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Predicted by multi—field inflation models
(e.g. Moroi & Takahashi 2001: Enqwist & Sloth 2002: Lyth et al. 2003)
or string theory

(e.g. Khoury et al 2001; Steinhardt & Turok 2002)
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2, ka) = F(k l - *’;"_'H fnL)
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& Traditional mathods

® SOme caveats

Bayesian approach

Test o simulated daia

Summary

Pirsa: 08030056

Traditional methods

Calculate the bispectrum
P(ky)P(ka)P(k3)) = (27)° 6° (ks + ko + k3) F(ky. k. k3

where F(ki.ko. k3) = F(k1. ko. k3. fNL)

or the KSW-—estimator (komatsu et al. 2005: Yadav et al. 2007
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Some caveats

Properties of the estimator:

« Variance larger than predicted by Fisher matrix

« Uses information from 3—point—function only

Ambiguity in defining the estimator:

» Uncertainties in systematic effects of instrument
» How to account for errors in foreground substraction

« Uncertainties in cosmological parameters

—
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« Uncertainties in systematic effects of instrument
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» How to account for errors in foreground substraction

« Uncertainties in cosmological parameters

Can we improve the analysis?

Page 11/46

Sirimrme Aand AlResmestinme —F

mrmeeial ren e anesmrmty Darimet=e lmettnite O =mamctan Ao = [ e anesrmetias - 70



Bayesian approach (warm up)

The data model

Intraduction _’ f . i e
S = —_ E“dk _'[i :

Froquentist approach

Bayesian approach i oy ; -lljr o 'I‘[' A

& S3YES[AN approac

& Hayesian approach |

& Bayesian approach | .

& Eayssian approach 1
« B=y=sian approach [V

Il
—_
KA

» Sampling from e POFs
& Advantagos

Tai

st on simulated data

Summary

Pirsa: 08030056

Page 12/46

-

rimrme A AbPearmsstinme o mamee=ial ren e anesimmmty Darimeter netitnte

O mametmam Ao ~F [ e anesrsrtias - 940

4



|mtroduction

Bayesian approach (warm up)

The data model

Froquentist approach

Bayesian approach

& E=yosian approach O

& Bayesian approach |

& Hayesian approach |

& Bayesian approach [

& Hayesian approach [V

» Sampling from e POFs
& Advantagos

Tast on simulated dats

Summary

Pirsa: 08030056

- Beam convolution matrix
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Bayesian approach |

Aim: Construct the posterior density P( fy |d)

The joint probability

P(d.®r. fxr. On. Q. 7.
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» Further exiensions possible: e.g. marginalization

Summary

over cosmology
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Model setup
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Sparse signal covariance matrix
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Properties of the sampler

Autocorrelation of the f; chain
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Summary
» The frequentist approach suffers from some drawbacks
» Bayesian methods have been applied to powerspectum
analysis succesfully
» They are applicable to the detection of fx 1
« The Bayesian approach allows proper treatment of
uncertainties
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