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Data: (Likelihoods)

Public Planck Likelihood Code. 
It provides C and Fortran libraries that allow 
users to compute the log likelihoods of the 

temperature maps.

Installation instructions: 
- C compiler, either gcc, clang or icc. 
- fortran compiler, either ifort of gfortran 
- blas/lapack library  
- cfitsio library http://pla.esac.esa.int/pla/#cosmology

http://pla.esac.esa.int/pla/#cosmology
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Theoretical model: (GR + standard cosmological model CDM)Λ
Background 

equations

Linear perturbation 
equations

Conservation equations
Power Spectrum



Data/Theory comparison: CLASS

http://class-code.net/ 

https://github.com/lesgourg/class_public

Boltzmann Solver: 

Cosmic Linear Anisotropy Solving System

http://class-code.net/
https://github.com/lesgourg/class_public


Data/Theory comparison: CLASS
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Prediction: Monte Python
Markov Chain Monte Carlo (MCMC)

https://cjtu.github.io/spirl/f21_a6.html
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Prediction: Neural Network with Harmonic

https://astro-informatics.github.io/harmonic/

Evidence
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Multidimensional integral  highly 
involving and time consuming.
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Neural Networks used 
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Our aim is to explore whether this relativistic kinetic gas leads to a 
consistent cosmological evolution for the dark matter component, even 
when it behaves relativistically at early times.
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The dynamics of a spatially flat FLRW universe is given by:

Gμν + Λgμν = κ2Tμν → H2 =
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The conservation of the energy-momentum tensor gives:

·ρb = − 3Hρb(1 + ωb) , ·ρr = − 3Hρr(1 + ωr) , ·ρDM = − 3HρDM(1 + ωDM) .
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Neutrinos Dark Matter Kinetic Gas

Comparison with Neutrinos



Cosmological evolution of the EoS

ωDM = {1/3 for a → 0
0 for a → ∞

ωDM(a) ≡
1
3

β2

a2 + β2
.
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Linear perturbations

Newtonian Gauge: ds2 = a2(η)[−(1 + 2ψ)dη2 + (1 − 2ϕ)dxidxj]
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Numerical solutions for the CMB temperature anisotropies (left) and the matter 
power spectrum (right). Numerical solution with Boltzmann solver CLASS.

Cosmological Observables

https://www.cosmos.esa.int/web/planck

https://www.cosmos.esa.int/web/planck


Numerical solutions for the CMB temperature anisotropies (left) and the matter 
power spectrum (right). Numerical solution with Boltzmann solver CLASS.

Cosmological Observables

https://www.sdss3.org/science/boss_publications.php
https://academic.oup.com/mnras/article/489/2/2247/5552675
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Statistical Constraints (CMB data)
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β ≲ 1.806 × 10−7

β ≲ 4.89 × 10−6
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Statistical Constraints (Lyman-  data)α



Final remarks and work in progress
From a geometric approach, it is possible to build the distribution function for the dark 
matter component. This is possible within the formalism of Covariant Kinetic Theory 
of Relativistic Gases. 

Under this framework, the dark matter component behaves as radiation at early times 
and as dust at late times. 

Statistical analysis put upper bounds on the only free parameter , which in terms of 
the velocity of the gas it translates to:

β

| ⃗v0 | ≲ 61.4 ± 0.4 m/s (68% credibility) .

| ⃗v0 | ≲ 1,484 ± 6.8 m/s (95% credibility) .

Ongoing work is focused on the development of perturbations of the 
distribution function.
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