Building flexible models of
gravitational wave data

...put not too flexible...

Tyson B. Littenberg
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O, 3 = X = Model A Is preterred over model B with X : 1 odds



Bayesian Analyses: Not magic.
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|_et’s Build a Likelihood Function
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Noise is modeled statistically

GWs are modeled
coherently (discrete sources)
or statistically (backgrounds)
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d —n + h Probability of measuring set of data d with k samples:

Noise is zero-mean Gaussian

p(d ‘ (9) _ I e—%(d—h)TC_l(d—h)

Noise has known variance
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Noise is zero-mean Gaussian
Noise has known variance
Data are perfectly calibrated
Waveform model is perfect

Noise variance Is stationary
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Model everything and let the data sort it out



Choose a convenient “basis set” to phenomenologically model features in data

Use evidence to determine the number of “basis functions” to use in the model
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Waveform model is perfect

Noise variance is stationary
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Model everything... likelihood = p(d | signal, noise, glitch)

Marginalize the stuff you don’t care about...

p(signal |d) = [ p(d | signal, glitch, noise)

glitch,noise

“likelihood™ “prior”




Transdimensional (Reversible Jump) MCMC




Transdimensional (Reversible Jump) MCMC




Transdimensional (Reversible Jump) MCMC

O
\
® ,{‘/‘:ﬂ‘

@- =
S

counts 1n model A -

=0
counts 1n model B A8



IhI?

Ihi?

— — — —
Q ol ol ol
B 9 & &
T lllll'ﬂl = lnll'l T llllll‘ T llllm'l

S
&
T llllﬂTI

H1

S
&
T llllﬂTI

S
(S
LI | lllll‘

10748

H1

glitch
signal

-0.15

-0.05

glitch
signal

0.05

-0.15

-0.05

0.05



signal E— H1 L1 Hi oo o——

H1 .
L1
—d II.I_J -I_ | =
0123 45 6 7 8 12 14 16 18 20 22 24 26 10 12 14 16 18 20 22 24

wavelets spline points lorentzians



1078

10740

Ih1?

10744

10748

10748

1078

1040

10742

Ih1?

10744

10746

10748

E
= data
i psd model ——
E
E
E
| | | | | | I | I | | | |
102
f
E
= data
W psd model ——
E
A
E
| | | | | | I | I | | |
102
f

=t

data
signal model ——
glitch model —

4
-6
" | | | . |
1.8 1.85 1.9 1.95 2 2.05
t
8 —_—
data
6 signal model ——
glitch model ——
4 e
Al W
0 et i - . !w q VAVV
-2 '
Wf |
-6
8 I I I I |
1.8 1.85 1.9 1.95 2 2.05



M
)
I
.a

O dram Xos = KXo X 1
j
|
X0,
j
L X0
t x:
eter se
ra
Ing p
ding A
ad
0S€
%
pr

(X1)
pxg) q

: P(d\xo)

= min

— M,

Ay,

X0

Ml
I
)
) p(X)P(x,
A
(d ] xp,
P

My



Transdimensional (Reversible Jump) MCMC
...are notoriously tricky to get mixing...

propose adding parameter set x : {x,} — {xy,x;} ‘ X
. p(d | xg, x;) px;) 1 M,
Opg—p, = MiIN | 1,
1 il e %
<<1 unless close to MO

bulk of posterior penalty for adding
prior volume
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