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A new model-independent method is presented for the analysis of pulsar timing data and the estimation
of the spectral properties of an isotropic gravitational wave background (GWB). Taking a Bayesian
approach, we show that by rephrasing the likelihood we are able to eliminate the most costly aspects of
computation normally associated with this type of data analysis. When applied to the International Pulsar
Timing Array Mock Data Challenge data sets this results in speedups of approximately 2—-3 orders of
magnitude compared to established methods, in the most extreme cases reducing the run time from several
hours on the high performance computer “DARWIN” to less than a minute on a normal work station.
Because of the versatility of this approach, we present three applications of the new likelihood. In the low
signal-to-noise regime we sample directly from the power spectrum coefficients of the GWB signal
realization. In the high signal-to-noise regime, where the data can support a large number of coefficients,
we sample from the joint probability density of the power spectrum coefficients for the individual pulsars
and the GWB signal realization using a “‘guided Hamiltonian sampler’” to sample efficiently from this
high-dimensional (~1000) space. Critically in both these cases we need make no assumptions about the
form of the power spectrum of the GWB, or the individual pulsars. Finally, we show that, if desired, a
power-law model can still be fitted during sampling. We then apply this method to a more complex data
set designed to represent better a future International Pulsar Timing Array or European Pulsar Timing
Array data release. We show that even in challenging cases where the data features large jumps of the
order 5 years, with observations spanning between 4 and 18 years for different pulsars and including steep
red noise processes we are able to parametrize the underlying GWB signal correctly. Finally we present a
method for characterizing the spatial correlation between pulsars on the sky, making no assumptions about
the form of that correlation, and therefore providing the only truly general Bayesian method of confirming

a GWB detection from pulsar timing data.
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L. INTRODUCTION

Millisecond pulsars (MSPs) have for some time been
known to exhibit exceptional rotational stability, with
decades-long observations providing timing measurements
with accuracies similar to atomic clocks (e.g. [1,2]). Such
stability lends itself well to the pursuit of a wide range of
scientific goals, e.g. observations of the pulsar PSR
B1913 + 16 showed a loss of energy at a rate consistent
with that predicted for gravitational waves [3], while
the double pulsar system PSR J0737 — 3039A/B has pro-
vided precise measurements of several “‘post-Keplerian”
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parameters allowing for additional stringent tests of
general relativity [4].

By measuring the arrival times (TOAs) of the radio
pulses to high precision it is possible to construct a timing
model: a deterministic model that describes the physical
properties of the pulsar e.g. its binary period and spin
evolution, its trajectory, post-Keplerian terms, and so on.
A detailed description of this process is available in the
Tempo?2 series of papers [5—7]. The timing model can then
be subtracted from the TOAs resulting in a set of residuals
that contain within them any physical effects not correctly
accounted for by the timing model.

In this paper we will be concerned with extracting
information from these residuals that results from time-
correlated stochastic signals. These can include additional
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red noise terms due to rotational irregularities in the
neutron star [8] or correlated noise between the pulsars
due to a stochastic gravitational wave background (GWB)
generated by, for example, coalescing black holes
(e.g. [9,10]) or cosmic strings (e.g. [11-13]). These could
be detected using a pulsar timing array (PTA), a collection
of Galactic millisecond pulsars from which the cross-
correlated signal induced by a GWB could be extracted.
Current methods for the analysis of PTA data are for the
most part extremely computationally expensive. This is
particularly true for existing Bayesian methods ([14,15],
henceforth vHL.2013 and vH2009) with large dense matrix
inversions resulting in a scaling with the number of data
points of approximately O(n®). Recently new methods
have been proposed to speed up this analysis. In [16]
(henceforth vH2013), lossy data compression is used to
reduce the time these matrix inversions require, resulting in
a speedup of ~3-6 orders of magnitude over previous
methods, while the authors of Ref. [17] make an approxi-
mation to the likelihood function that allows speedups
proportional to the square of the number of pulsars in the
array. As with other existing Bayesian techniques, how-
ever, these methods still assume specific models for the
properties of both the GWB and the intrinsic pulsar noise, a
statement of prior knowledge whose validity is unknown,
since as yet any GWB remains undetected.

In this paper we present an alternative, model-
independent approach to performing a Bayesian analysis
of PTA data that results in a speedup of between 2 and 3
orders of magnitude when compared to vHL2013, is not
limited by the number of free parameters fitted or system
memory, using <1 GB of system memory for the analysis
of the International Pulsar Timing Array (IPTA) data sets,
and critically at no stage requires the specification of any
prior form for the shape of the correlated power spectrum
induced by a GWB, or the red noise present in a particular
pulsar at the point of sampling. This represents a true
model-independent means of performing inference on the
shape of the power spectrum of a gravitational wave back-
ground, where we do not know the form that background
will take. We accomplish this in two ways. In the low
signal-to-noise regime (Sec. III) we sample directly from
the power spectrum coefficients of the GWB signal real-
ization. We show that for the IPTA data challenges, the
number of coefficients required to describe the signal is
roughly an order of magnitude less than the number of
data points in the time domain, and so correspondingly
the matrix inversions required in the likelihood are
~103 times faster to compute.

In the high signal-to-noise regime, when the number of
coefficients to be sampled is larger, these matrix inversions
once again become untenable, and so we sample from
the joint probability density of the power spectrum coef-
ficients for the individual pulsars and the GWB signal
realization. This allows us to eliminate all matrix-matrix
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multiplications and costly matrix inversions from the like-
lihood calculation entirely, replacing them with matrix-
vector operations and sparse, banded matrix inversions,
so that this new likelihood scales as O(n X n3) with the
number of frequencies sampled n, and number of pulsars
n, while still retaining the ability to make robust statistical
inferences about the white and red noise present in the
PTA data with the same precision as in vH2009/vHL2013.
We perform the sampling process in this case using a
guided Hamiltonian sampler (GHS) (Balan, Ashdown,
and Hobson [18], henceforth B13), which provides an
efficient means of sampling in large numbers of dimen-
sions (potentially > 10°). This method of sampling, in
combination with the new, simpler likelihood function,
allows us to greatly extend what is computationally fea-
sible from a Bayesian analysis of pulsar timing data. This
includes the ability to parametrize the spatial correlations
between pulsars directly, without having to assume any-
thing about the form it might take. This spatial correlation
is the ““‘smoking gun” of a signal from a gravitational wave
background, and so the ability to extract it directly from the
data is crucial for the credibility of any future detections
from pulsar timing data.

Finally, due to the versatility of this approach we show
that where desired, models for the power spectrum of the
GWB and additional red noise processes such as a single
power law can still be applied at the point of sampling.

In Secs. II and III we derive the new likelihood func-
tions. In Sec. IV we describe the guided Hamiltonian
sampler and how it can be applied to PTA data analysis.
In Sec. V we provide a way of estimating the number of
coefficients that are supported by the data in both the low
and high signal-to-noise cases. In Sec. VI we apply the
three different methods described thus far to the first IPTA
data challenge and compare the results with both the
established method described in vHL2013 and the updated
method described in vH2013. In Sec. VII we then describe
and analyze a set of more challenging simulated data sets
designed to represent better a future IPTA data release.
Finally in Sec. VIII we describe our method of parame-
trizing the spatial correlation between pulsars.

This research is the result of the common effort to directly
detect gravitational waves using pulsar timing, known as
the European Pulsar Timing Array, Janssen et al. [19,20].

II. ESTIMATING THE POWER SPECTRUM

For any pulsar we can write the TOAs for the pulses as a
sum of both a deterministic and a stochastic component:

ttot = tdet + tsto: (1)

where t,, represents the n TOAs for a single pulsar, with
ty: and tg, the deterministic and stochastic contributions
to the total, respectively, where any contributions to the
latter will be modeled as random Gaussian processes.
In estimating the timing model parameters for the pulsar,
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a standard weighted least-squares fit, as performed in
packages such as Tempo2, will model the stochastic
contributions purely as white noise characterized by the
TOA uncertainties. In doing so, a set of prefit timing
residuals Ot are produced using an initial estimate of
the m timing model parameters B; such that

atpre = tior — taer (BO) ()

From here a linear approximation of the timing model can
be used such that any deviations from the initial guess of
the timing model parameters are encapsulated using the m
parameters €; such that

€ = Bi — Boi 3)

We can therefore write the set of postfit residuals ot that
arise from this fitting process as

ot = 6t + Me, “4)

where M is the n X m “‘design matrix” which describes
the dependence of the timing residuals on the model
parameters. Thus any contribution to ty, not described
by the TOA uncertainties, such as the signal from a
GWB, will be absorbed by the timing model fit and so
when the timing model is subtracted from the data, any
attempt to characterize the power spectrum of the resulting
postfit residuals will be incorrect. While some methods
exist to model the intrinsic red noise at the point of fitting
the timing model (e.g. [21]), and indeed, one can use
Tempo2 in conjunction with the methods described in
this paper to simultaneously fit for the red noise and the
nonlinear timing model, this is not an approach we pursue
in the following work.

In order to account for this, we instead begin by follow-
ing the approach of vHL2013 that we describe in brief here
so as to aid subsequent discussion. We begin by assuming
that the effect of the additional noise processes beyond the
TOA uncertainties on the timing model fit will be small, so
that the linear approximation will still hold even in their
presence. By refitting for the set of parameters € we can
therefore write the stochastic component of the residuals as

oty, = ot — Me. 5)

We can then write the likelihood for the timing residuals as
(vH2009)

1
JQ2m) detC

Xexp(—%(&t —Me)TC*'(St—Me)), ©)

Pr(6tle, )=

where the n X n covariance matrix C describes the
stochastic contributions to the timing residuals such that

(t40,0t50,) = Cijy (7)

and is described by a set of parameters ¢.
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We can then marginalize over all variables € in order to
calculate the likelihood of a particular set of parameters ¢
for the stochastic contributions to the residuals, i.e.

Pr(6t|ep) = f d" € Pr(e) Pr(Stle, b). @)

In vHL2013 this marginalization is performed analyti-
cally assuming a uniform prior on € to give

1

Pr(6t|¢p) =
Y2m)" " det (GTCG)

1
X exp (— EﬁtTG(GTCGY 1GT5t>, 9)

where G is a positive-definite symmetric n X (n — m)
matrix, the derivation of which will not be described here.
For the IPTA data challenge, data sets consisted of 130
residuals for 36 pulsars such that n = 4680. G therefore is
~4500 X 4500, and so the bottleneck in this calculation
comes from the matrix inversion that must occur for every
likelihood calculation, along with the set of matrix-matrix
multiplications required to calculate GTCG.

Our goal is to remove this obstacle by rephrasing the
likelihood such that its evaluation requires no matrix-
matrix multiplications and to either eliminate the need to
perform computationally intensive [i.e. O(n®)] dense ma-
trix inversions, or to reduce the size of these matrices
sufficiently such that their inversion no longer dominates
the evaluation time of the likelihood function, while retain-
ing the ability to determine the power spectrum of the
stochastic contributions to the residuals.

We do this by first writing our timing residuals &t as the
sum of a signal s that we are interested in parametrizing,
which will include contributions from both intrinsic red
noise and the GWB signal, and some additional white
noise n so that we have

ot =s+n. (10)

We can expand s in terms of its Fourier coefficients a so
that s = Fa where F denotes the Fourier transform such
that for frequency v and time ¢ we will have both

F,,=sin|—vt),
’ T

and an equivalent cosine term. For a single pulsar the
covariance matrix ¢ of the Fourier coefficients a will be
diagonal, with components

an

@i = (a;aj) = ¢;0;, (12)
where there is no sum over i, and the set of coefficients {¢;}
represent the theoretical power spectrum for the residuals.

Note that, while this equation states that the Fourier
modes are orthogonal to one another, this does not mean
that we assume they are orthogonal in the time domain
where they are sampled, and we will show explicitly later
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that this nonorthogonality is accounted for within the like-
lihood. Instead, in Bayesian terms, Eq. (12) represents our
prior knowledge of the power spectrum coefficients within
the data. We are therefore stating that, while we do not
know the form the power spectrum will take, we know that
the underlying Fourier modes are still orthogonal by defi-
nition, regardless of how they are sampled in the time
domain. It is here then that, should one wish to fit a specific
model to the power spectrum coefficients at the point of
sampling, such as a broken, or single power law, the set of
coefficients {¢;} should be given by some function f(®),
where we sample from the parameters ® from which the
power spectrum coefficients {¢;} can then be derived.
When dealing with a signal from a stochastic gravita-
tional wave background, however, it is crucial to include
the cross-correlated signal between the pulsars on the sky.
We do this by using the Hellings-Downs relation [22]:

31—-cos(,,) (1 - COS(amn)>
=— In

amn_z P D)
11—cos(d,,) 1 1
S AL LTS . 13
4 2 2 2™ (13)

where 6,,, is the angle between the pulsars m and n on the
sky and «,,, represents the expected correlation between
the TOAs given an isotropic background. With this addi-
tion our covariance matrix for the Fourier coefficients
becomes

Pminj = <amia:;j = amn‘Piaij; (14)

where there is no sum over i, which results in a band
diagonal matrix for which calculating the inverse is ex-
tremely computationally efficient.

We then write the joint probability density of the power
spectrum coefficients and the signal realization
Pr({¢;}, al6t), where here a refers to the concatenated
vector of all coefficients a; for all pulsars, as

Pr({e;}, alét) « Pr(6t|a) Pr(al{e;}) Pr({e})  (15)

and then marginalize over all a in order to find the posterior
for the parameters {¢,} alone. For our choice of Pr({¢;}) we
use a uniform prior in logy space, as the scale of the
coefficients is largely unknown below some upper limit,
and draw our samples from the parameter p; = log ;o(¢;)
instead of ¢;, which has the added advantage that we avoid
unnecessary rejections due to samples that have negative
coefficients in the sampling process. Given this choice of
prior the conditional distributions that make up Eq. (15)
can be written

1
Pr(ot|a) « exp[— 5(5t — Fa)”

1
v/det (GTNG)

X G(G'NG)"'G"(8t — Fa)], (16)
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where N = (nn”) and represents the white noise errors in
the residuals, which follows from Eq. (9) with N replacing
C, and substituting 6t — Fa for ot, and

1 1
Pr(al{pi})mmem[—ia*%1a:|- (17)

Note that we can calculate G(G'NG)™'GT before the
sampling starts and store it in memory, which eliminates
the need for any dense matrix inversions, or matrix multi-
plications within the likelihood calculation.

A. Estimating the white noise properties

When dealing with realistic pulsar timing data, the
properties of the white noise can be split into two
components.

(1) For a given pulsar, each TOA has an associated error
bar, the size of which will vary across a set of
observations. We can therefore introduce an extra
free parameter, an EFAC value, to account for pos-
sible miscalibration of this radiometer noise [7]. The
EFAC parameter therefore acts as a multiplier for all
the TOA error bars for a given pulsar, observed with
a particular system.

(2) A second white noise component, independent of
the size of the error bars, is also used to represent
some additional source of time-independent noise.
We call this parameter EQUAD.

In both the IPTA data challenges, and the simulations in
Sec. VII, the TOAs for a given pulsar are all assigned a
single value for the size of their error bars and so there is no
need to include both an EFAC and EQUAD in their analy-
sis, requiring only a single EFAC value per pulsar. Using
the likelihood in Eq. (16), despite precalculating the prod-
uct G(GTNG)™!GT, we are still able to make inferences
about the properties of this scaling factor. Denoting the
EFAC parameter for each pulsar p as w,, we can define a
diagonal matrix W such that, if pulsar p has a set of o,
residuals, and a timing model described by m, model fit
parameters, the first 0; diagonal elements of W will equal
w1, the next 0, diagonal elements will equal w,, and so on,
we can rewrite the product G(GT WNG)'G”. Exploiting
the fact that the G are block diagonal, we can then rewrite
this as

G(GTWNG)'GT = G(W'G'NG)'GT
= GW (G'NG)'GT
= W IG(G'NG)"!GT, (18)

where W' will be a diagonal matrix where the first
(0o; — my) entries are equal to w;, the next (0, — m,)
entries will be equal to w,, and so on. The determinant
of the inverted matrix is then given by
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N,
det (WGTNG) = [ wi” ™" det (G'NG),
p=1

(19)

where N, is the total number of pulsars in the data set.
Thus we can store G(G'NG) !G” and the determinant
det (GTNG) in memory and the only additional overhead
in the likelihood calculation is the calculation of det (W’),
which is negligible.

For the sake of simplifying our notation we now redefine

N~! = W !G(G'NG)"!GT. (20)

For more realistic data, where the size of the TOA error
bars vary across an observation, and different observing
systems are used such that multiple EQUAD and EFAC
parameters are desired for the analysis, a slightly different
approach is required. Rather than marginalizing over the
timing model parameters for each pulsar analytically as in
Eq. (16), we can simply perform that marginalization
process numerically and so write

Pr(otla, €) = xp(—%(ﬁt — Me — Fa)”

1
———————¢€
J(Q2m)"detN

X N71(6t — Me — Fa)). 21
In this way as many white noise parameters can be
included as needed; however, this approach will not be
pursued further in this paper given, as mentioned previ-
ously, the data sets under consideration can be analyzed
fully using Eq. (16).

B. Including additional red noise

In order to account for uncorrelated red noise in the
pulsar timing residuals we need only modify the covari-
ance matrix ¢ in Eq. (14) by introducing an additional set
of parameters «,, along the diagonal such that

qui,nj = Ay lopfﬁij + 10K”1i6mn6 (22)

ij

where we then marginalize over all k.

C. Performing the sampling

How we now perform the sampling depends entirely on
the number of Fourier coefficients we will be using to
describe the stochastic signal in the timing residuals. As
we shall see in Secs. VI and VII, even in data sets that
exhibit an extremely high signal-to-noise ratio, the number
of coefficients required to adequately describe the system
is much less than the number of data points in the time
domain, often by more than an order of magnitude. This is
because practically all the power in the data sets analyzed
in these sections comes from only a few low frequency
modes that are heavily oversampled in the time domain. In
this situation we can marginalize over the Fourier coeffi-
cients a analytically and sample directly from the power
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spectrum coefficients {p, k}, a process we describe in
Sec. III. While this marginalized likelihood function will
still include the inversion of a dense matrix, if the number
of coefficients sampled is an order of magnitude less than
the number of time series data points, then the matrix to be
inverted will be an order of magnitude smaller than that in
Eq. (9) and will thus take a factor 1000 less time to be
inverted.

If, however, we wish to sample over a larger number of
Fourier coefficients, to include, for example, higher fre-
quencies where we might expect to observe gravitational
wave signals from bright individual sources, then in the
limit that we wish to extend our analysis to all frequencies
that are Nyquist sampled in the data, the matrix to be
inverted when performing the marginalization analytically
will be of the same size as that in Eq. (9), and we will have
the same computational burden as when performing the
analysis in the time domain. In this situation we can
perform the marginalization numerically, sampling di-
rectly from the high dimension, joint probability distribu-
tion described in Eq. (15), a process made possible through
the use of a GHS (B13), which we describe in the Sec. IV.

III. THE LOW SIGNAL-TO-NOISE REGIME:
ANALYTICAL MARGINALIZATION OVER
THE FOURIER COEFFICIENTS

In order to perform the marginalization over the Fourier
coefficients a, we first write the log of the likelihood in
Eq. (15), which denoting (F'N"'F + ¢~ ') as X and
F'N"!6t as d is given by

1 e 1
logL = — E5tTN—15t - EaTEa +d7a.  (23)

Taking the derivative of log L with respect to a gives us
dlogL
oa

which can be solved to give us the maximum likelihood
vector of coefficients a:

a=>3"'d"

—Ya+d7,

(24)

(25)
Reexpressing Eq. (23) in terms of a,

1 - 1 1
logL = — EStTN’ISt + EﬁTﬁﬁ - E(a —a)T3(a — a),
(26)

the third term in this expression can then be integrated with
respect to the m elements in a to give

I= /joo daexp[— %(a —a)'3(a— ﬁ)]
= Q27)" detY 2 (27)

Our marginalized probability distribution for a set of GWB
coefficients is then given as
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det(2) 2
det (¢)det (N)

Pr({e;}|ot)

X exp[—%(ﬁtTN_lﬁt — dTE’ld)], (28)

where we can still precalculate both F’N~'F and
F'N~!6t.

Equation (28) shows that the covariance matrix X both
acts to whiten residuals and fully describes the nonortho-
gonality in the Fourier modes due to uneven sampling in
the time domain. This, in combination with the margin-
alization over the timing model parameters included in N,
which includes a quadratic in ¢ that describes the pulsar
spin-down, and acts to project out any contribution from
those frequencies lower than we can properly sample in the
data means that no additional prewhitening steps are
required by this method. Demonstrably this will be shown
to have the desired effect; even for the data sets described
in the Sec. VII, where we have large gaps in the data
(~5-yr gaps in a 20-yr data set) we extract the correct
power spectrum.

To perform the parameter estimation with this method
we will then use the MULTINEST algorithm [23,24], which
will simultaneously allow us to calculate the evidence for
increasing numbers of Fourier modes until a maximum is
reached, and to test whether or not the data supports the
inclusion of additional red noise parameters.

For large numbers of Fourier modes, however, perform-
ing this marginalization analytically and sampling using
MULTINEST no longer remains a viable option due to both
the scaling of the matrix inversions required and the per-
formance scaling of MULTINEST with dimensionality. In the
following section we therefore describe a method for per-
forming this marginalization numerically using a GHS,
while in Sec. V we describe two possible options for
estimating the evidence for different numbers of Fourier
modes in order to find the optimal set.

We note that, in principle, one could also use the GHS
when marginalizing analytically, where the superior scal-
ing of the GHS with dimensionality when compared to
MULTINEST could allow for the inclusion of greater num-
bers of power spectrum coefficients. Ultimately, however,
this approach is still limited by the scaling of the matrix
inversions and so we do not pursue this idea further.

IV. GUIDED HAMILTONIAN SAMPLING

For a detailed account of both Hamiltonian Monte Carlo
(HMC) and GHS refer to (B13); or Appendix A, here we
will describe only the key aspects of each. HMC sampling
[25] has been widely applied in Bayesian computation [26]
and has been successfully applied to problems with ex-
tremely large numbers of dimensions (~10° see e.g. [27]).
Where conventional Markov Chain Monte Carlo methods
move through the parameter space by a random walk and

PHYSICAL REVIEW D 87, 104021 (2013)

therefore require a prohibitive number of samples to ex-
plore high-dimensional spaces, HMC draws parallels be-
tween sampling and classical dynamics. By exploiting
techniques developed for describing the motion of particles
in potentials, it is possible to suppress random walk be-
havior. Introducing persistent motion of the chain through
the parameter space allows HMC to maintain a reasonable
efficiency even for high-dimensional problems.

We define a “potential energy” W that is related to our
posterior distribution Pr(x) by

P(x) = — In (Pr(x)), (29)

where x is the N-dimensional vector of parameters to
be sampled. Each parameter x; must be assigned a mass
m; and a momentum p; so that we can write our
Hamiltonian as

2
L+ W(x). (30)

14
H Z 2m;

The sampler is given a start point X and a set of initial
momenta p, which are drawn from a set of N-uncorrelated
Gaussian distributions of width m; in dimension i. The
system can then evolve deterministically from then for
some length of time 7 using Hamilton’s equations.

After it has reached its new position (x’, p’), that point
will be accepted with a probability

p = min[1,exp(—86H)], 31D

where 6H = H(x', p’) — H(x, p). A new set of momenta
can then be drawn and the process repeats. This implies
that if we are able to integrate Hamilton’s equations exactly
then, as energy is conserved along such a trajectory, the
probability of acceptance is unity. In practice, however,
numerical inaccuracies mean that this is not the case.

In order to perform the integration along the systems
trajectory at each state we use a “leapfrog” method as is
common practice. Here ng steps are taken of size A such
that n,A = 7 such that

A A oaW(x)
(r+2)Y=p(n-= 2
p,<t 2) pi(t) 2 oy (32)
x(t+ A) = x;(1) + —/\ Pi(l + é), (33)
m; 2
A A 0W(x)
d+ AN =plt+=-)—= , 34
Pil )=p ( 2) 2 9x; x@e+n 54)

until + = 7 where 7 is varied to avoid resonant trajectories.
HMC thus requires a large number of adjustable parame-
ters, the mass m;, step size A;, and the number of steps n, in
the trajectory. Adjusting the step size or the mass produces
similar effects [28] and so one is usually fixed and the other
tuned during sampling.
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GHS is designed to eliminate much of the remaining
tuning aspect by using the Hessian H of the joint proba-
bility distribution calculated at its peak to set the step size A
for each parameter. The masses m; are then set to unity and
the only tunable parameter that remains is a global scaling
parameter for the step size n that is chosen such that the
acceptance rate for the GHS is ~68%.

Therefore in order to perform sampling we need the
following:

(i) the gradient of W for each parameter x;

(i1) the peak of the joint distribution, and

(iii) the Hessian at that peak.

The gradients of our parameters are given by the following:

ow

e — (6t —Fa)'N"'F + alo !, (35)
owv 1 1 .
T 2—W_(0i —m;) — ;(5& — F;a,)'N"'(6t; — Fja,),
(36)
ovr 1 d¢ 1 ¢
=_T -1 — gl 17 71, 37
ap; 2 r(go 3.01') 2 3Pi¢ & G
and the components of the Hessian are
> .
Py FIN'F+ ¢!, (38)
?vr 1 2 -
T —(0; —m;) + — (8t; — F;a,)'N"'(8t; — Fia)),
wi  w; w3
(39)
> e _ d¢ 1 e
—8/)2 =a’ la—pﬁﬂ : 6p~¢ 'a —EaTso ]a—pgso 'a,
1 l L i
(40)
2
T 1 @1
dp;oa ap;

For a set of power spectrum coefficients {p;, «;}
and white noise coefficients {%;} we can solve for the
maximum set of Fourier coefficients a,,, analytically
using Eq. (25) so when searching for the global maximum
we need only search over the subset of parameters
{pi» 2;, «;}. This is achieved by using either a particle
swarm algorithm ([29,30] and for uses in cosmological
parameter estimation see e.g. [31]; for a description of
the particle swarm method applied to PTA data in this
context see [32]) or using a gradient search optimization
[33]. In the work to follow we use the former method and
take an iterative approach, passing the maximum likeli-
hood value at the end of a search to one of the particles as a
starting point for the next iteration, enabling us to find the
maximum using only 1 core per ~10 free parameters.
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V. DETERMINING THE OPTIMAL
NUMBER OF FOURIER MODES

In the low signal-to-noise regime, where we need only
sample small numbers of Fourier coefficients, we are able
to use MULTINEST to calculate the evidence directly and
thus determine the optimal number of frequencies to
describe the data by choosing the set for which the
evidence is maximized. When we wish to sample greater
numbers of Fourier coefficients, so the dimensionality of
the problem is large, this approach is no longer computa-
tionally practical. While in principle we could ensure that
we always include a sufficient number of coefficients so
that our model is able to correctly describe the data simply
by including all possible Fourier coefficients, this will in
most cases be suboptimal. Therefore we would like to
perform model selection between models where we
include different sets of frequencies {w} prior to sampling
by maximizing an approximation to the evidence with
respect to the set {w}, and use that set for the analysis
that follows.

We do this in two ways: first by considering the Laplace
approximation (e.g. [34]) of the marginalized posterior
given by Eq. (28), and second by considering the analytical
evaluation of the evidence for an approximate likelihood
function. We then compare the results of applying these
two approaches to the result calculated using MULTINEST
for each of the IPTA data challenges in Sec. VL.

A. Laplace approximation

Given a model with a set of m maximum likelihood
parameters p we can approximate the likelihood around
the peak using a Gaussian such that given a different set of
parameters p we can write

Pr(6t|p, m) Pr(p, m)
~ P() Pr(p, m) exp[—%m -~ -] @)

where H is the Hessian of the negative log likelihood
evaluated at the peak as before. This can be integrated
with respect to p to give the Laplace approximation to
the evidence given the set of model parameters m:

Pr(6t|m) o« (27)™/2 det H™/?P(p) Pr(p, m).  (43)

Denoting (F'N"'F + ¢ !)"" as 37! and F'N !t as d
as before, we can write the first derivative of ¥ =
— log Pr({p,}|6t) as

a\P=lTr< 1 9 _ 31 —16_¢¢—1)
ap; 2 ap; ap;
1 d
— AT 22 15, (44)
2 ap;

In order to estimate the number of coefficients p to be used,
we then assume that all the signal in the data for the set of
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N, pulsars is the result of a GWB so that this simplifies
slightly to

o 1 1 )
— ~log (10N, — = T3 11 2€ —1)
ap; 2 cg (10N, 2 r(E ¢ apiqo
1 d
— A3 1 P i3 1g, (45)
2 ap;

Writing d” =d”X '¢~! our Hessian is therefore
given by

v 1 0 d
=_Tr(_2—1¢,—1_¢¢—12—1¢—1_¢¢,—1

ap; 2 Ip; Ip;
02 - d e -
+2715071_4;"071)_dr_¢’¢71271¢71_¢d
ap; ap; ap;
0 0@ - 1-.0%p -
+d7 %1% 5 _ar? 9y, (46)

ap; ap; 27 ap;

0w 1 e de
=—Tr<—2‘1¢‘1—¢‘12‘1¢‘1—¢‘1)
apidp; 2 ap; ap;
- 0 0 -
—dr 8 1511 %% g, 47)
ap; ap;

We can thus use Eqs. (46) and (47) to evaluate expression
(43) and approximate the evidence. While this calculation
requires that we calculate the maximum likelihood values
for incremental numbers of parameters m, we believe that
in any practical data set this will still prove less costly than
performing the analysis using the full set of Fourier coef-
ficients present in the data.

B. Approximating the likelihood

We now take a second alternate approach to the subject
of model selection, by considering a simpler problem for
which we can calculate the evidence directly. We begin
with a simple example where for some time series data d of
length N with uniform white noise we would like to
determine the number of basis functions that the data can
support as derived in [35]. We include the complete deri-
vation of the results given in this section in Appendix B;
however, below we include only a brief outline.

1. Uniform white noise

Suppose we have a single realization of some time series
data d of length N. We then define a set of hypotheses {H}
such that each H; purports that our data d is described by
some function f; where

fi) =Y b1, w), (48)
k=1

with M, a set of general basis functions. The number of
functions m, the parameters that describe them (e.g. their
frequencies) w, and the model coefficients b, are allowed
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to vary for each f;. We then transform this set of basis
functions into an orthonormal set F, through the
transformation

1 m
j=1

where e;; is the kth element of the jth eigenvector and Ay is
the kth eigenvalue of the covariance matrix MTM. Our
function f; can now be written in terms of these new basis
vectors,

m

fi(t) = Clka(l, W)’ (50)
k=1

where the coefficients a in the orthonormal basis are
related to the coefficients b in the original basis through

u apé€ir
b, = E L. (51
=1 VA

The probability of the data given a model f;, assuming that
the noise is described by a zero mean random Gaussian
process with variance o is given by

N
Prdla.w, o ) = (o) 2exp| s 3~ fi1)F |
k=1

(52)

We begin by integrating over both the set of coefficients a
and frequencies w. We assume that the two parameters are
logically independent, in so far as we can write the priors:

Pr(a, w) = Pr(a) Pr(w). (53)

For the amplitude coefficients, we choose an uninformative
Gaussian prior given by

m 2

— 2)-m/2 -3 %4
Pr(ald) = (2768?) exp[ kgl 552 ], (54)
with 6 > o. For our frequencies, we consider that for any
given model f; we are selecting a set of frequencies chosen
from an evenly spaced grid. Therefore we will have a delta
function prior for each frequency w; in the set w and thus
arrive at the expression

Pr(d|S, o, f;) = (2m82) "2 (2mwa?)~(N=m)/2

d> - h(Wi)2 h(Wi)2
Xexp[ 752 ]exp[ 752

]. (55)

We are now in a position to integrate over our unknown
variances o and 6. As in [35], we set an upper bound H and
lower bound L to this integral, which will therefore be of
the form

s 9exp[— S%]

1 H
log (H/L) fL ds (56)
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Making a substitution u = Q/s?, this becomes

Q*a/z
2log(H/L)

o/L?

duuu/Z—l
O/H?

exp[—ul. (57)
If we assume that H is sufficiently large, and L is
sufficiently small that we may write Q/H?> < 1 and
a/2 — 1< Q/L? then the integral will evaluate to
approximately I'(a/2). Therefore we can finally write the
probability of the data D given a model f; as

 T(m/2) ThW2T-»2T(N = m)/2)
Pr(d|f) _210g(R5)[ 2 ] 210g (R,)
% [w:l_w_mw. (58)

2. Nonuniform white noise

In general when dealing with pulsar residuals the white
noise level across a data set for a single pulsar will vary
with time, where for example different instruments have
been used to collect data for the same pulsar. In this case
the expansion of our likelihood function is not so simple,
because the covariance matrix GY'NG will no longer
reduce to a diagonal matrix. If we define C = GITNG
where we consider C to be a general dense covariance
matrix, Eq. (52) will take the form

Pr(dlar w, fl)
— m)N2|C 2 exp [_71 (d — Fa)’'C~'(d — Fa)].
(59)

As in Sec. I A, we would like to fit for a global scaling
factor that modifies the overall noise level in the data set,
i.e. we would like to write C' = G7(«?N)G where « is a
constant to be determined. Taking the same priors as the
uniform noise case described previously, and following a
similar process to integrate over the Fourier coefficients a,
frequencies w, and variances « and &, we arrive at the final
probability for a set of m functions f;:

I'(m/2) [1 o (dTC"‘Fi )2]—m/2
r( |fz) 210g(R5) 2]; FiTcl*IFi
F((N — m)/2) . 1 TR :I—(N—m)/2
2log (R,) [-@ea :
(60)
where we have defined
Cl'=C1'-C'FE'C'H)'F'CL (6])

VI. THE IPTA DATA CHALLENGE

We will now apply the three methods discussed thus far
to the first IPTA data challenge. Henceforth we will refer
to the numerical marginalization using the GHS as
method (A), the analytical marginalization using
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MULTINEST as method (B), and the approach of fitting
directly for a model power spectrum, where we use a power
law model of the form P(f) = Af ™7, as method (C). Each
of these methods will therefore be sampling a different
number of parameters, which for clarity we outline explic-
itly below:

Method (A): With the exception of closed data set 3, we

are simultaneously parametrizing the white noise for

each pulsar (N, dimensions), a set of n GWB coeffi-
cients, and (N, X n X 2) Fourier coefficients. For
closed data set 3 we also include an additional set of

(N, X n) coefficients to allow for red noise parametri-

zation such that we allow different pulsars to have

different red noise spectra.

Method (B): For method (B) we are parametrizing a set

of n GWB coefficients only, with the exception of closed

data set 3 where we include an additional n parameters
to describe the average red noise across the pulsars,
where we assume the data set has used a single power
spectrum model for all pulsar realizations as in the open

3 data set. In all cases we assume the level of the white

noise in the data set is consistent with that given for the

TOAs in the data files.

Method (C): For method (C) we directly parametrize the

slope and amplitude of the gravitational wave signal in

the data using a power law model of the form P(f) =

Af™7, resulting in only two dimensions per data set,

with the exception of closed data set 3 where we include

an additional two parameters to describe the average
amplitude and slope of the red noise properties in the
data. In all cases we assume the level of the white noise
in the data set is consistent with that given for the

TOAs in the data files.

In total there are six data sets in the IPTA data challenge,
three of which comprise the ““open” challenge, where the
properties of the injected signals are known prior to analy-
sis, and three which make up the ‘“closed” challenge,
where at the time of analysis the details were unknown.
We will outline the properties of these data sets below.

Where present in the data, the injected GWB power
spectrum has a characteristic strain spectrum given by

f a
n(h) = Ay o) (©2)
yr
with A, a dimensionless amplitude at a frequency of (yr™1)

and «a a power law index. Parametrizing the spectral den-
sity as in vHL2013,

()

the strain spectrum will result in an observed spectral
density within the residuals of

A2 f Y7
S(f) = —=251yr3 (—) ,
() 1272 yr 1yr!

(63)

(64)
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where in both instances y = 2a — 3. The parameters of
the open and closed data sets are listed below.

Open challenge 1: 36 pulsars with 130 observations each

evenly sampled in time. Each data set has white noise

with an amplitude of 1077 s and an injected GWB signal

with A, =5 X 107" and y = 13/3.

Open challenge 2: As open challenge 1, but the sampling

in the time domain is no longer even, and the amplitude

of the white noise varies between different pulsars in the

range ~107% — 107 ¢ s.

Open challenge 3: As open challenge 2, but now A, =

10~ '4, and there is an additional red noise signal present

in each data set of the form P(f) = Af~ 7~ where A =

5.77 X 10722 s!3 and y,oq = 1.7.

Closed challenge I: As open challenge 1, with the

injected GWB signal parameters changed to A, = 1 X

107" and y = 13/3.

Closed challenge 2: As open challenge 2, with the

injected GWB signal parameters changed to A, = 6 X

107" and y = 13/3.

Closed challenge 3: As open challenge 3, but now A, =

5 X 101, and the red noise signal present in each data

set is given by A = 3.66 X 10718 s!® and y,.q = 1.2.

In analyzing the data, we chose a fundamental frequency
fo to be equal to 1/T,,,, , where Ty,,, represents the great-
est observing time span for any of the pulsars in the data
set. Defining f, = n/T,,., We then fit for the coefficients
corresponding to some set of {n} Fourier modes.

In order to determine the optimal set of Fourier modes to
include for each data set for method (A) we use both the
Laplace approximation and analytic approximation meth-
ods described in Secs. VA and V B, respectively. Figure 1
shows an example of the analytic approximation applied to
one pulsar from each of the three open data sets. The red
line shows how the evidence changes as the number of
frequencies in the model increases, while the blue dotted
and green dashed lines show the injected level and the best
estimate of the rms amplitude for the white noise in the
data for each model, where the latter is calculated using the
expression in [35] as

Pulsar J1939+2134 - IPTA Open Dataset 1

Pulsar J0900-3144 - IPTA Open Dataset 2

PHYSICAL REVIEW D 87, 104021 (2013)

TABLE I. Number of frequencies supported by the evidence
for the IPTA data challenges.

Optimal Number of Frequencies

Data set Laplace Analytic MULTINEST
Open 1 11 9 9
Open 2 15 12 11
Open 3 9 6 9
Closed 1 6 5 6
Closed 2 17 13 17
Closed 3 9 8 8 (r)
(0?) = ——— (@ ~ 1) (65)
N—-—m-—2

In all three cases the evidence can be seen to reach its
maximum when the change in the estimated rms amplitude
no longer justifies an increase in the number of model
parameters. Since we wish to include all relevant frequen-
cies, we therefore choose the maximum number of fre-
quencies supported by any single pulsar as the set of
frequencies to sample for the GWB.

The values for these approaches are given in Table I for
the three open and three closed IPTA challenge data sets
where those data sets for which the evidence supported the
inclusion of additional red noise are marked with an (r).

A comparison of the three methods shows that while the
analytical estimate performs well in four of the six data
sets, for both closed 2 and open 3 there is a marked
underestimate in the optimal number of coefficients sug-
gested. The change in the log evidence calculated using
MULTINEST going from 13 to 17 coefficients in closed data
set 2 is Alog E = 13 while going from 6 to 9 coefficients
in open data set 3 resulted in an increase of Alog E = 7,
both representing significant losses of information for not
including the additional coefficients. While the analytical
approximation to the likelihood would likely hold in the
case where the signal is dominated by uncorrelated red
noise in the individual pulsars, here we see that the addi-
tional information gained through the coherence between

Pulsar J1939+2134 - IPTA Open Dataset 3
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FIG. 1 (color online).
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Calculated using the analytical approximation to the likelihood described in Sec. VB we plot the evidence

(red solid line) for models with different numbers of frequency modes, and the rms residuals (green dashed line) compared with the
injected value (blue dotted line) for those models. Examples are given for open data set 1 (left), 2 (middle), and 3 (right) where the

evidence is maximized for 11, 1, and 4 frequencies for each, respectively.
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pulsars is enough to warrant additional Fourier coefficients
in the analysis. In comparison, the Laplace approximation
agrees well with the results found using MULTINEST in all
six data sets. For the later simulations we will therefore
take this approach; however, for the IPTA data sets all the
results in the following section are derived using the num-
ber of Fourier modes found to be optimal via the numerical
analysis using MULTINEST.

A. Results

Table II summarizes the results for the six [PTA data sets
for methods (A), (B), and (C) described in this paper, and
also the method described in vHL2013. For methods (A)
and (B) we give the best fit values and errors for both the
dimensionless amplitude A, and the power law index y
that results from a weighted least squares fit to the 1D
GWB power coefficients for each of the IPTA data sets,
while for method (C) and that from vHL2013 we give the
values of A, and vy estimated directly from the data and the
errors returned by MULTINEST. For comparison we also
include the injected values of the GWB spectrum for
each data set. Figures 2—4 then show a more detailed
representation of the results from the open data challenges.
In each figure the top left panel shows a log-log plot of the
parametrized GWB power spectrum coefficients for that
data set. The red and green bars represent the marginalized
values of the fitted GWB power coefficients {p,} and their
errors for methods (A) and (B), respectively. For clarity we
have offset the frequency position for method (B) but for
the analysis both methods were evaluated for the same
frequencies. The blue points represent the injected values
for those coefficients, while the dashed blue and purple
lines show the best fit power spectrum to the marginalized
coefficients for methods (A) and (B), respectively. The top
right panel then shows the parametrized values for the
white noise in each pulsar in that data set. For open data
set 2 and 3, where the pulsars each have a different white
noise level, the injected value is indicated by the green
crosses while the parametrized values are shown by the red
points with their respective errors. The lower plot in each
figure shows the one- and two-dimensional marginalized
posteriors for the GWB power spectrum coefficients {p;}
from method (B) fitted for that data set with vertical lines in

PHYSICAL REVIEW D 87, 104021 (2013)

the 1D distributions representing the power in the injected
background at the frequency of that coefficient. Contours in
the 2D plots represent 68% and 95% confidence levels. For
the 3 closed data we show only the parametrized GWB
power spectrum coefficients from methods (A) and (B) in
red (solid) and green (dashed), respectively, for each data set
in Fig. 5, and the injected values for each coefficient in blue.

The predominant message from these results is that
for all the data sets methods (A)—(C) are all able to extract
the correct power spectrum from the data with the same
fidelity as the method in vHL2013. Comparing our results
with those in [36], where the data compression method of
vH2013 is applied to the IPTA closed data sets, we likewise
see consistency between the values and precision of the
inferred parameters. This is true despite the fact that meth-
ods (A) and (B) at no stage prescribe any form for the shape
of the power spectrum, which we believe is the only correct
way to perform an analysis of this kind where the true
shape of the power spectrum is unknown.

B. Discussion
1. Run times

Table IIT shows a comparison of the run times for the
three different sampling methods presented in this paper,
and for the method described in vHL2013, when using a
single 16 core Sandy Bridge node on the high performance
computer “DARWIN”. For our implementation of the
method in vHL2013 we use the same number of free
parameters as for method (C) described at the start of
Sec. VL. In every case method (C) is 100—1000 times faster
than the method described in vHL2013, precisely what we
would expect given the order of magnitude decrease in the
size of the covariance matrix that requires inverting when
compared to the time domain analysis. Comparing the run
times between methods (A) and (B) we can see at what
point the numerical marginalization becomes favorable
over the analytical form. Below ~15 coefficients perform-
ing the marginalization analytically is clearly the preferred
choice, being a factor of a few faster than performing the
process numerically; however, the increase in the number
of calculations required for convergence, combined with
the O(n?) scaling of the matrix inversion means that be-
yond this point it rapidly begins to lose out, ultimately

TABLE II. IPTA data challenge results.

This paper (A) This paper (B) This paper (C) vHL2013 Injected values
Data set A, X 10714 y A, x 1071 ¥ A, x 1071 y A, x 1071 ¥ Ay X107y
Open 1 51+%02 434*0.10 4.62*0.19 430*x008 46*02 432x0.09 482*0.18 44*0.08 5 4.333
Open 2 52+%03 436*x0.12 51x03 436x011 54%x03 429*0.12 55%=03 430=x0.09 5 4.333
Open3 1.08*+0.12 42*02 1.08*x0.12 41702 1.09*=0.13 413%x020 1.17*=0.13 4.13*0.19 1 4.333
Closed 1 1.07*0.05 42=*02 1.12*0.13 436=*=0.08 1.07*0.11 425*0.19 1.11*0.09 431=*0.15 1 4.333
Closed2 56*03 440*0.12 56x03 436*=008 559*028 44=*011 632x0.15 4.27=*0.05 6 4.333
Closed 3 032*0.09 45*04 032x0.09 42=*03 044=x0.08 4.0=*03 05+x0.16 42=x04 0.5 4.333
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Estimated GWB Power Spectrum Coefficients for IPTA Open Dataset 1 Estimated White Noise Amplitude for IPTA Open Dataset 1
3 ‘ : : ‘ : : : : ‘ ‘ B N R A S R S S S S S A
i’m

X

3
Logo[S(f) (s”)]
o
el
ok
X
Log4o[White Noise Amplitude (s)]
2 o
~ o ©

Thx
%- 7.05 g
ni By i
}x_ RS i

8 i
LIS LI L AL N S B e B s B B s s N B B B
- QA o ~ N~ o= < ~ [ R @0 © < © v [
b8P 888332823338337320583bgiIngesaBage
SINNCR-BPRO0odNAaSnoBR -~ nNogqFons S
QY¥IYToTOoToRToTOORNRY-rRAaL YT raAaT o ToYY YOO T
FTITQFLTR+TOTIXRN T FNR T NG FRLQ G 4 s RO
QONMNMr~r—OANQNTVVONONNONXV-TT-—-NONDODDNDTDWN

9 e I R e st PR R

-3.3 -3.2 -3.1 -3 -2.9 -2.8 -2.7 -2.6 -2.5 -2.4 -2.3 2.2 00000000 rrrrrrrrrrrrrO-rrorrC-r-C-C @& [SENENENEN
5555555555555 55555555555555555555555

-1
Log[Frequency (days )] Pulsar Name
(@) (b)
-34 -32 -3
745=
749 ~47 -45
—6.2 -6 -5.8-5.6

,10-

-6.2 -6 -5.8-5.6

-7 -68 -66 -74-72 -7 -6.8

: : 72

: 78

-7 68 -66 -7.4-72 -7 -68 -7.8-76-7.4-7.2
P, 0, Py b Ps P P Py

FIG. 2 (color online). (a) Log-log plot of the parametrized GWB power spectrum in open data set 1. The red and green bars represent
the marginalized values of the fitted GWB power coefficients {p;} and their errors for methods (A) and (B), respectively. For clarity we
have offset the frequency position for method (B); however, for the analysis both methods were evaluated for the same frequencies.
The blue points represent the power of the injected power spectrum at the sampled frequencies, while the dashed blue and purple lines
show the best fit power spectrum to the marginalized coefficients for methods (A) and (B), respectively. (b) Parametrized values for the
white noise in each pulsar in open data set 1 from the IPTA data challenge. Each Pulsar has a white noise component to their residuals
with an amplitude of o, = 10~ 7 s. Averaging across all pulsars we find an rms value for the white noise of Eavg —6.999 = 0.005,
which is thus consistent with the value in the data set to within 1o errors. (c) 1D and 2D marginalized posteriors for the nine GWB
power spectrum coefficients {p,;} for method (B). The vertical line in the 1D distribution represents the power in the injected
background at the frequency of that coefficient. Contours in the 2D plots represent 68% and 95% confidence levels.

degrading to become the slowest method with which to  presented in vH2013. We therefore used a dummy
perform the analysis for the closed 2 data set. likelihood function that contained all the computational

While the comparisons in Table III have all been made  overhead associated with the data compression algorithm
with the method of vHL2013, it is of interest to see how the and set the number of pulsars, the number of observations,
speedup compares with the data compression method  and the level of compression used to represent those values
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Estimated GWB Power Spectrum Coefficients for IPTA Open Dataset 2
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Estimated White Noise Amplitude for IPTA Open Dataset 2
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FIG. 3 (color online).

(b)

(a) Log-log plot of the parametrized GWB power spectrum in open data set 2. The red and green bars represent

the marginalized values of the fitted GWB power coefficients {p;} and their errors for methods (A) and (B), respectively. For clarity we
have offset the frequency position for method (B); however, for the analysis both methods were evaluated for the same frequencies.
The blue points represent the power of the injected power spectrum at the sampled frequencies, while the dashed blue and purple lines
show the best fit power spectrum to the marginalized coefficients for methods (A) and (B), respectively. (b) Parametrized values for the
white noise in each pulsar in open data set 2 from the IPTA data challenge. Each pulsar has a different white noise component marked
by the green crosses; red data points show the estimated white noise level from the analysis. (c) 1D and 2D marginalized posteriors for
the 11 GWB power spectrum coefficients {p;} for method (B). The vertical line in the 1D distribution represents the power in the

injected background at the frequency of that coefficient. Contours in the 2D plots represent 68% and 95% confidence levels.

that would be chosen for an analysis of the IPTA open 1
data set. This function was then compiled and linked to the
same libraries used in the analysis of the previous section,
at which point 10 sets of 1000 iterations each were per-
formed and timed. We then used the likelihood function of
methods (A) and (C), for which the latter provides the most
direct comparison to the approach of vH2013, once again
set the model parameters to be the same as those used in
our analysis of open data set 1, and performed the same
test. We found that the average computation time for
1000 evaluations of the three likelihood functions were

approximately 45, 1.5, and 47 s for vH2013, method (A),
and method (C), respectively. The consistency between
vH2013 and method (C) is not surprising, the computa-
tional burden for each likelihood evaluation is still in the
matrix inversions, which are of similar order, with the data
compression method resulting in 10 data points per pulsar,
and method (C) utilizing nine Fourier coefficients to
describe the signal.

One important consideration when discussing the run
times of these different methods is how well they scale with
the inclusion of more parameters. While the method
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(a) Log-log plot of the parametrized GWB power spectrum in open data set 3. The red and green bars represent

the marginalized values of the fitted GWB power coefficients {p;} and their errors for methods (A) and (B), respectively. For clarity we
have offset the frequency position for method (B); however, for the analysis both methods were evaluated for the same frequencies.
The blue points represent the power of the injected power spectrum at the sampled frequencies, while the dashed blue and purple lines
show the best fit power spectrum to the marginalized coefficients for methods (A) and (B), respectively. (b) Parametrized values for the
white noise in each pulsar in open data set 3 from the IPTA data challenge. Each pulsar has a different white noise component marked
by the green crosses; red data points show the estimated white noise level from the analysis. (c) 1D and 2D marginalized posteriors for
the 9 GWB power spectrum coefficients {p,}. The vertical line in the 1D distribution represents the power in the injected background at
the frequency of that coefficient. Contours in the 2D plots represent 68% and 95% confidence levels.
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©)

Log-log plots of the parametrized GWB power spectrum in closed data sets 1 (a), 2 (b), and 3 (c). The red and

green bars represent the marginalized values of the fitted GWB power coefficients {p;} and their errors for methods (A) and (B),
respectively. For clarity we have offset the frequency position for method (B); however, for the analysis both methods were evaluated
for the same frequencies. The blue points represent the injected values for those coefficients, while the dashed blue and purple lines
show the best fit power spectrum to the marginalized coefficients for methods (A) and (B), respectively.

described in vHL2013 is shown here to have comparable
run times to method (A), we have only been using it to
evaluate a two- or four-dimensional case. If for example
one increases the dimensionality from 2 to 38 in order to
include white noise estimation for each pulsar, the run time
increases from 2 h, to over 100. Including white noise
estimation in method (A), where the increase in dimen-
sionality (36) is small compared to the total (~1000)
results in a similarly small increase in the total run time
of ~15 min. This is one of the key advantages of the

numerical marginalization coupled with the guided
Hamiltonian sampler and one that we exploit in Sec. VIII
as we introduce an additional 630 dimensions to parame-
trize the spatial correlations between pulsars. Even this
though is still an extremely small parameter space com-
pared to the greater than 10° dimensional problems that it
has been used to solve in other work (B13). This therefore
leaves a practically unlimited space in which to expand,
with the inclusion of additional parameters such as simul-
taneous dispersion measure correction or even the full
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TABLE III. Comparison of run times for different sampling methods.
Method
This paper (A) This paper (B) This paper (C) vHL2013

Run time Run time Run time Run time
Data set  Dimensionality (minutes) Dimensionality (minutes) Dimensionality (minutes) Dimensionality (minutes)
Open 1 702 35 9 10 2 <1 2 145
Open 2 839 55 11 35 2 <1 2 130
Open 3 702 40 9 10 2 <1 2 140
Closed 1 474 30 9 2 2 <1 2 140
Closed 2 1277 110 17 180 2 4 2 160
Closed 3 908 130 16 145 4 3 4 235

nonlinear timing model that have previously been not
thought feasible.

2. Frequencies of 1 yr™!

Perhaps one of the most striking features of the 1D and
2D confidence contours in Figs. 2—4 is that without ex-
ception the GWB coefficient ps is totally unconstrained.
All of the data sets in the IPTA data challenge are approxi-
mately 1820 days in length, and so in every case ps
corresponds to a frequency of ~1 yr~!. That this should
occur at such a distinct frequency is no coincidence; as part
of the timing model fit performed by Tempo?2 the pulsar’s
position and proper motion are all included as free parame-
ters. Inaccuracies in the fitted values of these parameters
can result in power being introduced to the residuals at
frequencies of 1 yr~! (see e.g. [2]). When we perform the
analytic marginalization over all the model timing parame-
ters, we therefore effectively project out contributions to
the signal from components with these periods. The model
Fourier coefficients corresponding to frequencies of 1 yr~!
therefore have no effect on the likelihood when the linear
approximation to the timing model holds, and therefore the
very way in which we account for the timing models for
each pulsar results in us being able to make no inferences
on the properties of the power spectrum at this frequency.

That this is so clear in the results is a testament to the
success of the method; by not assuming any form for the
power spectrum and simply asking in the most general way
how the power is distributed in the signal, we are able to
infer much more information than simply by fitting for a
power law. In this instance that extra information is that we
are unable to constrain anything about the spectrum at
frequencies of 1 yr!; however, where the true power
spectrum is unknown this approach is the only way of
ensuring an optimal estimate of that power spectrum and
of extracting the maximal amount of information possible.

VII. A MORE REALISTIC SIMULATION

While the IPTA data challenges serve as a good introduc-
tion to analyzing PTA data, they still represent comparatively
simplistic data sets when compared to genuine observations.

For example, while some of the challenge data sets featured
uneven sampling in the time domain, all pulsars within a data
set shared the same TOAs, and thus also shared the same
total time span. Similarly, when included, the properties of
the red noise were the same for all the pulsars in the data sets.
There were also no gaps in the data greater than a few weeks,
whereas jumps of more than a year can be expected when
analyzing real data. We have therefore constructed two
simulations designed to represent better a potential future
IPTA data release and thus provide a more difficult test for
the analysis method presented in this paper.

A. Generating the residuals

The simulations are generated using the time domain
covariance matrix C(Ga‘?)’(bj) between observations i and j

and pulsars a and b for a GWB given in vH2009:

TABLE 1V. Parameters for simulation one and two.

Pulsar No. Tpan years Nobs Vred log 104, ]
1 3.18 22 33 14.3
2 14.86 1057 2.1 15.1
3 17.10 343 1.6 13.8
4 14.45 814 1.1 133
5 15.89 692 23 14.6
6 17.01 368 1.5 14.2
7 9.90 721 42 13.8
8 15.31 289 1.8 13.5
9 14.96 427 2.4 16.0
10 17.79 940 1.9 14.5
11 18.37 1291 1.6 14.0
12 17.80 422 22 14.2
13 8.04 153 5.1 15.0
14 16.96 728 34 14.6
15 5.75 164 2.6 13.9
16 4.75 35 35 14.0
17 9.02 728 1.5 134
18 10.46 284 23 144
19 15.42 293 2.8 14.1
20 17.54 914 1.2 13.7
21 14.95 402 34 14.0
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TABLE V. Results from the two simulations in Sec. VII.

Method (A) Injected values
Data set A, X 107" v A, X 10714 v
Sim. 1 1.1 =02 42 +0.1 1 4.333
Sim. 2 0.61 £0.07 4.0*+0.2 0.5 4.333
GW _ BabAgyr37y

{ra = psin()en!

(%mxw)" lzﬂzfv—l
L

= w (fir)*"
2.0 (2n)z(2n+1—y)}’

(66)

where 3, is the Hellings-Downs coefficient between pul-
sars a and b, f; is a low frequency cutoff, chosen only so
that 1/, is much greater than the observing time span, and
7 = 27(t,; — tp;) with t,; the ith TOA for pulsar a. The
covariance matrix for the included red noise C}%(bﬂ is

identical; however, the term S, is replaced with a delta
function &, as it will be uncorrelated between pulsars.
Finally denoting the white noise covariance matrix
C(vgi)(bj) = 03,0,,0;; we can write the total covariance

matrix describing our simulated residuals C(Tm.)(bj) as

+c

RN
+C (ai)(b))"

T — GW
Clanwy =€ (a(b))

(@i)(b)) (©67)

We then take the Cholesky decomposition of this matrix
and use it to generate the residuals. A quadratic is then
fitted to and subtracted from each of the pulsar residuals
independently to mimic the effect of subtracting the timing
model. The design matrix used to generate the matrix G in
Eq. (9) and beyond will then simply be that of a quadratic
polynomial.

Estimated GWB Power Spectrum Coefficients for Sim 1
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FIG. 6 (color online).
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B. The simulations

Both simulations use a set of 21 pulsars with observa-
tions spanning periods of between 4 and 18 years, with
spacings between observations ranging from less than a
day up to 5 yr. Simulation one then injects a gravitational
wave background with parameters y = 4.33 and dimen-
sionless amplitude A, = 10~'* and white noise with an
amplitude o,, = 1077 s. The second simulation uses the
same sampling times as the first; however, the background
now has an amplitude of A, = 5 X 107'%, and red noise is
included for each pulsar, with y,.4 covering a range from
1.1 — 5.1 and amplitudes extending from A, = 10716 —
5 X 107, Table IV gives a more complete overview of the
simulated data listing the total time span T, for each
pulsar, the number of observations N, in that observation
window, and the red noise parameters y,q and A, present
in simulation two.

In analyzing the data we chose a fundamental frequency
fo to be equal to 1/T,,,, where T,,,, represents the great-
est time span for any of the pulsars in the data set, which for
both simulations is ~18.4 yr. We then use the Laplace
approximation method described in Sec. V to determine
the number of frequencies to be used in the analysis.
We find that 21 coefficients should be sufficient to describe
the first simulation while a maximum of 12 Fourier modes
are required for the second. We then apply method (A) to
the two data sets. In the first case we parametrize only the
Fourier coefficients for the 21 pulsars, their white noise,
and the set of 21 GWB power spectrum coefficients, while
for the second data set we also include red noise parame-
ters for each of the pulsars resulting in 264 and 903
dimensional spaces for each, respectively. The results are
shown in Table V while we plot the GWB coefficients in
both cases in Fig. 6 with the blue points representing the
theoretical power at the sampled frequency given the in-
jected spectrum. In the case of simulation 2 we plot only

Estimated GWB Power Spectrum Coefficients for Sim 2
-25 T T T T T T T T

x

-85

LogylS() (s2)]

65}F
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Logyo[Frequency (days'1)]

Log-log plot of the parametrized GWB power spectrum in simulations one (left) and two (right). The green

bars represent the marginalized values of the fitted GWB power coefficients {p,} and their errors derived using method (A) applied to
that data set. The blue points represent the injected values for those coefficients, while the green line shows the best fit power law

spectrum to the marginalized coefficients.
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a subset of the frequency coefficients as only those
corresponding to frequency modes 1-3 and 6-9 resulted
in detections of a correlated signal within the data.

We see the results are once again consistent with the
injected values, demonstrating that even in extremely chal-
lenging data where there is a great deal of additional red
noise and highly irregular sampling we are able to correctly
parametrize the GWB signal.

VIII. FITTING FOR THE CROSS CORRELATION

Thus far we have parametrized the angular correlations
between different pairs of pulsars using the Hellings-
Downs curve; the result derived assuming an isotropic
background of gravitational waves when only those polar-
ization states predicated by general relativity are consid-
ered. Different metric theories of gravity, however, predict
different angular correlations, and anisotropies in the back-
ground due to bright individual sources can lead to devia-
tions in this description [37]. Furthermore, terrestrial clock
errors and inaccuracies in the solar system ephemeris can
also generate spatial correlations within pulsar residuals,
the latter for example would result in the residuals taking
on a dipole signature [38]. As such, performing the analy-
sis of PTA data assuming the Hellings-Downs curve ex-
plicitly could result in a false detection if there is a spatially
correlated component, even if the form of that correlation
is better described by something other than a GWB.

Methods for generalizing the Hellings-Downs curve at the
point of sampling are relatively new, for example the authors
of [39] present two possible approaches. First they fit for the
angular correlation at a set of 5 angular separations and then
use cubic splines to interpolate between those points in order
to determine the angular correlations at intervening values,
and second, they use a generalized Hellings-Downs model
to parametrize the correlation. These methods were success-
fully able to extract the form of the Hellings-Downs curve in
the case of the first IPTA open challenge; however, we
would like to generalize this approach further and fit for
the correlations between all pairs of pulsars directly. This
therefore relieves us of the assumption that the background
is isotropic, with pairs of pulsars at the same angular sepa-
ration able to have different correlation coefficients, and still
at no point assume any prescribed form of the correlation
that might bias the end result in order to test whether or not
the Hellings-Downs curve is distinguishable in simulated
data from, for example, a dipole.

When fitting for the cross correlations between the
pulsars, we must ensure that the covariance matrix describ-
ing those correlations remains positive definite. Many
methods exist where the elements of the upper-triangular
elements in the covariance matrix are reparametrized such
that the resultant covariance matrix is ensured to be posi-
tive definite [40].

For any positive definite covariance matrix X we are
able to take a Cholesky decomposition such that the matrix

PHYSICAL REVIEW D 87, 104021 (2013)

can be represented as the product ¥ = LLT. In general,
however, such a decomposition is not unique. If L is the
Cholesky decomposition of 3 then so is any matrix ob-
tained by multiplying a subset of the rows of L. by —1. This
can therefore give rise to multimodal distributions that will
increase the complexity of the sampling process unneces-
sarily. This problem can be circumvented by ensuring that
the diagonal elements of L are positive, in which case L is
unique for a given 3, which can be achieved by fitting for
the log of the diagonal elements. In this form, however,
there is no straightforward way of fixing the elements of
the matrix ¥, such that the diagonal elements are equal to
unity. We therefore use a spherical parametrization of the
elements in L as in [40], which we describe below.

A. Spherical parameterization

If we denote the jth element of the ith column of the
upper triangular matrix L as L;;, and define a second upper
triangular matrix 1 that contains the spherical parametriza-
tion of L, we can write any element of L in the form

L = li,l Cos (li,z),
Li,= li,l sin (li,Z)COS (li,3)’

Li,3 = li,l sin (li,Z) sin (li,3) COS (li,4)’

Lij— = Liysin(lis)...sin(l;;—1) cos (1; ;),
Li,i = li,l Sin (li,2) e Sin (li,i*l) Sin (li,i)'

The diagonal elements of the covariance matrix X;; are
then given by 3;; = 112,1’ and so we can trivially ensure a
unit diagonal by setting all /;; = 1. Therefore forann X n
covariance matrix we need only fit for n(n — 1)/2 ele-
ments, which for 36 pulsars, results in an increase of
dimensionality of N, = 36 X 35/2 = 630.

The uniqueness of the spherical parametrization is then
ensured by defining a new set of parameters @ such that

T EXp (®i, j)
ST T A (68)
1 +exp(0,))

While in principle this choice of parametrization should
guarantee positive definiteness, in practice machine preci-
sion requires that we limit the values that ©; ; can take.
Allowing ® to vary beyond *1.5 results in erroneous
behavior due to this limitation, and so we require that @
lie within the range {—1, 1}, and therefore introduce a final
set of parameters X such that

_ exXp (Xi,j) _
0, = (*1 Fexp (Xi,j) 0.5). (69)

Figure 7 shows the ability for this parametrization, with
these limits in place, to reproduce the Hellings-Downs
curve, zero correlation, and cos 8/2 between the pulsars.
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Demonstration of the parametrization described in Sec. VIII A given the constraints on the parameter space

imposed to ensure positive definiteness to reproduce the Hellings-Downs curve (left), no correlation (middle), and cos 6/2 (right). In
each case the red line is the analytical evaluation, while the blue line is the best fit result. For clarity we have offset the blue line by 0.1

on the y axis.

We show the analytical expressions in red, while the best fit
results are in blue. For clarity we have offset the two lines
by 0.1 on the y axis, as the two forms are completely
indistinguishable to within machine precision at all points.

B. Performing the sampling using the GHS

As before, in order to perform the sampling with the
guided Hamiltonian sampler we will need both the
gradients and the Hessian for our new likelihood function.
By necessity we are sampling uniformly in the parameter
X; however, we would like to be sampling uniformly in the
parameter space of the correlation coefficients C. As such
we must make a probability transformation so that the prior
on our parameters X will be given by

Pr(X) = Pr(C)lJ(X — C)|, (70)

where writing the cross-correlation coefficient C; in terms
of its position in the cross-correlation matrix C,,,, the
Jacobian can be written

_ G _ [a(LLT)]
“0X, al,

oy 00,

J
wn 00, 90X,

This gives us our new log likelihood expression, which as
in Sec. IV we write as the negative log, W, so that ignoring
constant terms

1, . 1 1 .
= + _ + _ —_ F TN 1 _ F
2|N| 2Iqal 2(6t a)’N" (6t — Fa)

+ %aTgo_la - |JI. (72)

At first sight calculating the gradient of such an
expression with respect to the parameters X for every
likelihood evaluation would seem a formidable computa-
tional task. However, because the 0L /a1, are all extremely
sparse, featuring at most N, elements the scaling goes as
~O(NZ,,,.) and thus does not significantly impact the evalu-
ation time. The gradient and second derivative of ¥ with
respect to X are then of similar form to Egs. (37) and (40)
with extra terms corresponding to the derivatives of the
Jacobian.

C. Results

We use this approach on the first open data challenge
fitting for both the set of 630 cross-correlation coefficients
between the 36 pulsars in the data set and 9 GWB coef-
ficients. Figure 8 shows the cross-correlation coefficients
and their associated errors as a function of the angular
separation between pairs of pulsars in red, along with the
analytical value for the Hellings-Downs curve at those
values in blue. Fitting both the Hellings-Downs curve
and no correlation as potential models results in y? values
of 630 and 1061, respectively, heavily favoring the pres-
ence of the Hellings-Downs curve, without having as-
sumed its presence at the point of sampling.

Clearly this represents the simplest possible case, with
no red noise present in the data. Where red noise is present
the ability to recover the Hellings-Downs curve in this
manner will inevitably degrade, and it might not prove

Correlation Coefficients Between Pulsars from IPTA Open Challenge 1
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FIG. 8 (color online). Cross correlation coefficients between
pairs of pulsars as a function of their angular separation parame-
trized using the approach in Sec. VIIL. The blue points represent
the analytical values that the Hellings-Downs curve takes for
those angular separations. Fitting both the Hellings-Downs curve
and no correlation as potential models results in y? values of 630
and 1061, respectively, heavily favoring the presence of the
Hellings-Downs curve.
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possible to extract the cross correlation signal in such a
completely general way. In such cases one might wish to
reduce the number of free parameters by either assuming a
model that has only an angular dependence and binning the
coefficients up in angular separation as in [39] or by fitting
some more general model that allows for spatial variation;
in either case, the extrapolation of this method to these
cases is straightforward.

IX. CONCLUSIONS

We have presented a new model-independent method for
analyzing pulsar timing array data and estimating the
spectral properties of a gravitational wave background.

We have shown that this method results in a speedup of
approximately 2 orders of magnitude when compared to
methods found in vHL2013 and, where the signal-to-noise
ratio of the GWB is low, can reduce run times from several
hours on a high performance computer to minutes on a
regular workstation. We have accomplished this by sam-
pling either directly from the power spectrum coefficients
of the GWB where the number of coefficients to be
sampled is small compared to the number of data points
in the time domain, or, where the number of coefficients to
be sampled increases, from the joint probability density of
the power spectrum coefficients for the individual pulsars
and the GWB signal realization, rephrasing the likelihood
function to eliminate all matrix-matrix multiplications and
costly dense matrix inversions. This latter approach there-
fore scales as O(n X n?,) where 7 is the number of frequen-
cies sampled, and n,, is the number of pulsars, as opposed
to O(n}) where n,, is the total number of observations in the
data set across all pulsars.

We have shown this method requires no prior assumptions
to be made regarding the shape of the power spectrum of the
GWB. This is therefore currently the only method that
provides a general approach to extracting a GWB signal
from pulsar timing data, which we suggest is the only correct
way of approaching the problem while we have no prior
knowledge of the form of the power spectrum. We have also
shown the ability for this method to parametrize correctly the
correlation between pairs of pulsars. This correlation is
the defining feature of a GWB signal, and extracting it
from the data without first assuming that it is present will
thus be a necessary step in any detection process.

Finally we have applied this method both to the first
IPTA data challenge, as well as a more realistic pair of
simulations and have shown that in all cases it correctly
parametrizes the properties of the injected signals where
they are known and is consistent with other established
methods where they are not known.

ACKNOWLEDGMENTS

This work was performed wusing the Darwin
Supercomputer of the University of Cambridge High

PHYSICAL REVIEW D 87, 104021 (2013)

Performance Computing Service (www.hpc.cam.ac.uk),
provided by Dell Inc. using Strategic Research
Infrastructure Funding from the Higher Education
Funding Council for England and funding from the
Science and Technology Facilities Council.

APPENDIX A: GUIDED
HAMILTONIAN SAMPLING

The following is a description of both Hamiltonian
Monte Carlo and the Guided Hamiltonian Sampler as
described in (B13).

1. Standard Hamiltonian Monte Carlo sampling

In HMC, one begins by defining the potential energy
i (x) of the target density Pr(x) as its negative logarithm,
namely,

¥ (x) = — InPr(x). (A1)

For each parameter, x; we then introduce a “momentum”
parameter p; and a constant ‘“‘mass’ m; and construct a
kinetic energy term that, when added to the potential, leads
to the Hamiltonian

2
Hxp)=F T+ wx). (A2)
7~
Our new objective is to draw samples from a distribution
that is proportional to exp[— 2 (x, p)]. The form of the
Hamiltonian is such that this distribution is separable into a
Gaussian in p and the target distribution, i.e.

p?
exp[—H (x, p)] = Pr(x)n exp (— . ) (A3)

Zmi

We can then obtain samples from Pr(x) by marginalizing
over p.

To find a new sample we first draw a set of momenta
from the distribution defined by our kinetic energy term,
i.e. an N-dimensional uncorrelated Gaussian with a
variance in dimension i of m;. We then allow our system
to evolve deterministically from our starting point (x, p) in
the phase space for some fixed time 7 according to
Hamilton’s equations,

& v H p) (A4)
dr

d

ar _ V. H(x, p) = -V, k) (A5)

At the end of this trajectory we have reached the point
(x', p") and we accept this point with probability

ps =min[1, exp(—8H)], (A6)
where

SH =H, p) — H(x p) (A7)
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This implies that if we are able to integrate Hamilton’s
equations exactly then, as energy is conserved along such a
trajectory, the probability of acceptance is unity. In prac-
tice, however, numerical inaccuracies mean that this is not
the case. After a new proposed sample is generated the
momentum variable is discarded and the process restarts by
randomly drawing a new set of momenta as described
above.

In fact the method is more general than outlined above
since, provided one uses the Metropolis acceptance crite-
rion [Eq. (A6)], it is permitted to follow any trajectory to
generate a new candidate point. However, only trajectories
that approximately conserve the value of the Hamiltonian
[Eq. (A2)] will result in high acceptance rates. For some
problems it may be advantageous to generate trajectories
using an approximate Hamiltonian that can be computed
rapidly, and bear the cost of lowering the acceptance
probability.

To integrate the equations of motions it is common
practice to use the leapfrog method [28]. This method
has the property of exact reversibility that is required to
ensure the chain satisfies detailed balance. It is also nu-
merically robust and allows for the simple propagation of
errors. We make n steps with a finite step size €, such that
ne = 1, as follows:

€ edp
+ ) =p+<2
p(t 2) pl)+ 5 L | (A8)
dx
x(t+e€) =x(t) + e— , (A9)
dr | 4s
(t+ €)= (x+€)+€d” (A10)
PUTe=PUI75) 24 |,..

until ¢ = 7. Substituting for the time derivatives using
Hamilton’s equations (A4), one thus obtains explicit rela-
tions for the leapfrog steps, which read

€ €
p(r+5) — p) = SV, (Al1)

x(t+¢e)=x(t) + EVI,I]-[IH% (A12)

pli+e) = p(r " g) ~ SV Hle  AD)

The interval 7 must be varied, usually by drawing n and €
randomly from uniform distributions, to avoid resonant
trajectories; we therefore draw n and € from U(1, np,, ),
U(0, €14« ), respectively. The leapfrog method may be
replaced by higher-order integration schemes provided
exact reversibility is maintained; such methods yield
greater accuracy, although generally incur significant addi-
tional computational costs.
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2. Setting masses in HMC

HMC can be extremely sensitive to the choice of masses,
in particular, when the marginal distributions of different
parameters show considerable variation in the width of
their posterior distributions. Reference [41] suggests that
one should set the mass associated with each parameter to
be approximately equal to the variance of that parameter in
the target density. This is an attempt to circularize the
trajectories in the (x, p) space. Interestingly, [28] suggests
precisely the opposite approach, where the mass for a
parameter is inversely proportional to the width of the
distribution.

The authors of Ref. [27] follow the latter suggestion and
justify it by generalizing the framework in [26] to describe
the application of the leapfrog method. In particular, for the
case where the N-dimensional target distribution Pr(x) is
(well approximated by) a multivariate Gaussian with
covariance matrix C, they show that the leapfrog method
is stable if M = C~! and € =< 2, where M is the N X N
“mass matrix”’ that appears in the generalized kinetic term
3 p'M ™! p of the Hamiltonian.

If the dimensionality of the problem is such that it is
impractical to perform the required matrix inversion and
decomposition of M (to compute the Hamiltonian and to
draw new values for the momentum variables, respec-
tively) then simple approximations must be employed.
Typically one might construct a diagonal mass matrix
with the mass associated with each parameter inversely
proportional to the variance of that parameter.

Moreover, if the target distribution is not Gaussian, it
seems reasonable to use some appropriate measure of the
width of the distribution, such as the curvature at the peak
[28], to set the masses.

3. Guided Hamiltonian sampling

Guided Hamiltonian sampling builds on the ideas
explored in [27] to produce an HMC algorithm with just
a single adjustable parameter, thereby eliminating the need
for tuning masses. In particular, GHS takes advantage of,
although does not rely on, the fact that one often wishes to
sample from a target distribution that is unimodal, albeit, in
general, non-Gaussian and high dimensional.

In GHS, one first sets the mass matrix in the kinetic term
of the Hamiltonian to the identity, M = I. For the target
distribution Pr(x), one then locates the peak %, typically
using some iterative gradient-search optimization algo-
rithm starting from, in general, some random initial point.
One then calculates the Hessian (or curvature) matrix H of
InPr(x) = — ¢ (x) (i.e. the negative of the potential energy,
for convenience of sign conventions) at the maximum,
either analytically or using numerical differentiation; this
thereby defines a Gaussian approximation to Pr(x) in the
neighborhood of the peak x.

Once the Hessian at the peak has been calculated, one
then determines its N eigenvalues A; and N normalized
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eigenvectors ¢;. Denoting the matrix containing these
normalized eigenvectors as its columns by S, one first
defines a new set of variables x’ = S'x in which the
Hessian becomes diagonal with the eigenvalues A; as its
diagonal entries. One then rescales each x| to obtain a new
set of variables y; = \/A;x!/n, where the scaling factor 7
is the single adjustable parameter in GHS, which we will
discuss later. It is straightforward to show that the new
variables are related to the original variables by
H'/2x.

y= (Al4)

3=

Consequently, in the new variables, the Hessian at the peak
has the trivial form %*1. One then performs Hamiltonian
sampling employing the standard leapfrog method
[(A11)-(A13)] but in terms of the new variables y, rather
than x. Thus, GHS may be considered simply as standard
HMC but performed in a set of variables (or coordinates)
that are tailored to the target distribution, namely, the
scaled eigendirections of the Hessian at its peak.
Consequently, although GHS may take advantage if Pr(x)
possesses a single well-defined peak (with zero gradient), it
does not rely on this, since it retains the generality of
standard HMC.

Rather than working in terms of the new variables y, one
can, if desired, return to using the original variables x, in
which case the relation (A14) shows that the leapfrog steps
take the modified form

p@+§)=puy—§nﬁ””VgHL, (AL5)

x(t+¢€) =x(t) + enﬁ‘1/2vp5-[|,+§, (A16)
plt+e = p(f + g) - %nﬁ_”zvxﬂlt+s- (A17)

Using the original variables x or the new variables y, it is
necessary to calculate either the (inverse) square root of the
N X N Hessian matrix H at the peak or (equivalently) its
eigendecomposition (and, subsequently, the calculation of
the square roots of its eigenvalues). Performing the above
calculations can be computationally expensive, particu-
larly for large N, although it should be noted that one
need only perform these calculations once.

In summary, GHS aims to increase the efficiency of
standard HMC, particularly for high-dimensional, uni-
modal target distributions, by performing the sampling in
the principal coordinates defined by the Gaussian approxi-
mation at its peak. In this way, one may largely eliminate
the tuning aspect of HMC: the single remaining adjustable
parameter is the scaling 7, the optimal value of which
depends on the dimensionality of the parameter space,
and should be chosen such that the acceptance rate is
approximately 68%.
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APPENDIX B: ANALYTICAL APPROXIMATION
TO THE LIKELIHOOD

1. Uniform white noise

Suppose we have a single realization of some time series
data d of length N. We then define a set of hypotheses {H}
such that each H; purports that our data d is described by
some function f; where

[i) =D biM (1, w) (B1)
k=1

with M, a set of general basis functions. The number of
functions m, the parameters that describe them (e.g. their
frequencies) w, and the model coefficients b; are allowed
to vary for each f;,. We then transform this set of
basis functions into an orthonormal set F) through the
transformation

Fi(t) = M (1),

1 m
\/—A_ Z € j (Bz)
k j=1
where ey; is the kth element of the jth eigenvector and A, is
the kth eigenvalue of the covariance matrix MTM. Our
function f; can now be written in terms of these new basis
vectors,

m

fit) = aFi(t, w),
k=1

(B3)

where the coefficients a in the orthonormal basis are
related to the coefficients b in the original basis through

m
age g
b, = Z_f

AV

The probability of the data given a model f;, assuming that
the noise is described by a zero mean random Gaussian
process with variance o is given by

(B4)

N
Prdla.w, o ) = (2o?) Y exp 5 Y~ fiw)F |
k=1

(B5)

Writing the projection of the data onto our basis
functions as

N
hy = diFi(ty), (B6)
k=1
and writing d> = d”d, Eq. (B5) can be written
Pr(d|a, w, o, f;)
1 m
= Qma?) N 2exp [— F[d2 — Z 2a,h; + alzil].
=1
(B7)
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We begin by integrating over both the set of coefficients a
and frequencies w. We assume that the two parameters are
logically independent, insofar as we can write the priors

Pr(a, w) = Pr(a) Pr(w). (B8)

For the amplitude coefficients, we choose an uninformative
Gaussian prior given by
m 2

Pr(al8) = (2782)~m/2 exp[— Z %] (B9)
=1

with 6 > o. Therefore, our probability, marginalized over

a and w can be written

Pr(dls, o, f;) = f dw Pr(w)(2782) /22 ?) N/

+o00 mn 2
Xf dal...damexp[—z%]

e k=1

1 m
X expl:——l:d2 — > 2a;h; + a,z:l:l.
202 1:21
(B10)

We have chosen & such that the prior term
exp[— X", a2/28%] is constant where the likelihood is
large but goes to zero sufficiently quickly outside this
region so as to be normalizable. Therefore, if we define
a; to be the maximum likelihood value for the parameter
a;, we can write our probability as

Pr(d|s, o, f))

m A 2
= fder(w)(27752)_”’/2(277'0'2)_1\’/2 exp[— Z%]
=1

+o00 1 5 n 5
xﬁw daexp[——za_z[d —1_212a1h1+a,:|:|.
(B11)

If we take the elements of a to be independent on our
orthonormal basis, then we can write the expectation value
of a single element a; as

[ daa;exp[h[—2a;h; + af]]

() = 7% da;exp L[ —2ah; + a?]]

(B12)

which evaluates to {a;) = h;, i.e. the expectation value of
the basis vector coefficient is just the projection of the data
onto that basis. Substituting this into our equation for the
probability in the place of 4 and performing the Gaussian
integral over a, we arrive at the expression

Pr(d|§, o, f;) = [ dw Pr(w)(27w82) /22 g)~W-m)/2

d2 _ h2 h2
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For our integral over our frequencies, we are for any given
model f; considering a set of frequencies chosen from an
evenly spaced grid. Therefore we will have a set of delta
function priors for each frequency w; in the set w and the
integral can be simply evaluated:

Pr(d|8, o, f;) = (2mw82) ™/2(2ara?)~N-m/2
d> - h(Wi)z] exp [h(wi)z]_

X eXp[ 252 252

(B14)

We are now in a position to integrate over our unknown
variances o and d. As in [35] we set an upper bound H and
lower bound L to this integral, which will therefore be of
the form

1 H s exp[—4]
—_— ds——=, B15
log (H/L) [L s s (B15)
Making a substitution u = Q/s?* this becomes
Q—tl/z Q/LZ _
—_— duu*Vexp[—ul. B16
2log(H/L) Jo/w> plmul  (BI6)

If we assume that H is sufficiently large, and L is
sufficiently small that we may write Q/H?> < 1 and a/2 —
1 < Q/L? then the integral will evaluate to approximately
I'(a/2). Thus our integral over & will become

1 i 8 "exp[—L]  T(m/2) [h(w)?2]-m/2
o ), ~2log(1e5)[ 1
(B17)

and similarly for o the integral evaluates to approximately

(N —m)/2) [dl - h(w)z]wm)/g

2log (R,) 2 (B18)

Therefore we can finally write the probability of the data D
given a model f; as

_ T(m/2) [h(w?T-m2T((N — m)/2)
Pr(dlf:) _21og(R5)[ 2 ] 21og (R,)
d? — h(w)?-W-m)2
X [#] ) (B19)

2. Nonuniform white noise

In general when dealing with pulsar residuals the white
noise level across a data set for a single pulsar will vary
with time, where for example different instruments have
been used to collect data for the same pulsar. In this case
the expansion of our likelihood function is not so simple,
because the covariance matrix GTNG will no longer re-
duce to a diagonal matrix. If we define C = GTNG where
we consider C to be a general dense covariance matrix,
Eq. (BS) will take the form

104021-23



LINDLEY LENTATI et al.

Pr(dla,w, f,) = (27)~N/?|C|~1/?
X exp[%l(d _Fa)’C'(d— Fa)]. (B20)

In this case, writing F;”"C~'F; = C;! the maximum like-
lihood value of a particular coefficient a; will be given by

[tZda;a;exp[—4[a;Cla; — 2d7C'Fq,]]

T dayep [ 1LarC; Ta; — 247C TFya,]
(B21)
and evaluates to
dTC_lFi
(a;) = T (B22)

In the case that C once again describes uniform white noise
across the observation, this will reduce to {(a;) = d’F; =
h; as before. Using the same uninformative prior on our
coefficients as in Eq. (B9), we can then write our integral
over the basis coefficients as

Pr(d|8, f)) = 2m) N2IC|T V2 (2md?)
1 & chlei 2
X - R
eXP[ 282 ,Zl(FiTchi) ]
+o0 —1
x [ daexp[T(d ~Fa)Cl(d - Fa)].
(B23)
If we define
x = FIC'F)"'F’'C1q, (B24)
then we can reexpress this probability as

Pr(d|8, f;) = (2m) N2 C|~ /227 6%) /2

y [ 1 ’”(dTC‘lFi)Z]
exp| —=— _—
PL 2 £\FC T,
| 1 rpreet
X exp _Ed C'd [exp 5,\( F'C 'Fy
+o0

1
X daexp[—i(a—,\/)TFTC"F(a—X)],
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which evaluates to
Pr(d|5, f;) = (2m)" "|C||FTC 'F|) /227 82)~m/?
1 &/d7C7'F;\2
X - _ - 1
eXP[ 267 ,gl(FiTc—lFi) ]
1 1
><exp[—EdTC_ld]exp[E,\/TFTC_lF,\/:I.

(B25)

Thus far we have assumed that we know the level of the
noise in C exactly; however, in general we would like to fit
for a global scaling factor that modifies the overall noise
level in the data set, i.e. we would like to write C' =
G"(a’?N)G where « is a constant to be determined.
Including this in our probability we can write

Pr(d|a, 8, ;) = (2ma) ¥~ |C|[F"C'""'F)~'/>(2mw8%) "/

1 & ch/—lFi 2
XCXP[_szl(F‘TC/lFi) ]

b rei-tg — TRT -
Xexp[ ﬁ(dc d—x'F'C Fx)].

(B26)

We can then finally proceed as before integrating over both
a and 6 to arrive at the final probability

_ T(m/2) T1 &(dTC'F;\27-m/2
Pridl) = 2log (R5) I:E k_l(FiTC/lFi) ]
'(N—-—m)/2)T 1, .-_ ~(N-m)/2
x 2log (R,) [_E(dTC ld)] '
(B27)

where we have defined

C!'=C'=C'FETC'F)'F'C". (B28)
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