B | '

ogo Casteldo | Dark E Dynam e R AT
Diogo Castelao’, Ismael Tereno a n e rg y y n a I CS §
9 | W MR
1- Instituto de Astrofisica e Ciéncias do Espaco, Universidade de Lisboa <« & i .
: - i ) : ltl,’: o i’ _!
Abstract *‘: | I',
We introduce CosmoGen, a computational framework developed in Python, that implements genetic programing (GP) and genetic algorithms (GA) from the Distributed Evolutionary Algo- o

rithm for Search and Optimization (DEAP) library, to generate and evaluate candidate cosmological models with varying dark energy components. The framework integrates the Boltzmann
code CLASS and Bayesian inference (MontePython) to evaluate the physical validity of the candidates. We present a case study addressing cosmological tensions. Our approach provides
a new method to explore the vast space of potential dark energy models and identify viable candidates based on their dynamical properties. Al
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Initial Population 3 Pre-testing
- Dark energy ~ Output: _ _ .- Simplify symbolic expression (Sympy simplification, Permutation check, reparametrization of con- Output: 3 ’
generated for the evolution of the - Check for duplicate equation. dark energy density R N
by a base dark energy compo- - Calculate first and second derivatives. equation, first and s
set of oper- nent, with parameters - For different values of the free parameters (e.g. close to zero, close to unity, large value): second derivative. ‘ . '
ations: (e.g. (2, and additional free . - Check for complex values. - Select the best value for
Add, Mul, parameters. * . Check if values of equation of state over scale factor are restricted in the desired range. the free parameters. v ﬁ
Sin, Inv). « Check if values of adiabic sound speed over scale factor are restricted in the desired range. | -'!'.. {
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Next Population ; - A i TS M B
- Candidates with high fitness value " - | o b1 ek o oY
are selected. * 2 ' e E
. V. Y
- Apply evolutionary strategy for se- ‘ o
lected population (Mate and Mutate). i,
. Evaluate function B {
Output: - CLASS modlflcetlon. | Output:
- Next Generation of candidates. s e _ K Y - best x2 r @
T - Modify background module (implement new fluid component by writing p(a), p’(a), p”(a). From these equa- elie s A __1 \
"".'t'- tions, the equation of state and adiabatic speed of sound are calculated). L e 1;
Final Population o B - Modify input module (replace Cosmological constant and calculate the Q__ value today). for the GP
- All individuals that passed the * Compile new version of CLASS. o _ _ evolutionary W\F
CLASS test, from all generations, are « Check compilation and ’rhe DE model using single test run with free parameters values of pre-testing. At o
stored to form the final list of models. - MontePython MCMC chain: | /
- Write new parameter file setting the new parameters of the model, the standard cosmological parameters Fa
é’”t List of models sorted by fit- and the likelihoods to be used. | | -“"
ness value. - Run small MCMC chain for evaluating the DE candidate. "/
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Case Study A @ gl -
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Ask CosmoGen to generate Cosmologrcal models that can alleviate the S, and H  tensions (and restricted to the case of unperturbed dark energy fluids). To this goal we set-up the follow-
Ing conditions, where a crucial aspect is to set the likelihood used in the procedure to the one of CMB (Planck 2018) multiplied by a H, prior (SHOES) and a S, prior (DES)
Population: Pre-testing: Evaluate function: Selected Population and Ouput:
-Size of Initial population:'2048 - Values of D for testing: - CLASS moaodification: - The method used was the (mu +
- Generated by a base set of operations: (0.05, 0.95, 1000). - DE candidate replacing Cosmological constant: lambda)-ES: A version of evolution ;
Add, Sub,Mul, Pow, safe_Div, safe_ - - EoS accepted range: H2(a) = HA(Q, a® + Qa* + Q_(a)) strategy where children and parents
Inv, Exp, Ln, Neg. ',','. (-1.5, 0). - DE component is considered homogeneous. together will define the population
* Parameters: O, D. ik = - MontePython MCMC chain: for the next iteration.
- Number of generations: 8 - st +.  +» We use the combined likelihoods: CMB Planck 2018 data:
- Number of selected candiates by gener- ‘& * &%, & ,r? *--?;.'_ Planck_high | TTTEEE_lite + Planck_low_|_EE + o TR |
ation (mu): 128 i -‘-'. :.t Planck_low |_TT + H, prior (SHOES value) + S, prior i ﬁ: ’
- Number of generated candidates for '| ’, 2 (DES value). . .
next generation (lambda): 512 ’ " q, * '-r.'_._ + Free parameters: h, D, w_ . . . ',I;
- Mate probability: 0.5 -. k - Fixed parameters: bestfit value of Planck 2018 for ACDM. - NN ﬂ
- Mutate probability: 0.5 * 3 ﬁ - : “-.,;I « MCMC chain with 1200 steps. b
1 L : [ |
g "'.-l = e o - " . ;
] g o aln ! o : | A i ;K
s R T .l..-. ¥ ya o 3 s & ! . Pl '
- y : . .y ..ll " 1 I|
. .HI. L ly i:J . i 2 . |
; ] Tty Resu I‘tls i‘ Fﬁl 1 - prs P
- . - | : 1 e 1 . :
_ Analysrs of the CosmoGen (CG) model: We select model 1 as the "CG model" to further explore. We computed its structure formation properties
Top 5 models: . and tested them against data, verifying if the model actually has an impact on the H, and S, tensions as requested to CosmoGen.
- Model 1: We performed a Nested Sampling analysis using PolyChords with the following free parameters: (parameter_D, h, w,, w_, , A, n ). All other parame- \
Oy (@) =Qy,/(Da-In(D a)) ters were fixed with the Planck 2018 results for ACDM. We tested the model against two observables:
- CMB Planck 2018 data: Planck_high_I_TTTEEE_lite + Planck_low_I|_EE + Planck_low_I_TT . 5 '*'
- Model 2: - Weak lensing (WL) KiDS+VIKING-450 data. by
Q,.(a) = Q.. / (D @ - a) | | =
The exact same analysis was made for the ACDM model for the sake of model comparison. b
- Model 3: .
Q..(a) = QDT’O/ (D3 a® - In(a)) & model ACDM model [ | o f’
Q (a) =Q__ /(D a% a) . | ) e CG model (green) CG model (green)
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- Model 5: | ﬁ . ] o E T
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IDPASC (FCT, Portugal) through Parameter CG Model ACDM CG Model ACDM / ) - y N N ‘ ) } ' \ /
PD/BD/150489/2019. log(D) 23415 n.a. —0.8732 n.a. L T S e e e T T
Wh 0.02236 + 0.00015  0.04876 4 0.00069  0.022610:9928  0.04013-0047
2 0.249 1015 0.258240.0076 0196153 0.207 54 Conclusions: The model generated by CG tries indeed to solve the H, and
Ho 69.4713 67.88 + 0.62 74.217% 73.8164 S tensions
ns 0.966010-0015 0.9702 4 0.0043 1.0370-17 1.02 4 0.13 8 .
- P = B In 100 A, 3.0443£00061 31217400058 346753, 3244093 FIgS.1 and 2 show a better agreement between the CMB and WL con-
1 a Ve o oty TG o B St straints of the CG model in comparison to the constraints of the ACDM
- R % ST osmio0s 07t oravidm model. Fig.4 shows this is caused by the CG model allowing higher values
Cidncias e dhcaas In Booa rar Z0.99 of S, for lower values of Q_ (as shown in the S,-Q_ contour). In Fig.3 we
ULisboa see a shift in the H_ distribution towards higher values. This behaviour
Table 1: Mean and 68% uncertainty estimates of the 6 basis param- 0 ) :
eters and 3 derived parameters for the CG model and ACD allows for a better agreement with H; estimates from background observa-
models by the 2 data sets. The es factor used for model compar- :
F CT ison B , = Z(CG Model)/Z ACDM){ is also shown. tions.




