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ES TIMATORS

~or the bispectrum the estimator takes the general form
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We can put this In a general form by defining
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Where # represents the p = {l1,m1,l2,ma, ..., lp, my } degrees
of freedom



ES TIMATORS

The estimator for a general polyspectrum Is then defined as
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where a

s the appropriate linear term



ES TIMATORS

We will now go one step further by defining the weighted
vectors (and matrix)
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And we can then write the estimator in matrix form as
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BASIS

T we then suppose the existence of an orthonormal basis
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BASIS

Then we can decompose our theory representing It as a set
of modal coefficients

Al = Z Gt (A — R a)

a=TRA
We will truncate our basis at some nmax so so we can also
define a projection operator
P=R"'R
And we take our theory to be completely described by this
basis
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SIMULATION

his method can be used to simulate maps with a given
bispectrum and trispectrum
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SIMULATION

Using the expansion the nonGaussian contributions can be
easlly calculated
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the method we

SIMULATION

fIERicSTiihe accuracy of

simulated maps using

both the primordial and ¥
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BASIS

We can perform the same modal decomposition on the data
and the covariance
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BASIS

VWe can understand the effect of the projection by
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BASIS

VWe can understand the effect of the projection by
considering
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The difference Is the projection of contamination from the
orthogonal space Into the subspace
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INVERSE COVARIANCE

Can we even calculate the covariance in the modal space!
Yes!

B
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INVERSE COVARIANCE

Also as all covariance matrices are symmetric positive
definite they have a Cholesky decomposition

And we can absorb t

@—od
ne covariance into our modes. | his

amounts to a re-ort

nogonalisation to an uncorrelatea

orthonormal basis
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RECONSTRUCTION

We have {8) = «a so can reconstruct the best fit bispectrum to the

data by using the 8 as our a. If we have constructed a primordial basis

as well then we can  use the decomposition of projected primordial
modes to find the best fit primordial bispectrum

, i A r
02 \ l I :‘ lf' " ‘ 'f l‘ | 500 7
1 | A, ' ] ~
‘ "‘ \ \ | I':’"‘Kl / .“l‘ A ",‘b "\ < A ‘. { A'.I ,n
o | \.I"‘ ‘l \ I\ ",'/\. ,."A'.-- ;‘ / "."" ! o ‘ \ “' ‘ " "'\ I #"' 8 W i 007
I \ | / 'nl v “J “ | { f N\ f ;
\ \ 't'l" L & 4 ‘ .

f
/ ‘ \ /ﬁ \ ™ [ ﬂ f
0.1 . v '| ‘ \ \ '.‘. I[ " z !
- : d ’ / 300
02 l |I f Il
| 4 \
03 ] ' i g ;
200
s | s\
2" 5 10 15 20 25 30 35 a0 a5 50 100+ /A -.:.;.‘;. ,—), 4. o
-. 400
L/ 300
ey : 200
Y AT s —— 100
300 400 ’
s00 O
|5

15



RECONSTRUCTION

In addition to constraining particular models we can perform
a blind search
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CONTAMINANTS

As we expect the covariance matrix to be the identity we can use
principle component analysis to identify the shape of contaminants.

We first calculate the covariance matrix for beta from simulations

et = o

And then find the rotation which diagonalises

it. This Is equivalent to performing an eigen
decomposition. T he result Is that you obtain a o
new orthonormal basis but now your modes >
are uncorrelated and ordered from greatest

to least variance.
| /
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CONTAMINANTS

WMAP Inhomogeneous noise
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CONTAMINANTS

WMAP Mask
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CONTAMINANTS

Point sources
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CONCLUSIONS

PRIMORDIAL | Shape mode

Map-making Primordial estimator
expansion * validation VAR » transfer functions
On * variance estimate I * map mode filtering

Stkkk)=2a, O,
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Primordial Bispectrum measures Cosmic microwave
bispectrum / Primordial estimator CMB estimator 2 background maps
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