FLAMINGO: Using Gaussian process machine learning to
calibrate sub-grid models for cosmological simulations
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5 Parameters -> Latin Hypercube -> 100 (140Mpc)® Simulations -> Gaussian process -> MCMC fit to observations

Conclusions/Future

The method accurately predicts the behaviour of the
simulations, given a set of parameters.

Can be expanded to include cosmology

Combination of sub-grid and cosmological parameters
can help constraining baryonic effects

Fits to observations
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fromther-

Fit 5 Simulation parameters + 2
bias parameters

Stellar bias -> apertures, SPS,
dust models -> offset to stellar
mass

Hydrostatic bias -> M500 from

that assumption -> offset for
halo mass

Running a simulation with the
best-fit parameters results in
excellent agreement with
observations.
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Figure 2. The grey lines shows the best fit results for simultaneously fitting the
SMF and gas fractions in clusters. The dotted line indicates the highest mass that is
used for fitting.



