MéBobol péyioTng mlavogpaveiag

O1 mBavokpaTiKeG pEBOSOI Baci{ovTal oTnV TTAPATAENON OTI N EAAXICTOTTOINCN TOL X2
QVTIOTOIXEI O€ UEYIOTOTTOINCN TNOAVOTNTAG.

'EOTW OTI PITAOOLPE OET SESOUEVYV, YIA TO KABEva aTTd TA OTTOIA N KECN TIWA AAAA KAl N
SIOKLPAVON YLEGW ATTO ALTH AKOAOLOOLY KAVOVIKA KATAVOMN. ALTO UTTOEE va cLUPaivel
TTX, YIOTi TQ ONUEIC TIOOEKLWYAV PETA ATTO TTOAAEC JETPNOEIC YIA TO KABEva (PA. Becopnua
KEVTOIKOL OPIOL).
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* See Data Analysis — Siegmund Brandt,

Data analysis recipes: fitting a model to data: Hogg, Bovy, Lang 2010 °0



MéBobol péyioTng mlavogpaveiag

O1 mBavokpaTiKeG pEBOSOI Baci{ovTal oTnV TTAPATAENON OTI N EAAXICTOTTOINCN TOL X2
QVTIOTOIXEI O€ UEYIOTOTTOINCN TNOAVOTNTAG.
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MéBobol péyioTng mlavogpaveiag

BAOIKG TTAEOVEKTNWATA TV TTIOAVOKOATIKGWV HEBOSWYV € OXEON UE TO ATTAO X2

1. Héuvarornta xpnong «prior knowledgen n «updated knowledgen Kabwg eEeNicoeTal
TO TTEiPAPA. ANAASH, pTTopoLE va divooupe papn (Ox LOvo Opia) PACEl YVWOTWY NéN
TTANPOPOPIWV WOTE VA KATELOVVOULUE TOV AAYOPIBUO TTOOC TN OWOTH KATELOLVON,.

Av ¢V Yivel XpNon TTOWTLTEPNGS YVWONG, TO ATTOTEAECUA i8I0 JE X2
2. Xapn oTIC MOAvOoTNTEG, UTTOPOLUE OXI HOVO va S0LUE TToIa Eival N SeLTEEN (KAl TEITN...)
KATT KOAOTEPN AVCN OAAG KaI TTOCO TOAVO gival av aANAEOLUE PIA UETARANTH WE KATTOIO
TOOTIO WOTE VA PPOLIE TO TWOTO ATTOTEAECUA.
AVTIOETWG, Ol AAYOPIBUOI X2 EYYEVWG ETTIOTREPOLY POVO TNV KAADTEON ALON.
3. MITOPOULPE VA CLYKPIVOLUE AKOUA KAl 2 JOVTEAQ PETAEL TOLG

- Bayesian statistics

' Bayes describes the conditional probability of an event based on data as well as prior
information or beliefs about the event or conditions related to the event (1763).

Laplace developed the Bayesian interpretation of probability
32
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'ExovTag TIG prior, evidence, Kal yTTopwVTAg va LITOAOYiIcoLPE TNV likelihood yia KGBe POVTEAO,
Bpiokouvue TNV posterior KI Apa TIG PEATIOTES TIHEG TV TTAPAUETPV.

NMakéto emcee python. Yuvbudlel

Bzpnon Bayesian (uéow eAaxioTorroinong INP)

Monte Carlo yia emAoyr kAl YETAROAN CNUEICV OTO XWPEO TTAPAUETOWY O KOO XOOVO,
ue aAyopiOpuo Torov Metropolis yia TNy emAoyr) eDPOLS PAUATOC.

Xpnon N apiBuob mepimarntav (walkers) TToL AKOAOLOOVY TLXAIAS KATELOLYONC

TTOL SEiXVOLV TNV KAION TOL XWEOUL

aAvoida Bnuarwy oL eEaPTATAl HOVO ATTO TNV TPEXOLOA BEoN CNUEIY — OXI TN
TTAPEAOOVTIKN. ANG Sedopevou OTI TA
BAuata cwdlovTal, N aALoida PTTopEi va
aKoAoLONBsi kI avarroda - Markov chain
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[.x., Kivnon 2 walkers, 4 BnuaTtwy,
O€ XWEO TTAPAPETOWY

Ixnua wikpedia
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Fit evBciag ypapung pe Bayesian + Monte Carlo (emcee)
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To TeAevTAIO BMAa gival pia TTapadoxn YIaTi OTNY TTPOKEIUEVN eV £XEl KATTOIO (PLTIKO

vOoNuA. L& AAANEC OUWG TTEQITITWOTEIC Eival YIa cLVAPTNON TTOL TTELIYPAPEI TO PLTIKO

Pavouevo (m.x., covaptnon palacg yaiaicov oe mpoPANua yétonong 1 palag amo
AKTIVOROAIKN EKTTOUTTN).



XTiCoupe TIC MOAVOTNTEG

# emcee requires log-posterior

def log_prior(params):
alpha, beta=params
sigma_dev=0.1
return np.log( 1/2%np.pi*sigma_dev**2) - (alpha-1.53)#%%2/(2*sigma_dev**2) - (beta-4.86)#*x2/(2*sigma_dev#*2)

# gaussian likelihood for each data point given a model, sum over all data points
def log_likelihood(params, x, y):
alpha, beta = params
sigma_typical = 1.5
y_model = alpha* x + beta
N=1len(x)
# note that the result should be the same with or without the second term of the sum = constant
return -0.5 * np.sum((y-y_model)#**2 / sigma_typical#*2) - (N/2)*np.log(2*np.pi* sigma_typicals*x 2)

def log_posterior(params, x, y):
#return log_likelihood(params, x, y) # compare to x2 without errors
return log_prior(params) + log_likelihood(params, x, y) # compare to x2 with errors



EKTEAOVE TOV TTEQITTATO OTO XWPEO TWV TTAQLAUETOWV

# emcee combines MCMC chains (walkers) of a number of steps.

ndim = 2 # number of parameters in the model
nwalkers = 50 # number of MCMC walkers

nburn = 20 # "burn-in" period to stabilise chains
nsteps = 2000 # number of MCMC steps to take

starting_guesses = np.random.random((nwalkers, ndim))*6 # random positioning of 50 walkers in parameter space
#print(starting_guesses)

sampler = emcee.EnsembleSampler(nwalkers, ndim, log_posterior, args=[x_data, y_datal)
sampler.run_mcmc(starting_guesses, nsteps)

#Apai1pd ta npwta nburn BAuata ané kabe walker

#emionc umopw ta Pruata twv walkers pali yia va yaunAwow ula Sidotacn tov mivaka
#emcee_trace = sampler.chain[:, nburn:, :].reshape(-1, ndim)

emcee_trace = sampler.get_chain(discard=nburn,flat=True)



labels = ['alpha', 'beta']

#previous_solution=[1.53,4.86] # with errors
previous_solution=[2.04,3.10] # without errors

fig = corner.corner(emcee_trace, labels=labels
,truths=[previous_solution[0], previous_solution([1]]);

print( '\n Mean alpha bayesian = ', emcee_trace[:,0].mean(),
‘\n x*2 alpha = ', previous_solution[@],
‘\n Mean beta bayesian = ', emcee_trace[:,1].mean(),
‘\n x*2 beta = ', previous_solution[1])

XwpEIc Papn oTtnv prior

Mean alpha bayesian 2.0436413093307277
X2 alpha
Mean beta bayesian

X2 beta

3.0778930524593844

beta




labels = ['alpha', 'beta']

previous_solution=[1.53,4.86] # with errors
#previous_solution=[2.04,3.10] # without errors

fig = corner.corner(emcee_trace, labels=labels
,truths=[previous_solution[@], previous_solution[1]]);

Me Bapn oTnyv prior

print( '\n Mean alpha bayesian = ', emcee_trace[:,0].mean(), :E;na?:ﬁ:a angs;gn = 1.588738518764105
‘\n x*2 alpha = ', previous_solution[@] -
'\n Mean beta baye;ian = ', emcee_tracei:,l].mean(). Mfa" beta bayesian = 4.851960032274037
‘\n x*2 beta = ', previous_solution[1]) X*2 beta = 4.86
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‘EAEYXOC TTC KIVOLVTAI Ol walkers OTo XWPEO TV TTAQAUETPWY (OAA Ta PAuaTA)

fig, axes = plt.subplots(2, figsize=(10, 5), sharex=True)

samples = sampler.get_chain()

labels = [ 'alpha', 'beta'l

for i in range(ndim):
ax = axes[i]
#ax.plot(samples[:,08, 1], 'forestgreen',label='walk') #av 8eAw pévo éva walker
ax.plot(samples([:,:, i], 'forestgreen', alpha=0.3) #BAenw 6Aovc Toug walkers
ax.set_x1lim(@, len(samples))
#ax.set_x1lim(@, nburn)
ax.set_ylabel(labels[i])
ax.yaxis.set_label_coords(-0.1, 0.5)
ax.hlines(y=previous_solution[i], xmin = @, xmax = len(samples), linewidth=4, color='k',label="true')
ax. legend(loc="'center left', bbox_to_anchor=(1, 0.5))

axes [-1].set_xlabel('number of chain links');
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‘EAEYXOC TTC KIVOLVTAI Ol walkers OTo XWPEO TV TTAPAUETOWY (TTowTa PAUATA,
including burns, §nA. TTpIvV TN CVOYKAION)

fig, axes = plt.subplots(2, figsize=(10, 5), sharex=True)

samples = sampler.get_chain()

labels = [ 'alpha', 'beta'l

for i in range(ndim):
ax = axes[i]
#ax.plot(samples[:,08, 1], 'forestgreen',6 label='walk') #av 6eAw uévo éva walker
ax.plot(samples([:,:, il, 'forestgreen', alpha=0.3) #BAenw b6Aovc touc walkers
#ax.set_xlim(@, len(samples))
ax.set_x1im(®, nburn)
ax.set_ylabel(labels[i])
ax.yaxis.set_label_coords(-0.1, 0.5)
ax.hlines(y=previous_solution[i], xmin = @, xmax = len(samples), linewidth=4, color='k',label='true')
ax. legend(loc='center left', bbox_to_anchor=(1, 0.5))

axes [-1].set_xlabel('number of chain links');
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‘EAEYXOC TTC KIVOLVTAI Ol walkers OTo XWPEO TV TTAPAUETOWY (TTowTa PAUATA,
EekivaovTag amo a=1)

fig, axes = plt.subplots(2, figsize=(10, 5), sharex=True)

samples = sampler.get_chain()

labels = [ 'alpha', 'beta'l

for i in range(ndim):
ax = axes[il
#ax.plot(samples[:,8, 1], 'forestgreen',label='walk') #av BeAw puévo éva walker
ax.plot(samples([:,:, i], 'forestgreen', alpha=0.3) #BAenw 6Aovc Touc walkers
#ax.set_xlim(@, len(samples))
ax.set_x1im(@, nburn)
ax.set_ylabel(labels[i])
ax.yaxis.set_label_coords(-0.1, 0.5)
ax.hlines(y=previous_solution[i], xmin = @, xmax = len(samples), linewidth=4, color='k',label="true')
ax.legend(loc="center left', bbox_to_anchor=(1, 0.5))

axes [-1].set_xlabel('number of chain links');
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