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Bayes Theorem: Bayesian Statistics

Pr(X|Y,I) = Pr(Yl?}g;l’(glgr<X 1)
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Bayesian Statistics

(1)Parameter Estimation: Bayesian Statistics
_ Pr(D|6,I)x Pr(6|I)
Pr(0|D,I) = BB

(2)Model Selection

Pr(M;|D) Z;
Bz‘j — hl( PT(MZ|D)) — ln(z—j) Dark Energy Computational
Physics Cosmology
B;; = Bayes Factor
M; = Model 7
D = Data

Z = Pr(D|I) = ‘Evidence’




O Introduction OBackground OThe Problem QThe Solution OPhysics—finaIIy! OThanks!

Bayesian Statistics

Bayesian Statistics

Z= [, L(O)(6) db

Dark Energy Computational
Physics Cosmology




Q Introduction QBackground OThe Problem QThe Solution OPhysics—finaIIy! OThanks!

Bayesian Statistics
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Pr(M;|D)\ __ ;
Bij = n(priniip)) = In(£4)

Bayes factor Interpretation

0.0 < B;; < 1.0 Not significant

1.0 < B;; < 2.5 Slight Dark Energy Computational
it Physics Cosmology
2.5 < B;; < 5.0 Strong

5.0 < B;; Decisive
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Computational Cosmology

CosmoMC 1] Bayesian Statistics
Dark Energy Computational
Physics Cosmology

[1] Lewis A., Bridle S., 2002, Phys. Rev. D, 66, 103511
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Computational Cosmology

CosmoMC 1] Bayesian Statistics

Likelihood codes (the data)
—>
4>
caml2lBE] Dark Energy Computational
Physics Cosmology

[1] Lewis A., Bridle S., 2002, Phys. Rev. D, 66, 103511
[2] Lewis A., Challinor A., Lasenby A., 2000, ApJ, 538, 473
[3] Howlett C., et al., 2012, J. Cosmo. Astropart. Phys., 2012, 27
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The Problem we are Investigating

J.A. Vazquez, M. Bridges, M. P Hobson and A.N. Lasenby (2012)
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“Reconstruction of the dark energy equation of state”. JCAP, 09, 20.

(arxiv 1205.0847)
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Previous Results - WMAP

Y min _
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Previous Results - WMAP
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Previous Results - WMAP

-4021.52
05 402154 nodes) compared to LCDM

402155 wCDM (1) -2.19+/-0.35
E -1 f 402156 tCDM (2) -2.34 +/- 0.35
= 402157 1CDM (3) -1.27 +/-0.35
15 402158 2CDM (4) -0.81 +/-0.35
402159 3CDM (5) -0.95 +/- 0.35

2 40216
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The Problem to Solve

M Douspris, OVOR D13, Commalogy Resuks rom Plandt. eemeeeeseeeeesenesseseenseneeseeeeeeeeeeee |5

15

Parameter  Prior Range Prior Type
Qph? [0.019,0.025]  uniform

Qi [(.095, 0.145] uniform

1008 [1.03.1.05] uniform

T [0.01, 0.4] uniform

My [0.8&5, 1.04] uniform
mi10'%4,)  [2.5,37] uniform

AL [0, 3607 uniform

AlY [0, 2707 uniform

AfG [, 4507 uniform

AT [0, 200 uniform

ASTF [0, 80 uniform

A [0, 107 uniform
- [0, 1] uniform
o [0, 1] uniform

o [-2.2] uniform

fa i) [0.98, 1.02] uniform

Cagy [0.95, 1.05] uniform
LHEE-CIR [, 1] uniform

A [0, 107 uniform

Bl [—20,20] uniform

wizg) [-2, -0.01] uniform

wizp) [-2.-0.01] uniform

wizz) [-2, -0.01] uniform

wizyg) [-2, -0.01] uniform

wizs) [-2. -0.01] uniform

o [0.01, 2.07 sored-uniform
b [0.01, 2.07 sored-uniform
o [0.01, 2.0] sored-uniform
n [A,w.r,1.2.3]  uniform
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‘Vanilla’ Method

- Calculate Bayes factors with Evidences

M
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Our Solution Hypermodel M™

— (3ives us:

Post(n) = Pr(n|D,0)

From which we get

Post(n=y
Bij — lIl( Posi((n:?ig )
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Our Solution — Works!
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So let’'s do some Physics — finally!

Planck 2013 CMB data

+ SNIa Union 2.0

BAO (BOSS DR11)
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So let’'s do some Physics — finally!

8, - -241+003
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So let’s do some Physics — finally!

Bf’h W Bf’h t

Bf’h 1

Full Run =3
Repeat Runs I
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So let’'s do some Physics — finally!
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Final Conclusions

WMAP era Datasets Planck 2013 era Datasets
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S. Hee, W. Handley, M. Hobson and A. Lasenby (2015)
Th a n ks “Bayesian model selection without evidences: application to
the dark energy equation-of-state”. Arxiv: 1506.09024,
submitted to MNRAS.
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