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Tutorial Plan

e Download likelihoods and CC and SN datasets from
bit.ly/4kXAPeW

* Inmain, write
- log_prior (50 < H0 < 100,0.0 < Q0 < 0.5,—50 < M < 50) g .
- log_probability (CC_Cov().loglkl(theta) & °| -

Likelihood Pantheon_SHOES().loglkl(theta))
- Set 50 walkers
- Set 5000 Iterations

- Plot output using example ChainConsumer code

* |n Solver, write
- Friedmann equation (H(z) = HO\/QmO(l +2)3+ (1 —-Q,0))

- Use example code for the angular diameter distance (d, = 1; | Hd(;)

or write new integrator code



https://bit.ly/4kXAPeW

MCMC Backup Slides



What is Markov Chain Monte Carlo (MCMCQC)?

MCMC is a class of algorithms for sampling from complex probability distributions

It combines two ideas:

Markov Chain: Sequence where each sample
depends only on the previous one (memoryless

property)

Monte Carlo: Uses random samples to estimate
properties (e.g., means, integrals) of distributions
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What is Markov Chain Monte Carlo (MCMCQC)?

* Bayes theorem in practice: Given D data and 8 parameter values

likelihood prior

postro™  P(D|6) P(6) Al
P (9|D) = P(D) Likelihood|| Data Prior
Evidence \i\ /
 MCMC estimates P(6|D) without finding P(D) through Bayes' Theorem
P(O|D) < P(D|6)P(6) %
Posterior Distribution




MCMC In practice

* Prior information P(0):

def log_prior(theta):
HO, Omega®, M = theta
if < HO < and < Omegal < and -

return
return -np.inf

* Prior information P(D|0):

def log_probability(theta):
1p = log_prior(theta)
if not np.isfinite(lp) or np.isnan(lp):
return -np.inf

1p += CC_Cov().loglkl(theta) + Likelihood_Pantheon_SHBOES().loglkl(theta)
return 1p
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MCMC In practice

* Boundary conditions:

nwalkers =

AAAAAANANA

initial = np.array([70, ,-191)
ndim = len(initial)
p0@ = [np.array(initial) + * np.random.randn(ndim) for i in range(nwalkers)]

* Running MCMC:

sampler = emcee.EnsembleSampler(nwalkers, ndim, log_probability, =pool)

sampler.run_mcmc (p@,
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ChainConsumer Plotting

* Preparing the MCMC output:
flat_samples = sampler.get_chain( =True)
log_prob = sampler.get_log_prob( =True) om=0333:4312
results = np.c_[flat_samples, log_prob] ,f’“\\
np.savetxt(filename, results, 5 ( .\;
» \\\\_,,f//
° I ° ° C h ° C . ,\“’& ;77 //‘F = \
Plotting using ChainConsumer: / i.)
q">° £ // \'\\_ = //_.
params = ['HO', 'Om', 'M'] Ho om oL

chain = Chain.from_emcee(sampler, params, "an emcee chain")

consumer = ChainConsumer().add_chain(chain)
fig = consumer.plotter.plot()
fig.savefig('First_results.pdf')
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