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Profile likelihoods

• Profile likelihood (PL):

𝐿 𝜃! = max
"!,!$%

𝐿(𝜃&, … , 𝜃')

• Reparametrization invariant

• Prior independent
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• NEDE sensitive to volume effects

• Expect volume effects in ΛCDM extensions with 
abundances or coupling constants 
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EFTofLSS nuisance parameters

Effective field theory of large scale structure (EFTofLSS)

Idea:
• Parametrization of nonlinear matter power spectrum
• Unknown coefficients → EFT nuisance parameters

Issues:
• Different parametrizations
• Priors on EFT parameters

e.g. M. Ivanov (arXiv:2212.08488v1)
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EFTofLSS nuisance parameters

Conclusion: Two ways to do EFTofLSS analysis:
• With priors                   → but then priors are informative
• Without priors             → but then model is unphysical

Look to future data to solve these issues!

Takeaway :
• Profile likelihoods independent of 

1. model parametrization
2. priors

EBH, L. Herold, T. Simon, E. Ferreira, S. Hannestad, T. Tram (arXiv:2309.04468)



PROSPECT: An easy-to-use profile likelihood code

EBH, A. Nygaard, J. Dakin, S. Hannestad, T. Tram (in prep.)



PROSPECT: An easy-to-use profile likelihood code

PROSPECT
• Efficient optimization algorithm

• Plug-and-play interfacing with MontePython and cobaya

• Dynamic and modular to work with

EBH, A. Nygaard, J. Dakin, S. Hannestad, T. Tram (in prep.)
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Outlook

• Expect volume effects in:
• ΛCDM extensions with abundances or coupling constants
• EFTofLSS analyses and weakly constraining data sets with 

nuisance parameters

• Main disadvantage: computation time
• Now viable for a few 1d-profiles
• Future: Full triangle plots w. emulators and gradient-based opt.



The future is now!

A. Nygaard, EBH, S. Hannestad, T. Tram
(arXiv:2308.06379, arXiv:2205.15726)
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Emulate your favourite CLASS model:
https://github.com/AarhusCosmology/connect_public
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Outlook

• Expect volume effects in:
• ΛCDM extensions with abundances or coupling constants
• EFTofLSS analyses and weakly constraining data sets with 

nuisance parameters

• Main disadvantage: computation time
• Now viable for a few 1d-profiles
• Future: Full triangle plots w. emulators and gradient-based opt.

• Both MCMC and PL are “correct”
→ Use together!



PROSPECT now available at: 
https://github.com/AarhusCosmology/prospect_public

(paper coming soonTM!)

EBH, A. Nygaard, J. Dakin, S. Hannestad, T. Tram (in prep.)
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Profile likelihoods

• Profile likelihood (PL):

𝐿 𝜃! = max
"!,!$%

𝐿(𝜃&, … , 𝜃')

∆𝜒1 𝜃! = −2 ln 2 ""
2#$%

~ 𝜒1(1 DoF)

• Gaussian PL:
• 68 % CI:      ∆𝜒1 𝜃! < 1
• 95 % CI: ∆𝜒1 𝜃! < 3.84

(but generally, the ∆𝜒! 𝜃" distribution requires data simulation...)



Cold New Early Dark Energy (NEDE)

F. Niedermann, M. Sloth (arXiv:2006.06686)



Volume effects in (N)EDE

Laura Herold 2022



Volume effects in ΛCDM extensions

CITATION!



EFTofLSS nuisance parameters
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The PROSPECT optimization algorithm

𝐿 𝜃! = max
"!,!$%

𝐿(𝜃&, … , 𝜃')

→ Simulated annealing

https://www.cs.umd.edu/~tomg/projects/landscapes/

EBH, A. Nygaard, J. Dakin, S. Hannestad, T. Tram (in prep.)



The PROSPECT optimization algorithm
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EBH, A. Nygaard, J. Dakin, S. Hannestad, T. Tram (in prep.)
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Simulated annealing
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Simulated annealing
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The PROSPECT optimization algorithm

Initialization from MCMC: 
• Binned MCMC ≈ profile likelihood

EBH, A. Nygaard, J. Dakin, S. Hannestad, T. Tram (in prep.)
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The PROSPECT optimization algorithm

Initialization from MCMC: 
• Binned MCMC ≈ profile likelihood

• Binned covariance matrices

EBH, A. Nygaard, J. Dakin, S. Hannestad, T. Tram (in prep.)



The PROSPECT optimization algorithm

Hyperparameters:
• Temperature schedule: Exponential or logarithmic?

• Step size schedule: Adjusted to match acceptance rate ≈ 0.2

EBH, A. Nygaard, J. Dakin, S. Hannestad, T. Tram (in prep.)
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lcdm_H0.yaml:

lcdm.param:

EBH, A. Nygaard, J. Dakin, S. Hannestad, T. Tram (in prep.)



The PROSPECT output

• mnu/

• log.yaml
• state.pkl
• profile/

• mnu.txt
• mnu.pdf
• mnu_schedule.pdf



The PROSPECT dynamical task system

• efficient parallellization

• on-the-go analyses

• interactive load-and-inspect

• continuing cancelled runs

• re-optimizing existing runs

Optim
iseTa

sk

OptimiseTask

OptimiseTask
AnalyseProfileTask

InitialiseOptimiseTask

InitialiseOptimiseTask

OptimiseTask

EBH, A. Nygaard, J. Dakin, S. Hannestad, T. Tram (in prep.)


