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Gravitational Lensing
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Unlensed sources
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Weak lensing
2

Cosmic shear signal is comparable
to ellipticity of the Earth, ~0.3%

Weak Shear Regime

Esh ~ Cint + 8

- D. Wittman



Hierarchical Bayesian
Model

Galaxies: Intrinsic galaxy shapes to measured image:

Intrinsic galaxy Gravitational lensing  Atmosphere and telescope  Detectors measure Image also
(shape unknown) causes a shear (g) cause a convolution a pixelated image contains noise

Py | {D;}Y) « PU{D;}Y | n)P(y)



Toy Models

P(D | €sh> O-n) = ND(esh’ 61%)
P(¢;) = N, (0,62)

€Esn ~ €y + 8
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Toy Models

For a single galaxy,
P(D | Cints g) — P(D | €sh(€int’ g))

We can marginalize out €jny
P (D n | g ) X Jde(int,n)P (D n | G(int,n)9 8 )P (e(int,n) | 062 )

We specify an interim prior for ¢, as P(c,,) ~ I

P(e; (€ 8) | 67)
P(Gsh | I)

P(D;|6?) JdeShP(Dl- le,)P(e | 1)



Toy Model

P(eint(esha g) | 0-82)

P(D;|o? de.,P(D.|e;)P(e. |1
( llge)mJ €sh ( llgsh) (€sh| ) P(Gshll)

Importance Sampling:

Z- K P(eint(esh,ja g) | 662)

P(Di|062) x —
KJ:ZI P(Gsh,jll)

For N galaxies:

-~

N Z Z P(Gint(esh,j, g) | Gez)

PUD}Y o) x| | =
({ z}z=1| 6) ll}[(le P(GSh,jll)



Toy Model

o. posterior
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Multivariate Toy Model with
Covariance
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Multivariate Toy Model with
Covariance

. \ 5
H ) / \ . 3
= J \ [
= { \ .
& / \ 5
i v
/

pac ked _I pac ked _T

= \ / :
2 - A L

sigma sigma

~v
G - ™
= ~/ >
C ‘A :
o | J =
tr . \ )
b —_

— .

MCMC distribution and chain



Including morphological
properties

Intrinsic Properties @
® = [€, €, V,T, P],
e; ~ N(O,0,) .
e, ~ N(0,0,,) .
v~ Nu,o,).
r ~ lognorm(u,,o,) .

¢ ~ powerlaw(a) .
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Including morphological
properties

Non-Gaussian distributions transformed into approximately Gaussian
distributions via,

(g, 02) (fim, 2 (25,df)

g(r) = logggx
h(¢) = log( - ¢a)

So the transformed data is,
' = (e, €, 1, g(r), i(P)]
wy, =€)+ g, 6+ g, v,8(r), h(P)] -

where, ® ~ N(a, Z;,,)

We define this transformation as
o' = f(w)



Including morphological
properties

N 7z & Pr(w{w,, = , 3
PrA)Y, 9 o [[2 3 7 gy et =) £ Zie
KJ 1 Pr(a)ij,shll)




Current Challenges

e Transformations from non-Gaussian to Gaussian
e Prior choice: LKJ vs Inv Wishart for Cov Matrix

* QOther design factors: MCMC algorithm, interim sampling
distributions etc.
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Future Work

* Validate this approach on GalSim generated data

 Unbiased shear estimation through an extended model
(Schneider et al. 2015)

 Determination of correlations in galaxy properties,
morphological classification scheme
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