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Pulsar Timing Preliminaries
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Taken from "Handbook of Pulsar Astronomy” by Lorimer & Kramer
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Pulsar Timing Measured Pulse Model that accounts
“Residual” time-of-arrival (TOA) for many delay factora
but not GWs



Sources of GWs: SMBHBs
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Challenges

Physical:

Do we understand the noise in our data”?

« Are we confident in our GWB signal model?
Statistical:

« How do we model several different kinds of noise processes
simultaneously?

« Are the data really gaussian?

« How do we assess detection significance?

« How do we sample the large parameter spaces?
Computational:

« How do we model and sample all processes simultaneously
while still allowing a decent run time?




A PTA noise model: everything is a Gaussian process

timing residuals

van Haasteren & MV
PRD 90, 104012 (2014)
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Basis picture
Search over basis coefficients
and hyperparameters

Ygp = Fa
p(a) - e—aT¢(9)_1a/2

Kernel picture
Marginalize over basis
coefficients, search over
hyperparameters

p(ygp) X e—yng K(0) tygp/2

K() = FP(O)F"



Stochastic GWs as correlated Gaussian process
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All the red noise processes!
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Hierarchical likelihood

Computationally cheap (0.07's) (all for NANOGrav 9-year dataset)
Large number of parameters (10,000)
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Marginalized likelihood coefficients

Computationally cheap (2 s)
Smaller number of parameters (400)
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New and improved outlier
model

Previous outlier model was gaussian mixture model (Vallisneri
van Haasteren 2016) required several complicated
coordinate transformation + custom NUTS HMC sampler
(required coding gradients of likelihood)

New method (see Tak’s talk) is gaussian + t-distribution. Uses
simple Gibbs sampler and requires minimal changes to
already existing MH based codes.

100 A
50

—100 A

—200 A

| ke o
f : f #:+

100 A

| ool g
o * &
o ¢ ¢ ;O

Residuals [us]

—100 A

—150 A
—200 A

146

148 150 152 154 146 148 150 152 154
TOA [yr] TOA [yr]



Assessing detection
significance

“smoking gun” of GWB is specific cross correlation
pattern

Model 1:  Su(f) = awP(f)

Model 2: San(f) = 0ap P(f)

Want to compare Models 1 and 2 in order to separate
spectral information from spatial correlation information.

There exist both Bayesian and frequentist versions of
this test.
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Assessing detection
&gmﬂcance 2
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Draw new random sky positions for pulsars and use in constructing correction
coefficients. Repeat this for many scrambles.

Add random phases to Fourier components. Repeat this for many shifts.

Because of finite number of pulsars there are only a few 100-1000 independent sky
scrambles.

Can be extremely computationally expensive; however can also be used for less
expensive frequentist techniques.
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Frequentist statistics ana
nuisance parameters

Statistic X (d, #) that depends on data d and noise
parameters .

Standard method is to use ML values 1, and compute
statistic.

What if nuisance parameters are poorly constrained and/or

correlated with parameters of interest (i.e. red noise and
GWB)?

Possible solution: Compute X (d, #) drawing ¢ from posterior
distribution p(f|d) and compute a “meta-statistic” of this
distribution.

What methods exist for dealing with this kind of problem?
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Final thoughts/challenges

e Currently our samplers use adaptive metropolis (AM), single
component adaptive metropolis (SCAM) and differential evolution
(DE) along with parallel tempering. What other kinds of proposals
can help improve mixing.

« Kernel or Basis picture?

« Other ways of determining detection significance for stochastic
and deterministic GWs.

 We have several frequentist statistics that are good proxies for the
more expensive Bayesian runs, in principle. How do we properly
construct these statistics in the presence of many nuisance
parameters?
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