Angular Power Spectra
and Planck
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Angular Power Spectra
and Planck
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Primordial power spectrum:

2.4 —— Power law

Inflation predicts a power law:
P(k) = Akt

As: (from CMB As~2.1x10-9).
ns: (ns = 0.965 £ 0.004).

Pr(K)
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Linearly Spaced
feature template:

Primordial features parametrized as

small deviations,
A
Pr(k) = Pro(k) !1 + ] :

-
Matter power spectrum Transfer functions

CrY = 2 / kzdk P(k) iaﬂ(k)aw(m
N~ ~ d

1.15 .
\ —— Linearly-spaced template

1.1

Pr(K)

0.9

10° 107 10
k [Mpc™!]
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Linearly-spaced template
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Dataset simulation
strategy

Assumed Planck

Cosmological
parameters.
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ML architecture and Performance

CMB components

linearly-spaced feature
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ML interpretability:
SHAP (Global)
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ML + Interpretability tools are an interesting starting point for

before doing the full MCMC sampling of the posterior (thousands
of chains, computationally expensive).

In the feature model, when looking at the output of SHAP, the
from the C,’s.

This methodology can be used
(l.e. wyw,)
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