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Feature finding in the CMB
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The data

Lambda-CDM: very successful at describing the CMB power spectrum.

WMAP 7-year
data

Multipole moment |

Is there room for anything else?
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Theories with features

A number of theories predict specific features in the CMB on top of those
predicted by LCDM:

AT(h)
!
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Topological defects: cosmic strings
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Theories with features

A number of theories predict specific features in the CMB on top of those
predicted by LCODM:

AT(n)
[

f(n) 4+ dLepumin

Topological defects: cosmic strings and cosmic textures.

Cosmic bubble collisions: observational signature of eternal inflation.

@
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Features

S A
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A framework for searching for features

A theory that predicts features:

l[emplate with free parameters m

size, location, almijf litude

FPDF for the number of features and
template parameters

Pr(N..m)

How marny features of each
1'-,'{“'-1[; | exXpex t to see?
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A framework for searching for features

Bayes' theorem:
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A framework for searching for features

Bayes' theorem:

Pr(N,)Pr(dlN,)
Prid)

Pr(N.|d)

The actual number of features is drawn from a Poisson distribution:

Pr(dIN.) ST Pr(N.IN.) Pr(dIN.)
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A framework for searching for features

Bayes' theorem:

Pr(N,) Pr(dlN.,)
Prid)

Pr(N.|d)

The actual number of features is drawn from a Poisson distribution:

Pridl N.) \*l'r YV« |V ) Prid] N, )

et

Pr(N.IN,)
\'

The likelihood for V. templates is given by:

Pr(d N\ /-im dm dmy Prim,.m my \PridN,..m;.m

We've marginalized over template

l‘n!“l“""“'"-
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A framework for searching for features

The likelihoods are given by:

PridN,.m.m : exXp - 5 tim

P

(l vector containing the data at each pixe

t( 11, ) vector containing the value of the template at each pixel

A
( covariance matrix

Neglecting instrumental noise:

-l__]f ! 1
(" l.,llll‘\”“.f

P 1 T
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A framework for searching for features

Bayes' theorem:

Pr(N,)PridlN.,)
Prid

Pr(N.|d)

The actual number of features is drawn from a Poisson distribution:

Pr(dIN,) ST Pr(N.IN.) Pr(dIN.)

et

Pr(N.IN,)
\'

The likelihood for V. templates is given by:

Pridl N\ /-im dm dmy Prim,.m my \PridN,.m;.m

We've marginalized over template

parameter:
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A framework for searching for features

The likelihoods are given by:

PridlN,.my.m : exXp : ) tim

P—

(l vector containing the data at each pixe

L 11, ) vector containing the value of the template at each pixel

4
( covanance martrix

Neglecting instrumental noise:

-l__]f ! 1
('{ l.,llll‘\““.!

pa— 1 T
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A framework for searching for features

Problems:
Covariance matrix is very large and non-diagonal, hard to invert!
Need to sample a many-dimensional parameter space!
Arbitrary number of templates!
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A framework for searching for features

The likelihoods are given by:

PridN,..my.m ' exXp ; 5\ tim

—

(l vector containing the data at each pixe

t m, ) vector containing the value of the template at each pixel

L
( covariance matrix

Neglecting instrumental noise:

-l__]f ! 1
(" l.,llll*\““.!

A I n

Pirsa: 12020144 Page 19/47



Pirsa: 12020144

A framework for searching for features

Problems:
Covariance matrix is very large and non-diagonal, hard to invert!
Need to sample a many-dimensional parameter space!
Arbitrary number of templates!

Solution:

Locate candidate features with a blind analysis.
Find an approximation to the posterior by integrating only over the

regions of parameter space where the likelihood is large.
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A framework for searching for features

Problems:

Covariance matrix is very large and non-diagonal, hard to invert!
Need to sample a many-dimensional parameter space!
Arbitrary number of templates!

Solution:

Locate candidate features with a blind analysis.
Find an approximation to the posterior by integrating only over the
regions of parameter space where the likelihood is large.

likelihood
likelihood Va5 =  oliN

~ Zero

Page 21/47



Pirsa: 12020144

A framework for searching for features

The current pipeline uses needlets (a type of wavelet transform) to identify

candidates: sensitive to scale () and location (k).

f[ ) \‘}',,rl‘;: ) //.

-

The coefficients are computed in harmonic space.
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A framework for searching for features

The current pipeline uses needlets (a type of wavelet transform) to identify

candidates: sensitive to scale (j) and location (k).

I[ | \‘ j'."‘ﬂ: | il’. //.

-

The coefficients are computed in harmonic space.
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A framework for searching for features

For one candidate:

(] Vo)

d, ¢, im d, t.om

} i, ol

ratio In the patch: how much better does one describe the data by adding a template
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A framework for searching for features

For one candidate:
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A framework for searching for features

For one candidate:

@scribe the data by adding a templats
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A framework for searching for features

The general expression for NV, candidates:

Theory Cosmic All combos of templates
prior variance and blobs

R P

11

T Sk

Expected Poisson Evidence

number of process ratio in each
features blob
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A framework for searching for features

The general expression for NV, candidates:

Theory Cosmic All combos of templates
prior variance and blobs |

S T

How do we evaluate this expression?

Expected Poisson Evidence

number of process ratio in each
features blob
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CMB data from WMAP

Data is publicly available from the LAMBDA web site.

Full sky data is available at 5 frequencies: useful to remove foregrounds.

T'he data is represented using the Healpix pixelization scheme:
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CMB data from WMAP

Data is publicly available from the LAMBDA web site.

Full sky data is available at 5 frequencies: useful to remove foregrounds.

The data is represented using the Healpix pixelization scheme:

Hierarchical, Equal Area, isolLatitude Pixelization.

v v') g
.\I”\ I.—) 4 \ \“i' I.}.

"\Illl'

WMAP data: N, = 512, Nyix = 3,145, 728

)

Nyquist: 2 pixels per beam width (.2 degrees)
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CMB data from WMAP

Data is publicly available from the LAMBDA web site.

Full sky data is available at 5 frequencies: useful to remove foregrounds.

The data is represented using the Healpix pixelization scheme:

Hierarchical, Equal Area, isolLatitude Pixelization.

v v') R
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WMAP data: A\ 0l2, \.m- 3, 145, 728 .

Nyquist: 2 pixels per beam width (.2 degrees)
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CMB data from WMAP

HEALPIix software: public tools for the analysis and simulation of data.
Fortran 90, C++, IDL...
Parallelized.

Pixelization allows fast and accurate spherical harmonic transform.
Subroutines to manipulate data, perform forward and inverse spherical
harmonic transforms, perform file 1/O....

Facilities to make simulated maps, find power spectra, visualize data....
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Schematic of the pipeline
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Schematic of the pipeline
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Schematic of the pipeline

significance

threshold O
—_—

from

LCDM sims

blobs” containing
candidates

For each bleb
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Schematic of the pipeline

For each bleb

significance

threshold O
—

from

LCDM sims

blobs” containing
candidates

(

v+ 1
"LCDM noise

Sample using MultiNest

|
/ffllll'l(lll!r d-t|C "|d-t
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Schematic of the pipeline

For each blob

significance

threshold O
—

from

LCDM sims

blobs™ containing
candidates

(1 l

"LCDM . noise

blob

Combine according to

Sample using MultiNest

|
/ffllll'l(lll'lr d-t|C "d-t
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Limitations

tach blob contains a huge amount of data.
Storing and inverting the covariance matrix requires lots of RAM:

Currently running on a 672GB shared memory machine.
The code is parallelized.
I'he resolution inside a blob is degraded according to the resources

availlable.
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Results: Cosmic bubble collisions
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Results: Cosmic bubble collisions

The collision of our bubble with others
provides an observational test of

eternal inflation.

e Y

®
-
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Results: Cosmic bubble collisions

The collision of our bubble with others
provides an observational test of

eternal inflation.

Some possible outcomes.
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WMAP7 W-Band (94 GHz) : Needlets

(sensitive to 5-14 degree templates)

11 features pass thresholds, with detections in
multiple needlet types/frequencies
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WMAP7 W-Band (94 GHz) : Blobs

Divide the sky into “blobs” containing each
candidate collision.

Pirsa: 12020144 Page 45/47



WMAP7 W-Band (94 GHz) : Posterior

The posterior is peaked around N, = ()

From the shape of the posterior, we can rule out

Ng < 1.6 at 68% CL
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